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Abstract: E-cigarette use is increasing among young adult never smokers of conventional cigarettes,
but the awareness of the factors associated with e-cigarette use in this population is limited. The goal
of this work was to use machine learning (ML) algorithms to determine the factors associated with
current e-cigarette use among US young adult never cigarette smokers. Young adult (18–34 years)
never cigarette smokers from the 2016 and 2017 Behavioral Risk Factor Surveillance System (BRFSS)
who reported current or never e-cigarette use were used for the analysis (n = 79,539). Variables
associated with current e-cigarette use were selected by two ML algorithms (Boruta and Least absolute
shrinkage and selection operator (LASSO)). Odds ratios were calculated to determine the association
between e-cigarette use and the variables selected by the ML algorithms, after adjusting for age,
gender and race/ethnicity and incorporating the BRFSS complex design. The prevalence of e-cigarette
use varied across states. Factors previously reported in the literature, such as age, race/ethnicity,
alcohol use, depression, as well as novel factors associated with e-cigarette use, such as disabilities,
obesity, history of diabetes and history of arthritis were identified. These results can be used to
generate further hypotheses for research, increase public awareness and help provide targeted
e-cigarette education.

Keywords: sole e-cigarette use; never smokers of conventional cigarettes; e-cigarette; young adults;
electronic nicotine delivery system; machine learning; vaping; behavioral risk factor surveillance
system; Boruta; LASSO

1. Introduction

There has been a rapid increase in the use of e-cigarettes among youth and young adults in
the US [1–3]. E-cigarettes include devices that allow users to vaporize and inhale an aerosol that
typically contains nicotine, flavorings and other additives [4]. The long-term effects of e-cigarette use
remain largely unknown, but e-cigarette aerosols contain toxins that can affect health [5–8]. There is
increasing evidence that e-cigarettes may be associated with an increased risk of oral diseases [9,10],
prediabetes [11], depression [12,13], asthma, chronic obstructive pulmonary disease (COPD) and respiratory
symptoms [14–18]. Recently, the Centers for Disease Control and Prevention (CDC) reported multiple cases
of e-cigarette or vaping product use-associated lung injury (EVALI), some of which resulted in deaths [19].
Tetrahydrocannabinol (THC)-containing e-cigarettes, or e-cigarette cartridges containing vitamin E acetate,
were likely responsible for these clusters of EVALI [20]. This highlights the fact that e-cigarettes may
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unknowingly contain potentially harmful substances. E-cigarettes have been associated with marijuana,
non-prescribed drug use and subsequent cigarette smoking, which may be explained by confounding due
to common liability such as shared genetic vulnerability or environmental factors [21–26].

E-cigarette use is prevalent among smokers of conventional cigarettes [27], but e-cigarette use by
never smokers (sole e-cigarette use) is also rising [2]. In 2016, 15% of all e-cigarette users (an estimated
1.9 million U.S. adults) were sole e-cigarette users and approximately 1.2 million of them were less than
25 years old [28]. Moreover, in 2015 and 2016, the results from two different national surveys show
that 40% and 44%, respectively, of current e-cigarette users aged 18–C24 years were sole e-cigarette
users [27,29]. E-cigarettes may be safer than cigarettes for smokers [30], but never smokers who use
e-cigarettes likely receive little benefit [31]. Studies have shown that the perception of e-cigarettes
and motivation for e-cigarette use varied based on cigarette smoking status [31,32], therefore, factors
unique to never smokers need to be identified.

Young adults (18–34 years old) are more likely than older adults to report current e-cigarette
use [29,33], and a significant percentage of young adults, especially 18–24year-olds, report sole
e-cigarette use [2,34], but there is a paucity of research on the factors associated with e-cigarette use
in this population [29]. Identifying the factors associated with e-cigarette use in young adults is
critical, in light of a recent study that showed that 76% of the EVALI patients were <35 years old [35].
Additionally, knowledge of these factors is also important for regulatory authorities, because the recent
FDA decision to reduce the nicotine content of combustible cigarettes may deter some individuals from
initiating cigarette smoking and instead switch to the use of e-cigarettes and other noncombustible
tobacco products [36]. The factors associated with e-cigarette use can be identified using machine
learning (ML) techniques.

There has been an increase in the application of ML techniques to medicine and other research
areas [37], but there is a paucity of the use of ML techniques in tobacco research. ML is a natural
extension of traditional statistical approaches that becomes increasing valuable as the amount of
data increases and the dimensionality of the dataset increases [38]. As the amount of variables to
be considered increases, identifying all the variables associated with an outcome and determining
the variables to be included in models becomes increasingly difficult to implement properly using
standard statistical methods [38–40]. ML techniques can be used to identify variables associated with
an outcome as the number of variables increase. ML techniques have been applied to survey data to
identify variables that are associated with different psychological and disease conditions [41–46].

Variables with known relationships or exploratory guesses are used to identify factors associated
with e-cigarette use. This approach may lead to the exclusion of important variables that can improve
our understanding of e-cigarette use in young adults. ML techniques can reduce this limitation by
automatically identifying variables associated with e-cigarette use. The goal of this study is to use ML
techniques to identify demographic, behavior and health factors associated with current e-cigarette use
in a representative population of young adult never smokers in the US. This is especially important
because of the rapidly changing field of e-cigarette use by young adult never smokers and the potential
gaps in understanding the factors associated with e-cigarette use in this population. These identified
factors may be used in other models that include e-cigarette use to reduce bias due to confounding.
This study will inform the work of researchers, physicians, and regulatory authorities seeking to
develop programs to better target young adults at risk of sole e-cigarettes use.

2. Materials and Methods

The 2016 and 2017 cross-sectional Behavioral Risk Factor Surveillance System (BRFSS) survey data
were used for the analysis [47,48]. The BRFSS is a combined project between CDC and all the states in
the US and participating territories. Data in the BRFSS are self-reported and collected using landlines
and cellphones. The BRFSS is designed to collect data on demographics, chronic health conditions,
health-related risk behaviors and the use of preventive services from the noninstitutionalized adult
population (≥18 years) residing in the US and participating territories. The BRFSS includes a core set of
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questions that is used by all the states and optional modules that can be included by the different states.
Core questions include questions about current health-related perceptions, conditions, and behaviors,
as well as demographic questions. The core component includes the annual core comprising of
questions asked each year to all the participants and rotating core questions that are included in even-
and odd-numbered years. More information about the BRFSS design can be found elsewhere [49,50].

2.1. Study Population

Data from the annual core questions from the 2016 and 2017 BRFSS survey were combined as
detailed in other reports [51,52] and used for the analysis. Participants were included in the analysis if
they were young adults (18–34 years), were never cigarette smokers and were either current or never
e-cigarette users. E-cigarette use was determined using these two questions: “Have you ever used an
e-cigarette or other electronic vaping product, even just one time, in your entire life?” and “Do you
now use e-cigarettes or other electronic “vaping” products every day, some days, or not at all”. Never
e-cigarette users reported having never used an e-cigarette and current e-cigarette users reported
currently using e-cigarettes every day or some days. Never cigarette smokers reported having smoked
less than 100 cigarettes in their entire life.

There were 148,618 young adults (18–34 years). E-cigarette use and smoking status could not be
ascertained for participants who reported “Don’t know/Refused/Missing” for e-cigarette use (n = 7585)
and cigarette use (n = 6995). These participants were removed from the analysis. Additionally,
participants who were current or former cigarette smokers (n = 44,418) and/or former e-cigarette users
(n = 39,268) were removed from the analysis.

2.2. Data Preprocessing

Annual core questions that were the same in 2016 and 2017 surveys were selected as variables
for the analysis. Variables that were used to create other variables and variables not related to
health perceptions, conditions, behaviors, or demographics (such as imputation flags, weights,
and stratum) were removed from the analysis. Missing data that could be ascertained from other
variables (e.g., questions that were not asked based on response to a previous question) were replaced
with the appropriate categorical value. Categorical variables where participants selected “Don’t
know/Not sure/Refused/Missing” were converted to a new categorical value. This was done to remove
the missingness in the data [53]. Current and never e-cigarette use was combined to create a binary
outcome for this analysis. After preprocessing the data, 47 variables and the outcome were selected as
input for the ML algorithm.

2.3. Statistical Analysis Step 1: Initial Variable Selection

Boruta [54] and the least absolute shrinkage and selection operator (LASSO) [55,56] were used
to select the variables that were associated with current e-cigarette use. These two algorithms will
select different sets of variables, thereby reducing the likelihood of important variables being omitted.
Boruta and LASSO have been used for variable selection for various types of data, such as survey,
medical and genomic data [57–64].

