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Overview

The National Cancer Institute (NCI) frequently receives requests for examples of funded grant
applications. Several investigators and their organizations agreed to let the Healthcare Delivery
Research Program (HDRP) post excerpts of their healthcare delivery research grant applications
online.

About

We are grateful to the investigators and their institutions for allowing us to provide this important
resource to the community. We only include a copy of the SF 424 R&R Face Page, Project
Summary/Abstract (Description), Project Narrative, Specific Aims, and Research Strategy; we do
not include other SF 424 (R&R) forms or requisite information found in the full grant application
(e.g., performance sites, key personnel, biographical sketches). To maintain confidentiality, we
have redacted some information from these documents (e.g., budgets, social security numbers,
home addresses, introduction to revised application).

Copyright Information

The text of the grant applications is copyrighted. Text from these applications can only be used
for nonprofit, educational purposes. When using text from these applications for nonprofit,
educational purposes, the text cannot be changed and the respective Principal Investigator,
institution, and NCI must be appropriately cited and credited.

Accessibility

Individuals using assistive technology (e.g., screen reader, Braille reader) who experience
difficulty accessing any information should send an email to the Healthcare Delivery Research
Program (NCIHDRP@mail.nih.gov).
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Abstract /| Summary

Lung cancer is the leading cause of cancer death in the US and worldwide, largely because most patients have
advanced, incurable disease at the time of diagnosis. However, lung cancer screening (LCS) with low-dose
computed tomography (LDCT) has the potential to revolutionize lung cancer outcomes through early detection.
As LCS is disseminated into real-world settings and populations, a key outstanding question is whether the
benefits/harms ratio found in clinical trials will apply to an older and sicker population. The basic conundrum
facing LCS candidates is that the single risk factor most strongly linked to lung cancer -- smoking history -- is
also strongly linked to morbidity and death from non-lung cancer causes (e.g. chronic obstructive pulmonary
disease emphysema), which limit life expectancy and increase risk of complications from diagnostic or
therapeutic procedures. The overarching goal of our proposed study is to precisely characterize this vulnerable
subpopulation with high comorbidity burden, quantifying for them the benefits and harms of LCS to enable more
informed decision-making by patients contemplating LCS. Our study will help close this knowledge gap by
leveraging real-world data to more fully characterize this subpopulation of “marginal” LCS candidates, reducing
the uncertainty currently facing patients and providers. More specifically, we propose to leverage electronic health
records and claims data for patients ages 55-80 (n~34,039) undergoing annual screening with LDCT in
geographically diverse real-world settings from 2016-2022. We will then use these observational data with
validated models in the Cancer Intervention Simulation Network to simulate LCS outcomes in the real-world US
population. By generating previously unavailable real-world data for use in validated simulation models, this
proposal responds directly to calls to improve patient- centered decision-making in LCS candidates for whom the
net benefits of screening are currently highly uncertain.



Public Health Relevance

Currently, there is little knowledge regarding a possible threshold where the benefits of finding early-stage lung
cancer no longer outweigh the risk of dying due to a competing cause. Our proposed study has direct value for
advancing public health by examining real-world, timely data on the outcomes of LCS.



Specific Aims

Lung cancer is the leading cause of cancer death in the US and worldwide," largely because most patients have
advanced, incurable disease at the time of diagnosis.? However, lung cancer screening (LCS) with low-dose
computed tomography (LDCT) has the potential to revolutionize lung cancer outcomes through early detection.®?
In 2011, a large randomized clinical trial (RCT) -- the National Lung Screening Trial (NLST) -- showed that,
compared with chest radiography, 3 rounds of annual screening with LDCT reduced the risk of lung cancer death by
20% among high-risk current and former smokers.® Consequently, LCS with LDCT is now recommended for those
meeting standard risk-based eligibility criteria.’® " While the RCT is a powerful tool for assessing benefits and
harms of an intervention, subsequent observational studies are needed to assess how the intervention performs in
real-world settings and populations.’? For LCS, a key outstanding question is whether the benefits/harms ratio found
in the NLST will apply to an older and sicker real-world population. Compared with NLST participants, US adults
eligible for LCS are nearly twice as likely to be >70 years and are substantially more likely to be a current smoker.*
13 And of the nearly 8.6 million LCS-eligible adults in the US, ~3 million have chronic co-existing conditions that may
decrease the net benefit of screening for early stage disease.’ In prior work, we found that elderly stage IA lung
cancer patients with 22 comorbidities were twice as likely to die within 90 days of lung cancer surgery compared to
those with <1 comorbidity.'® The basic conundrum facing LCS candidates is that the single risk factor most strongly
linked to lung cancer -- smoking history? -- is also strongly linked to morbidity and death from non-lung cancer
causes (chronic obstructive pulmonary disease (COPD), emphysema, etc.).'®-'° Patients with these diseases are at
increased risk of lung cancer and thus should have the most to gain from screening; however, these same diseases
also limit life expectancy and increase risk of complications from downstream diagnostic or therapeutic procedures
following a positive screen.’® ' For some of these patients, the net benefit of LCS appears “marginal”, and the
tipping point where potential harms begin to outweigh benefits is highly uncertain. We do not know a) what
combination of health-related factors likely leads to this tipping point, or b) how many patients may potentially
approach this tipping point. The overarching goal of our proposed study is to precisely characterize this vulnerable
subpopulation with _high comorbidity burden, quantifying for them the benefits and harms of LCS to enable more
informed decision-making by patients contemplating LCS.

We propose to collect and analyze data from real-world populations and settings in order to fully characterize the
outcomes of LCS with LDCT, with a focus on evaluating the subpopulation of “marginal” LCS candidates. More
specifically, we propose to leverage electronic health records and claims data for patients ages 55-80 (n~34,039)
undergoing annual screening with LDCT in geographically diverse real-world settings from 2016- 2019
(retrospective cohort) and 2020-2022 (prospective cohort). We will integrate the data into a unified repository using
a common data standard based on the PCORI-funded Watch the Spot (WTS) trial infrastructure. We will then use
these real-world data with validated models in the Cancer Intervention Simulation Network (CISNET) to perform
simulation modeling of LCS outcomes across the full screening-eligible USpopulation.

Our specific aims with exemplar hypotheses are to:

Aim 1: Characterize the patient population undergoing LCS in real-world settings with regard to the burden
of multimorbidity (defined as chronic co-existing conditions, functional limitations and/or impaired
pulmonary function) with particular attention to evaluating the subpopulation of marginal patients for whom the net
benefit of LCS appears uncertain. Exploratory sub-aim: Examine this burden by race/ethnicity, socioeconomic
status and age.

Aim 2: Quantify potential harms (e.g., false-positive results, procedure-related complications) and benefits
(e.g., early stage disease at diagnosis) of LCS among persons with diverse levels of multimorbidity.
Hypothesis: Chronic co-existing conditions, functional limitations and impaired pulmonary function are associated
with an increased risk of LCS harms.

Aim 3: Compare the effectiveness of LCS in relation to long-term outcomes (both benefits and harms)
across subpopulations with diverse levels of multimorbidity using validated CISNET simulation models and
refined model parameters based on real-world data. Hypothesis: LCS will not be effective for subpopulations with
moderate to severe comorbidity, functional limitations or severe COPD.

Anticipated impact: By leveraging previously unavailable real-world data in combination with validated simulation
models, this proposal responds directly to calls?*?? to improve patient-centered decision-making in LCS candidates
for whom the net benefits of screening are currently highly uncertain. Our study findings will help inform patients
and providers in their discussions regarding LCS. In addition, MPIs, Drs. Silvestri and Gould, members of the
American Cancer Society’s National Lung Cancer Roundtable will help present our study findings, continuing our
team’s track record of helping to inform LCS guidelines.?*?"
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Research Strategy
A. SIGNIFICANCE Table 1: Characteristics of NLST Participants and
A.1. Implementing lung cancer screening in the “real world”: | Participants in the 2012 HRS Survey who met
How do screening-eligible adults compare to clinical trial YSPSTF and Medicare Criteria (Howard et al. 2013)

. . K . NLST USPSTF Medicare FFS
participants? Lung cancer is the leading cause of cancer death

. . . Characteristic % % P % P
in the US and worldwide,! largely because most patients have 5559y 428 294 <001 9.3 <001
advanced, incurable disease at the time of diagnosis.? However, gg-gg Y: ??g ggg ;gg
lung cancer screening (!_CS) with Iovy-dgse computed tomography | 79.74 ﬁ, 88 142 308
(LDCT) has the potential to revolutionize lung cancer outcomes | 275 yr 0.0 8.8 11.1
through early detection.3” In 2011, the National Lung Screening | pac GO
'oug y - ) nal Lung 9  Black 44 70 <001 57 A2
Trial (NLST) demonstrated a 20% reduction in lung cancer | Hispanic 17 39 <001 3.8  .002

mortality among current and former smokers randomly assigned SRl o 2 ol B <o
to 3 rounds of annual LCS with LDCT compared with those | Diabetes 97 217 <001 241 <001
assigned to 3 rounds of annual chest radiography.?® In absolute | Heartdsease 127 264 <001 332 <001
terms, this translates to approximately 3 fewer deaths from lung —up cviations: FFs. fes-for-service: NLST, National Lung
cancer for every 1,000 individuals who underwent LDCT | Screening Trial; USPSTF, US Preventative Services Task
screening -- a magnitude of benefit similar to the estimated 5 per Force.

1,000 reduction in breast cancer deaths associated with 10 years of annual mammographic screening in women
ages 50 to 74."* Thus, annual LCS with LDCT is now recommended in the United States (US) for persons age
55-80, who have a 30 pack-year smoking history and currently smoke or have quit within the past 15 years.
However, as LCS is implemented more widely in real-world populations and settings, the ratio of benefits to harms
may well differ from that observed in the highly-controlled environment and the relatively young participants of
the NLST (only 25% of NLST participants were age 265, and none were >74 years).'>2° To learn how real-world
LCS-eligible persons may differ from NLST participants, Howard et al. compared NLST participants with
respondents to the 2012 Health and Retirement Study (HRS), a nationally representative survey of US adults
age 250 years sponsored by the National Institute on Aging.>® Considering only those HRS respondents who
were screening-eligible (i.e., met smoking history and age criteria), Howard et al. found that HRS respondents
were older, more likely to be current smokers, and more likely to have been diagnosed with comorbidities than

NLST participants (Table 1).%° Also, life expectancy and survival curves were | gig1: 5.year survival in 4 subgroups
simulated and compared for NLST participants and 3 subgroups of |, (edactedfrom Howard stal 2013)
screening-eligible HRS respondents: a subgroup with same age criteria as
NLST, ages 55-74; a subgroup meeting USPSTF criteria, ages 55-80; and ?\ -] iy~ g
a subgroup meeting CMS criteria (i.e., disabled Medicare participants age | % 1\ e
55-64 and Part B participants ages 65-77).3° Striking differences were \\\
apparent (Fig 1). Forexample, average life expectancy was estimated (based | g9 1\\\
on US life tables) to be 21.2 yr for NLST participants, but only 14 yr for the \ Y HRS respondents, 5580 yr
Medicare screening-eligible HRS subgroup.®® These comorbidity related \. TCERE- eieriy LE- 1820
differences, along with sociodemographic differences noted by |*® 3
others,* 3" 32 rajse questions about the generalizability of the NLST e e T Vi
results to the full screening-eligible US population. 0.80

