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Abstract

Introduction: Somatic £GFR mutations define a subset of non-small cell lung cancers (NSCLC)
that have clinical impact on NSCLC risk and outcome. However, EGFR-mutation-status is often
missing in epidemiological datasets. We developed and tested pragmatic approaches to account
for EGFR-mutation-status based on variables commonly included in epidemiological datasets and
evaluated the clinical utility of these approaches.

Methods: Through analysis of the International Lung Cancer Consortium (ILCCO)
epidemiological datasets, we developed a regression model for EGFR-status; we then applied

a clinical-restriction approach using the optimal cutpoint, and a second epidemiological, multiple
imputation approach to ILCCO survival analyses that did and did not account for EGFR-status.

Results: Of 35,356 ILCCO patients with NSCLC, EGFR-mutation-status was available in

4231 patients. A model regressing known EGFR-mutation-status on clinical and demographic
variables achieved a concordance-index of 0.75 (95%ClI: 0.74-0.77) in the training and 0.77
(95%CI: 0.74-0.79) in the testing dataset. At an optimal cut-point of probability-score=0.335,
sensitivity=69% and specificity=72.5% for determining EGFR-wildtype status. In both restriction-
based and imputation-based regression analyses of the individual roles of BMI on overall survival
of NSCLC patients, similar results were observed between overall and £GFR-mutation-negative
cohort analyses of patients of all ancestries. However, our approach identified some differences:
EGFR-mutated Asian patients did not incur a survival benefit from being obese, as observed in
EGFR-wildtype Asian patients.

Conclusion: We introduce a pragmatic method to evaluate the potential impact of EGFR-status
on epidemiological analyses of NSCLC.

Impact: The proposed method is generalizable in the common occurrence in which EGFR-status
data are missing.
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extension 3428, Wei Xu (PhD) Princess Margaret Cancer Centre, University Health Network, 610 University Ave. Toronto ON
M5G 2M9. Wei.Xu@uhnresearch.ca, Phone: 416-946-4501 extension 4497.
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INTRODUCTION

Somatic epidermal growth factor receptor (EGFR) mutations define a unique subset of non-
small cell lung cancers (NSCLC) and have clinical impact on NSCLC outcomes; further,
genetic and environmental risk factors may be different in patients with EGFR-mutated and
EGFR-wildtype NSCLCs. Clinico-pathologic factors such as being a lifetime never-smoker,
female, of Asian ancestry, and having a histology of adenocarcinoma have each been
independently associated with a greater likelihood of having EGFR-mutated NSCLC (1,

2). In contrast, heavy smoking, male sex, and squamous carcinoma histology are associated
with NSCLC without EGFR mutations (i.e., EGFR wild-type) (3, 4). Up to 90% of EGFR
mutations are sensitizing mutations, therefore being strongly predictive of response to
tyrosine-kinase-inhibitors (TKI) targeting the mutated EGFR protein; EGFR TKIs are used
commonly in advanced or metastatic incurable £GFR-mutated NSCLC patients to improve
overall survival (5, 6), and recently to improve disease-free survival in early stage, resected
patients (7).

Molecular detection of EGFR mutations itself only became widely available in routine
clinical practice after publication of the seminal IPASS study in 2009 (8), which established
EGFR-TKIs as the preferred treatment for patients with incurable stage HHIB/IV EGFR-
mutated NSCLC; further, the availability of EGFR testing depended on the speed of

clinical uptake, which varied across the world (9). Therefore, many epidemiological research
databases have not historically collected EGFR mutation data or detailed treatment data.
Consequently, interpretation of both risk and survival outcomes could be impacted by this
lack of available information, especially for lung adenocarcinoma.

Among NSCLC subgroups, individuals carrying EGFR-mutated tumours represent the
largest subgroup whose biology is markedly different than of typical smoking-related
NSCLC; proportions of EGFR-mutated tumours can range from 10% to upwards of 50%
(10-13). Thus, epidemiological studies aiming to gain better understanding of the genetic
and environmental etiological factors will likely need to study £GFR-mutated and EGFR-
wildtype NSCLCs separately.