Boruta is a wrapper built around the random forest classification algorithm. Random forest is an
ensemble method where classification is performed by voting on multiple unbiased weak decision
trees. Random forest can deal with nonlinear and complex relationships between the variables
and the outcome. Furthermore, random forest considers the impact of each predictor variable
individually, as well as in multivariate interactions with other predictor variables [65]. Boruta works by
adding randomness to the data and creating randomized variables called “shadow” features. In each
iteration of the algorithm, features that achieve higher importance (Z score) than the shadow features
are counted. Variables with significantly larger importance values than the shadow variables are
declared important variables, and the others are declared unimportant variables. The algorithm works
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to find all the relevant/important variables in the data. The important variables are those significantly
correlated with the outcome. A detailed description of Boruta can be found elsewhere [54].

The LASSO algorithm puts a constraint on the sum of the absolute values of the logistic regression
model parameters by applying a shrinking (regularization) process that penalizes the coefficients of
the regression variables and shrinks the least important variables to zero. The tuning parameter λ
controls the strength of the penalty. A detailed description about LASSO can be found elsewhere [55].

To avoid the errors and limitations due to a single application of a ML algorithm, and to reduce
the sensitivity of the variable selection methods to small perturbations in the data [66,67], 100 iterations
of Boruta and 300 iterations of LASSO with random samples consisting of 80% of the original data were
performed. The features selected were stable at this number of iterations. More bootstrap iterations of
LASSO were performed, because LASSO is computationally less expensive than Boruta. For LASSO,
during each bootstrap iteration, a tenfold cross-validation was used to select the lambda (λm) that
produced the minimum mean cross validation error [56,68]. The variables with non-zero coefficient
for variables other than “Don’t know/Not sure/Refused/Missing” for λm were selected. For both ML
algorithms, the variables that were selected in ≥90% of the iterations of the bootstraps were identified
as significant variables. The variables selected by either of the two algorithms were used as input to
the final variable selection method.

2.4. Statistical Analysis Step 2: Final Variable Selection

Multivariable logistic regression was used to examine the association between e-cigarette
use and the variables selected from either Boruta or LASSO, after controlling for gender,
age and race/ethnicity, which are considered to be non-modifiable demographic exposures [69].
There were no statistical adjustments for the association between these non-modifiable demographic
exposures and e-cigarette use [69]. Creating multivariable logistic regression models for each
selected feature and adjusting for only the non-modifiable demographic exposures (gender, age,
and race/ethnicity) will independently identify the factors associated with e-cigarette use. Also,
in order to make the results representative of the United States noninstitutionalized young adult never
smoker population, the BRFSS complex design was incorporated into the analysis, to account for
the probability of selection and adjust for nonresponse bias and non-coverage errors [51,52]. The BRFSS
complex data weights and analysis for the subpopulations were calculated as detailed elsewhere [70].
All analyses were conducted using R version 3.6.1, R Foundation for Statistical Computing: Vienna,
Austria, 2019 [71].

Boruta package [54] was used for Boruta, glmnet package [56] was used for LASSO, and survey
package [72] was used for the multivariable logistic regression. All the default parameters for Boruta
were used, including mtry = square root of the number of predictor variables and ntree = 500.
These are sufficient in most cases, since random forest performance has a weak dependence on its
parameters [54]. MaxRuns was increased to 250 to prevent the algorithm from ending prematurely,
thereby increasing the number of tentative features [54]. For LASSO, cv.glmnet in the glmnet package
was used. Family was set to binomial and all the default parameters of cv.glmnet were used, including
nfold = 10 and alpha = 1 [56].

3. Results

There were 79,539 young adult never cigarette smokers. 3,146 were current e-cigarette users
and 76,393 were never e-cigarette users. Among young adult never smokers, 55.1% (95% CI 54.5–55.7)
were females, 48.4% (95% CI 47.8–49.0) were white non-Hispanics, 13.7% (95% CI 13.3–14.1) were black
non-Hispanics, 24.4% (95% CI 23.8–25.0) were Hispanics and 4.4% (95% CI 4.2–4.7) reported current
e-cigarette use. Descriptive statistics of the variables selected by either Boruta or LASSO stratified by
e-cigarette use are shown in Table 1. Variables not selected by either of the two algorithms include
currently pregnant, hearing disability, a history of stroke, history of skin cancer, history of other types
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of cancer, history of kidney disease, history of COPD, emphysema or chronic bronchitis, history of
coronary heart disease or myocardial infarction.

Table 1. Descriptive Statistics of the Variables Selected by Either Boruta or Least Absolute Shrinkage
and Selection Operator (LASSO) for Young Adult Never Smokers Stratified by E-cigarette use.

Variables (Number = Don’t Know/Not
Sure/ Refused/Missing)

Current
E-cigarette User

n = 3146
% (95% CI %)

Never
E-cigarette User

n = 76,393
% (95% CI %)

Age (mean) (n = 0) 22.1 (21.9–22.4) 25.8 (25.8–25.9)

Gender (n = 36)
Male 67.1 (64.4–69.8) 43.8 (43.2–44.4)

Female 32.7 (30–35.4) 56.2 (55.5–56.8)

Race and ethnicity (n = 1043)
White only, Non-Hispanic 57.0 (54.0–59.9) 48.0 (47.4–48.7)
Black only, Non-Hispanic 11.2 (9.2–13.1) 13.8 (13.4–14.2)

Other race only, Non-Hispanic 8.9 (7.0–10.8) 10.5 (10.0–11.0)
Multiracial, Non-Hispanic 2.4 (1.7–3.1) 1.5 (1.4–1.6)

Hispanic 18.8 (16.3–21.3) 24.7 (24.1–25.3)

Marital Status (n = 485)
Married 10.1 (8.4–11.7) 31.0 (30.5–31.6)

Not currently married 1 2.9 (2.0–3.8) 4.2 (3.9–4.4)
Never married 77.0 (74.6–79.4) 56.3 (55.7–57.0)

Member of an unmarried couple 9.5 (7.8–11.3) 7.8 (7.5–8.2)

Education level (n = 228)
Did not graduate high school 9.0 (7.3–10.7) 10.9 (10.4–11.4)

Graduated high school 41.6 (38.7–44.5) 26.9 (26.3–27.4)
Attended or graduated college or technical

school 49.3 (46.4–52.2) 62.0 (61.3–62.6)

Employment (n = 888)
Employed for wages or self employed 58.8 (55.9–61.7) 61.2 (60.5–61.8)

Not currently employed 2 11.7 (9.9–13.6) 15.8 (15.3–16.2)
Student 28.5 (25.8–31.1) 21.9 (21.3–22.5)

Income (n = 13956)
Less than $25,000 21.9 (19.6–24.2) 24.7 (24.1–25.2)

$25,000 to less than $50,000 20.8 (18.5–23.0) 20.0 (19.5–20.5)
$50,000 or more 35.0 (32.2–37.8) 36.2 (35.6–36.8)

Own or rent home (n = 590)
Own a home 29.7 (26.8–32.7) 40.4 (39.8–41.1)

Rent or other arrangements 68.4 (65.4–71.5) 58.6 (58.0–59.3)

Body Mass Index (n = 7328)
Normal weight 45.5 (42.6–48.3) 40.4 (39.8–41.0)
Underweight 3.9 (2.8–5.1) 3.3 (3.0–3.5)
Overweight 27.6 (25.0–30.2) 26.7 (26.2–27.3)

Obese 19.5 (17.0–21.9) 19.6 (19.1–20.1)

Number of children in household (n = 460)
No child 61.2 (58.3–64.1) 51.6 (50.9–52.2)
One child 20.8 (18.4–23.3) 19.3 (18.8–19.8)

Two children 11.0 (9.2–12.9) 16.2 (15.7–16.7)
Three or more children 6.5 (4.9–8.0) 12.3 (11.8–12.7)

Veteran (n = 83) 5.1 (3.9–6.2) 4.3 (4.0–4.5)

General Health (n = 90)
Good or better health 91.1 (89.6–92.5) 91.8 (91.4–92.1)

Fair or poor health 8.9 (7.4–10.3) 8.1 (7.8–8.5)

Number of days in the past 30 days of poor
physical health(n = 997)

0 61.8 (59.0–64.5) 69.4 (68.8–70.0)
1–13 30.7 (28.1–33.3) 24.7 (24.2–25.3)
14+ 6.1 (4.9–7.3) 4.6 (4.3–4.9)

Number of days in the past 30 days of poor
mental health(n = 866)

0 44.4 (41.4–47.3) 59.5 (58.9–60.2)
1–13 36.2 (33.4–38.9) 29.8 (29.2–30.4)
14+ 18.5 (16.2–20.8) 9.5 (9.2–9.9)

Any health care coverage(n = 887) 82.6 (80.3–84.8) 82.6 (82.0–83.1)

Personal doctor or health care provider
(n = 542) 60.6 (57.7–63.5) 63.1 (62.5–63.7)

Could not see doctor because of cost any
time in past 12 months (n = 205) 14.2 (12.3–16.1) 12.9 (12.5–13.4)
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Table 1. Cont.