0 12 24 36 48 60
A.2. Potential harms of LCS: Is there increased risk for real-world | rs: Heal and Retirement Study: NLST: National
patients considered “marginally” appropriate for screening? A éﬁggfﬁ‘%ﬁ%@ggL‘?Jic'?s"'%‘zkspTorFéelf’ﬂ'Edure

fundamental question is whether the benefits / harms ratio observed in the

NLST is generalizable to the general population of screening-eligible persons, including persons who may be
considered marginally appropriate for LCS. Of the nearly 8.6 million Americans estimated to meet standard NLST
eligibility criteria for LCS (age 55-74 years, 230 pack-year history of cigarette smoking, quit smoking <15 years),
~3 million have consequential comorbid conditions (e.g., COPD, congestive heart failure, cardiovascular
disease)." We know the real-world screening- eligible population is older and sicker than NLST participants, but
we do not know how this may affect the risk of harms — i.e., the potential for false-positive results, unnecessary
diagnostic procedures, and complication rates from downstream diagnostic or surgical procedures. A false-
positive LDCT result, which occurred in almost 40% of NLST participants, was the main harm associated with
screening; for each lung cancer death averted, there were approximately 133 false-positive findings.?® While
most false-positive findings were managed conservatively with surveillance imaging, a number of participants in
the LDCT study arm underwent one or more invasive procedures and were ultimately found to have a benign
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nodule; these procedures included needle biopsy in 66 participants (2 per 1,000 persons screened),
bronchoscopic biopsy in 227 participants (9 per 1,000), or surgery in 164 participants (6 per 1,000).% 3% (It
should be noted that a post hoc analysis of NLST data demonstrated that the frequency of false-positive test
results in the baseline round of screening could have been reduced from 27% to 13% by adopting a more stringent
threshold for nodule size to define a positive LDCT test result; however, the authors also point out that the
potential effect of reduced sensitivity on the mortality benefit of screening is unknown®). In a separate more
recent study — the LCS Demonstration Project (LCSDP) conducted at 8 Veterans Affairs centers — 56% of
individuals screened required nodule tracking.®* *° Importantly, in the LDCT arm of the NLST, complications
occurred in 28% of all procedures for benign nodules, or 7 per 1,000 participants.®® In a post hoc analysis of data
from NLST, it was observed that older participants had a higher risk of false-positive results and complications
from invasive procedures.®® Given the number of participants experiencing a false-positive result over
three years of annual screening, the rate of complications in procedures for benign nodules, the overall
healthier status and younger age of NLST participants relative to screening-eligible adults in the real
world, and the higher procedure volumes and dedicated thoracic surgery support generally seen in NLST

trial centers,’” 3 jt may prove difficult to replicate the relatively low
risk of harms as LCS is implemented in real-world populations and
settings.

A.3. Conceptual framework for examining multimorbidity and LCS
outcomes: Is there a potentially vulnerable subpopulation of
screening-eligible patients? Patients eligible for LCS face a conundrum
not seen in other cancer screening decisions.?”* That is, the single risk
factor most strongly linked to lung cancer --- smoking history -- is also
strongly linked to morbidity and death from non-lung cancer causes. For
example, on one hand, persons with COPD face a 2-3 fold higher risk of
lung cancer than smokers without COPD and thus should be more likely
to benefit from LCS.4%45 On the other hand, persons with advanced COPD

Fig. 2: Mortality per 1000 persons for lung cancer deaths
relative to other disease specific deaths (Young et al.
2018)
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are at a greater risk of complications during evaluation of pulmonary
nodules*®, have a higher 30-day mortality after resection of lung cancer
(especially after thoracotomy)*”- “¢ and have a higher risk of non-lung s,y sy~ Pased onlung cancerrisk
cancer mortality.** 4° Moreover, findings from an NLST sub-study show =,
rates of respiratory deaths are higher than lung cancer deaths in that
population®. In that study, over 50% participants had risk factors for
premature mortality.®® These results are in in strong contrast to breast
cancer screening where comorbid disease is much less prevalent.®' %2
Indeed, relative to populations at risk of breast cancer, several comorbid
conditions are many fold more prevalent in populations at high risk of lung
cancer -- including chronic lung disease (4-5 fold), diabetes (2-3 fold)
and heart disease (2—4 fold).5" % Taken together, these studies suggest
that the benefits from LCS are not linearly related to the risk of developing
lung cancer and that smokers at highest risk derive less benefit from
screening than those in the intermediate level of risk.'”-2%5° Given the lack of the real-world evidence, the benefits
of LCS to those with advanced COPD®? (GOLD grade 3 and 4) and other serious comorbidities are highly uncertain
(Fig 2). The need for a more thorough and systematic examination of the benefittharms ratio for this
subpopulation with higher levels of multimorbidity was highlighted in a 2018 report by a multidisciplinary group
of international clinicians and researchers on behalf of the American Thoracic Society Assembly on Thoracic
Oncology.? After reviewing available evidence, and considering the complex relationship between baseline risk
of lung cancer, potential harms from LCS and downstream diagnostic procedures, treatment-related harms, and
risk of death from competing causes, the group described a hypothetical relationship between lung cancer risk
and net benefit from LCS, suggesting the possibility that for a subpopulation of screening-eligible patients, the
potential harms of LCS could exceed the benefits (Fig 3). This expert group also identified knowledge gaps and
an overall research framework regarding how to consider comorbidities and related factors when selecting
appropriate patients for LCS. Our proposed study starts with this framework, and aims to:
comprehensively and precisely MMUMML&I&H currently ellglble for LCS, guantity
benefits and harms across this real-world population, nefits/harms rati
curve, and attempt to pinpoint the jnflection point where harms may begin to exceed the benefit.
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A.4. Evaluating the rigor of prior research that supports our proposed study. The fundamental premise for
our proposed study is the widely recognized need to monitor interventions when they areimplemented in
the real world to ensure that interventions perform as expected — i.e., present a ratio of benefits to harms in line
with prior randomized clinical trials.>* To date, to our knowledge, there has been no large and representative
observational study designed to assess the real-world performance of LCS with LDCT. The need for such a
study is strongly supported by the Howard et al. findings, which are cited extensively above.*° They provide a
very rigorous scientific basis for our proposed study. Howard et al.*® studied subgroups from a highly relevant
population of US adults, those nearing or in retirement; they also used a high-quality data source -- the
longstanding, rigorously documented HRS, which is sponsored by the National Institute on Aging. The
methodology and findings of the Howard et al.>° study are reported fully and transparently. Potential conflict of
interests (COI) are disclosed by authors, and the study was funded by the Centers for Disease Control and
Prevention, further minimizing potential sources of COIl. The study is limited, however, by two aspects of the
data source — the time frame when data were collected, and the limited nature of health status data considered
in the analysis. Data used by Howard et al.>® were from 2012, the most recent data available at the time the
study was conducted; nevertheless, the size and composition of the screening-eligible population continues to
change,®® and thus the 2012 data are limited with regard to fully representing the current real-world population.
Perhaps the more important limitation relates to the nature of the health status data used in their analysis.
Howard et al.>® examined only “...comorbidities that are common and reported in both the NLST and HRS data
(diabetes, heart disease, and stroke)...” While these health status data are certainly relevant, they do not include
key respiratory diseases common among smokers (e.g., COPD, emphysema) — diseases that may increase the
level of potential harms associated with LCS, as well as the risk of non-lung cancer causes of death. Moreover,
Howard et al.>® examined screening-eligible patients while we will examine those actually undergoing LCS. But
crucially, Howard et al.*® did not examine harms of LCS. Our study design, which will be described in detail below,
will not have these limitations. We will utilize robust electronic health records and claims data that include
information on all key health status parameters — including respiratory diseases, pulmonary function, functional
limitations, etc. Moreover, we will have both a retrospective and prospective component, collecting timely data
(2016-2022) from a large and diverse real-world population.

A.5. Public health relevance of our proposed study. USPSTF guidelines' on LCS recommend excluding
persons unable to tolerate surgical resection, and other guidelines state that screening should be restricted to
those “in reasonably good health”™® or those able to “tolerate cancer treatment”.'®: 2. 57 Notably, all these
statements are qualitative and subjective; they do not provide objective or transparent criteria for assessing every
patient’s suitability for LCS. Clinicians may wish to ensure their higher-risk patients benefit from the detection of
early-stage disease that LDCT offers; however, to date, there is inadequate evidence to guide patient
selection when patients present with multimorbidity, i.e., chronic co-existing conditions, functional
limitations, and/or impaired pulmonary function. This presents challenges for clinicians who must assess
and communicate risk. It is difficult to engage elderly, frail, or sick patients in informed decision-making if the
clinician cannot readily articulate a transparent assessment of the patient’s risks. Currently, there is little
knowledge regarding a possible threshold where the benefits of finding early-stage lung cancer no longer
outweigh the risk of dying due to a competing cause or risk of complications from downstream procedures. Our
proposed study has direct value for advancing public health: by analyzing real-world, timely data on the outcomes
of LCS we will: i) characterize the patient factors regarding multimorbidity that most strongly predict LCS
outcomes, ii) identify subpopulations for which LCS benefits clearly exceed harms, and subpopulations where
harms may exceed benefits, iii) use newly generated knowledge to refine simulation models and improve
clinical decision-making.

B. INNOVATION
This study is innovative in at least four ways.
1) Our study will be the first to generate real-world evidence regarding multimorbidity and LCS outcomes
in a large and representative study population (across 3 diverse health systems) in the US by making efficient
use of electronic health record (EHR) and Medicare claims based LCS and outcome data from 2016 to 2022.
Relatively little is known about the safety and effectiveness of LCS as delivered in typical clinical settings. The
novelty of the proposed study lies in characterizing the benefit/harm ratio for different subgroups within
the overall real-world LCS population, especially since much work to date has focused solely on characterizing
lung cancer risk.3% 40. 98,59

9



2) Our study will be the first to fully combine empirical real-world LCS cohort data with simulation
modeling. Current CISNET lung cancer simulation models have informed USPSTF LCS guidelines® but these
models are based on inputs from RCTs rather than real-world data.?* 2> %" In Aim 3, we propose to calibrate
simulation models using input from real-world data collected in Aims 1 and 2.

3) Our study will use refined and innovative measures to more precisely characterize the health status
of screening-eligible patients; this will address limitations in existing studies, which have focused exclusively
on comorbidity type and number.'® 17 Instead, we will incorporate measures of pulmonary function and novel
indicators of functional limitations -- factors that more precisely capture the severity of comorbid conditions. For
example, our proposal is among the first to examine surrogates of functional limitations® 3 (e.g., wheelchair use,
oxygen supplementation) in the LCS setting. Also, we will use pulmonary function tests (e.g., spirometry and
ejection fraction data?®) to assess the severity of respiratory comorbidities. This represents a major innovation
and step toward precision LCS.