To account for missing data, there have been prior efforts to predict £EGFR-status based on
clinical and demographic variables. Chang et a/. developed a predictive model for being
EGFR-mutated exclusively in an Asian population based on seven variables, namely sex,
adenocarcinoma histology, smoking history, N-stage, M-stage, presence of brain metastases
and elevated CYFRA 21-1 serological levels (14). With a sensitivity of 95% and specificity
of 32.3%, their model achieved a positive predictive value (PPV) of 85.1% and a negative
predictive value (NPV) of 65.6%. Another nomogram, proposed by Girard et al. for
adenocarcinomas based on a non-Asian population, incorporated age, sex, smoking pack-
years, time interval between smoking cessation and NSCLC diagnosis, disease stage (I-11A
versus I1IB-1V) and predominant histological subtype (solid, papillary or bronchioalveolar);
this study achieved a concordance index of 0.84 (15). However, despite acceptable accuracy,
these two published predictive models cannot be easily applied in most epidemiological
studies because they incorporate some variables that are not readily available in existing
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epidemiological or clinical studies, such as predominant histologic subtypes and CYFRA
21-1 levels.

The overarching aim of this study was to develop and evaluate a pragmatic approach

to account for EGFR-status in the analysis of epidemiological studies, using variables
generally included in existing datasets. We developed a regression model for EGFR-status
by analyzing International Lung Cancer Consortium (ILCCO) epidemiological datasets.
With this regression model, we applied two approaches, a clinical approach and an
epidemiological approach. In the clinical approach, we identified a regression value cutpoint
from which we dichotomized patients into those who were most likely or least likely to have
an EGFR-mutated NSCLC; we have termed this the restriction method because it “restricts”
the entire population into a smaller dataset most likely to have or have not an EGFR
mutation. The alternative epidemiological approach utilized a multiple imputation approach
to differentiate between the likely EGFR-mutated from patients who were less likely to have
EGFR-mutated NSCLCs. We used these two approaches to represent approaches widely
familiar with either clinicians or epidemiologists, respectively, and to demonstrate that

these two approaches could yield in consistent results. We then applied these two different
approaches to previous survival analyses to compare how much change in results would
occur had we used these two approaches to separate our datasets into those most and least
likely to carry EGFR mutations.

MATERIALS AND METHODS

Study design:

We first developed a pragmatic multivariable regression model with the outcome of
EGFR-status, in an ILCCO subcohort dataset that included only patients with known

EGFR mutation-status (EGFR-wildtype vs. EGFR-mutated). We then applied this regression
model to predict EGFR-status in patients with NSCLC in the larger ILCCO dataset, using
two different approaches: a clinical restriction approach where the probability of having
either EGFR-wildtype or EGFR-mutated NSCLC was estimated through an optimal cut-

off determined by the multivariable regression model, and an epidemiological multiple
imputation approach utilizing the same regression model for estimating EGFR-status.

Study population:

_ILCCO harmonizes compatible data from various epidemiological studies worldwide

to facilitate collaborative lung cancer epidemiology research in large combined datasets
(details are available on http://ilcco.iarc.fr). Twenty-seven ILCCO studies participated in
prior survival analyses, and among the participating studies the majority of lung cancer
patients were male, ever-smokers and of European ancestry, suggesting that the majority of
cases would not carry a somatic £GFR mutation. Thus our primary goal was to identify a
subset of patients who are not likely to carry the mutation (i.e. EGFR-wildtype), so that we
can perform sensitivity analyses to compare any main results in the entire ILCCO cohort
(regardless of EGFR-status) to results generated in a predicted £EGFR-wildtype subcohort
to better understand possible influence of EGFR-status on survival outcomes. To explore
possible utility in an Asian population with higher prevalence of EGFR-mutation, we
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performed additional analyses in our Asian subgroup accounting for EGFR-status. Ethics
approval was obtained by each participating study from local review boards.

Summary statistics were provided with continuous and categorical variables presented as
median with range and as frequency with percentage (%), respectively. Comparisons of
baseline clinico-pathologic profiles among different groups were performed using Kruskal-
Wallis and Chi-square tests, as appropriate.

Multivariable regression model development:

We first developed a multivariable regression model that incorporated basic clinico-
epidemiological variables that are typically captured in most observational studies. We
developed this regression model using only patients with known EGFR-status (EGFR-
wildtype or EGFR-mutated). To develop the best regression models of clinico-demographic-
pathologic variables and £GFR-status, we randomly divided data from patients with known
EGFR status into a training set (comprised of two-thirds of the patients) which was used

for prediction model development, and a testing set (including the remaining one-third)

for model validation. In addition, the selected model was also validated using bootstrap
resampling methods. The candidate variables in the regression model for EGFR status
included age, gender, ethnicity, stage, smoking history, and histology. We used the backward
selection algorithm with the Akaike information criterion to select the variables in the
regression model. Odds ratios (ORs) and 95% confidence intervals (CIs) of each variable in
the model were calculated.