Variables (Number = Don’t Know/Not
Sure/ Refused/Missing)

Current
E-cigarette User

n = 3146
% (95% CI %)

Never
E-cigarette User

n = 76,393
% (95% CI %)

Time since last routine checkup (n = 1696)
Within past 2 years 77.8 (75.3–80.4) 78.0 (77.5–78.5)
Within past 5 years 12.0 (9.9–14.0) 10.7 (10.3–11.1)

5 or more years ago or never 8.0 (6.3–9.7) 9.3 (8.9–9.7)

Seatbelt Use (n = 3059)
Always Wear Seat Belt 75.3 (72.7–77.8) 83.3 (82.8–83.8)

Don’t Always Wear Seat Belt 20.6 (18.3–22.9) 12.5 (12.0–12.9)

Exercised in Past 30 Days (n = 1681) 82.0 (79.6–84.3) 79.1 (78.6–79.6)

Used internet in the past 30 days (n = 84) 98.5 (97.9–99.0) 94.7 (94.4–95.0)

Had flu vaccine in past year (n = 3413) 26.7 (24.1–29.2) 31.4 (30.8–32.0)

Ever had a pneumonia shot (n = 19,116) 28.1 (25.4–30.8) 19.6 (19.1–20.2)

Alcohol Consumption
At least one drink in the past 30 days

(n = 1032) 68.0 (65.1–70.8) 47.9 (47.2–48.5)

Binge drinker (n = 1705) 3 36.6 (33.9–39.4) 15.9 (15.5–16.4)

Heavy drinkers (n = 1908) 4 9.3 (7.7–10.8) 3.2 (3.0–3.4)

Currently using smokeless tobacco (n = 68) 7.0 (5.8–8.2) 2.1 (1.9–2.3)

Ever been tested for HIV (n = 5857) 32.8 (30.0–35.5) 35.4 (34.8–36.0)

HIV High Risk behavior (n = 4532) 5 23.6 (21.1–26.1) 7.4 (7.1–7.8)

Vision disability (n = 80) 6 3.5 (2.5–4.5) 2.1 (1.9–2.3)

Cognitive disability (n = 270) 7 15.8 (13.6–18.0) 7.2 (6.9–7.6)

Mobility Disability (n = 44) 8 2.5 (1.7–3.3) 2.3 (2.1–2.5)

Self-care Disability (n = 30) 9 1.6 (0.8–2.3) 0.8 (0.6–0.9)

Independent Living Disability (n = 96) 10 5.7 (4.4–7.1) 2.6 (2.4–2.8)

History of Arthritis (n = 241) 11 3.4 (2.6–4.2) 3.5 (3.3–3.7)

History of depressive disorder (n = 377) 20.9 (18.8–23.1) 12.1 (11.7–12.5)

History of diabetes (n =122) 1.8 (1.0–2.6) 1.4 (1.3–1.6)

History of Asthma (n = 571)
Currently have asthma 10.4 (8.8–12.0) 8.2 (7.9–8.6)
No longer have asthma 8.5 (6.6–10.3) 5.5 (5.3–5.8)

1 Includes participants who are divorced or widowed or separated; 2 Includes participants who are out of work or
unable to work, homemakers or retired; 3 Defined as ≥4 drinks for females and ≥5 drinks for males on 1 occasion in
the past 30 days; 4 Defined as ≥7 drinks for females and ≥14 drinks for males per week; 5 Participant answered “yes”
to whether any of the following happened in the past year: intravenous drug use, treatment for sexually transmitted
or venereal disease, received money or drugs in exchange for sex, had anal sex without a condom or had four or more
sex partners; 6 Participants answered “yes” to “Are you blind or do you have serious difficulty seeing, even when
wearing glasses?”;7 Participants answered “yes” to “Because of a physical, mental, or emotional condition, do you
have serious difficulty concentrating, remembering, or making decisions”; 8 Participants answered “yes” to “Do you
have serious difficulty walking or climbing stairs?”; 9 Participants answered “yes” to “Do you have difficulty dressing
or bathing?”; 10 Participant answered “yes” to Because of a physical, mental, or emotional condition, do you have
difficulty doing errands alone such as visiting a doctor’s office or shopping?; 11 Participants answered “yes” to “Has
a doctor, nurse, or other health professional ever told you that you had some form of arthritis, rheumatoid arthritis,
gout, lupus, or fibromyalgia? (Arthritis diagnoses include: rheumatism, polymyalgia rheumatica; osteoarthritis
(not osteoporosis); tendonitis, bursitis, bunion, tennis elbow; carpal tunnel syndrome, tarsal tunnel syndrome; joint
infection, Reiter’s syndrome; ankylosing spondylitis; spondylosis; rotator cuff syndrome; connective tissue disease,
scleroderma, polymyositis, Raynaud’s syndrome and vasculitis (giant cell arteritis, Henoch–Schonlein purpura,
Wegener’s granulomatosis, polyarteritis nodosa).

After the initial variable selection, 38 variables were selected by Boruta and 27 variables were
selected by LASSO to be significantly associated with e-cigarette use. Both algorithms selected
26 identical variables. State/territory of residence was selected by both algorithms to be significantly
associated with e-cigarette use, therefore, the prevalence of sole e-cigarette use in the different states
and US territories for 2016 and 2017 was calculated and shown in Figure 1 and Table S1.

Guam had the highest prevalence of sole e-cigarette use by young adults, while Puerto Rico had
the lowest prevalence of sole e-cigarette use by young adults. Among the US states, sole e-cigarette use
by young adults was more prevalent in Michigan and Wyoming, and less prevalent in South Dakota.

The results of the multivariable logistic regression are shown in Table 2. Three univariate logistic
regressions (one for each of the following: age, gender and race/ethnicity) and 34 different multivariable
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logistic regressions (one for each of the selected features adjusted for age, gender and race/ethnicity)
were performed. Table 2 shows the odds ratio for each selected feature after adjusting for age, gender
and race/ethnicity. Variables selected by both algorithms and unique variables selected by each of
the algorithms are also shown in Table 2.
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Table 2. Association Between Current E-cigarette Use and the Variables Selected by the Machine
Learning Algorithms. 1

Odds Ratio
(95 % CI)

Boruta and LASSO 2

Odds Ratio
(95 % CI)

Boruta Only 2

Odds Ratio
(95 % CI)

LASSO Only 2

Gender 3

Male Reference
Female 0.38 (0.34–0.43)

Employment
Employed for wages or self employed Reference

Not currently employed 2 0.96 (0.79–1.18)
Student 0.61 (0.52–0.72)

Race and ethnicity 3

White only, Non-Hispanic Reference
Black only, Non-Hispanic 0.68 (0.56–0.84)

Other race only, Non-Hispanic 0.72 (0.56–0.92)
Multiracial, Non-Hispanic 1.33 (0.97–1.82)

Hispanic 0.64 (0.54–0.76)

Had flu vaccine in past year
No Reference
Yes 0.83 (0.72–0.95)

Age (mean) 3 0.85 (0.84–0.86)

Own or rent home
Own a home Reference

Rent or other arrangements 1.23 (1.05–1.43)
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Table 2. Cont.