4) Our study will have a large and racially/ethnically diverse cohort from 3 large and geographically
distinct healthcare systems. Our cohort will include racially/ethnically and socioeconomically diverse
screening-eligible patients ages 55-80, with approximately a quarter of the cohort comprised of Black patients.
Patients will be recruited from 3 large geographically distinct study locations (in Southern California, South
Carolina and Oregon) and will include typically difficult-to-reach populations, such as rural Whites in Oregon and
Appalachian Blacks in South Carolina. Few, if any, LCS cohorts incorporate this range of diversity. The diverse
types of healthcare systems participating in our study will further enhance the generalizability of our study
findings to the broader US population.

C. PRELIMINARY STUDIES

C.1. Study Team. We have assembled an outstanding multi-disciplinary study team that includes expertise in
thoracic oncology, epidemiology, simulation modeling, health services research, thoracic surgery, health
disparities, biostatistics and real-world data analysis. We have also included dedicated lung cancer patient
advocates, who will inform translation of our findings into patient-centered clinical decision aids. Our team has
extensive expertise with the collection and analysis of real-world cancer screening data, with three large PCORI-
and NIH-funded studies using these approaches. Furthermore, we have experience pooling data across multiple
institutions for central analysis, and experience analyzing large population-based datasets from both primary
and secondary data sources, including SEER-Medicare and other secondary datasets. We also have
considerable experience with lung cancer simulation modeling, and unmatched content expertise and research
experience in LCS. Of greatest relevance to the proposed research, Drs. Braithwaite, Gould, Silvestri and Slatore
were members of an expert panel commissioned by the American Thoracic Society (ATS) that developed an
official ATS statement on incorporating co-existing illness into decisions about candidate selection for LCS.?°
Drs. Gould, Silvestri and Slatore have written extensively about the delivery of LCS, including multiple articles
that address lung cancer risk, comorbid conditions and LCS eligibility.®: 22 27. 34, 64-66 |n gddition, Drs. Silvestri and

Gould recently used NLST data to develop a model to predict positive | Fig. 4: Survival by comorbidity class profile
baseline LDCT screening test results.'® 17 1% % They also co-authored a paper | B er M Lng e o o7y
that identified racial disparities in survival and receipt of surgery in the NLST."® il

This team has also collaborated on recent studies of pulmonary nodule |\
evaluation, including a study that documented high frequencies of invasive 08 !:;.\
sampling of low-risk nodules and surgical resection of benign nodules®’, and e \-é};\
another study that demonstrated the potential utility of measuring nodule
volume for cancer prediction.®® Our team has also conducted a cost- o4 \
effectiveness analysis of the NLST showing that the value of LCS varied across 0.2
risk quintiles from extremely cost-effective to inefficient [$52,000 vs. $169,000  ,,
per quallty life year(QALY)].69 0 1 2 3 4 5 6 7T

Years

C.2. Comorbidity patterns and lung cancer outcomes: Dr. Gould and | G e comomiah oesees tere dontied
colleagues used latent class analysis to identify distinct comorbidity profiles in | Charlson comorbidity index

a large retrospective study of patients with lung cancer at Kaiser Permanente Southern California.”® They
identified 5 classes, defined by progressively higher comorbidity index scores and further distinguished by the
presence or absence of specific types of vascular disease and diabetes. These 5 classes were independently
associated with both treatment selection and survival (Fig 4). This study demonstrates our team’s experience

working with electronic health records (EHR) and Medicare claims based comorbidity data as well as an ability

Y
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to clinical phenotype a large and heterogeneous population of lung cancer patients. We will build on this approach
in Aim 2 by augmenting comorbidity index scores with data on functional and pulmonary status.

C.3. Comorbidity in relation to surgical outcomes and lung cancer mortality: In comparing surgical
outcomes among elderly stage 1A lung cancer patients in SEER-Medicare who had <1 comorbid condition

(n=3870) versus patients who had =2 comorbidities (n=2577), we found that Z:f;:furgj’;?;if}“;rfgf;e?; %?gﬁggglﬂgftzaﬁe?; lung
patients with 22 comorbid conditions were twice as likely to die within 90 Hige  EEMENET BEENHUEE
days of surgery and had much lower overall 5-year survival (47% vs 74%). o dloible___ineligble
(Table 2). These sicker patients would have been excluded from the NLST; [au 379 100 3870 100 2577 100
however, they may very well be considered marginally appropriate for LCS e 273 7203 2268 56.60 1537 59.64
in community settings. These findings demonstrate the importance of |age 100 2747 1002 4140 1040 4038
evaluating comorbidity burden in relation to outcomes in individuals | So4: T Ghn Mo il D e
undergoing LCS in community settings (Aims 1 and 2). sl {40
SGOBE 247 ©65.17 2089 53.46

C.4. LCS utilization and results: In the NCI-funded Cancer Research L 132 3483 1801 4654
Network Lung Screening Supplement, Dr. Gould and colleagues from three e 6 1ms s 145 s 2es
other health care systems developed efficient methods to collect data on 60 day 8 211 90 233 112 435

. . . . . 90 day 9 237 113 2.92 152 5.90
LCS practices and outcomes in clinical settings.” This research generated | syearoveran 73.60 62.80 4714
a comprehensive description of diverse practices for screening and data [ ™™™

collection, and further refinement of a previously developed natural language processing (NLP) algorithm that
identified the presence of a pulmonary nodule on a dictated radiology transcript with 96% sensitivity and 92%
specificity.”> ® The NLP had similar accuracy in a subsequent external validation study’. More recently, the
functionality of the NLP algorithm has been expanded to enable capture of nodule characteristics, including
laterality, lobe, size, attenuation, edge and calcification, all with very high (>95%) sensitivity and specificity
(unpublished data). Our proposed study will use this NLP algorithm to capture the presence and characteristics
of screening-detected nodules.

C.5. Michigan CISNET Lung Cancer Simulation Model: The University of Michigan Lung Cancer Screening
model (UM-LCS, described in section E.5 below), led by co-l, Dr. Meza, combines a multistage carcinogenesis
model with a discrete-state microsimulation model to evaluate the effect of LCS on lung cancer incidence and
mortality, overdiagnosis, and quality of life.”> This model was used for the 2015 USPSTF lung screening decision
analyses,?* 25 but has been updated considerably to simplify its use and enhance its applicability. Thus, our
preliminary work demonstrates expertise in simulation modeling. In Aim 3, we will refine Dr. Meza’s model with
real-world data inputs generated in Aims 1 and 2.

D. APPROACH
D.1. Overview of Observational Study Design (Aims 1 and 2): There is a lack of real-world data about what
actually happens after LCS and how outcomes are affected by patient multimorbidity. Guided by the Rivera et
al. conceptual framework® (section 3.A.3.), we will extract | Figs: aims 1 and 2 Overview

detailed EHR and claims data from 3 major healthcare |72, (. [Aonormai [Compliatone Iy Aiveat |

systems to characterize the chain of events following LCS o= s | By} — [ [T, v

in patients with a full range of multimorbidity levels, | .natisthe N ermal No \Fm No Dead at |

including severe chronic conditions such as COPD, |mdmetidty DG \—y‘“"‘m ositve| Lireetment |  [13 yoars |
’ urden? resu resul
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impaired pulmonary function, etc. (Fig 5). We willassemble |* . E g
our study cohort using the same methodology published in

our Annals ofthe American Thoracic Society article.”' Below we discuss the characteristics of study participants in
our cohort, the data sources to be included in our study and the key variables. We will incorporate two distinct
approaches to sampling adults ages 55-80 undergoing LCS at the 3 study sites described below: i) retrospective
LCS cohort (2016-2019) and ii) prospective LCS cohort (2020-2022). We chose to focus on this age group (55-
80) because this age range is recommended for LCS by USPSTF."

D.2. Eligibility for LCS cohort and description of LCS healthcare systems: Data will be drawn from cohorts

of persons who undergo baseline or repeat annual screening with LDCT, and who have had one or more primary

care visits at one of 3 participating healthcare systems from 2016 to 2022. Patients ages 55-80 with scans

performed for diagnostic purposes and patients with a history of lung cancer within 5 years will be excluded. We

will analyze data from ~34,039 persons undergoing LCS with LDCT and ~1,902 early stage lung cancer patients
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treated at one of the following 3 institutions participating in our proposed study. Each of our 3 healthcare systems
is community-based and provides comprehensive services, including primary and specialty care, to large,
diverse populations. In addition, each system has implemented lung cancer screening since at least November
2015. These three healthcare systems represent varied models of care delivery: 2 are integrated models and 1
is a statewide network of community hospitals and clinics. The geographic diversity and varied care delivery
models of these 3 healthcare systems enhance our study’s ability to evaluate LCS in real-world settings:

Kaiser Permanente Southern Calif. (KPSC) is a fully integrated health care system that serves over 4.6 million
members of a (mostly) pre-paid, capitated health plan. Approximately 7,600 physician partners and associates
of the Southern California Permanente Medical Group (SCPMG) provide comprehensive primary and specialty
care at 15 medical centers and over 230 medical office buildings throughout Southern California. The KPSC
membership is racially and ethnically diverse, reflecting the population of the Southern California region from
which is it drawn.”® In March 2019, the total membership (including children) was 43% Hispanic, 35% non-
Hispanic White, 9% Black and 12% Asian/Pacific Islander. KPSC implemented LCS in 2014 with a standardized
order set for LDCT screening exams. The order set was modified in October 2015 by including specific exam
codes to distinguish more effectively between screening exams, diagnostic exams, and exams for follow-up of
incidentally-detected or screening-detected lung nodules. The order set for screening LDCT includes check
boxes to confirm that the patient meets USPSTF eligibility criteria’’, does not have symptoms of lung cancer,
has gone through a process of shared decision-making, and has been referred for smoking cessation counseling
(if indicated). In 2018, over 6,000 individuals were screened for lung cancer withLDCT.