Clinical or Restriction approach to identify an EGFR-wildtype subcohort (as well as an
EGFR-positive subcohort in Asian population-specific subanalyses):

As this regression model served to predict EGFR-status, the discriminatory ability of the
model was quantified using the area under the curve (AUC) of the receiver operating
characteristic curve (ROC). The probability score (PS) was defined based on the weighted
summary of the variables in the model weighted by the corresponding regression
coefficients. The optimal cut-point value of the PS for distinguishing high probability
EGFR-wildtype lung cancers from others was determined using the ROC curve. The ROC
of a perfect test passes through the left-upper corner of the ROC plot, the point where both
sensitivity and specificity are equal to 1; the optimal cut-off point is the point on the ROC
curve that has the smallest distance to this left-upper corner (16-18).

Those with a PS for having a specific EGFR-status that was greater than the optimal cut-off
point was given that EGFR-status.

Epidemiological or Multiple imputation approach to identify an EGFR-wildtype subcohort
(as well as an EGFR-positive subcohort in Asian population-specific subanalyses):

As a second approach, we used a multiple imputation algorithm to generate hazard ratios (by
applying the multivariable regression model). For each patient with unknown EGFR status,
we compared the probability of EGFR status based on the predicted model and the generated
random number with uniform distribution; if greater, then the patient of predicted EGFR
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status was assigned as positive, otherwise negative. The association between predicted
EGFR status and overall survival was examined by using Cox regression. The above
procedure was repeated 100 times and we summarized the data as mean hazard ratios and
95% confidence intervals (19, 20).

Application of both restriction and imputation approaches to prior ILCCO outcome

analyses:

RESULTS

Data on the relationship between BMI and survival outcomes from the ILCCO dataset

were utilized for these assessments. For each sensitivity analysis, the clinical-restriction and
epidemiological-imputation approaches to identifying an EGFR-wildtype subcohort were
individually compared to the analysis of the entire ILCCO cohort as previously published
based on patient data from 16 centers; as some centres had since provided additional patient
data and additional centers (now up to 27) had provided data, we analyzed this updated
version of the dataset, as we found no logical reason to exclude these additional patients.

As most EGFR-mutated tumors are adenocarcinomas, we conducted an additional sensitivity
analyses exclusively in the adenocarcinoma subset of our cohort. In the Asian subgroup,
restriction and imputation were also applied to generate a predicted EGFR-positive subgroup
to be compared to the analyses of the entire Asian population of the ILCCO cohort.
Application to Kaplan-Meier curves and Cox proportional hazards regression models were
used in illustrative examples to demonstrate the potential impact of taking into account
EGFR-status (restriction approach, imputation approach) when compared to previous
analyses that did not consider EGFR-status, for the following two associations: BMI and
overall survival (OS) (21) and interaction of BMI with smoking, gender, and ethnicity on OS
as measured through subset analyses (22).

In the restriction approach, we estimated hazard ratios on a restricted dataset that analyzed
only predicted EGFR-wildtype patients based on the optimal PS cut-point as determined
from the generated ROC curves. In the multiple imputation approach, after 100 hazard
ratios were generated, we summarized the data as mean hazard ratios and 95% confidence
intervals. For the Asian subgroup, analyses were also performed using both approaches to
identify both EGFR-wildtype and EGFR-mutated patient subgroups.

All statistical analyses were performed using R 4.0.1 (http://CRAN.R-project.org, The R
Foundation for Statistical Computing, Vienna, Austria). All P values were based on 2-sided
tests and considered statistically significant at P < 0.05.

Baseline Characteristics:

Overall, there were 35,356 patients with lung cancer in the ILCCO database, of which
EGFR-status was available in a subset of 4,231 patients across five studies, whilst
31,125 patients across 27 studies had unknown EGFR-status (Figure 1). The majority of
studies included in this analysis had completed the major part of their recruitment before
2009; however EGFR testing became more available as standard of care only after 2009
(Supplementary Table 1). The characteristics of those with known and unknown EGFR-
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status are presented in Supplementary Table 2. Of the patients with known EGFR status,
1,481 were EGFR-mutated whilst 2,750 were EGFR-wildtype (EGFR-mutation prevalence
of 35%). Studies from Asia had higher prevalence of EGFR-mutated patients (NCCRI-Japan
48%; Shanghai 56%) while American studies had lower prevalence (LCS 21%; Barretos-
Brazil 19%); the multicultural Toronto MSH-PMH study had an intermediate prevalence of
42% (Supplementary Table 3). As expected, baseline characteristics differed significantly
between EGFR-mutated and EGFR-wildtype patients with respect to age, sex, ethnicity and
smoking status (Table 1; Supplementary Table 4).