Odds Ratio
(95 % CI)

Boruta and LASSO 2

Odds Ratio
(95 % CI)

Boruta Only 2

Odds Ratio
(95 % CI)

LASSO Only 2

General Health
Good or Better Health Reference

Fair or Poor Health 1.26 (1.03–1.53)

Body Mass Index
Normal weight Reference
Underweight 0.92 (0.67–1.27)
Overweight 1.12 (0.97–1.30)

Obese 1.29 (1.08–1.55)

History of Asthma
No Reference

Currently have asthma 1.33 (1.11–1.61)
No longer have asthma 1.26 (0.98–1.62)

Number of days in the past 30 days of poor
physical health

0 Reference
1–13 1.33 (1.17–1.52)
14+ 1.79 (1.41–2.26)

History of Arthritis
No Reference
Yes 1.39 (1.06–1.81)

Education level
Did not graduate High School Reference

Graduated High School 1.46 (1.15–1.85)
Attended or graduated College or Technical

School 1.14 (0.90–1.45)

Could not see doctor because of cost any
time in past 12 months

No Reference
Yes 1.52 (1.28–1.81)

Seatbelt Use
Always Wear Seat Belt Reference

Don’t Always Wear Seat Belt 1.52 (1.30–1.77)

Number of days in the past 30 days of poor
mental health

0 Reference
1–13 1.53 (1.33–1.75)
14+ 2.49 (2.08–2.99)

Marital Status
Married Reference

Not currently married 2.46 (1.69–3.57)
Never married 1.60 (1.27–2.02)

Member of an unmarried couple 2.27 (1.72–2.98)

Ever been tested for HIV
No Reference
Yes 1.75 (1.52–2.02)

Visual disability
No Reference
Yes 1.76 (1.27–2.45)

History of diabetes
No Reference
Yes 1.86 (1.16–2.96)

History of depressive disorder
No Reference
Yes 2.12 (1.84–2.44)

Cognitive disability
No Reference
Yes 2.33 (1.94–2.81)

Independent living disability
No Reference
Yes 2.42 (1.82–3.31)

Used internet in the past 30 days
No Reference
Yes 2.48 (1.70–3.63)
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Table 2. Cont.

Odds Ratio
(95 % CI)

Boruta and LASSO 2

Odds Ratio
(95 % CI)

Boruta Only 2

Odds Ratio
(95 % CI)

LASSO Only 2

Self-care disability
No Reference
Yes 2.60 (1.50–4.52)

Currently using smokeless tobacco
No Reference
Yes 2.69 (2.18–3.32)

Binge drinker
No Reference
Yes 3.56 (3.12–4.06)

At least one drink in the past 30 days
No Reference
Yes 3.64 (3.14–4.21)

Heavy drinkers
No Reference
Yes 3.67 (3.01–4.48)

HIV High Risk behavior
No Reference
Yes 3.68 (3.16–4.29)

Number of children in household
No child Reference
One child 1.03 (0.88–1.21)

Two children 0.90 (0.73–1.10)
Three or more children 0.79 (0.60–1.05)

Length of time since last routine checkup
Within past 2 years Reference
Within past 5 years 1.11 (0.90–1.36)

5 or more years ago or never 0.94 (0.65–1.35)

Has personal doctor or health care provider
No Reference
Yes 0.95 (0.83–1.08)

Has any health care coverage
No Reference
Yes 0.99 (0.83–1.18)

Exercised in Past 30 Days
No Reference
Yes 1.01 (0.86–1.20)

Income
Less than $25,000 Reference

$25,000 to less than $50,000 1.14 (0.94–1.37)
$50,000 or more 1.10 (0.92–1.30)

Veteran
No Reference
Yes 1.13 (0.88–1.45)

Ever had a pneumonia shot
No Reference
Yes 1.15 (0.99–1.33)

Mobility disability
No Reference
Yes 1.38 (0.96–1.99)

1 May be affected by multiplicity as we tested multiple factors associated with e-cigarette use; 2 Adjusted for age,
sex and race/ethnicity. Bolded odds ratios are statisitically significant; 3 Univariate logistic regressions. Not adjusted
by age, sex and race/ethnicity.

Odds of e-cigarette use decreased with increasing age. Females, black non-Hispanic, other races
non-Hispanic and Hispanics compared to white non-Hispanics, students compared to participants
who were currently employed, and participants who had a flu shot in the past year were less likely to
use e-cigarettes.
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Participants who were not currently married, participants whose highest level of completed
education was high school graduation compared to those who did not graduate from high school;
participants who currently rent or have other arrangements, participants who could not see a doctor
because of cost in the past 12 months and those who reported internet use in the past 30 days had
increased odds of e-cigarette use.

Participants who were obese, who reported poor physical or mental health, who reported current
smokeless tobacco use, alcohol consumption including binge drinking and heavy drinking and risky
behaviors (such as occasionally driving without seatbelts, engaging in HIV risky behaviors and testing
positive for HIV) had increased odds of e-cigarette use. Additionally, participants who reported vision
disability, cognitive disability, independent living disability and self-care disability had increased
odds of e-cigarette use. Compared with persons without the respective chronic health conditions,
participants who reported a history of arthritis, diabetes, depressive disorder and participants who
currently have asthma also had increased odds of e-cigarette use.

4. Discussion

We used an ML approach to identify previously reported as well as unreported factors associated
with sole e-cigarette use in US young adults. Sole e-cigarette use differed across states. Demographic
factors such as age, gender and race and other factors such as use of smokeless tobacco, alcohol
consumption, engaging in risky behaviors, reporting poor mental and physical health, disabilities
and chronic health conditions were associated with sole e-cigarette use.

Some of the variables selected by the algorithms have been reported previously for adult sole
e-cigarette users. Mirbolouk et al. reported that adult sole e-cigarette use differed across states
and the prevalence of sole e-cigarette use was highest among males and persons aged 18 to 24 years [28].
Additionally, participants who used the internet, were binge drinkers, engaged in HIV risky behaviors
and reported at least 1 day with mental distress had a higher prevalence of sole e-cigarette use than
non-users [28]. In another study looking at e-cigarette use in adult never smokers (never smokers
included current smokers who were not smokers a year ago), black people and Hispanics had
decreased odds of current and regular e-cigarette use, while unmarried participants had increased odds
of current and regular e-cigarette use [73]. E-cigarette use has also been shown to be associated with
alcohol use and alcohol use disorder in nonsmokers of cigarettes [74]. Associations with asthma [18]
and depression [13] have also been reported for sole e-cigarette use. Thus, our ML approach agrees
with the literature confirming some known factors associated with sole e-cigarette use.

Additionally, our study extends the literature on sole e-cigarette use, by identifying several new
factors associated with increased odds of sole e-cigarette use. The new factors identified include vision,
cognitive, self-care and independent living disabilities. Obesity, risky behaviors (driving without a
seat belt and ever being tested for HIV) and chronic conditions (history of diabetes and arthritis) were
also identified as associated with e-cigarette use. Additionally, home ownership and having had a flu
vaccine were also identified to be associated with e-cigarette use. Further research is needed to validate
these findings and to explore the nature of these associations. Some of the identified characteristics of
sole e-cigarette use have been shown in cigarette smokers [75–80], which may indicate a similarity in
some behavioral predictors of cigarette and sole e-cigarette use.

Most of the variables selected by LASSO were also selected by Boruta, thereby independently
confirming an association between those variables and e-cigarette use. Boruta, however, selected
more variables because it is a heuristic algorithm designed to find all relevant variables, including
weakly relevant variables [54]. Additionally, the differences found could be due to non-linear
relationships or interactions between the variables and outcomes. Some of the initial variables selected
by the ML algorithms were not statistically significant after adjusting for confounders (age, gender
and race/ethnicity) and the BRFSS complex design method. This may be due to the fact that the ML
algorithms cannot accommodate the BRFSS complex design that adjusts for demographic differences
between sampled individuals and the population they represent. Therefore, while the features were
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significant in the sample used for the ML algorithms, they may not have been statistically significant in
the US population of never smokers. Additionally, the relationship between the selected variables
and e-cigarette use may not be adequately explained by a multivariable logistic regression model.
Other limitations of the ML algorithms include the fact that Boruta is computationally expensive,
especially for large datasets, and LASSO has no grouping property, and as such, tends to select only
one variable from a group of highly correlated variables [54,81].

Our ML approach reduces the dependence on known information and exploratory hypotheses,
which are commonly used to select features that are associated with an outcome or are included in
regression models. By automatically selecting features associated with an outcome, our approach
reduces the possibility of missing important or previously unreported features. Furthermore, our ML
approach may be used to identify features associated with an outcome as the dimension of the data
increases, which is common in larger survey data. Our results show the utility of the ML approach.
We were able to identify previously reported features, as well as novel features that were associated
with current e-cigarette use in never smokers.