Medical University of South Carolina (MUSC). MUSC functions as the state’s safety net hospital, caring for a
diverse population; over 30% of patients are African-American. LCS eligible individuals are identified through the
EHR. PCPs are notified by an alert when a patient meets age and smoking criteria. The provider can order the
LDCT or make a referral to the LCS program. At the end of 2015, MUSC launched its LCS Program at the NCI-
designated Hollings Cancer Center. The multidisciplinary program is led by a pulmonologist and a smoking
cessation expert. In 2018, the program screened more than 700 individuals and is expanding outreach efforts.
Veterans Affairs Hospitals (VAMC). The VA Portland Health Care System in Portland, OR was one of eight sites
that participated in the LCS Demonstration Project. The site provides care for close to 60,000 mostly older male

Veterans, over 50% of whom are current and former smokers. In addition to the |Figé: Data Integration Architecture
main medical centers, patients are seen in primary care Community-Based || §® Ppatient visits| Data Entry %
Outpatient Clinics (CBOCs). The VAMC implemented LCS in 2013 through a |l " Provider sl
population-based screening program that proactively identified eligible patients |CincaDaa DS e s
ages 55 to 80 years without a prior diagnosis of cancer through an algorithm | screening Resuits  gata ?gfa%t
applied to VHA electronic medical records. Nursing staff receive clinical |y posive soeming ~2% . undergoes
reminders to collect tobacco pack-year history at the time of PCP visit. Those Féi??;f‘?;iﬁi‘:;?;?;s ;32;",9
eligible by age and smoking history trigger an additional clinical reminder through | Functional Status and 2;;5;‘3 s
the EHR to the provider, who then decides if the patientis medically fitto undergo | 7poera neten .
screening. The provider then places a consult order for LCS and a dedicated 1 N ]
nurse coordinator provides patients without exclusion criteria a risk and benefit | Cancer Registry Vital e
brochure one week prior to a shared decision phone call. The VA Portland | tme | | estmors
screened 1,200 patients in 2018. gt sy sl L=
stage) non-lung
D.3. Description of Data Coordination and Data Collection 2 Vit Stabs I

D.3.1. Data Coordinating Center (DCC): The DCC, directed jointly by Drs. Shen (KPSC Lead Statistician) and
Gould (KPSC MPI), will be responsible for overseeing all aspects of data capture, management, mapping,
transfer and reporting, as well as data analysis in Aims 1 and 2. Dr. Shen will also provide statistical and
methodological support for data analysis, drawing on his specific expertise in multilevel modeling, latent-class
analysis and causalinference. In addition, Dr. Fan (Professor of Biostatistics, Bioinformatics and Biomathematics)
will work closely with Dr. Braithwaite at Georgetown and provide input on statistical analysis. The primary goal
of the DCC is to ensure that the required data elements are reliably collected and mapped into a commonly
defined, Health Insurance Portability and Accountability Act (HIPAA)-compliant format, and managed in a flexible,
secure data system (Fig 6). The DCC will establish and maintain systems to collect common data elements
across all three participating institutions and provide a secure transfer and distribution infrastructure to meet
HIPAA, collaborating institution, and United States federal regulations for data sharing. The DCC will lead the
implementation of a single data standard, based on the existing data infrastructure for the PCORI-funded trial, a
large (N~35,000), pragmatic clinical trial of strategies Watch the Spot (WTS) for pulmonary nodule evaluation. /t
is important to note that there is no scientific or budgetary overlap between this proposal and WTS as WTS is a
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pragmatic trial with distinct aims, and the overwhelming majority of WTS participants will have incidentally-
detected (rather than screening-detected) nodules.

D.3.2. Data standardization: The WTS data standard is defined by a common vocabulary, which provides a
foundation for integrating the data into a unified repository. The common vocabulary is codified in the WTS data
codebook, which contains 13 key sets of data elements, including files for participant identification and eligibility,
sociodemographic characteristics, smoking history, nodule characteristics, health care utilization, comorbid
conditions and vital status. The WTS data model is currently being used by all of the aforementioned participating
sites for the proposed study (KPSC, MUSC and VA Portland) to collect standardized data from the EHR of WTS
participants. Additional efforts at data standardization will involve a common template that will be used by
radiologists at all study centers to report LDCT results by Lung-RADS® category.”” Lung-RADS®, the Lung
Imaging and Reporting System, is a quality assurance tool of the American College of Radiology.®® It was
designed to reduce confusion in lung cancer CT screening interpretations, standardize reporting and
management recommendations, and facilitate outcome reporting. To date, our team has collected baseline data
from diverse locations for over 21,000 participants, as well as follow-up utilization and adherence data for over
8,000 participants. Thus, our team has highly relevant experience collecting and sharing standardized data
related to LCS and pulmonary nodule evaluation.

D.3.3. Data sources and data collection: The data model will include both structured and unstructured health
information collected at our 3 participating healthcare systems; these 3 systems have developed methods
(exports from EHR, NLP, text mining) for extraction of study variables, including demographic characteristics,
smoking history, referrals for and receipt of LDCT, LDCT results using Lung-RADS®, diagnostic follow-up
procedures, and lung cancer diagnoses. Each participating institution will create a secure database of patients
undergoing LCS with LDCT. Patient identifiers (name, medical record number, DOB) linked to a unique study ID
number will be kept in a file separate from other study data. Demographic information (age, sex, race/ethnicity)
and selected clinical variables from the Radiology Information Systems (RIS) will be linked with information from
the EHR to collect relevant clinical data such as smoking history, information about health care utilization
(physician visits of different types, imaging), and diagnosis of cancer from medical records, hospital pathology
databases and local tumor registries. While the variables will be defined using a single data dictionary, the
strategies for populating the database will be developed individually at each institution, depending on available
information systems and systems for extracting data to populate the database. Data sources will include
administrative records and membership files (demographic characteristics), EHR (e.g., smoking history,
pulmonary function), ICD-9 and ICD-10 codes for diagnoses and procedures, Current Procedural Terminology
(CPT) codes for procedures, LDCT referral and order codes used by each system, and radiology reports from
each system, linked to cancer registry and mortality data. EHR and claims data will be combined and
standardized since both use ICD and CPT4 codes; the Healthcare Common Procedure Coding System (HCPCS)
used by Medicare includes CPT4.7® 7° Patient residential zip codes (from EHR) will be linked to US census data.
Medicare data will also help identify any patients in our screening cohort who are diagnosed and/or treated for
lung cancer outside of our study sites. Our collection of patient- and system-level data will leverage the methods
and programs previously developed for the Cancer Research Network Lung Screening Supplement (see section
C.4), and the ongoing WTS trial. It is important to note, however, that there is no scientific or budgetary overlap
between this proposal and WTS as WTS is a pragmatic trial with distinct aims, and the overwhelming majority of
WTS participants will have incidentally-detected (rather than screening-detected) nodules.

D.3.4. Data transfer and storage: Data elements will be transferred securely to KPSC from MUSC and Portland
VA through a web-based portal via REDCap®, a secure web application for building and managing online
surveys and highly customizable data collection instruments. REDCap includes a sophisticated export module
that is compatible with all the popular statistical programs, and it supports HIPAA compliance and Title 21 Code
of Federal Regulations (21 CFR) Part 11. All data transmissions will be encrypted, and access to the DCC portal
will require authentication and authorization.

D.4. Description of Variables

D.4.1. Predictor variables:

Age: Only individuals ages 55-80 at the start of 2016 will be included in our study.

Comorbidity: In this proposal, comorbidity is defined by diseases that are predictive of life expectancy. Since

the benefit of LCS comes from finding and treating lung cancer that would have become symptomatic over a
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person’s remaining years of life while it is at an early stage, individuals with severe comorbidity and limited life
expectancy are subjected to the potential harms of LCS with little chance to benefit.2° Therefore, our measures
of comorbidity are focused on prognosis. We have chosen to use the Charlson/Elixhauser comorbidity score
using EHR data®!% because this combined score has been shown to offer improvements in comorbidity
summarization over other existing scores.®* The Charlson score is a summary measure of 19 diseases that are
weighted based on severity.®5 & The Elixhauser system was developed to predict hospital charges, length of
stay, and in-hospital mortality; it was developed by identifying comorbidities that are relevant to hospitalization,
but are not the primary reason for hospitalization, along with the severity of the condition that prompted
hospitalization.®* A diagnosis of lung cancer will be excluded from the calculation of the Charlson/Elixhauser
score, consistent with previous studies. The Charlson/Elixhauser score will be calculated from EHR®" 8 during
the 12 months prior to each LDCT. Individuals will be categorized as being in best health if they have a
Charlson/Elixhauser score of 0, average health if they have a Charlson/Elixhauser score of 1 and worst health if
they have a Charlson/Elixhauser score of 22.3° We will treat comorbidity status as a time-varying variable®, as
described in section E 4.

Functional limitations: Consistent with the Segal study,* °' patients’ indicators of functional limitations will be
derived from claims and EHR data at KPSC and VA, the two systems that comprise nearly 80% of our LCS
cohort. As with comorbidity, functional limitations will be ascertained during the 12 months prior to the baseline
LDCT. We will examine frequency distributions for each of the following conditions: mobility limitations (defined
by claims for cane, walker, wheel chair, hospital bed, etc.), blood transfusion, use of oxygen, supplemental
nutrition, hip or pelvic fracture, chronic skin ulcer, pneumonia, delirium/dementia/Alzheimer disease, bone
marrow failure/agranulocytosis, depression, use of urinary catheter, respiratory failure/insufficiency/arrest,
sepsis, and malnutrition/unintentional weight loss, fall-related injury and syncope. All Function Related Indicators
(FRI) will be coded as binary variables (scale 0-13); individuals will receive a score for each aspect of functional
limitations with the average score generating the FRI score. Consistent with our aforementioned categorizations
of comorbidity status, persons will be categorized as being in best health if they have a FRI score of 0, average
health if they have a FRI score of 1 and worst health if they have a FRI score of>2.

Pulmonary function: We will leverage the infrastructure from Dr. Gould’s preliminary work” to obtain data from
pulmonary function tests — these represent a major innovation toward precision LCS since they assess the
severity of pulmonary comorbidities.?> We will evaluate previously validated structured data on spirometry, which
can capture severity of co-existing pulmonary disease such as COPD.*® We will classify COPD using the new
Global Initiative for Obstructive Lung Disease (GOLD) classification: categories A, B, C and D based on
spirometry indicators.* We will also evaluate data for forced expiratory volume (FEV) and ejection fraction and
will perform analyses for patients with heart failure, another common comorbid condition that could influence
LCS outcomes. Impaired pulmonary function will be defined as FEV1/FVC<70%.%3 %

Other variables that may act as potential confounders or effect modifiers to influence LCS outcomes: i) Smoking
history: both smoking status and pack-years will be extracted from medical charts based on previously validated
methods.”! Importantly, we have virtually complete data on smoking status and the most important determinant
of outcomes is current smoking (and not pack years or quit years for which data are less complete and accurate);
i) Racel/ethnicity is based on data recorded in EHR; iii) Socioeconomic status (SES) measures will be
obtained through linkage to the US census to determine the proportion of adults with a college education who
lived within a subject’'s zip code tabulation area.®® SES measures at the census block group level include:
diversity index score (a measure of the racial and ethnic diversity of a geographic area ranging from 0 [no
diversity] to 100 [complete diversity]), median disposable income, median household income, average annual
health insurance expenditures, average annual public transportation expenditures, proportion with a college
degree and proportion with access to the internet.*