Multivariable regression model development:

In univariable analysis, being female and Asian were associated with higher chance of being
EGFR-mutated, whereas non-adenocarcinoma histology, BMI =25 kg/m? and having any
smoking history was inversely associated with being £EGFR-mutated, as was heavy smoking
(Supplementary Table 4). In this dataset, earlier stage was more likely to be associated

with being EGFR-mutated, which was due to ascertainment bias, as the Asian studies were
mostly from thoracic surgeon practices of early stage, resected lung cancers (Supplementary
Table 4).

Multivariable regression models were primarily assessed for their ability to create

accurate £EGFR-wildtype cohorts, using different combinations of variables that have been
shown to be significant in univariable analyses; we also evaluated several models that
contained interaction terms (Ethnicity x smoking status; Ethnicity x stage; ethnicity x

sex; Supplementary Table 5) based on known associations between several key clinico-
demographic factors and presence/absence of EGFR mutation. Concordance indices (C-
indices) were very similar across models containing different variables: all between 0.740
and 0.778 (Supplementary Table 5). Therefore, we selected a pragmatic model that included
only variables available for most ILCCO patients to maximize statistical power. Our final
model included age, sex, ethnicity, histology and smoking status (see parameters and
estimates of final model in Supplementary Table 6), which achieved a C-index of 0.75
(95%CI: 0.74-0.77) in the training dataset and 0.77 (95%CIl: 0.74-0.79) in the testing
dataset (Figure 2). Model performance was also validated using bootstrap resampling
methods confirming model performance (Supplementary Table 7 and supplementary Figure
1).

Choosing a clinically relevant probability score cut-point from the multivariable regression
model for being EGFR-wildtype:

Based on the ROC-curve generated by our model (Figure 2) and distribution of PS
(Supplementary Figure 2) we evaluated various possible cut-points to determine which
patients should be classified as EGFR-mutated versus EGFR-wildtype. With a PS cut-point
of 0.335 (optimal cut-point from a statistical standpoint determined from the ROC curves
generated by the regression model), there was a sensitivity of 69% and specificity of 72.5%.
Lower PS cut-points would have resulted in decreased specificity.

The EGFR status-known dataset of 4231 patients had a 35% E£GFR mutation prevalence
that corresponded to a EGFR-mutated positive predictive value (PPV) of 57% and negative
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predictive value (NPV) of 81%; the NPV was thus reasonably associated with identifying
EGFR-wildtype NSCLC patients while retaining 2453 patients that would be considered
EGFR-wildtype in the analysis. With a more conservative probability-score cut-point of
0.25, NPV increased to 85%, but at the expense of a substantially smaller sample size of
patients that would be considered EGFR-wildtype (N=1879).

When assessing all ILCCO participants (n= 35,356) (Supplementary Figure 2D), the PS
distribution was very different from the PS distribution observed in the £EGFR-status-known
cohort, which was also reflected in different distributions in characteristics associated with
EGFR status (Table 1; Supplementary Table 2). This was because there was over-sampling
of the EGFR-mutated patients amongst all tested patients: until centres started to perform
routine testing for EGFR-status in all patients, patients would often be selected for testing
on the basis being a never-smoker, or being of Asian ethnicity. Thus, in our overall ILCCO
dataset, we anticipated an £GFR mutation prevalence lower than 35%. As a sensitivity
analysis, we artificially reduced the EGFR-mutation prevalence to 15% while keeping the
same test sensitivity and specificity and recalculated the following: the NPV increased to
92% at a PS cut-point of 0.335 (n=23,434), and to 94% (n=18,484) at a PS cut-point of 0.25.

ival (OS) of EGFR-wildtype patients, as determined by different approaches:

As expected, the OS of EGFR-mutated patients was longer, compared to EGFR-wildtype
patients (Supplementary Figure 3A-B). We then compared Kaplan Meier curves of known
EGFR-wildtype patients (median OS: 2.67 years) with those defined on the basis of
PS<0.335 (median OS: 2.49 years) and PS<0.25 (median OS: 1.91 years), and found that
the optimal cutpoint of <0.335 selected patients with median OS closer to the known EGFR-
wildtype patients (Supplementary Figure 3C). To avoid confounding by stage, we also
performed the same comparisons, but restricted to Stage 1V patients only (Supplementary
Figure 3D). We then compared Kaplan-Meier curves and median OS of true EGFR-wildtype
patients with the predicted £EGFR-wildtype patients in all ILCCO patients (Supplementary
Figures 3E and 3F) and demonstrated high concordance. The patterns and relationships of
OS were similar across all the different approaches and sensitivity analyses.