The strength of the study was the large number of participants available for the analysis,
who were nationally representative of US non-institutionalized young adult never smokers. Some of
the limitations include the cross-sectional nature of the analysis, the inability to establish a causality,
and a lack of biochemical confirmation of e-cigarette and conventional cigarette use, which may lead
to under reporting of use, which may bias the results of the analysis. Furthermore, since the data
are based on self-report, there is the potential for recall bias and diagnosis misclassification bias by
the participants. Our approach may have been affected by multiplicity, as we tested multiple factors
associated with e-cigarette use. Additionally, the data is unbalanced, and the outcome is sparse,
and this can affect the detection of some of the features associated with e-cigarette use. Moreover,
the features not selected by the ML algorithms may be associated with e-cigarette use, however, those
features have not been previously reported as features associated with e-cigarette use in young adult
never cigarette smokers. Furthermore, we reduced the limitation of missing important features by
using two different ML algorithms.

5. Conclusions

We were able to use machine learning algorithms to identify the factors associated with e-cigarette
use in a nationally representative population of young adult never smokers. We were able to identify
factors previously reported in the literature, as well as novel factors associated with e-cigarette
use. Our ML approach reduces the dependence on known information and exploratory hypotheses,
and reduces the possibility of missing important or previously unreported factors. Our findings may
guide researchers, policy makers and health care providers, generate further hypotheses for research,
increase public awareness and help provide targeted e-cigarette education on e-cigarettes use in young
adult never smokers. E-cigarette products are rapidly changing, and monitoring their use patterns is a
high priority for policymakers [82]. Future studies are required in order to understand the state level
differences and the implications of e-cigarette use in participants with disabilities, high risk behaviors
and chronic conditions.

Supplementary Materials: The following are available online at http://www.mdpi.com/1660-4601/17/19/7271/s1.
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never-smokers of conventional cigarettes.

Author Contributions: Conceptualization, N.C.A.; methodology, N.C.A.; software, N.C.A.; validation, N.C.A.;
formal analysis, N.C.A.; investigation, N.C.A.; resources, C.O.; E.M.M.; data curation, N.C.A.; writing—original
draft preparation, N.C.A.; writing—review and editing, N.C.A.; C.O.; R.C.L.; M.F.P.; E.M.M.; visualization, N.C.A;
supervision, C.O.; R.C.L.; E.M.M.; project administration, E.M.M.; N.C.A., C.O.; funding acquisition, N.C.A.; C.O.;
E.M.M. All authors have read and agreed to the published version of the manuscript.

Funding: Atuegwu receives support from Robert E. Leet and Clara Guthrie Patterson Trust Mentored Research
grant. This work does not necessarily represent the official views of Robert E. Leet and Clara Guthrie Patterson Trust.

Conflicts of Interest: The authors declare no conflict of interest.

http://www.mdpi.com/1660-4601/17/19/7271/s1


Int. J. Environ. Res. Public Health 2020, 17, 7271 12 of 17

References

1. Cullen, K.A.; Ambrose, B.K.; Gentzke, A.S.; Apelberg, B.J.; Jamal, A.; King, B.A. Notes from the Field: Use of
Electronic Cigarettes and Any Tobacco Product Among Middle and High School Students–United States,
2011–2018. MMWR Morb. Mortal Wkly. Rep. 2018, 67, 1276–1277. [CrossRef] [PubMed]

2. Dai, H.; Leventhal, A.M. Prevalence of e-Cigarette Use Among Adults in the United States, 2014–2018. JAMA
2019, 18, 1824–1827. [CrossRef] [PubMed]

3. Cullen, K.A.; Gentzke, A.S.; Sawdey, M.D.; Chang, J.T.; Anic, G.M.; Wang, T.W.; Creamer, M.R.; Jamal, A.;
Ambrose, B.K.; King, B.A. E-Cigarette Use Among Youth in the United States. JAMA 2019, 21, 2095–2103.
[CrossRef]

4. Benowitz, N.L.; Burbank, A.D. Cardiovascular toxicity of nicotine: Implications for electronic cigarette use.
Trends Cardiovasc. Med. 2016, 26, 515–523. [CrossRef] [PubMed]

5. Kosmider, L.; Sobczak, A.; Fik, M.; Knysak, J.; Zaciera, M.; Kurek, J.; Goniewicz, M.L. Carbonyl compounds
in electronic cigarette vapors: Effects of nicotine solvent and battery output voltage. Nicotine Tob. Res. 2014,
16, 1319–1326. [CrossRef] [PubMed]

6. Ogunwale, M.A.; Li, M.; Ramakrishnam Raju, M.V.; Chen, Y.; Nantz, M.H.; Conklin, D.J.; Fu, X.A. Aldehyde
Detection in Electronic Cigarette Aerosols. ACS Omega 2017, 2, 1207–1214. [CrossRef]

7. Goniewicz, M.L.; Smith, D.M.; Edwards, K.C.; Blount, B.C.; Caldwell, K.L.; Feng, J.; Wang, L.; Christensen, C.;
Ambrose, B.; Borek, N.; et al. Comparison of Nicotine and Toxicant Exposure in Users of Electronic Cigarettes
and Combustible Cigarettes. JAMA Network Open 2018, 1, e185937. [CrossRef]

8. Goniewicz, M.L.; Knysak, J.; Gawron, M.; Kosmider, L.; Sobczak, A.; Kurek, J.; Prokopowicz, A.;
Jablonska-Czapla, M.; Rosik-Dulewska, C.; Havel, C.; et al. Levels of selected carcinogens and toxicants in
vapour from electronic cigarettes. Tob. Control. 2014, 23, 133–139. [CrossRef]

9. Atuegwu, N.C.; Perez, M.F.; Oncken, C.; Thacker, S.; Mead, E.L.; Mortensen, E.M. Association between Regular
Electronic Nicotine Product Use and Self-reported Periodontal Disease Status: Population Assessment of
Tobacco and Health Survey. Int. J. Environ. Res. Public Health 2019, 16. [CrossRef]

10. Akinkugbe, A.A. Cigarettes, E-cigarettes, and Adolescents’ Oral Health: Findings from the Population
Assessment of Tobacco and Health (PATH) Study. JDR Clin. Trans. Res. 2019, 4, 276–283. [CrossRef]

11. Atuegwu, N.C.; Perez, M.F.; Oncken, C.; Mead, E.L.; Maheshwari, N.; Mortensen, E.M. E-cigarette use
is associated with a self-reported diagnosis of prediabetes in never cigarette smokers: Results from
the behavioral risk factor surveillance system survey. Drug Alcohol Depend. 2019, 205, 107692. [CrossRef]
[PubMed]

12. Chadi, N.; Li, G.; Cerda, N.; Weitzman, E.R. Depressive Symptoms and Suicidality in Adolescents Using
e-Cigarettes and Marijuana: A Secondary Data Analysis From the Youth Risk Behavior Survey. J. Addict.
Med. 2019, 13, 362–365. [CrossRef] [PubMed]

13. Obisesan, O.H.; Mirbolouk, M.; Osei, A.D.; Orimoloye, O.A.; Uddin, S.M.I.; Dzaye, O.; El Shahawy, O.;
Al Rifai, M.; Bhatnagar, A.; Stokes, A.; et al. Association Between e-Cigarette Use and Depression in
the Behavioral Risk Factor Surveillance System, 2016-2017. JAMA Network Open 2019, 2, e1916800. [CrossRef]
[PubMed]

14. McConnell, R.; Barrington-Trimis, J.L.; Wang, K.; Urman, R.; Hong, H.; Unger, J.; Samet, J.; Leventhal, A.;
Berhane, K. Electronic Cigarette Use and Respiratory Symptoms in Adolescents. Am. J. Respir. Crit. Care.
Med. 2017, 195, 1043–1049. [CrossRef]

15. Cho, J.H.; Paik, S.Y. Association between Electronic Cigarette Use and Asthma among High School Students
in South Korea. PLoS ONE 2016, 11, e0151022. [CrossRef]

16. Li, D.; Sundar, I.K.; McIntosh, S.; Ossip, D.J.; Goniewicz, M.L.; O’Connor, R.J.; Rahman, I. Association
of smoking and electronic cigarette use with wheezing and related respiratory symptoms in adults:
Cross-sectional results from the Population Assessment of Tobacco and Health (PATH) study, wave 2. Tobacco
Control 2019. [CrossRef]

17. Perez, M.F.; Atuegwu, N.C.; Mead, E.L.; Oncken, C.; Mortensen, E.M. Adult E-Cigarettes Use Associated
with a Self-Reported Diagnosis of COPD. Int. J. Environ. Res. Pub. Health. 2019, 16, 3938. [CrossRef]