D.4.2. Outcome Variables: The primary outcome for Aim 1 is the prevalence of multimorbidity in the LCS cohort.
Our primary outcomes in Aim 2 are the events that follow LCS with LDCT. The chain of events includes the
results of the baseline LDCT and subsequent LDCT tests, biopsies, lung cancer diagnosis and procedure-related
complications. These outcomes data will be derived from the EHR and claims-data as well as tumor registries.
The primary outcomes include:
i) False positive results, biopsies and cancer detection rate will be identified from cancer registry files to
determine if a lung cancer occurs within 1 year of LDCT. We will classify each LDCT exam result as true positive,
false-positive, true negative or false-negative.® Cancer detection rate is defined as the number of cancers found
per 1,000 persons screened (screening detection rate).™
ii) Procedural complications will include complications following transthoracic, transbronchial or surgical
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biopsies that lead to lung cancer diagnosis. Procedures after the date of lung cancer diagnosis will be excluded.
Serious complications within 7 and 30 days of biopsies include pneumothorax, bleeding (pulmonary hemorrhage),
acute respiratory failure, acute renal failure, allergic reaction to iodinated contrast material requiring
hospitalization, and acute myocardial infarction.® We will evaluate procedural complications among all persons
undergoing LCS, not only those diagnosed with lung cancer.

iii) Lung cancer stage at diagnosis: Stage will be ascertained using respective institutional cancer registries
(using ICD9/10 codes), and supplemented by the patient’s pathology reports obtained through EHR; key clinical
variables include the AJCC stage, histology, and presence/absence of metastases.®> %7 In terms of histology, we
will evaluate rates of lung cancers with a bronchioloalveolar carcinoma histology, which are often indolent with
very long doubling times and are thus more prone to overdiagnosis.®® %

Other outcomes will include: i) LDCT results: Results of the LCS with LDCT will be extracted from Lung RADS®
reports, the standardized template for reporting LDCT results.>® All 3 participating healthcare systems currently
use Lung-RADS® for reporting. The receipt and timing of additional CT tests will be examined based on Lung
RADS®. ii) Lung cancer treatment: We will include data on treatment modalities focusing on differences in
receipt of surgery vs. radiation therapy among patients with early stage lung cancer. Receipt of curative
radiotherapy may be a marker of overtreatment due to inappropriate LCS of patients with a high risk of other
cause mortality."°

D.4.3 Study Design Considerations. We considered several issues in our study design.

First, the observational nature of our assessments limits our ability to make causal inferences due to the
likelihood of selection bias and confounding by indication. To account for potential confounders that are inherent
in observational research'' we will adjust for factors associated with the exposure variables of interest (i.e., age,
surrogates of functional limitations, COPD status and overall comorbidity) and other relevant variables, including
socio- demographics, smoking history, and clinical factors. Given the richness of the available EHR data, we will
be able to account for all generally recognized confounders that have been reported in the literature to be
associated with both the exposures of interest and LCS outcomes. To achieve this goal, we will use propensity
score methods to adjust for confounders.'%?'% Given that some exposures of interest are not binary, the
propensity scores will be estimated using multinomial logistic regression models with a generalized logit link and
included as covariates in the outcome regression models. This approach gives us flexibility on how to model the
propensity scores and it allows for the incorporation of interactions involving the propensity scores, to best
account for differences between patients receiving LCS during different timeintervals.

Second, while an advantage of this proposal is that it links EHR data with cancer registry data, we acknowledge
that EHR data from clinical settings may have limited granularity.'® However, data sources employed in this
proposal are drawn from healthcare systems that mandate the universal adoption of standards-based,
interoperable healthcare data, captured seamlessly across the different locations where their patients receive
care. Further, EHR-based data offer important advantages because they include large numbers of patients who
receive real-world care.' Finally, EHR-based data already exist, having been collected as part of routine care,
making this study more generalizable and much less expensive than a primary data collectioneffort.

Third, we specifically selected a centralized data repository model over a distributed model to optimize integration
and harmonization of data derived from the 3 diverse healthcare systems participating in ourstudy.

Fourth, we strengthen our study design by combining observational data from real-world diverse settings with
an established simulation model?® to estimate long-term harms and benefits of LCS.

E. ANALYTIC PLAN

E.1. a) Overview: We plan a series of analyses examining the impact of comorbidity, functional limitations and
pulmonary function on the benefits and harms of LCS. Under Aim 1, we will leverage comprehensive measures
of comorbidity, functional limitations and impaired pulmonary function to characterize their burden among
individuals undergoing LCS in typical U.S. clinical practice. Under Aim 2, we will use previously developed and
applied discrete-time survival methods'® to estimate the risk of false-positive results, procedure related
complications and detection of screen-detected lung cancer among persons with varying levels of comorbidity,
functional limitations and impaired pulmonary function. Results from these analyses will be used as an input for
simulation models in Aim 3. Finally, under Aim 3, we will enhance our previously validated lung cancer CISNET
model using estimates from Aims 1 and 2 to compare benefits and harms of LCS for persons with diverse levels
of multimorbidity -- including diverse levels of chronic coexisting conditions, functional limitations and pulmonary
function. b) Strengthening observational design: To account for potential confounders and selection bias in
cohort data from Aims 1 and 2, we will adjust for important covariates including, but not limited to, geographic

15



location, race/ethnicity, socioeconomic status, age, smoking history and gender. In addition, we will use
propensity scores to adjust for potential selection bias.'® The generalized propensity score is the probability of
a particular LCS interval (e.g. annual, biennial) given pre-screening factors potentially associated with LCS
interval (e.g. geographic location, age, smoking history, socioeconomic status, etc.).'? ' Propensity scores will
be estimated using a multinomial logistic regression model with a generalized logit link and will be included as
covariates in regression models. This approach allows us to explore a flexible model for the propensity score,
incorporating interactions and other non-linear relationships to best account for possible differences between
individuals receiving LCS at various intervals.'%-11°

E.2. Sample size considerations and power analysis: Based on our preliminary data collection from the 3
study sites (2016-2018), we project a total sample size of approximately 34,039 unique persons undergoing
LCS, and 902 incident lung cancer cases (based on an estimated 2% lung cancer rate) for the period 2016—
2022. We focused our power calculation on the outcome for Aim 2: estimates of procedure-related complications
following LCS with LDCT. Based on published literature,’ %3 " we estimate that at least 70% of those
undergoing LCS have at least one consequential comorbidity and about 20% have COPD. Based on recently
published data from Huo et al.,"'> '3 it is estimated that 20-30% of individuals undergoing LCS without major
chronic co-existing conditions will have downstream procedure-related complications.®”> 13115 Given these
assumptions, we will be well powered to identify a minimally detectable risk difference as small as 5% for
procedure-related complications; this estimate takes into account 80% power and the probability of type | error
at 0.05. Based on similar assumptions, we can identify small effect sizes for minimally detectable risk difference
of false positive LCS results ranging between 1.3 and 1.9% across levels ofcomorbidity.

E.3. Aim 1 analyses: In a cohort of ~34, 039 individuals undergoing LCS with LDCT at 3 diverse real-world
healthcare settings, we will characterize the patient population with regard to the burden of chronic co-existing
conditions, functional limitations and impaired pulmonary function, with particular attention to evaluating the
subpopulation of marginal patients for whom the net benefit of LCS currently appears uncertain. As an
exploratory sub-aim, we will examine this burden by race/ethnicity, SES and age. To this end, we will generate
a weighted variable for each observation based on inverse of its selection probability since this can increase the
generalizability of the prevalence estimates.'® We will consider the distribution of important risk factors in the
target population when generating the weighted variable'® and report weighted prevalence estimates of
comorbidity, functional limitations, and impaired pulmonary function. We will use descriptive statistics to fully
characterize our patient population (including means and standard deviations for continuous covariates, and
counts or percentages for categorical covariates), stratified by comorbidity, functional limitations, and impaired
pulmonary function. Two-sample proportion tests will be used to examine if the prevalence of comorbidity,
functional limitations or impaired pulmonary function differs by race/ethnicity, SES and age. We will fit a
multivariable logistic regression model to calculate adjusted odds ratios of comorbidity (Charlson/Elixhauser
index 0 vs. 21), functional limitations (0 vs. 21), and impaired pulmonary function (FEV1/FVC<70% vs. 270%)
while taking into account race/ethnicity, SES and age as well as relevant covariates (e.g. smoking status,
calendar year, and geographic location).

Aim 2 analyses: In a cohort of ~34, 039 individuals undergoing LCS with LDCT at 3 diverse real-world healthcare
settings, we will quantify potential harms (e.g. false-positive results, procedure-related complications) and benefits
(early stage disease at diagnosis) of LCS among persons with varying levels of comorbidity, functional limitations
and pulmonary function. We will estimate the cumulative risk of these LCS outcomes over the course of 6 years
of screening performed during 2016-2022. We hypothesize that LCS will not be effective for persons with
moderate to severe comorbidity, functional limitations or severe COPD. We will use EHR and claims data from
the one year prior to each LCS to estimate the Charlson/Elixhauser comorbidity score, FRIs and pulmonary
function. We will collect information on any prevalent and incident comorbid conditions, FRIs and pulmonary
function impairments. Similarly to Aim 1, we will compute descriptive statistics for LCS outcomes (see section
D.4.2) stratified by the Charlson/Elixhauser comorbidity score, FRIs and impaired pulmonary function at the
beginning of follow-up. Discrete-time survival models are the most appropriate approach to estimating the
cumulative risk of outcomes associated with screening because they inherently account for the fact that risk of
an event only accrues at the time of a screening exam.'"” Thus, time is indexed by the number of prior screening
examinations rather than calendar time. Discrete-time survival models allow us to estimate the average number
of exams until a person first experiences an event as well as the cumulative probability of experiencing at least
one event over the course of 6 years of screening. Using discrete-time survival models, we will estimate the
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hazard for each outcome of interest by comorbidity, FRIs, and impaired pulmonary function, adjusted for relevant
covariates (e.g. geographic location, SES, race/ethnicity, age, smoking status). Separate models will be
constructed for each outcome. If Yk is a binary variable indicating the outcome of interest at the kth exam, our
model for the discrete hazard takes the form: logit fk(Xk) = log(P(Yk=1)/(1 - P(Yk = 1)) = Xk Bk, where Xk
represents a vector of possibly time-varying covariates including comorbidity, age, and other patient
characteristics; of note Xk can also include interactions between time-varying covariates and exposure. Since
we are modeling each LDCT scan as a separate observation and the probability of an event within the following
year, we will model the Charlson/Elixhauser score, FRIs, and pulmonary function at the beginning of each interval
for each separate observation; the Charlson/Elixhauser score, FRIs, and pulmonary function measurements will
be treated as time-varying because they can change with each observation. Models will be pruned by backward
selection using the Akaike Information Criterion'® to balance the predictive power of the model against model
parsimony. This is especially important given the large number of FRIs we will examine. To estimate the
cumulative probability of each outcome associated with LCS for persons of a given comorbidity level, functional
limitations or pulmonary function level, we will aggregate discrete hazards to estimate cumulative probabilities.
Notably, missing data on specific covariates (e.g., smoking status) may affect these statistical analyses. Missing
data may cause bias in the analyses, loss of power, or both.""® We will use logistic regression models to identify
the factors related to the probability of missing data and determine whether there is a pattern of missingness.
Sensitivity analyses will be based on using inverse probability (of having missing data) weights.''? The issue of
loss of power and possible bias will be further addressed by using multiple imputation methods if the variables
are missing at random. Before performing the statistical analyses described in the subsequent subsections, we
will generate ten imputed datasets, analyze them separately as described below, and then combine the results
using established methods.