Assessing the clinical utility of our clinical-restriction and epidemiological-imputation

approaches:

We re-analyzed previously published ILCCO-analyses on BMI-OS hypotheses described in
the methods section. Although test characteristics (sensitivity, specificity) of our model do
not change with changes in EGFR prevalence, PPV and NPV, and therefore accuracy (true
positives and true negatives, all divided by total evaluated) will change with changes in
EGFR prevalence. As our overall model only had sufficient accuracy to predict patients with
EGFR-wildtype status (being a largely Caucasian, smoking dataset) but lacked adequate
PPV to identify EGFR-mutated patients in the overall population, we focused our re-analysis
only on the EGFR-wildtype cohort using both clinical-restriction and epidemiological-
imputation approaches.

When re-analyzing our previous studies on the influence of BMI on OS in NSCLC patients
by clinical-restriction or epidemiological-imputation approaches, the direction of change
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remained the same for all BMI levels and interactions. In most cases the magnitude

of hazard ratios was similar too; however, in a few subgroups, the overall effect size
varied (Figures 3 and 4; Supplementary Tables 8 and 9). Results remained comparable
in a sensitivity analysis exclusively in patients with known adenocarcinoma histology
(Supplementary Tables 10 and 11)

Asian subcohort analyses:

When using the ILCCO dataset with predominantly European ancestry, there is anticipated
low prevalence of EGFR-mutation. Thus, there is no cut-point that provides a PPV with
sufficiently high accuracy to classify patients confidently as being £EGFR-mutated based

on our multivariable regression model. However, we did explore both EGFR-mutated and
EGFR-wildtype patients in the Asian subcohort because of the higher prevalence of EGFR-
mutations in this population, which therefore leads to a higher PPV and accuracy.

When exploring these sensitivity analyses in an exclusively Asian subpopulation, we applied
clinical-restriction and epidemiological-imputation methods to generate predicted EGFR-
wildtype and EGFR-mutated cohorts. The relationship between BMI and OS remained
similar, when stratified by £GFR status, with one exception. In the subset of Asian patients
with BMI >30, the BMI-OS relationship remained comparable to the original study (HR
0.70) for predicted EGFR-negative patients by both restriction and imputation methods (0.65
and 0.72 respectively); however, the direction and magnitude of the BMI-OS relationship in
predicted EGFR-positive patients was quite different (Supplementary Table 12).

DISCUSSION:

Leveraging the variables available in the ILCCO datasets, we built a multivariable regression
model to identify EGFR-status amongst patients who had missing EGFR-status data, based
exclusively on clinical parameters readily available in most lung cancer epidemiological
studies. We utilized two approaches to predict for EGFR-status in individual patients

based on the regression model: the first utilized a clinically-focused, restriction approach
based on identifying an optimal cut-off point to distinguish between EGFR-mutated and
EGFR-wildtype subgroups; a second approach was based on an alternative epidemiological,
multiple imputation approach. We find these two approaches complementary. While the
multiple imputation approach is preferred in the epidemiological world, the restriction
approach may be more acceptable to clinicians who are uncomfortable with the concept of
assigning values to missing data, no matter how scientifically rigorous this process may be.

Given the underlying population of pooled ILCCO NSCLC patients, we focused on
evaluating the utility of defining an EGFR-wildtype subcohort through these two
approaches. We then tested the potential clinical utility of our two approaches to

compare EGFR-wildtype subcohorts with our original full-cohort analyses on two separate
hypotheses on the influence of BMI on survival; here, we confirmed that our prior full-
cohort analyses had similar direction and magnitude of associations when compared to

the same analyses in our EGFR-wildtype subcohorts. This remained largely true in an
exploratory analysis of exclusively Asian subcohort where we included predicted EGFR-
mutated and EGFR wildtype patients; however, some differences especially in patients
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with BMI1>30 were observed. We cannot readily explain this difference seen in the Asian
compared to the non-selected population; however, there may be residual confounding
specifically relevant to the Asian population due to confounder variables we have not
collected in our Caucasian-predominant dataset and therefore not adjusted for.