18. Perez, M.F.; Atuegwu, N.C.; Oncken, C.; Mead, E.L.; Mortensen, E.M. Association between Electronic
Cigarette Use and Asthma in Never-Smokers. Ann. Am. Thorac. Soc. 2019, 16, 1453–1456. [CrossRef]

http://dx.doi.org/10.15585/mmwr.mm6745a5
http://www.ncbi.nlm.nih.gov/pubmed/30439875
http://dx.doi.org/10.1001/jama.2019.15331
http://www.ncbi.nlm.nih.gov/pubmed/31524940
http://dx.doi.org/10.1001/jama.2019.18387
http://dx.doi.org/10.1016/j.tcm.2016.03.001
http://www.ncbi.nlm.nih.gov/pubmed/27079891
http://dx.doi.org/10.1093/ntr/ntu078
http://www.ncbi.nlm.nih.gov/pubmed/24832759
http://dx.doi.org/10.1021/acsomega.6b00489
http://dx.doi.org/10.1001/jamanetworkopen.2018.5937
http://dx.doi.org/10.1136/tobaccocontrol-2012-050859
http://dx.doi.org/10.3390/ijerph16071263
http://dx.doi.org/10.1177/2380084418806870
http://dx.doi.org/10.1016/j.drugalcdep.2019.107692
http://www.ncbi.nlm.nih.gov/pubmed/31707269
http://dx.doi.org/10.1097/ADM.0000000000000506
http://www.ncbi.nlm.nih.gov/pubmed/30688723
http://dx.doi.org/10.1001/jamanetworkopen.2019.16800
http://www.ncbi.nlm.nih.gov/pubmed/31800073
http://dx.doi.org/10.1164/rccm.201604-0804OC
http://dx.doi.org/10.1371/journal.pone.0151022
http://dx.doi.org/10.1136/tobaccocontrol-2018-054694
http://dx.doi.org/10.3390/ijerph16203938
http://dx.doi.org/10.1513/AnnalsATS.201904-338RL


Int. J. Environ. Res. Public Health 2020, 17, 7271 13 of 17

19. Layden, J.E.; Ghinai, I.; Pray, I.; Kimball, A.; Layer, M.; Tenforde, M.; Navon, L.; Hoots, B.; Salvatore, P.P.;
Elderbrook, M.; et al. Pulmonary Illness Related to E-Cigarette Use in Illinois and Wisconsin—Preliminary
Report. N. Engl. J. Med. 2019. [CrossRef]

20. Pray, I.W.; Atti, S.K.; Tomasallo, C.; Meiman, J.G. E-cigarette, or Vaping, Product Use-Associated Lung Injury
Among Clusters of Patients Reporting Shared Product Use–Wisconsin, 2019. Morb. Mortal. Wkly. Rep. 2020,
69, 236–240. [CrossRef]

21. Dutra, L.M.; Glantz, S.A. Electronic cigarettes and conventional cigarette use among U.S. adolescents:
A cross-sectional study. JAMA Pediatr. 2014, 168, 610–617. [CrossRef] [PubMed]

22. Glantz, S.A.; Bareham, D.W. E-Cigarettes: Use, Effects on Smoking, Risks, and Policy Implications. Annu. Rev.
Pub. Health 2018, 39, 215–235. [CrossRef] [PubMed]

23. Dai, H.; Catley, D.; Richter, K.P.; Goggin, K.; Ellerbeck, E.F. Electronic Cigarettes and Future Marijuana Use:
A Longitudinal Study. Pediatrics 2018, 141, e20173787. [CrossRef] [PubMed]

24. Bentivegna, K.; Atuegwu, N.C.; Oncken, C.; Mead, E.L.; Perez, M.F.; Mortensen, E.M. E-cigarette Use Is
Associated with Non-prescribed Medication Use in Adults: Results from the PATH Survey. J. Gen. Intern.
Med. 2019, 34, 1995–1997. [CrossRef] [PubMed]

25. Soneji, S.; Barrington-Trimis, J.L.; Wills, T.A.; Leventhal, A.M.; Unger, J.B.; Gibson, L.A.; Yang, J.; Primack, B.A.;
Andrews, J.A.; Miech, R.A.; et al. Association Between Initial Use of e-Cigarettes and Subsequent Cigarette
Smoking Among Adolescents and Young Adults: A Systematic Review and Meta-analysis. JAMA Pediatr.
2017, 171, 788–797. [CrossRef]

26. Shahab, L.; Beard, E.; Brown, J. Association of initial e-cigarette and other tobacco product use with subsequent
cigarette smoking in adolescents: A cross-sectional, matched control study. Tob. Control 2020. [CrossRef]

27. CDC. QuickStats: Cigarette Smoking Status* Among Current Adult E-cigarette Users, by Age
Group—National Health Interview Survey, United States, 2015. Morb. Mortal. Wkly. Rep. 2016, 65, 1177.
[CrossRef]

28. Mirbolouk, M.; Charkhchi, P.; Orimoloye, O.A.; Uddin, S.M.I.; Kianoush, S.; Jaber, R.; Bhatnagar, A.;
Benjamin, E.J.; Hall, M.E.; DeFilippis, A.P.; et al. E-Cigarette Use Without a History of Combustible Cigarette
Smoking Among U.S. Adults: Behavioral Risk Factor Surveillance System, 2016. Ann. Intern. Med. 2019, 170,
76–79. [CrossRef]

29. Mirbolouk, M.; Charkhchi, P.; Kianoush, S.; Uddin, S.M.I.; Orimoloye, O.A.; Jaber, R.; Bhatnagar, A.;
Benjamin, E.J.; Hall, M.E.; DeFilippis, A.P.; et al. Prevalence and Distribution of E-Cigarette Use Among U.S.
Adults: Behavioral Risk Factor Surveillance System. Ann. Intern. Med. 2018, 169, 429–438. [CrossRef]

30. Nutt, D.J.; Phillips, L.D.; Balfour, D.; Curran, H.V.; Dockrell, M.; Foulds, J.; Fagerstrom, K.; Letlape, K.;
Milton, A.; Polosa, R.; et al. Estimating the Harms of Nicotine-Containing Products Using the MCDA
Approach. Eur. Addict. Res. 2014, 20, 218–225. [CrossRef]

31. Sussan, T.E.; Shahzad, F.G.; Tabassum, E.; Cohen, J.E.; Wise, R.A.; Blaha, M.J.; Holbrook, J.T.; Biswal, S.
Electronic cigarette use behaviors and motivations among smokers and non-smokers. BMC Public Health
2017, 17, 686. [CrossRef] [PubMed]

32. Boyle, R.G.; Richter, S.; Helgertz, S. Who is using and why: Prevalence and perceptions of using and not
using electronic cigarettes in a statewide survey of adults. Addict. Behav. Rep. 2019, 10, 100227. [CrossRef]
[PubMed]

33. McMillen, R.; Klein, J.D.; Wilson, K.; Winickoff, J.P.; Tanski, S. E-Cigarette Use and Future Cigarette Initiation
Among Never Smokers and Relapse Among Former Smokers in the PATH Study. Public Health Rep. 2019,
134, 528–536. [CrossRef] [PubMed]

34. McMillen, R.C.; Gottlieb, M.A.; Shaefer, R.M.W.; Winickoff, J.P.; Klein, J.D. Trends in Electronic Cigarette
Use Among U.S. Adults: Use is Increasing in Both Smokers and Nonsmokers. Nicotine Tob. Res. 2015, 17,
1195–1202. [CrossRef] [PubMed]

35. Krishnasamy, V.P.; Ko, J.Y.; Board, A.; Hartnett, K.P.; Salvatore, P.P.; Danielson, M.; Kite-Powell, A.;
Twentyman, E.; Kim, L.; Cyrus, A.; et al. Update: Characteristics of a Nationwide Outbreak of E-cigarette, or
Vaping, Product Use–Associated Lung Injury—United States, August 2019–January 2020. MMWR Morb
Mortal Wkly Rep. 2020, 69, 90–94. [CrossRef] [PubMed]