E.5. Aim 3 Analyses:
E.5.1. Overview of model: The University of Michigan Lung Cancer Screening (UM-LCS) model was developed
to evaluate the benefits and harms of LDCT screening, including lung cancer deaths averted, life-years gained,
overdiagnosis, false positive tests, and radiation-related lung cancer deaths. The model consists of two main
components, a natural history and a screening component, which together generate an individual history. The
natural history component simulates individual lung cancer related events as well as age at death from causes
other than Iung Figure 7. Naturalhistorycomponentofthe UM-LCS model.
cancer, given an *(Generate othe‘r-causes]
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lung cancer, the
model simulates age at lung cancer diagnosis, histologic type (adenocarcinoma+BAC, squamous, small cell,
other), and stage (IA, IB, I, llIA, llIB, IV). Lung cancer specific survival time is simulated conditioned on sex, age
at diagnosis, histology, and stage. Given a lung cancer diagnostic event, the screening component simulates a
stage-appropriate preclinical sojourn time (PST) (i.e., the period in which an asymptomatic lung cancer develops
before being detected once screening occurs), as well as a screening schedule and screening outcomes (Fig
8). For screen-detected cancers, the model also simulates a new lung cancer survival time based on stage at

diagnosis.
Model inputs consist of: Fig 8. Screening compenent of the UM-LCS model, example for an individual
I) age- and SeX-SpeCifiC Iung cancer risk by Smoking diagnosed with stage I1lA lung cancer in natural history component.
history, ii) tumor stage distributions with/without | |False Positive or True Positive or
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and sex, iii) lung cancer specific survival time as a function @

of age at diagnosis, sex, stage, and comorbidity, iv) Stage IA| Stage IB IStageIIIStagellAl—:)l
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preclinical sojourn time in each stage'® as a function of t )

sex and comorbidity, v) screening sensitivities, | [StartAge| [ Preciinical Sojourn Time| [LC diagnosticage| |End Age

specificities, false positive rates by sex, stage, and comorbidity, vi) adherence with Lung-RADS®
recommendation as a function of comorbidity burden, vii) outcomes of LDCT screening, including biopsies and
complications from screening and diagnostic procedures, and viii) other-cause mortality rates for the population
being simulated.

For our proposed study, our refined model will also include as a model input more refined measures of
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comorbidity, functional limitations and pulmonary function status, which will allow us to simulate outcomes for
real-world subpopulations with varying levels of multimorbidity. We will also be able to compare simulation results
using our Aim 1 and 2 real-world data versus results generated by the original UM-LCS model using CISNET'*!
data and other trial data (e.g., NLST, PCLO, etc.) Table 3 below summarizes the model inputs and data sources.

Model outcomes include: (i) screening eligible population, (ii) LDCT screens and follow-up scans, (iii) false-

positive screens, (iv) biopsies, (v) lung cancer
incidence, (vi) lung cancer mortality, (vii) life-
years/quality-adjusted life-years gained
compared to no screening, (viii) number needed
to screen to prevent one lung cancer death, (ix)
overdiagnosis, and (x) radiation-related lung
cancerdeath.

E.5.2.a. Model design and analyses. We
propose to adapt the previous UM-LCS model to
real-world clinical settings by re-calibrating some
model elements using data generated in Aims 1
and 2. Then, informed by the findings from Aims
1 and 2, our refined model will evaluate various
measures for the benefits and harms of LCS

Table 3: Model elements and data sources

Model Inputs

Possible Data Sources

Lung cancer incidence by age, sex and
smoking history

NHS/HPFS, SEER

Tumor stage distribution by histology, and
sex

SEER, PLCO, NLST

Lung cancer specific survival times by

age, histology, stage and sex SEER
Pre-clinical sojourn time in each stage NLST, PLCO
Sensitivity and specificity of LDCT,; NLST/LungRADS® &

False positive rates

real-world LCSC

Adherence with Lung-RADS?®
recommendations by multimorbidity
burden

Real-world LCSC

Qutcomes of LDCT screening; biopsies,
complications

Real-world LCSC

Competing other-cause mortality

CISNET,NLST,PLCO,
real-world LCSC

NHS: Nurses' Health Study; HPFS: Health

Professionals Follow-Up

under diverse screening scenarios. Our
reference scenario will be annual LDCT
screening of individuals ages 55 through 80 years
who have smoked 30 pack- years and either
currently smoke or quit smoking within 15 years (i.e., the USPSTF criteria’). We will compare the benefits and
harms in diverse screening scenarios by varying starting and stopping ages, frequencies, and eligibility criteria
based on smoking pack-years, years since quit, COPD status, and level of comorbidity. We will also assess the
comparative effectiveness of various LDCT screening strategies according to level of smoking exposure, overall
comorbidity, functional limitations and pulmonary/COPD status. And we will extend the UM-LCS model to
incorporate complications observed in screened individuals. We will also determine the threshold of
multimorbidity (co-existing conditions, limited functioning and/or impaired pulmonary function) where the benefits
and harms of LCS are comparable to those for a pre-defined subgroup having average health status for the
population.

Study; SEER: Surveillance, Epidemiology, and End Results; NLST:
National Lung Screening Trial; PLCO: Prostate, Lung, Colorectal and
Ovarian Cancer Screening Trial; real-world LCSC: real-world lung
cancer screening cohort data (Aims 1 & 2).

E.5.2.b. Individual preferences analysis. Using a modified version of the UM-LCS model, we evaluated the
impact of patient’s preferences on expected individual quality-adjusted life-year gains (net-benefit) from LCS."?2
We will apply the methods in Caverly et al'® to assess jointly the impact of individual preferences and
comorbidities on the net benefit of LCS with LDCT based on real-world clinical settings.

Table 4: Timeline
E.6. Study timeline: The team will have monthly 2020 2021 | 20222023 | 2024
calls conference calls to discuss analyses, findings | IRB subcontracts and regulatory "
and manuscripts in addition to the annual in-person ;p‘::‘“’a'scﬂv e
team meetings. We expect to complete all 3 aims | 5oopeoc e ProsPEcive COmOIEaRa e ix x| x
during the 5-year study. (Table 4). Specifically, we | Database development, pooling of data v e o e [ O
anticipate applying for regulatory approvals from all | & linkages, Aims 1 and 2 analyses
study sites in the first year of the grant. Cohort im:ﬁ‘g%gogif:::mems literature | | b I [ x [ x| x | x
development will begin in the second quarter of Manus’cﬂpt prepargﬁon o I AT
Year 1. We will assemble the real-world LCSC *Based on June 2019 grant submission; earliest start date of January 2020

cohort and generate data inputs (from Aims 1 and
2) for the simulation model during the first three years of the project. Years 4-5 will largely focus on refining the
CISNET simulation model (Aim 3) with real-world LCS cohort data.

E.7. Future directions: To help advance a vision of precision LCS tailored to patient-specific characteristics,

our proposed study will generate direct and previously unavailable evidence about LCS with LDCT in real-

world populations and settings. The urgency of this research is reflected in the current controversy over the likely

net benefit of LCS among patients with chronic co-existing illness.?’ Our investigative team, with input from
18



patient advocates, will disseminate study findings to key stakeholders, which will lead to more informed decision-
making for this vulnerable, yet sizable, LCS subpopulation. The CISNET model we propose to use has already
informed the USPSTF guidelines in 2015.8° By refining this model with the use of real-world data, we expect to
extend our track record of helping to inform guideline development. Moreover, by identifying subgroups of
LCS candidates most and least likely to benefit from LCS, our proposal speaks directly to the NClI's precision
cancer screening initiative.?’

19



References

1.

S

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

Siegel RL, Miller KD, Jemal A. Cancer statistics, 2018. CA: a cancer journal for clinicians. 2018;68: 7-30.
Molina JR, Yang P, Cassivi SD, Schild SE, Adjei AA. Non-small cell lung cancer: epidemiology, risk factors,
treatment, and survivorship. Mayo Clin Proc. 2008;83: 584-594.

Bindman A. JAMA Forum: Lung cancer screening and evidence-based policy. JAMA. 2015;313: 17-18.
Fabrikant MS, Wisnivesky JP, Marron T, Taioli E, Veluswamy RR. Benefits and Challenges of Lung Cancer
Screening in Older Adults. Clinical Therapeutics. 2018.

Gould MK. Clinical practice. Lung-cancer screening with low-dose computed tomography. N Engl J Med.
2014;371: 1813-1820.

Wiener RS, Gould MK, Arenberg DA, et al. An official American Thoracic Society/American College of
Chest Physicians policy statement: implementation of low-dose computed tomography lung cancer
screening programs in clinical practice. American Journal of Respiratory and Critical Care Medicine.
2015;192: 881-891.

Tanoue LT, Tanner NT, Gould MK, Silvestri GA. Lung cancer screening. American Journal of Respiratory
and Critical Care Medicine. 2015;191: 19-33.

Jemal A, Thun MJ, Ries LA, et al. Annual report to the nation on the status of cancer, 1975-2005, featuring
trends in lung cancer, tobacco use, and tobacco control. JNCI: Journal of the National Cancer Institute.
2008;100: 1672-1694.

Aberle DR, Adams AM, Berg CD, et al. Reduced lung-cancer mortality with low-dose computed
tomographic screening. The New England journal of medicine. 2011;365: 395-409.

Humphrey LL, Deffebach M, Pappas M, et al. Screening for lung cancer with low-dose computed
tomography: a systematic review to update the US Preventive services task force recommendation. Ann
Intern Med. 2013;159: 411-420.

Moyer VA, Force USPST. Screening for lung cancer: U.S. Preventive Services Task Force
recommendation statement. Ann Intern Med. 2014;160: 330-338.

Booth CM, Karim S, Mackillop WJ. Real-world data: towards achieving the achievable in cancer care. Nat
Rev Clin Oncol. 2019.

Pinsky PF, Gierada DS, Hocking W, Patz EF, Kramer BS. National Lung Screening Trial findings by age:
Medicare-eligible versus under-65 population. Ann Intern Med. 2014;161: 627-633.

Ma J, Ward EM, Smith R, Jemal A. Annual number of lung cancer deaths potentially avertable by screening
in the United States. Cancer. 2013;119: 1381-1385.

Tanner NT, Dai L, Bade BC, Gebregziabher M, Silvestri GA. Assessing the generalizability of the National
Lung Screening Trial: comparison of patients with stage 1 disease. American Journal of Respiratory and
Critical Care Medicine. 2017;196: 602-608.

Gould MK. Lung cancer screening and elderly adults: do we have sufficient evidence? Ann Intern Med.
2014;161: 672-673.

Gould MK. Lung Cancer Screening in Individuals with Chronic Obstructive Pulmonary Disease. Finding the
Sweet Spot. Am J Respir Crit Care Med. 2015;192: 1027-1028.

Gould MK. Precision Screening for Lung Cancer: Risk-Based but Not Always Preference-Sensitive? Ann
Intern Med. 2018.

Gould MK. Who Should Be Screened for Lung Cancer? And Who Gets to Decide? JAMA. 2016;315: 2279-
2281.