Missing variables are a common problem in epidemiology studies and they are commonly
categorized into three different categories depending on their relation to observed and
unobserved data: missing completely at random (MCAR), missing at random (MAR) and
not missing at random (NMAR). Whereas for MCAR variables the probability of being
missing is the same for all cases, MAR variables are missing in specific subgroups captured
by the available data and NMAR variables are missing because of certain other variables not
captured by the available dataset. However, methods to deal with missing data as multiple
imputation are rarely utilized to account for these variables introducing bias (23).

In our dataset, EGFR-status was widely missing for several reasons. Firstly, EGFR-testing
was not standard clinical practice when most of the studies were designed or had started
recruiting. However, when testing became available, oversampling bias occurred early
during EGFR-test implementation, whereby patients selected for testing by clinicians tended
to be those who had clinico-epidemiologic characteristics that enhanced the patient’s
probability of having an EGFR-mutated NSCLC, therefore enriching the population for
EGFR positive patients and in consequence leading to higher prevalence of EGFR positive
NSCLC in the tested group compared to what would be expected in the overall population.
Further, availability of testing was very heterogeneous worldwide for some time. Therefore,
missing EGFR-status data in our study population was likely a mixture of MCAR (these
mutations were only identified in 2004, and broad clinical testing took a number of

years and technological advances) and MAR (testing only in selected groups); and these

are the two type of missing data patterns that can be addressed by multivariable and
multiple imputation techniques. When we re-analyzed our previous ILCCO analyses on
influence of BMI on OS, by restricting to an £EGFR-wildtype subcohort, the overall
direction, magnitude and significance did not change much; this result was expected, given
that majority of our ILCCO patients did not fit the clinico-demographic profile of EGFR-
mutated NSCLC patients. Results in our Asian subcohort including predicted EGFR-positive
patients do suggest possible differences between the predicted EGFR-mutated and EGFR-
wildtype patients, substantiating our hypothesis that in EGFR-mutated enriched populations,
epidemiological associations may truly vary by £EGFR status. However, these exploratory
findings will need to be validated in larger datasets of Asian patients.

Several factors should be taken into account. Many of the studies that comprised the
ILCCO dataset involved patients diagnosed before 2009 when the seminal IPASS trial was
published and therefore during a time when testing was not standard of care in most places
worldwide. Therefore, only a small proportion of these studies did actually involve patients
with stage 1V disease after 2009 for which a finding of EGFR-mutation would have resulted
in treatment with an EGFR TKI, which consequently may lead to markedly improvement
survival (24). The vast majority of these ILCCO dataset patients would not have been
affected.
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We thus suggest that our approaches could be most useful when analyzing contemporary
datasets, Stage IV metastatic NSCLC patients, or predominantly Asian NSCLC patients

or NSCLCs in other ethnicities with known higher EGFR-mutation prevalence, or in any
dataset where a large fraction of patients are expected to be EGFR-mutated and/or treated
with TKI. Note that when the proportion of patients with EGFR-mutations is high, even

the early stage resected £EGFR-mutated patients can influence results, as some of these
patients invariably will relapse over time and be treated with EGFR TKIs; already, patients
with early stage resected (stage IB-111A) EGFR-mutation positive NSCLC will have a

new standard of care TKI therapy soon, based on a recent trial (7). In such instances,

our approaches to deal with missing EGFR-status may become critical to interpret results
properly. Further, etiological studies of NSCLC also need to determine the potential impact
of EGFR-status on results, given that most scientists and clinicians consider EGFR-wildtype
and EGFR-mutated NSCLCs to be two separate carcinogenesis pathways (25). Having
established approaches to dealing with missing EGFR-status and the use of these approaches
in sensitivity analyses provides potential pragmatic solutions to these issues.

Our analysis has several limitations. Firstly, treatment data was only available in a small
fraction of study participants, too small to incorporate into our analyses. However, this
underlines the importance of accounting for EGFR-status, as EGFR-mutated patients who
initially or later relapse into late stage will then likely receive TKI therapy, thereby
potentially increasing survival outcomes when compared to relapsed NSCLC patients
without driver mutations. Secondly, as our aim was to build a pragmatic model applicable to
most epidemiological studies, we could only include a small number of very basic clinical
variables that have been collected in most of the studies; however, we are satisfied that
the resultant concordance indices are quite reasonable. Thirdly, in our model we did not
consider other lung cancer risk factors such as environmental tobacco exposure (26) or
especially radon, for which previously some association with EGFR mutations has been
shown (27). Lastly, the sample size of our Asian subpopulation analyses was small and
potential residual confounding cannot be excluded.