36. Apelberg, B.J.; Feirman, S.P.; Salazar, E.; Corey, C.G.; Ambrose, B.K.; Paredes, A.; Richman, E.; Verzi, S.J.;
Vugrin, E.D.; Brodsky, N.S.; et al. Potential Public Health Effects of Reducing Nicotine Levels in Cigarettes in
the United States. N. Engl. J. Med. 2018, 378, 1725–1733. [CrossRef] [PubMed]

http://dx.doi.org/10.1056/NEJMoa1911614
http://dx.doi.org/10.15585/mmwr.mm6909a4
http://dx.doi.org/10.1001/jamapediatrics.2013.5488
http://www.ncbi.nlm.nih.gov/pubmed/24604023
http://dx.doi.org/10.1146/annurev-publhealth-040617-013757
http://www.ncbi.nlm.nih.gov/pubmed/29323609
http://dx.doi.org/10.1542/peds.2017-3787
http://www.ncbi.nlm.nih.gov/pubmed/29686146
http://dx.doi.org/10.1007/s11606-019-05093-5
http://www.ncbi.nlm.nih.gov/pubmed/31190256
http://dx.doi.org/10.1001/jamapediatrics.2017.1488
http://dx.doi.org/10.1136/tobaccocontrol-2019-055283
http://dx.doi.org/10.15585/mmwr.mm6542a7
http://dx.doi.org/10.7326/M18-1826
http://dx.doi.org/10.7326/M17-3440
http://dx.doi.org/10.1159/000360220
http://dx.doi.org/10.1186/s12889-017-4671-3
http://www.ncbi.nlm.nih.gov/pubmed/28882123
http://dx.doi.org/10.1016/j.abrep.2019.100227
http://www.ncbi.nlm.nih.gov/pubmed/31832535
http://dx.doi.org/10.1177/0033354919864369
http://www.ncbi.nlm.nih.gov/pubmed/31419184
http://dx.doi.org/10.1093/ntr/ntu213
http://www.ncbi.nlm.nih.gov/pubmed/25381306
http://dx.doi.org/10.15585/mmwr.mm6903e2
http://www.ncbi.nlm.nih.gov/pubmed/31971931
http://dx.doi.org/10.1056/NEJMsr1714617
http://www.ncbi.nlm.nih.gov/pubmed/29543114


Int. J. Environ. Res. Public Health 2020, 17, 7271 14 of 17

37. Wiemken, T.L.; Kelley, R.R. Machine Learning in Epidemiology and Health Outcomes Research. Annu. Rev.
Public Health 2020, 41, 21–36. [CrossRef]

38. Beam, A.L.; Kohane, I.S. Big Data and Machine Learning in Health Care. JAMA 2018, 319, 1317–1318.
[CrossRef]

39. Wong, J.; Manderson, T.; Abrahamowicz, M.; Buckeridge, D.L.; Tamblyn, R. Can Hyperparameter Tuning
Improve the Performance of a Super Learner?: A Case Study. Epidemiology 2019, 30, 521–531. [CrossRef]

40. Bzdok, D.; Altman, N.; Krzywinski, M. Statistics versus machine learning. Nat. Methods 2018, 15, 233–234.
[CrossRef]

41. Agarwal, A.; Baechle, C.; Behara, R.S.; Rao, V. Multi-method approach to wellness predictive modeling. J. Big
Data 2016, 3, 15. [CrossRef]

42. Dipnall, J.F.; Pasco, J.A.; Berk, M.; Williams, L.J.; Dodd, S.; Jacka, F.N.; Meyer, D. Fusing Data Mining,
Machine Learning and Traditional Statistics to Detect Biomarkers Associated with Depression. PLoS ONE
2016, 11, e0148195. [CrossRef] [PubMed]

43. Zanella-Calzada, L.A.; Galvan-Tejada, C.E.; Chavez-Lamas, N.M.; Gracia-Cortes, M.D.C.; Moreno-Baez, A.;
Arceo-Olague, J.G.; Celaya-Padilla, J.M.; Galvan-Tejada, J.I.; Gamboa-Rosales, H. A Case—Control Study of
Socio-Economic and Nutritional Characteristics as Determinants of Dental Caries in Different Age Groups,
Considered as Public Health Problem: Data from NHANES 2013(-)2014. Int. J. Environ. Res. Public Health
2018, 15. [CrossRef] [PubMed]

44. Lee, Y.; Ragguett, R.-M.; Mansur, R.B.; Boutilier, J.J.; Rosenblat, J.D.; Trevizol, A.; Brietzke, E.; Lin, K.; Pan, Z.;
Subramaniapillai, M.; et al. Applications of machine learning algorithms to predict therapeutic outcomes in
depression: A meta-analysis and systematic review. J. Affect. Disord. 2018, 241, 519–532. [CrossRef]

45. Dipnall, J.F.; Pasco, J.A.; Berk, M.; Williams, L.J.; Dodd, S.; Jacka, F.N.; Meyer, D. Why so GLUMM? Detecting
depression clusters through graphing lifestyle-environs using machine-learning methods (GLUMM).
Eur. Psychiatry 2017, 39, 40–50. [CrossRef]

46. Xie, Z.; Nikolayeva, O.; Luo, J.; Li, D. Building Risk Prediction Models for Type 2 Diabetes Using Machine
Learning Techniques. Prev. Chronic Dis. 2019, 16, E130. [CrossRef]

47. Centers for Disease Control and Prevention (CDC). Behavioral Risk Factor Surveillance System Survey Data;
Department of Health and Human Services, Centers for Disease Control and Prevention: Atlanta, GA,
USA, 2016.

48. Centers for Disease Control and Prevention (CDC). Behavioral Risk Factor Surveillance System Survey Data;
Department of Health and Human Services, Centers for Disease Control and Prevention: Atlanta, GA,
USA, 2017.

49. Centers for Disease Control and Prevention (CDC). Behavioral Risk Factor Surveillance System Overview;
Department of Health and Human Services, Centers for Disease Control and Prevention: Atlanta, GA,
USA, 2016.

50. Centers for Disease Control and Prevention (CDC). Behavioral Risk Factor Surveillance System Overview;
Department of Health and Human Services, Centers for Disease Control and Prevention: Atlanta, GA,
USA, 2017.

51. Centers for Disease Control and Prevention (CDC). The Behavioral Risk Factor Surveillance System, Complex
Sampling Weights and Preparing 2016 BRFSS Module Data for Analysis; Department of Health and Human
Services, Centers for Disease Control and Prevention: Atlanta, GA, USA, 2016.

52. Centers for Disease Control and Prevention (CDC). The Behavioral Risk Factor Surveillance System, Complex
Sampling Weights and Preparing 2017 BRFSS Module Data for Analysis; U.S. Department of Health and Human
Services, Centers for Disease Control and Prevention: Atlanta, GA, USA, 2017.

53. Osborne, J.W. Six: Dealing with Missing or Incomplete Data: Debunking the Myth of Emptiness. In Best
Practices in Data Cleaning: A Complete Guide to Everything You Need to Do before and after Collecting Your Data;
SAGE Publications, Inc.: Thousand Oaks, CA, USA, 2013; pp. 105–138.

54. Kursa, M.B.; Rudnicki, W.R. Feature Selection with the Boruta Package. J. Stat. Softw. 2010, 36, 13. [CrossRef]
55. Tibshirani, R. Regression Shrinkage and Selection Via the Lasso. J. R. Stat. Soc. Ser. B (Methodol.) 1996, 58,

267–288. [CrossRef]
56. Friedman, J.H.; Hastie, T.; Tibshirani, R. Regularization Paths for Generalized Linear Models via Coordinate

Descent. J. Stat. Softw. 2010, 33, 22. [CrossRef]

http://dx.doi.org/10.1146/annurev-publhealth-040119-094437
http://dx.doi.org/10.1001/jama.2017.18391
http://dx.doi.org/10.1097/EDE.0000000000001027
http://dx.doi.org/10.1038/nmeth.4642
http://dx.doi.org/10.1186/s40537-016-0049-0
http://dx.doi.org/10.1371/journal.pone.0148195
http://www.ncbi.nlm.nih.gov/pubmed/26848571
http://dx.doi.org/10.3390/ijerph15050957
http://www.ncbi.nlm.nih.gov/pubmed/29748513
http://dx.doi.org/10.1016/j.jad.2018.08.073
http://dx.doi.org/10.1016/j.eurpsy.2016.06.003
http://dx.doi.org/10.5888/pcd16.190109
http://dx.doi.org/10.18637/jss.v036.i11
http://dx.doi.org/10.1111/j.2517-6161.1996.tb02080.x
http://dx.doi.org/10.18637/jss.v033.i01


Int. J. Environ. Res. Public Health 2020, 17, 7271 15 of 17

57. Ortega Hinojosa, A.M.; Davies, M.M.; Jarjour, S.; Burnett, R.T.; Mann, J.K.; Hughes, E.; Balmes, J.R.;
Turner, M.C.; Jerrett, M. Developing small-area predictions for smoking and obesity prevalence in the United
States for use in Environmental Public Health Tracking. Environ. Res. 2014, 134, 435–452. [CrossRef]

58. Grainger, M.J.; Aramyan, L.; Piras, S.; Quested, T.E.; Righi, S.; Setti, M.; Vittuari, M.; Stewart, G.B.
Model selection and averaging in the assessment of the drivers of household food waste to reduce
the probability of false positives. PLoS ONE 2018, 13, e0192075. [CrossRef] [PubMed]

59. Degenhardt, F.; Seifert, S.; Szymczak, S. Evaluation of variable selection methods for random forests and omics
data sets. Brief. Bioinform. 2019, 20, 492–503. [CrossRef] [PubMed]

60. Lin, J.; Jiang, A.; Ling, M.; Mo, Y.; Li, M.; Zhao, J. Prediction of neurologic deterioration based on support
vector machine algorithms and serum osmolarity equations. Brain Behav. 2018, 8, e01023. [CrossRef]
[PubMed]

61. Meehan, A.J.; Latham, R.M.; Arseneault, L.; Stahl, D.; Fisher, H.L.; Danese, A. Developing an
individualized risk calculator for psychopathology among young people victimized during childhood:
A population-representative cohort study. J. Affect. Disord. 2020, 262, 90–98. [CrossRef]

62. Castro, V.M.; Minnier, J.; Murphy, S.N.; Kohane, I.; Churchill, S.E.; Gainer, V.; Cai, T.; Hoffnagle, A.G.; Dai, Y.;
Block, S.; et al. Validation of electronic health record phenotyping of bipolar disorder cases and controls.
Am. J. Psychiatry 2015, 172, 363–372. [CrossRef]

63. Guo, P.; Zhang, Q.; Zhu, Z.; Huang, Z.; Li, K. Mining gene expression data of multiple sclerosis. PLoS ONE
2014, 9, e100052. [CrossRef]

64. Yang, C.; Ren, J.; Li, B.; Jin, C.; Ma, C.; Cheng, C.; Sun, Y.; Shi, X. Identification of gene biomarkers in patients
with postmenopausal osteoporosis. Mol. Med. Rep. 2019, 19, 1065–1073. [CrossRef]

65. Gareth, J.; Daniela, W.; Trevor, H.; Robert, T. An Introduction to Statistical Learning: With Applications in R;
Springer-Verlag: New York, NY, USA, 2013.

66. Kursa, M.B. Robustness of Random Forest-based gene selection methods. BMC Bioinform. 2014, 15, 8.
[CrossRef]

67. Guyon, I.; Elisseeff, A. An introduction to variable and feature selection. J. Mach. Learn. Res. 2003, 3,
1157–1182.

68. Hastie, T.; Junyang, Q. Glmnet Vignette. 2016. Available online: https://web.stanford.edu/~{}hastie/glmnet/
glmnet_alpha.html (accessed on 10 January 2020).

69. Stallings-Smith, S.; Ballantyne, T. Ever Use of E-Cigarettes Among Adults in the United States:
A Cross-Sectional Study of Sociodemographic Factors. Inquiry 2019, 56, 46958019864479. [CrossRef]

70. Lumley, T. Complex Surveys: A Guide to Analysis Using R; John Wiley: Hoboken, NJ, USA, 2010.
71. R Core Team. R: A Language and Environment for Statistical Computing; R Foundation for Statistical Computing:

Vienna, Austria, 2017.
72. Lumley, T. Survey: Analysis of complex survey samples. In R Package Version 3.35-1; R Foundation for

Statistical Computing: Vienna, Austria, 2019. [CrossRef]
73. Levy, D.T.; Yuan, Z.; Li, Y. The Prevalence and Characteristics of E-Cigarette Users in the U.S. Int. J. Environ.

Res. Public Health 2017, 14, 1200. [CrossRef] [PubMed]
74. Roberts, W.; Moore, K.E.; Peltier, M.R.; Verplaetse, T.L.; Oberleitner, L.; Hacker, R.; McKee, S.A. Electronic

Cigarette Use and Risk of Harmful Alcohol Consumption in the U.S. Population. Alcohol. Clin. Exp. Res.
2018, 42, 2385–2393. [CrossRef] [PubMed]

75. Malarcher, A.M.; Ford, E.S.; Nelson, D.E.; Chrismon, J.H.; Mowery, P.; Merritt, R.K.; Herman, W.H. Trends in
cigarette smoking and physicians’ advice to quit smoking among people with diabetes in the U.S. Diabetes
Care 1995, 18, 694–697. [CrossRef] [PubMed]

76. Glassman, A.H.; Helzer, J.E.; Covey, L.S.; Cottler, L.B.; Stetner, F.; Tipp, J.E.; Johnson, J. Smoking, Smoking
Cessation, and Major Depression. JAMA 1990, 264, 1546–1549. [CrossRef]

77. Courtney-Long, E.; Stevens, A.; Caraballo, R.; Ramon, I.; Armour, B.S. Disparities in current cigarette smoking
prevalence by type of disability, 2009–2011. Public Health Rep. 2014, 129, 252–260. [CrossRef]

78. Cabrera-Serrano, A.; Felici-Giovanini, M.; Ramos-Colón, M.; Cases, A.; Rivera-Alvarado, A. Tobacco use
and the relationship with HIV risk behaviors in Puerto Rico residents of 18 years and over—A cross-sectional
study. J. Nurs. Educ. Pract. 2013, 3. [CrossRef]

79. Bobo, J.K.; Husten, C. Sociocultural influences on smoking and drinking. Alcohol Res. Health J. Natl. Inst.
Alcohol Abus. Alcohol. 2000, 24, 225–232.

http://dx.doi.org/10.1016/j.envres.2014.07.029
http://dx.doi.org/10.1371/journal.pone.0192075
http://www.ncbi.nlm.nih.gov/pubmed/29389949
http://dx.doi.org/10.1093/bib/bbx124
http://www.ncbi.nlm.nih.gov/pubmed/29045534
http://dx.doi.org/10.1002/brb3.1023
http://www.ncbi.nlm.nih.gov/pubmed/29888877
http://dx.doi.org/10.1016/j.jad.2019.10.034
http://dx.doi.org/10.1176/appi.ajp.2014.14030423
http://dx.doi.org/10.1371/journal.pone.0100052
http://dx.doi.org/10.3892/mmr.2018.9752
http://dx.doi.org/10.1186/1471-2105-15-8
https://web.stanford.edu/~{}hastie/glmnet/glmnet_alpha.html
https://web.stanford.edu/~{}hastie/glmnet/glmnet_alpha.html
http://dx.doi.org/10.1177/0046958019864479
http://dx.doi.org/10.18637/jss.v009.i08
http://dx.doi.org/10.3390/ijerph14101200
http://www.ncbi.nlm.nih.gov/pubmed/29019917
http://dx.doi.org/10.1111/acer.13889
http://www.ncbi.nlm.nih.gov/pubmed/30222189
http://dx.doi.org/10.2337/diacare.18.5.694
http://www.ncbi.nlm.nih.gov/pubmed/8586010
http://dx.doi.org/10.1001/jama.1990.03450120058029
http://dx.doi.org/10.1177/003335491412900307
http://dx.doi.org/10.5430/jnep.v3n8p75


Int. J. Environ. Res. Public Health 2020, 17, 7271 16 of 17

80. Carreras-Torres, R.; Johansson, M.; Haycock, P.C.; Relton, C.L.; Davey Smith, G.; Brennan, P.; Martin, R.M.
Role of obesity in smoking behaviour: Mendelian randomisation study in UK Biobank. BMJ 2018, 361, k1767.
[CrossRef]

81. Emmert-Streib, F.; Dehmer, M. High-Dimensional LASSO-Based Computational Regression Models:
Regularization, Shrinkage, and Selection. Mach. Learn. Knowl. Extr. 2019, 1, 359–385. [CrossRef]

82. Rigotti, N.A. Monitoring the Rapidly Changing Landscape of E-Cigarettes. Ann. Intern. Med. 2018, 169,
494–495. [CrossRef]

© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.1136/bmj.k1767
http://dx.doi.org/10.3390/make1010021
http://dx.doi.org/10.7326/M18-2176
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Materials and Methods 
	Study Population 
	Data Preprocessing 
	Statistical Analysis Step 1: Initial Variable Selection 
	Statistical Analysis Step 2: Final Variable Selection 

	Results 
	Discussion 
	Conclusions 
	References