Rivera MP, Tanner NT, Silvestri GA, et al. Incorporating Coexisting Chronic lliness into Decisions about
Patient Selection for Lung Cancer Screening. An Official American Thoracic Society Research Statement.
Am J Respir Crit Care Med. 2018;198: e3-e13.

Marcus PM, Freedman AN, Khoury MJ. Targeted Cancer Screening in Average-Risk Individuals. American
journal of preventive medicine. 2015.

Marcus PM, Pashayan N, Church TR, et al. Population-Based Precision Cancer Screening: A Symposium
on Evidence, Epidemiology, and Next Steps. Cancer Epidemiol Biomarkers Prev. 2016;25: 1449-1455.
National Academies of Sciences E, and Medicine. Implementation of Lung Cancer Screening: Proceedings
of a Workshop. Implementation of Lung Cancer Screening: Proceedings of a Workshop. Washington (DC),
2016.

de Koning HJ, Meza R, Plevritis SK, et al. Benefits and harms of computed tomography lung cancer
screening strategies: a comparative modeling study for the U.S. Preventive Services Task Force. Ann

20



25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

Intern Med. 2014;160: 311-320.

McMahon PM, Meza R, Plevritis SK, et al. Comparing benefits from many possible computed tomography

lung cancer screening programs: extrapolating from the national lung screening trial using comparative

modeling. PLoS One. 2014;9: €99978.

Meza R, ten Haaf K, Kong CY, et al. Comparative analysis of 5 lung cancer natural history and screening

models that reproduce outcomes of the NLST and PLCO ftrials. Cancer. 2014;120: 1713-1724.

Mazzone PJ, Silvestri GA, Patel S, et al. Screening for lung cancer: CHEST guideline and expert panel

report. Chest. 2018;153: 954-985.

National Lung Screening Trial Research T, Aberle DR, Adams AM, et al. Reduced lung-cancer mortality

with low-dose computed tomographic screening. N Engl J Med. 2011;365: 395-409.

National Lung Screening Trial Research T, Aberle DR, Adams AM, et al. Baseline characteristics of

participants in the randomized national lung screening trial. J Natl Cancer Inst. 2010;102: 1771-1779.

Howard DH, Richards TB, Bach PB, Kegler MC, Berg CJ. Comorbidities, smoking status, and life

expectancy among individuals eligible for lung cancer screening. Cancer. 2015;121: 4341-4347.

Moseson EM, Wiener RS, Golden SE, et al. Patient and clinician characteristics associated with adherence.

A cohort study of veterans with incidental pulmonary nodules. Annals of the American Thoracic Society.

2016;13: 651-659.

Smith-Bindman R. Is computed tomography safe. N Engl J Med. 2010;363: 1-4.

Pinsky PF, Gierada DS, Black W, et al. Performance of Lung-RADS in the National Lung Screening Trial:

a retrospective assessment. Ann Intern Med. 2015;162: 485-491.

Kinsinger LS, Anderson C, Kim J, et al. Implementation of lung cancer screening in the Veterans Health

Administration. JAMA Internal Medicine. 2017;177: 399-406.

Redberg RF, O'Malley PG. Inaccuracies Describing Results of a Lung Cancer Screening Demonstration

Project-Reply. JAMA Intern Med. 2017;177: 1397.

Pinsky PF, Gierada DS, Hocking W, Patz EF, Jr., Kramer BS. National Lung Screening Trial findings by

age: Medicare-eligible versus under-65 population. Ann Intern Med. 2014;161: 627-633.

Bach PB, Cramer LD, Schrag D, Downey RJ, Gelfand SE, Begg CB. The influence of hospital volume on

survival after resection for lung cancer. N Engl J Med. 2001;345: 181-188.

Silvestri GA, Handy J, Lackland D, Corley E, Reed CE. Specialists achieve better outcomes than

generalists for lung cancer surgery. Chest. 1998;114: 675-680.

Bach PB, Gould MK. When the average applies to no one: personalized decision making about potential

benefits of lung cancer screening. Ann Intern Med. 2012;157: 571-573.

Kovalchik SA, Tammemagi M, Berg CD, et al. Targeting of low-dose CT screening according to the risk of

lung-cancer death. New England Journal of Medicine. 2013;369: 245-254.

Tammemagi MC, Church TR, Hocking WG, et al. Evaluation of the lung cancer risks at which to screen

ever-and never-smokers: screening rules applied to the PLCO and NLST cohorts. PLoS medicine. 2014;11:

e1001764.

Sanchez-Salcedo P, Wilson DO, de-Torres JP, et al. Improving selection criteria for lung cancer screening.

The potential role of emphysema. American Journal of Respiratory and Critical Care Medicine. 2015;191:

924- 931.

Gonzalez J, Marin M, Sanchez-Salcedo P, Zulueta JJ. Lung cancer screening in patients with chronic

obstructive pulmonary disease. Annals of translational medicine. 2016;4.

de-Torres JP, Marin JM, Casanova C, et al. |dentification of COPD patients at high risk for lung cancer

mortality using the COPD-LUCSS-DLCO. Chest. 2016;149: 936-942.

Hopkins RJ, Duan F, Chiles C, et al. Reduced Expiratory Flow Rate among Heavy Smokers Increases

Lung Cancer Risk. Results from the National Lung Screening Trial-American College of Radiology Imaging

Network Cohort. Annals of the American Thoracic Society. 2017;14: 392-402.

Wiener RS, Schwartz LM, Woloshin S, Welch HG. Population-based risk for complications after

transthoracic needle lung biopsy of a pulmonary nodule: an analysis of discharge records. Ann Intern Med.

2011;155: 137-144.

Husain ZA, Kim AW, James BY, Decker RH, Corso CD. Defining the high-risk population for mortality after

resection of early stage NSCLC. Clinical lung cancer. 2015;16: €183-e187.

Lowry KP, Gazelle GS, Gilmore ME, et al. Personalizing annual lung cancer screening for patients with

chronic obstructive pulmonary disease: a decision analysis. Cancer. 2015;121: 1556-1562.

Celli BR, Cote CG, Marin JM, et al. The body-mass index, airflow obstruction, dyspnea, and exercise

capacity index in chronic obstructive pulmonary disease. New England Journal of Medicine. 2004;350:
21



50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

1005- 1012.

Hopkins RJ, Young RP, Duan F, et al. Lung cancer screening and the effects of competing causes of death

in the ACRIN-NLST sub-study. Respiratory Medicine. 2017;132: 279-280.

Braithwaite D, Walter LC, Izano M, Kerlikowske K. Benefits and Harms of Screening Mammography by

Comorbidity and Age: A Qualitative Synthesis of Observational Studies and Decision Analyses. J Gen

Intern Med. 2016;31: 561-572.

Braithwaite D, Zhu W, Hubbard RA, et al. Screening Outcomes in Older US Women Undergoing Multiple

Mammograms in Community Practice: Does Interval, Age or Comorbidity Score Affect Tumor

Characteristics or False Positive Rates? J Natl Cancer Inst. 2013 Mar 6;105(5):334-41.

Young RP, Hopkins RJ. Chronic obstructive pulmonary disease (COPD) and lung cancer screening. Transl

Lung Cancer Res. 2018;7: 347-360.

Hiatt RA, Breen N. The social determinants of cancer: a challenge for transdisciplinary science. Am J Prev

Med. 2008;35: S141-150.

Huo J, Shen C, Volk RJ, Shih YT. Use of CT and Chest Radiography for Lung Cancer Screening Before

and After Publication of Screening Guidelines: Intended and Unintended Uptake. JAMA Intern Med.

2017;177: 439-441.

Wender R, Fontham ET, Barrera E, et al. American Cancer Society lung cancer screening guidelines. CA:

a cancer journal for clinicians. 2013;63: 106-117.

Detterbeck FC, Mazzone PJ, Naidich DP, Bach PB. Screening for lung cancer: diagnosis and management

of lung cancer: American College of Chest Physicians evidence-based clinical practice guidelines. Chest.

2013;143: e78S-e92S.

Tammemagi MC, Katki HA, Hocking WG, et al. Selection criteria for lung-cancer screening. New England

Journal of Medicine. 2013;368: 728-736.

Tammemagi MC, Lam S. Screening for lung cancer using low dose computed tomography. BMJ: British

Medical Journal (Online). 2014;348.

USPSTF. Final Updated Summary: Lung Cancer: Screening: U.S.Preventive Services Task Force. July

2015. Available from URL:

https://www.uspreventiveservicestaskforce.org/Page/Document/UpdateSummaryFinal/lung-cancer-

screening.

Han SS, Ten Haaf K, Hazelton WD, et al. The impact of overdiagnosis on the selection of efficient lung

cancer screening strategies. Int J Cancer. 2017;140: 2436-2443.

Segal JB, Chang H-Y, Du Y, Walston JD, Carlson MC, Varadhan R. Development of a Claims-based frailty

indicator anchored to a well-established frailty phenotype. Med Care. 2017;55: 716-722.

Segal JB, Huang J, Roth DL, Varadhan R. External Validation Of The Claims-based Frailty Index In The

National Health And Aging Trends Study Cohort. Am J Epidemiol. 2017;186: 745-747.

Balekian AA, Wisnivesky JP, Gould MK. Surgical Disparities Among Patients With Stage | Lung Cancer in

the National Lung Screening Trial. Chest. 2019;155: 44-52.

Nair VS, Sundaram V, Desai M, Gould MK. Accuracy of Models to Identify Lung Nodule Cancer Risk in the

National Lung Screening Trial. Am J Respir Crit Care Med. 2018;197: 1220-1223.

Carter-Harris L, Gould MK. Multilevel Barriers to the Successful Implementation of Lung Cancer Screening:

Why Does It Have to Be So Hard? Ann Am Thorac Soc. 2017;14: 1261-1265.

Tanner NT, Aggarwal J, Gould MK, et al. Management of Pulmonary Nodules by Community

Pulmonologists: A Multicenter Observational Study. Chest. 2015;148: 1405-1414.

Mehta HJ, Ravenel JG, Shaftman SR, et al. The utility of nodule volume in the context of malignancy

prediction for small pulmonary nodules. Chest. 2014;145: 464-472.

Black WC, Gareen IF, Soneji SS, et al. Cost-effectiveness of CT screening in the National Lung Screening

Trial. New England Journal of Medicine. 2014;371: 1793-1802.

Gould MK, Munoz-Plaza CE, Hahn EE, Lee JS, Parry C, Shen E. Comorbidity Profiles and Their Effect on

Treatment Selection and Survival among Patients with Lung Cancer. Ann Am Thorac Soc. 2017;14: 1571-

1580.

Gould MK, Sakoda LC, Ritzwoller DP, et al. Monitoring Lung Cancer Screening Use and Outcomes at Four

Cancer Research Network Sites. Ann Am Thorac Soc. 2017;14: 1827-1835.

Danforth KN, Early MI, Ngan S, Kosco AE, Zheng C, Gould MK. Automated identification of patients with

pulmonary nodules in an integrated health system using administrative health plan data, radiology reports,

and natural language processing. J Thorac Oncol. 2012;7: 1257-1262.