In conclusion, we introduce a pragmatic, step-wise method that uses both restriction and
multiple imputation approaches in sensitivity analyses to evaluate the potential impact

of EGFR-status on epidemiological analyses of NSCLC. Our model only incorporates
readily available variables and therefore trades off some accuracy for the ability to be
applied across a broad set of clinical circumstances in many other populations. This
method is generalizable in the common occurrence in which EGFR-status data are missing
from epidemiological studies. With this method, we lay the foundation to refine future
epidemiological studies of NSCLC risk and outcome.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Faresetal, 2021
MVA N=22890

Jiang, Fares et al, 2020
MVAN=16959

Interaction of BMI with sex, Smoking Status and overall
smoking status, and ethnicity, survival
on overall survival

Figure 1: CONSORT diagram.
Top two boxes illustrate patient data flow into the two datasets used (left: dataset only

including patients with known EGFR status for model development, right: dataset including
patients with unknown EGFR status for main analysis). Boxes below illustrate publications
derived from these datasets.
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Category Reference Odds Ratio p-value Global
(95% Confidence Interval) p-value
Age in years per 10 year increase 1.07 (0.99-1.16) 0.10
Female Male 1.43(1.19, 1.71) <0.001
Asian White 2.38(1.95-2.91) <0.001
Black/Other White 1.13(0.76-1.66) 0.55 <0.001
Unknown White 0.90(0.69-1.18) 0.45
Ever Smoker or unknown Never Smoker 0.27 (0.23-0.33) <0.001
Non-Adeno Adeno 0.36(0.22-0.61) <0.001
10 4 : . 10 1.04
= Optimal cutpoint = Optimal cutpoi _ Optimal cutpoi
208 0§5 Sos gea Zos. °§5
S06 A 208 £ ool
£ AuC0.754 2 AUC 0.768 8 AUC 0.758
204 204 g 0.4+
§ 02 TRAININ_G § 02 VALIDATION § 0.4 COMBINED
2 o DATASET N=2821 2 oo | DATASET N=1410 2 DATASET N=4231
: T T T T T T . T T T T T I 0.1

00 02 04 06 08

10

False positive rate (1 — specificity)

False positive rate (1 — specificity)

00 02 04 06 08

10

T T I | T T
00 02 04 06 08 10
False positive rate (1 - specificity)

Figure 2: Multivariable Model and Receiver Operator Curve when using optimal cutpoint of
0.335 probability score.

Top: Final multivariable model with included variables. Bottom: ROC-curves of the
Training, Validation and Combined datasets of with known EGFR status.
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BMI 18.5-24.9
BMI <18,5
BMI 25.0-29.9
BMI 30.0-40.0
BMI >40

A. Original Study

reference
1.56 (1.43-1.70) >
0.89 (0.85-0.93) o
0.86 (0.82-0.91) -
1.09 (0.90-1.26) e

RS Cf

BMI 18.5-24.9
BMI <18,5
BMI 25.0-29.9
BMI 30.0-40.0
BMI >40

reference
1.49 (1.35-1.65)
0.91 (0.87-0.95)
0.93 (0.88-0.96)
1.03 (0.89-1.20)

B. Restriction method

PS <0.355

L.d
-
—

HABEN CI

-

BMI 18.5-24.9
BMI <18,5
BMI 25.0-29.9
BMI 30.0-40.0
BMI >40

Figure 3: Forest plots of the association between BM| at diagnosis on survival
for A) results from original publication not accounting for EGFR-status. B) results

if accounting for EGFR-status using the restriction method to identify £EGFR-wildtype
patients; C) results if accounting for EGFR-status using multiple imputation to identify

EGFR-wildtype patients.
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1.18(1.07-1.31)

1.66 (1.50-1.84)
1.14(0.84-1.53)
1.06 (0.75-1.50)
1.41(0.87-2.27)

1.66 (1.50-1.85)
1.83(1.14-2.95)
0.96 (0.69-1.33)
1.13(0.63-2.01)
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0.99 (0.92-1.06)

0.89 (0.87-0.91)
0.99 (0.96-1.01)

0.89(0.85-0.94)
0.88(0.77-0.99)

0.93 (0.89-0.97)
0.87(0.66-1.13)

0.93(0.91-0.94)
0.95 (0.90-1.01)

0.89 (0.85-0.93)
0.95 (0.78-1.16)
0.74(0.62-0.90)
1.09 (0.84-1.41)

0.93(0.89-0.97)
1.06 (0.79-1.43)
0.74(0.61-0.90)
0.93 (0.69-1.25)

0.94(0.92-0.95)
0.99 (0.90-1.06)
0.74(0.68-0.82)
0.96 (0.83-1.10)

