LungFlag, a Machine-Learning (ML) Personalized Tool for Assessing Pulmonary Complications a Community Setting,
Demonstrates Comparable Performance in Flagging Non-Small Cell Lung Cancer (NSCLC) Regardless of Sex or Race
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Background

Clinical trials targeting heavy smokers have shown to reduce mortality! and paved the way for the
USPSTF to recommend lung cancer screening based on a combination of age, smoking history and
current or recent smoking status. However, less than 27% of Americans diagnosed with lung cancer
meet the original USPSTF criteria for screening, leaving many high-risk individuals unable to access
screening?.

Using a risk-based selection score resulted in higher sensitivities compared to criteria using
dichotomized age and smoking history®. Application of ML-based risk models to cancer screening
cohorts has shown increase in screening efficiency expressed by increased compliance, resources yield
and increased detection of early stages in particular® ®. The classifiers developed for that purpose used
training data that are random samples of the screen-eligible population, with same distribution of the
key data elements® /.

Therefore, ML-based models may be vulnerable to sex- and race-based bias arising from historical bias
in access to health care as well as biased training data. Demonstrating fairness in the predictions of
ML-based models is a prerequisite to their acceptance by clinicians, patients and policy-makers. We
assessed the clinical performance of LungFlag based on sex and race, two key demographic subgroups
at risk for disparate outcomes due to bias.

Methods

The LungFlag machine learning model is a retrospectively validated ML model® that was trained on US-
based population from an integrated health network serving a diverse population, randomly selected to
have good representation of the whole network population and included about 200,000 individuals
including over 6,500 NSCLC cases. LungFlag uses existing routine outpatient lab measurements,
smoking history, comorbidities, and demographic data to flag high-risk individuals.

LungFlag demonstrated good ability to identify individuals who are at elevated risk for lung cancer and
other pulmonary conditions. When evaluating the performance we compared 2 models - LungFlag and
the adaptation the commonly used PLCOmM2012 to work on EMR data (mPLCOm2012).

In order to evaluate the fairness of the models, we calculated sensitivity and odds ratio in sex and race
subgroup at an overall positivity rate of 3%. We chose a case-control design based on a large US-based
community and outpatient dataset including 39,135 case patients with NSCLC and 212,454
contemporaneous NSCLC-free controls. We included ever-smokers, ages 45-80, with available lab
measurements from 3-12 months before diagnosis, and a minimum follow-up of 24 months. Sub-
populations with less than 1% representation from the total population were excluded.

Results

The population characteristics is detailed below:

Table 1: Population Characteristics

| arameter " CasePatients ______Control Subjects |
Total | 39,135 | 212,454 '
Age: Avg (SD) 68(10.4) 62(9.8)
Sex:F: M 19,555 (50%) : 19,580 (50%) 112,720 (53%): 99,734 (47%)
Race: W : B 33,724 (89%) : 4,058 (11%) 179,387 (89%): 19,554 (11%)
Heavy Smokers* 19% 10%
COPD 41% 15%
NSCLC Stages: LT
%0-11 : %lII-IV ’
* USPSTF criteria

The comparison between the sub-populations presented by sensitivity and specificity indexes is
detailed below:

Table 2: Sex Fairness - 3% Positivity Rate

mPLCOmM2012 LungFlag
Specificity Sensitivity Odds Ratio Specificity Sensitivity Odds Ratio

Sub-Population

97.1 16.4 6.6 97.2 231+ 104+

Female [97.0-97.2] = [15.9-16.9] [6.1-7.1] [97.1-97.3] | [22.6-23.7) [9.8-11.2]
Mal 97.0 15.8 6.1 96.8 234+ 9.2+

ale 969-97.1]  [153-16.3] (5.6 6.5] [96.7-96.9]  [22.8-24.0] (8.7-9.9]

* Statistically significant difference LungFlag versus mPLCOmM2012

No statistically significant difference was observed in the specificity and sensitivity of the two models to
flag individuals that were diagnosed with NSCLC based on sex. LungFlag outperformed mPLCO2012
with a statistically significant improvement in sensitivity of 41% for Females and 48% for Males.

Table 3: Race Fairness - 3% Positivity Rate

mPLCOmM2012

Sub-Population LungFlag

Specificity Sensitivity Odds Ratio Specificity Sensitivity Odds Ratio
5 96.9 16.6 6.2 96.9 235+ 9.6t
White [96.8 - 97.0] [16.2-17.0] [5.8-6.6] [96.8 - 97.0] [23.1-24.0] [9.1-10.2]
Black 97.7 * 13.3 6.5 97.1 23.7 1 104 t
[97.5-97.9] [12.2-14.4]) [5.4-7.8] [96.8 - 97.3] [22.5 - 25.0] [8.8—12.0]
* USPSTF criteria

* Statistically significant difference LungFlag versus mPLCOmM2012

No statistically significant difference was observed in the specificity and sensitivity of the LungFlag
model according to race. Statistically significant differences in specificity and sensitivity rates were
demonstrated in the mPLCOmM2012 model to flag individuals that were diagnosed with NSCLC in the
Black versus White sub-population. LungFlag outperformed mPLCO2012 with statistically significant
improvement in sensitivity of 42% for White and 78% for Black.
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Conclusions

We determined that in a large, community-based retrospective dataset the LungFlag model
demonstrated fairness with respect to sex and race, showing similar clinical sensitivity while the
mPLCOmM?2012 model demonstrated statistically significant differences between the sub-populations.
Additionally, LungFlag demonstrated statistically significant improvement over mPLCO2012 (41%-78%)
for the sex- and race-based sub-populations. Further assessment in prospective studies and in
additional racial sub-populations is recommended to support this conclusion.
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