Gould MK, Tang T, Liu IL, et al. Recent Trends in the Identification of Incidental Pulmonary Nodules. Am J
22



https://www.uspreventiveservicestaskforce.org/Page/Document/UpdateSummaryFinal/lung-cancer-screening
https://www.uspreventiveservicestaskforce.org/Page/Document/UpdateSummaryFinal/lung-cancer-screening

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

Respir Crit Care Med. 2015;192: 1208-1214.

Farjah F, Halgrim S, Buist DS, et al. An Automated Method for Identifying Individuals with a Lung Nodule

Can Be Feasibly Implemented Across Health Systems. EGEMS (Wash DC). 2016;4: 1254.

Meza R, Hazelton WD, Colditz GA, Moolgavkar SH. Analysis of lung cancer incidence in the Nurses' Health

and the Health Professionals' Follow-Up Studies using a multistage carcinogenesis model. Cancer Causes

Control. 2008;19: 317-328.

Koebnick C, Langer-Gould AM, Gould MK, et al. Sociodemographic characteristics of members of a large,

integrated health care system: comparison with US Census Bureau data. Perm J. 2012;16: 37-41.

Lung-RADS Assessment Categories, Version 1.0 American College of Radiology. Lung CT Screening

Reporting and Data Sysem (Lung-RADS). http://www.acr.org/Quality-Safety/Resources/LungRADS.

Accessed June 1, 2019.

Potosky AL, Riley GF, Lubitz JD, Mentnech RM, Kessler LG. Potential for Cancer Related Health Services

Research Using a Linked Medicare-Tumor Registry Database. Medical Care. 1993;31: 732-748.

Potosky AL, Warren JL, Riedel ER, Klabunde CN, Earle CC, Begg CB. Measuring complications of cancer

treatment using the SEER-Medicare data. Med Care. 2002;40: IV-62-68.

Harris PA, Taylor R, Thielke R, Payne J, Gonzalez N, Conde JG. Research electronic data capture

(REDCap)—a metadata-driven methodology and workflow process for providing translational research

informatics support. Journal of biomedical informatics. 2009;42: 377-381.

Braithwaite D, Moore DH, Satariano WA, et al. Prognostic impact of comorbidity among long-term breast

cancer survivors: results from the LACE study. Cancer Epidemiol Biomarkers Prev. 2012;21:1115-1125.

Braithwaite D, Tammemagi CM, Moore DH, et al. Hypertension is an independent predictor of survival

disparity between African-American and white breast cancer patients. Int J Cancer. 2009;124: 1213-1219.

Braithwaite D, Izano M, Moore DH, et al. Smoking and survival after breast cancer diagnosis: a prospective

observational study and systematic review. Breast Cancer Res Treat. 2012;136: 521-533.

Gagne JJ, Glynn RJ, Avorn J, Levin R, Schneeweiss S. A combined comorbidity score predicted mortality

in elderly patients better than existing scores. J Clin Epidemiol. 2011;64: 749-759.

Charlson M, Szatrowski TP, Peterson J, Gold J. Validation of a combined comorbidity index. J Clin

Epidemiol. 1994;47: 1245-1251.

Charlson ME, Pompei P, Ales KL, MacKenzie CR. A new method of classifying prognostic comorbidity in

longitudinal studies: development and validation. J Chronic Dis. 1987;40: 373-383.

Piccirillo JF, Tierney RM, Costas I, Grove L, Spitznagel EL, Jr. Prognostic importance of comorbidity in a

hospital-based cancer registry. JAMA. 2004;291: 2441-2447.

Escobar GJ, Gardner MN, Greene JD, Draper D, Kipnis P. Risk-adjusting hospital mortality using a

comprehensive electronic record in an integrated health care delivery system. Med Care. 2013;51: 446-

453.

Walter LC, Covinsky KE. Cancer screening in elderly patients: a framework for individualized decision

making. JAMA. 2001;285: 2750-2756.

Ahern TP, Lash TL, Thwin SS, Silliman RA. Impact of acquired comorbidities on all-cause mortality rates

among older breast cancer survivors. Med Care. 2009;47: 73-79.

Segal JB, Chang HY, Du Y, Walston JD, Carlson MC, Varadhan R. Development of a Claims-based Frailty

Indicator Anchored to a Well-established Frailty Phenotype. Med Care. 2017;55: 716-722.

Hopkins RJ, Duan F, Chiles C, et al. Reduced Expiratory Flow Rate among Heavy Smokers Increases

Lung Cancer Risk. Results from the National Lung Screening Trial-American College of Radiology Imaging

Network Cohort. Ann Am Thorac Soc. 2017;14: 392-402.

Lamprecht B, Schirnhofer L, Kaiser B, Buist SA, Mannino DM, Studnicka M. Subjects with Discordant

Airways Obstruction: Lost between Spirometric Definitions of COPD. Pulm Med. 2011;2011: 780215.

Mannino DM, Buist AS. Global burden of COPD: risk factors, prevalence, and future trends. The Lancet.

2007;370: 765-773.

Vandevoorde J, Verbanck S, Schuermans D, Kartounian J, Vincken W. Obstructive and restrictive

spirometric patterns: fixed cut-offs for FEV1/FEV6 and FEV6. Eur Respir J. 2006;27: 378-383.

Krieger N. Overcoming the absence of socioeconomic data in medical records: validation and application

of a census-based methodology. Am J Public Health. 1992;82: 703-710.

Amin MB, Greene FL, Edge SB, et al. The Eighth Edition AJCC Cancer Staging Manual: Continuing to

build a bridge from a population-based to a more "personalized" approach to cancer staging. CA Cancer J

Clin. 2017;67: 93-99.

Bunn PA, Jr., Shepherd FA, Sandler A, et al. Ongoing and future trials of biologic therapies in lung cancer.
23



http://www.acr.org/Quality-Safety/Resources/LungRADS

99.

100.

101.

102.

103.

104.

105.

106.

107.

108.

109.

110.

111.

112.

113.

114.

115.

116.

117.

118.

119.
120.

121.

122.

Lung Cancer. 2003;41 Suppl 1: S175-186.

Burotto M, Thomas A, Subramaniam D, Giaccone G, Rajan A. Biomarkers in early-stage non-small-cell
lung cancer: current concepts and future directions. J Thorac Oncol. 2014;9: 1609-1617.

Bezjak A, Temin S, Franklin G, et al. Definitive and Adjuvant Radiotherapy in Locally Advanced Non- Small-
Cell Lung Cancer: American Society of Clinical Oncology Clinical Practice Guideline Endorsement of the
American Society for Radiation Oncology Evidence-Based Clinical Practice Guideline. J Clin Oncol.
2015;33: 2100-2105.

Kahlert J, Gribsholt SB, Gammelager H, Dekkers OM, Luta G. Control of confounding in the analysis phase
- an overview for clinicians. Clin Epidemiol. 2017;9: 195-204.

Feng P, Zhou XH, Zou QM, Fan MY, Li XS. Generalized propensity score for estimating the average
treatment effect of multiple treatments. Stat Med. 2012;31: 681-697.

Imbens GW. The role of the propensity score in estimating dose-response functions. Biometrika. 2000;87:
706-710.

Austin PC. An Introduction to Propensity Score Methods for Reducing the Effects of Confounding in
Observational Studies. Multivariate Behav Res. 2011;46: 399-424.

Hersh WR, Weiner MG, Embi PJ, et al. Caveats for the use of operational electronic health record data in
comparative effectiveness research. Med Care. 2013;51: S30-37.

Hubbard RA, Kerlikowske K, Flowers Cl, Yankaskas BC, Zhu W, Miglioretti DL. Cumulative probability of
false-positive recall or biopsy recommendation after 10 years of screening mammography: a cohort study.
Ann Intern Med. 2011;155: 481-492.

Imbens GW. The role of the propensity score in estimating dose-response functions. Biometrika.
2000;87(3): 706-710.

Rubin DB. Estimating causal effects from large data sets using propensity scores. Ann Intern Med.
1997;127: 757-763.

Rubin DB. Estimating causal effects of treatments in randomized and nonrandomized studies. Journal of
Education Psychology. 1974;66: 688-701.

D'Agostino RB, Jr. Propensity score methods for bias reduction in the comparison of a treatment to a non-
randomized control group. Stat Med. 1998;17: 2265-2281.

Sekine Y, Behnia M, Fujisawa T. Impact of COPD on pulmonary complications and on long-term survival
of patients undergoing surgery for NSCLC. Lung Cancer. 2002;37: 95-101.

Chang JY, Senan S, Paul MA, et al. Stereotactic ablative radiotherapy versus lobectomy for operable stage
I non-small-cell lung cancer: a pooled analysis of two randomised trials. The Lancet Oncology. 2015;16:
630- 637.

Huo J, Xu Y, Sheu T, Volk RJ, Shih YT. Complication Rates and Downstream Medical Costs Associated
With Invasive Diagnostic Procedures for Lung Abnormalities in the Community Setting. JAMA Intern Med.
2019.

Diederich S, Thomas M, Semik M, et al. Screening for early lung cancer with low-dose spiral computed
tomography: results of annual follow-up examinations in asymptomatic smokers. Eur Radiol. 2004;14: 691-
702.

Diederich S, Wormanns D, Heindel W. Lung cancer screening with low-dose CT. Eur J Radiol. 2003;45: 2-
7.

Mariotto AB, Rowland JH, Ries LA, Scoppa S, Feuer EJ. Multiple cancer prevalence: a growing challenge
in long-term survivorship. Cancer Epidemiol Biomarkers Prev. 2007;16: 566-571.

Hubbard RA, Miglioretti DL. A semiparametric censoring bias model for estimating the cumulative risk of a
false-positive screening test under dependent censoring. Biometrics. 2013;69: 245-253.

Bozdogan H. Model selection and Akaike's Information Criterion (AIC): The general theory and its analytical
extensions. Psychometrika. 1987;52: 345-370.

Little RJA, Rubin DB. Statistical analysis with missing data. New York: John Wiley, 1987.

Ten Haaf K, van Rosmalen J, de Koning HJ. Lung cancer detectability by test, histology, stage, and gender:
estimates from the NLST and the PLCO trials. Cancer Epidemiol Biomarkers Prev. 2015;24: 154-161.
Rosenberg MA, Feuer EJ, Yu B, et al. Chapter 3: Cohort life tables by smoking status, removing lung
cancer as a cause of death. Risk Anal. 2012;32 Suppl 1: S25-38.

Caverly TJ, Cao P, Hayward RA, Meza R. Identifying Patients for Whom Lung Cancer Screening Is
Preference-Sensitive: A Microsimulation Study. Ann Intern Med. 2018;169: 1-9.

24



	Examples of Funded Grants in Healthcare Delivery Research
	Table Of Contents
	SF 424 R&R Face Page
	Abstract / Summary
	Public Health Relevance
	Specific Aims
	Research Strategy
	A. SIGNIFICANCE
	B. INNOVATION
	C. PRELIMINARY STUDIES

	References