0.84(0.78-0.90)
0.93(0.86-1.01)

0.91(0.85-0.97)
1.02(0.94-1.11)

0.91(0.89-0.94)
1.01 (0.98-1.04)

0.88 (0.84-0.93)
0.77(0.66-0.91)

0.96 (0.91-1.01)
0.75(0.53-1.06)

0.96 (0.94-0.98)
0.86 (0.81-0.92)

0.88(0.83-0.93)
0.65 (0.38-1.09)
0.77(0.62-0.95)
0.90 (0.68-1.20)

0.97(0.92-1.02)
0.54(0.20-1.48)
0.71 (0.56-0.89)
0.85(0.62-1.16)

0.97/(0.94-0.99)
0.72(0.55-0.88)
0.71(0.64-0.77)
0.78(0.65-0.92)

Figure 4: Forest plots of the association between BMI and survival in depending on sex, smoking
status and ethnicity.
Horizontal rows show all results with regard to one patient characteristic of interest (e.g. sex,

smoking status and ethnicity. Vertical columns show all results within a certain BMI group
comparison (underweight vs normal BMI etc). For each patient characteristic of interest the
influence on survival is shown for three different BMI comparison from left to right and
for every of these three different comparisons results are given for: results from original
publication not accounting for EGFR-status; results if accounting for EGFR-status using
the restriction method to identify £GFR-wildtype patients; and results if accounting for
EGFR-status using multiple imputation to identify EGFR-wildtype patient.
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Baseline characteristics of £EGFR mutation-tested (i.e. mutation-known) cohort, overall and by £GFR status

Patients with EGFR mutation-tested tumours: N (%)

Covariate Category p-value
Full Sample | EGFR-Mutated | EGFR-Wildtype
Total Count (100%) 4231 1481 2750
Age Median [Min-Max] 63 [18-95] 62 [22-95] 63 [18-93] 0.008
Male 1976 (47) 510 (34) 1466 (53)
Sex <0.001
Female 2255 (53) 971 (66) 1284 (47)
White 1513 (43) 371 (28) 1142 (53)
Asian 1727 (49) 892 (67) 835 (39)
Ethnicity <0.001
Black/Other 252 (7) 65 (5) 187 (9)
Unknown 739 153 586
<185 1201 (53) 432 (57) 769 (50)
18 5-<25 159 (7) 46 (6) 113 (7)
BMI (kg/m?) 0.0083
>=25 925 (40) 278 (37) 647 (42)
Unknown 1946 725 1221
Never 1686 (40) 964 (66) 722 (27)
Former 1348 (32) 349 (24) 999 (37)
Smoking status <0.001
Current 1133 (27) 155 (11) 978 (36)
Unknown 64 13 51
<20 410 (26) 179 (48) 231 (19)
Packyears * >20 1151 (74) 195 (52) 956 (81) <0.001
Unknown 920 130 790
Adeno 3974 (94) 1455 (98) 2519 (92)
Squamous 149 (4) 11 (1) 138 (5)
NSCL C Histology <0.001
Large cell 33(1) 3(0) 30 (1)
Not specified 75 (2) 12 (1) 63 (2)
| 1372 (32) 565 (38) 807 (29)
I 326 (8) 106 (7) 220 (8)
Stage <0.001
11 784 (19) 227 (15) 557 (20)
v 1749 (41) 583 (39) 1166 (42)

*
Only among ever-smokers

Cancer Epidemiol Biomarkers Prev. Author manuscript; available in PMC 2022 September 01.



	Abstract
	INTRODUCTION
	MATERIALS AND METHODS
	Study design:
	Study population:
	Analysis:
	Multivariable regression model development:
	Clinical or Restriction approach to identify an EGFR-wildtype subcohort (as well as an EGFR-positive subcohort in Asian population-specific subanalyses):
	Epidemiological or Multiple imputation approach to identify an EGFR-wildtype subcohort (as well as an EGFR-positive subcohort in Asian population-specific subanalyses):
	Application of both restriction and imputation approaches to prior ILCCO outcome analyses:

	RESULTS
	Baseline Characteristics:
	Multivariable regression model development:
	Choosing a clinically relevant probability score cut-point from the multivariable regression model for being EGFR-wildtype:
	Overall Survival (OS) of EGFR-wildtype patients, as determined by different approaches:
	Assessing the clinical utility of our clinical-restriction and epidemiological-imputation approaches:
	Asian subcohort analyses:

	DISCUSSION:
	References
	Figure 1:
	Figure 2:
	Figure 3:
	Figure 4:
	Table 1:



