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Abstract

Background: Youth e-cigarette use is associated with initiation of combustible cigarette 

smoking, but prior studies have rarely accounted for time-varying measures of e-cigarette exposure 

or time-dependent confounding of e-cigarette use and smoking initiation.

Methods: Using five waves of the Population Assessment of Tobacco and Health (2013-2019), 

we estimated marginal structural models with inverse probability of treatment and censoring 

weights to examine the association between time-varying e-cigarette initiation and subsequent 

cigarette smoking initiation among e-cigarette- and cigarette-naïve youth (12-17y) at baseline. 

Time-dependent confounders used as predictors in inverse probability weights included tobacco-

related attitudes or beliefs, mental health symptoms, substance use, and tobacco-marketing 

exposure.

Results: Among 9,584 youth at baseline, those who initiated e-cigarettes were 2.4 times as 

likely to subsequently initiate cigarette smoking as youth who did not initiate e-cigarettes (risk 

ratio [RR]=2.4, 95% CI: 2.2-2.7), after accounting for time-dependent confounding and selection 

bias. Among youth who initiated e-cigarettes, more frequent vaping was associated with greater 

risk of smoking initiation (RR ≥3 days/month=1.8, 95% CI: 1.4-2.2; 1-2 days/month=1.2, 95% 

CI: 0.93-1.6 vs. 0 days/month). Weighted marginal structural model estimates were moderately 

attenuated compared to unweighted estimates adjusted for baseline-only confounders. At the 

United States population-level, we estimated over half a million youth initiated cigarette smoking 

because of prior e-cigarette use over follow-up.
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Conclusions: The association between youth vaping and combustible cigarette smoking 

persisted after accounting for time-dependent confounding. We estimate that e-cigarette use 

accounts for a considerable share of cigarette initiation among US youth.
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Introduction

Electronic cigarettes (e-cigarettes) are the most popular tobacco product used by youth in 

the United States (US).1 Based on National Youth Tobacco Survey data from the first 2 

months of 2020, approximately 1 in 5 high school students were current e-cigarette users.2,3 

E-cigarette liquids often contain high levels of nicotine, a highly addictive compound that 

can negatively affect attention, memory, learning, and impulse control among youth.4-6 

E-cigarette liquid and aerosol also contain other potentially harmful constituents including 

solvents,7 flavoring compounds,8 ultrafine particles,9 heavy metals,10 polycyclic aromatic 

hydrocarbons,11 and volatile organic compounds,11which may negatively affect the heart, 

brain, and lungs of youth. In addition to the direct harm of e-cigarette exposures on youth 

health, vaping nicotine might predispose youth to initiate combustible cigarette smoking.12

E-cigarette use could cause youth to initiate cigarette smoking through a variety of 

pathways, such as development of nicotine dependence, accessibility of e-cigarettes through 

the same source as cigarettes, modeling substance use norms, or social influences.13 Three 

meta-analyses reported adjusted odds ratios (OR) for the association between ever vaping 

and subsequent cigarette smoking among youth to be between 2.9 and 3.8.14-16 However, 

there are arguments against the theory that e-cigarettes are a cause of cigarette smoking 

initiation. For example, while youth vaping has increased over time in the US, youth 

cigarette smoking has consistently declined among most demographics.17 In addition, 

several sources of systematic error may produce a spurious association between youth 

vaping and smoking initiation, including time-dependent confounding, selection bias, and 

misclassification.

Most prior studies on youth e-cigarette use and smoking initiation measure e-cigarette 

exposure at baseline only. However, adolescence is characterized by experimentation, and 

youth who never vaped at study baseline could initiate e-cigarettes at a subsequent time 

point. Similarly, youth might experiment with vaping at baseline and not use e-cigarettes 

again over follow-up. Studies that measure e-cigarette exposure at baseline only are akin 

to estimating the intention-to-treat effect in a randomized trial, in which outcomes are 

compared between baseline treatment arms without consideration of adherence over-follow-

up.18 Treating e-cigarette use as a time-varying exposure captures non-adherence to baseline 

reported e-cigarette use, and can be used to estimate effects analogous to per-protocol or as-

treated effects, whereby outcomes are compared between treatment received over follow-up 

(as-treated effect), or between treatment groups as assigned (per-protocol effect).18,19

When modeling time-varying exposures, one must account for confounders that vary over 

time to estimate a valid effect.20 If time-varying confounders simultaneously act as causal 
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intermediates of vaping and smoking initiation or if treatment-confounder feedback exists 

in other forms (i.e., time-dependent confounding),19 use of traditional regression methods 

may bias effect estimates by conditioning on causal intermediates or inducing collider 

stratification bias.20 Time-dependent confounding may be an important unaccounted-for 

source of bias in studies on time-varying e-cigarette use and youth cigarette smoking 

initiation. Factors such as alcohol use, mental health issues, and certain attitudes or beliefs 

could affect e-cigarette use and smoking initiation but also be affected by prior e-cigarette 

use, i.e., function as both confounders and causal intermediates. To appropriately adjust 

for such time-dependent confounding, researchers can employ analytic techniques called 

g-methods, which include marginal structural models.19

Cohort studies on vaping and smoking initiation are also vulnerable to selection bias 

due to differential loss-to-follow-up (i.e., informative censoring). If study continuation (or 

discontinuation) is directly or indirectly related to the occurrence of the outcome, estimates 

of the association between vaping and smoking may be biased.21,22 Marginal structural 

models can be used to address selection bias induced by differential loss-to-follow-up. In 

addition, survey-based studies rely on self-reported accounts of youth vaping and cigarette 

smoking which may be misreported. Exposure and outcome misclassification can induce 

substantial bias,23 yet no prior studies have quantified the impact of misclassification on the 

association between self-reported vaping and smoking initiation.

The present study examines the association between time-varying e-cigarette use and 

combustible cigarette smoking initiation among US youth, accounting for time-dependent 

confounding, selection bias, and exposure and outcome misclassification.

METHODS

Study Population and Study Design

This study uses five waves of data from the Population Assessment of Tobacco and Health 

(PATH), a prospective cohort study on tobacco use established by the National Institutes 

of Health and Federal Drug Administration. We used de-identified data from the youth 

public use files at wave 1 (2013-2014), wave 2 (2014-2015), wave 3 (2015-2016), wave 

4 (2016-2018), and wave 5 (2018-2019). At wave 1, 13,651 youth (12-17y) were enrolled 

using a four-stage stratified area probability sample design.24 Youth who turned 18 years of 

age over follow-up “age out” of the PATH youth survey and are subsequently included in the 

PATH adult cohort. Rather than censoring youth when they turned 18 over follow-up, youth 

who aged into the adult cohort are retained for this analysis (i.e., by using data collected in 

follow-up waves from the adult cohort study).

The study design, data collection methods, and response rates for PATH have been described 

in detail previously.24 Briefly, interview data were collected using household computer-

assisted interview methods, and participants provided information at each study visit on 

tobacco-use behaviors, attitudes and beliefs, and socio-demographic and physical/mental 

health factors. The WESTAT Institutional Review Board obtained parental permission and 

youth assent for participation.
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In this study, wave 1 provides data on prior confounders and exposure history. Wave 2 serves 

as study baseline, and waves 3,4, and 5 are follow-up assessments. We restricted our analysis 

to youth who had never smoked a combustible cigarette at wave 2 (baseline) and had never 

used an e-cigarette at wave 1 (prior to baseline; Figure 1). We excluded youth who used 

e-cigarettes at wave 1 to avoid prevalent exposure bias.25,26

Measures

Exposure: E-cigarette Initiation—The exposure was time-varying e-cigarette use, 

measured at waves 2, 3, and 4. We examined four specifications of e-cigarette use.

First, we examined any initiation of e-cigarettes (yes/no), defined as having ever used 

e-cigarettes, even once or twice, compared to never initiating e-cigarettes (reference). Once a 

youth ever used an e-cigarette, they remained an ever-user at the subsequent wave.

Second, among those who reported any e-cigarette initiation, we further distinguished 

recency of e-cigarette use (current/former use) at a given wave. Current use was defined 

as using e-cigarettes in the past 30-days at a given follow-up wave, and former use was 

defined as initiated use of e-cigarettes, but having not used e-cigarettes in the past 30-days at 

a given wave. Participants were allowed to switch between current and former use status (or 

vice versa) if they changed behavior between waves.

Third, among those who reported any e-cigarette initiation, we examined flavor use at 

initiation (non-tobacco flavor/tobacco flavor). Initiation with non-tobacco flavor was defined 

as a positive report of first using an e-cigarette flavored to taste like “menthol, mint, clove, 

spice, fruit, chocolate, alcoholic drinks, candy, or other sweets”; those who responded 

negatively were classified as initiating with tobacco-flavored e-cigarettes.

Fourth, among participants who reported any e-cigarette initiation, we created an exposure 

for frequency of past 30-day e-cigarette use at a given wave. More than 60% of youth 

reported vaping <3 days in the past 30-days. To avoid practical positivity issues resulting 

from too many exposure categories (i.e., non-zero probability of exposure within strata of 

covariates), vaping frequency was trichotomized as 0-days (reference), 1-2 days, and ≥3 

days in the past 30-days. The reference group included youth who ever initiated e-cigarettes 

but reported vaping 0 days in the past 30-days. Participants were allowed to switch between 

vaping frequency categories between waves.

Outcome: Cigarette Smoking Initiation—The primary outcome was combustible 

cigarette smoking initiation measured at waves 3, 4 and 5, defined as having ever smoked 

a cigarette, even one or two puffs. A secondary outcome was first report of current 

combustible smoking, defined as smoking in the past 30 days. We used current smoking 

to capture initiation of more regular smoking, as in prior studies.27,28

Confounders—We measured time-invariant confounders at wave 1 and time-varying 

confounders were measured at waves 1, 2, and 3. Confounders were variables associated 

with both e-cigarette use and cigarette smoking initiation in prior literature, including socio-

demographic,29 behavioral,30-32 and environmental factors.30
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Confounders measured at wave 1 only and used as predictors in inverse probability of 

treatment and censoring weights included age (12-14 years, 15-17 years), biologic sex 

(male, female), parent’s educational attainment as a proxy for socio-economic status (<high 

school graduate or GED, ≥ high school graduate), living with a user of any tobacco product 

(yes/no), past 12-month grade performance (Mostly A’s or B’s, all other grades), and a 

measure of sensation-seeking collected via the Brief Sensation Seeking Scale (continuous 

score with natural cubic spline).33

We incorporated self-reported race and ethnicity as a proxy for social and/or structural 

racism which may influence substance use.34 Participants were asked, “What is your race?” 

with 14 response categories (select all that apply), and “Are you Hispanic, Latino/Latina, 

or of Spanish origin?” In public use datasets, race was available as a categorical variable 

(Black, White, all other races). We combined race and ethnicity for analysis (non-Hispanic 

Black, non-Hispanic White, Non-Hispanic Asian, Non-Hispanic other races, Hispanic). We 

included age, living with a tobacco user, grades, and sensation-seeking as wave 1 measures 

because they were either collected only at wave 1 (sensation-seeking), only asked on the 

youth survey (grades), or the change over time was minimal (age, living with a tobacco 

user).

Time-varying confounders used as predictors in weight models included externalizing 

mental health problems measured via the Global Appraisal of Individual Needs Short 

Screener (GAIN-SS) (low or moderate vs. high problems);35 past 12-month use of alcohol, 

marijuana, or other tobacco product use (yes/no); having been talked to by parents about 

not using tobacco in the past 12 months (yes/no); having a favorite tobacco advertisement 

(yes/no); and perceived harm of e-cigarettes compared to cigarettes (less harmful vs. equally 

harmful, more harmful, don’t know). We included a dichotomous measure of cigarette 

susceptibility, with non-susceptible defined as responding negatively to each question: (1) 

being curious about smoking a cigarette, (2) thinking about smoking in the next year, and (3) 

would smoke if a friend offered a cigarette.36

Analysis

We restricted data as one observation per exposure wave (up to three observations per 

participant). Follow-up began at wave 2, and we censored youth at cigarette smoking 

initiation, or the first wave lost to follow-up. We calculated the exposure prevalence, rate 

of smoking initiation (i.e., events per person–waves), and distribution of covariates stratified 

by exposure and loss to follow-up status.

Marginal Structural Models (MSMs)—We used marginal structural models to adjust 

for time-dependent confounding. These models incorporate inverse probability of treatment 

weights (IPTW) to create a pseudopopulation in which participants with low probability for 

the e-cigarette exposure they received are given higher weights so that exposure appears 

random with respect to measured covariates.20

IPTW estimation (exposure model)—For each participant and wave for which 

exposure was measured, we estimated a stabilized weight equal to the inverse probability 

that a participant received the e-cigarette exposure history they received, given past exposure 
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and covariates. Stabilized weights reduce probability of extreme weights and increase 

precision.20,37 To estimate the weight denominator for the dichotomous exposure of ever vs. 

never e-cigarette initiation, we used pooled logistic regression to estimate the probability of 

never vaping at each time point. Independent variables included all time-invariant covariates, 

time-varying covariates measured at the prior wave, and a variable for visit to allow for 

a time-specific intercept.38 The same model estimated the weight numerator, excluding 

time-varying values of covariates. We fitted weight models on the subsample of observations 

for which no e-cigarette initiation had yet occurred.

Predicted probabilities were used to derive the probability of observed e-cigarette exposure 

at each time point. For participants that used e-cigarettes, their probability of observed 

exposure was equal to 1 minus the predicted probability from the above regression. For 

those who had not initiated e-cigarettes, their probability of observed exposure was equal to 

the predicted probability. To estimate the probability of e-cigarette history up to each time 

point, we multiplied probabilities over time (e.g., at wave 4, the denominator was equal to 

the product of the probabilities at wave 2, 3, and 4).

The same approach but with pooled multinomial logistic regression was used to estimate 

weights for the remaining three categorical exposures. For current, former, and never 

e-cigarette use and vaping frequency exposures, we did not restrict models to the subsample 

of observations for which no e-cigarette initiation had yet occurred, as participants were able 

to switch between exposure categories.

We used a similar process to estimate stabilized inverse probability of censoring weights 

(IPCW) representing the probability of remaining non-censored at each observation 

conditional on past covariates and exposure among the full sample at baseline. Incorporation 

of IPCW accounts for selection bias due to dropout by creating a pseudopopulation that 

would have been observed had loss-to-follow-up been random with respect to prior exposure 

and covariates.22 The final weights were equal to the product of the IPTW and IPCW. See 

eAppendix 1 for SAS code, calculation, and distribution of the final weights. All stabilized 

weights had a mean of 1.0.

Marginal Structural Model (outcome model)—We estimated the parameters of the 

following marginal structural model: log (pr[Ya = 1∣ν]) = β0(t) + β1a(t) + β2ν; β0(t) 
represents the time-specific intercept, a(t) is e-cigarette exposure at wave t, and v is a vector 

of wave 1 covariates. We fitted weighted discrete-time Poisson regression models for each 

exposure specification, using the SAS procedure PROC GENMOD and a repeated statement 

with an independent correlation matrix for robust standard errors. Under assumptions of 

exchangeability, positivity, consistency, and correct model specification,37 β1 is interpreted 

as the causal risk ratio (RR) for the effect of initiating e-cigarettes, comparing participants’ 

risk of smoking initiation if they initiated e-cigarettes at or before wave t with their risk of 

smoking initiation if they never initiated e-cigarettes at or before wave t. The interpretation 

changes slightly for the current, former, or never initiating e-cigarettes and vaping frequency 

exposures as the effect of most recent exposure at wave t. See eAppendix 2 for discussion of 

corresponding causal estimands.
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For each exposure–outcome pair, we additionally estimated the association using traditional 

regression models adjusting for wave 1 values of confounders. We expect these estimates 

to be biased and they serve as a comparison for the magnitude of residual time-dependent 

confounding after baseline.

Secondary and Sensitivity Analyses—We conducted a simple quantitative bias 

analysis to assess the magnitude and direction of bias due to potential non-differential 

exposure and differential outcome misclassification. Informed by internal and external 

validation studies, we re-estimated marginal structural models using a range of sensitivity 

and specificity values for self-reported e-cigarette use and cigarette smoking and record-

level Bernoulli trials (eAppendix 3).39 40

We multiplied inverse probability weights by PATH wave 2 sample weights to produce 

estimates representative of the US population at study baseline. Sample-weighted 

associations were estimated using logistic regression with PROC SURVEYLOGISTIC to 

accommodate the Balanced Repeated Replication method and Fay adjustment (ρ = 0.3) for 

robust standard errors, as recommended in the PATH user guide.24

We calculated the population attributable fraction (PAF) for ever e-cigarette initiation 

using the sample-weighted marginal structural model odds ratio (OR) and vaping 

prevalence among youth who initiated smoking (Pr(Ed)) with the following equation:41 

Pr(Ed)*OR-1/OR. Sample-weighted ORs approximate RRs under the rare disease 

assumption. The PAF 95% confidence interval was calculated using the method proposed by 

Greenland (1999).42 We used SAS survey procedures and PATH sample weights to estimate 

the number of youths in the US who initiated cigarette smoking between waves 2 and 5 

(2014-2019). We then multiplied the total number of youths who initiated cigarette smoking 

by the PAF percentage to estimate the number of youths who initiated cigarette smoking 

attributable to prior e-cigarette initiation over the study period.

Missing Data

We used the Markov Monte Carlo method of multiple imputation with 10 imputed datasets 

to simulate values for missing data. Data were missing for <3% of participants for all 

variables except: wave 1 other tobacco use (4.4%), wave 3 flavor of first e-cigarette (8.7%), 

wave 4 ever cigarette smoking (4.4%), and wave 4 ever e-cigarette use (4.4%).

Results

The 9,584 cigarette and e-cigarette naïve youth at wave 1 contributed 23,167 person–waves. 

Over the study period, 1,763 initiated e-cigarettes (12% exposed person–waves, 593 at wave 

2, 783 at wave 3, and 385 at wave 4), 1,563 initiated combustible cigarette smoking (7% 

per person–wave), 917 reported current cigarette smoking (4% per person–wave), and 2,152 

(22%) were lost to follow-up.

Youth who initiated e-cigarettes on average were older, more likely to live with a tobacco 

user, had a higher sensation-seeking score, were more likely to have externalizing mental 

health problems, to have used alcohol, marijuana, and other tobacco products, had worse 
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grade performance, were more susceptible to cigarette smoking, and were more likely 

to believe e-cigarettes are less harmful than cigarettes than youths who never initiated 

e-cigarettes (Table 1). There were few differences in confounders or baseline e-cigarette use 

between youths retained versus lost to follow-up (eTable 1).

E-cigarette use and Smoking Initiation: Ever Smoking Outcome

Table 2 presents results from marginal structural models and traditional baseline-adjusted 

models for the ever-smoking outcome. Prior to accounting for time-dependent confounding, 

baseline-adjusted RRs for the association between e-cigarette use and cigarette smoking 

initiation were 2.7 (95% CI: 2.4–3.0) for ever e-cigarette use, 3.5 (95% CI: 2.9–4.1) for 

current e-cigarette use, and 2.5 (95% CI: 2.2–2.9) for former e-cigarette use relative to never 

e-cigarette use. After accounting for time-dependent confounding and selection bias using 

marginal structural models, RRs for cigarette smoking initiation attenuated to 2.4 (95% CI: 

2.2–2.7) for ever e-cigarette use, 3.1 (95% CI: 2.6–3.7) for current e-cigarette use, and 2.2 

(95% CI: 2.0–2.5) for former e-cigarette use. In marginal structural models, there was no 

difference in risk of smoking initiation by flavor use at initiation. Among youth who ever 

initiated e-cigarettes, marginal structural model-adjusted RRs for smoking initiation were 

1.8 (95% CI: 1.4–2.2) for vaping ≥3 days and 1.2 (95% CI: 0.93–1.6) for vaping 1–2 days 

compared to vaping 0 days in the past 30 days.

E-cigarette use and Smoking Initiation: Current Smoking Outcome

Table 3 presents results from marginal structural models and traditional models for the 

current smoking outcome. Prior to accounting for time-dependent confounding, baseline-

adjusted RRs were 2.9 (95% CI: 2.5–3.3) for ever e-cigarette use, 3.8 (95% CI: 3.1–4.6) for 

current e-cigarette use, and 2.6 (95% CI: 2.2–3.1) for former e-cigarette use relative to never 

e-cigarette use. In weighted marginal structural models, RRs attenuated to 2.5 (95% CI: 2.2–

2.9) for ever e-cigarette use, 3.4 (95% CI: 2.8–4.2) for current e-cigarette use, and 2.3 (95% 

CI: 1.9–2.7) for former e-cigarette use. In marginal structural models, initiating non-tobacco 

flavored e-cigarettes was associated with 2.6 (95% CI: 2.2–3.0) times the risk, and initiating 

tobacco-flavored e-cigarettes was associated with 2.3 (95% CI: 1.5–3.5) times the risk of 

initiating current smoking, relative to never e-cigarette use. Among youth who ever initiated 

e-cigarettes, marginal structural model-adjusted RRs for current smoking initiation were 1.9 

(95% CI: 1.5–2.6) for vaping ≥3 days and 1.3 (95% CI: 0.92–1.8) for vaping 1-2 days 

compared to vaping 0 days in the past 30-days.

Secondary and Sensitivity Analyses

Sample-weighted marginal structural model estimates did not change appreciably compared 

to estimates without PATH survey sample weights (Table 4). The absolute number of 

cigarette-naïve youths at wave 2 who initiated cigarette smoking by wave 5 at the US 

population level was estimated to be 3,228,524. Assuming internal validity, the estimated 

number of youths who initiated cigarette smoking attributable to prior e-cigarette initiation 

over the two-year follow-up period was 554,153 (95% CI: 395,366-704,040; PAF=17%, 

95% CI: 12%-22%).
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RRs corrected for non-differential exposure misclassification ranged from 2.4 (<1% bias) to 

5.2 (54% bias) (eTable 5). RRs corrected for differential outcome misclassification ranged 

from 1.6 (50% bias) to 4.3 (56% bias) when outcome specificity was set to 1.0 in both 

exposed and unexposed (eTable 6), and 2.4 (<1% bias) to 5.4 (56% bias) when specificity 

was reduced to 0.95 for exposed and unexposed (eTable 7). When correcting for exposure 

and outcome misclassification simultaneously, corrected ORs ranged from 2.3 (<5% bias) to 

6.4 (63% bias) (eTables 8-9). Bias analyses indicated that most scenarios of non-differential 

exposure and differential outcome misclassification expect to bias observed associations 

towards the null. Imperfect specificity induced more bias than imperfect sensitivity.

Discussion

In the current study, we estimated the association between time-varying e-cigarette initiation 

and subsequent cigarette smoking initiation among US youth who had never used e-

cigarettes or combustible cigarettes at baseline. Our study confirmed that youth who initiated 

e-cigarettes were more likely to subsequently initiate combustible cigarette smoking than 

youth who never initiated e-cigarettes. The association persisted after adjustment for time-

dependent confounding, selection bias, and exposure/outcome misclassification, and was 

slightly stronger for more recent e-cigarette use and greater vaping frequency. There was 

little difference in risk of smoking initiation between youth who initiated non-tobacco 

flavored vs. tobacco-flavored e-cigarettes. Models that did not adjust for time-dependent 

confounding yielded slightly overestimated associations.

The association between vaping and cigarette smoking initiation appeared stronger for youth 

who vaped ≥3 days/month (versus <3 days/month). Frequency is an important consideration 

when studying the effect of vaping on tobacco use, as well as other substance use behaviors. 

More frequent vaping is associated not only with more frequent cigarette smoking43,44 

but also greater risk of binge drinking and cannabis use in youth.45 Few studies have 

examined the differential association of vaping frequency with smoking initiation among 

youth. Among adults, vaping daily (vs. non-daily) may be more effective for cigarette 

smoking cessation,46,47 but also contribute to longer-term vaping dependence.48 Data from 

this and prior studies43-47 highlight the importance of distinguishing between frequency of 

e-cigarette use in epidemiologic studies on vaping.

E-cigarette flavorings were not meaningfully associated with risk of cigarette smoking 

initiation in this study. Availability of flavored e-liquids increases the appeal of e-cigarettes 

to youth.49 Youth who vape flavored e-cigarettes are more susceptible to continued regular 

vaping and report greater susceptibility to cigarette smoking than those who vape tobacco 

flavors.50 However, a recent PATH study similarly found that flavored e-cigarette use (vs. 

tobacco flavored e-cigarette use) was not associated with increased risk of cigarette smoking 

initiation.51 While this and prior studies did not find differences in smoking initiation by 

e-cigarette flavors, flavored e-liquids may increase initiation of youth vaping,50 and have 

additional implications for product toxicity.8

We estimated approximately 550,000 youth in the US initiated cigarette smoking as a result 

of e-cigarette initiation over three-years of follow-up during the study period (2014–2019). 
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In a prior PATH study, Berry et al. estimated 180,000 youth initiated cigarette smoking after 

e-cigarette initiation between 2013–2016.52 Given that population-level absolute estimates 

are a function of the total number of youth who initiated cigarette smoking over the 

time period, and thus highly influenced by length of follow-up and other study design 

decisions (e.g., sample inclusion criteria), the PAF percentage value is more comparable 

across studies. Berry et al. estimated a PAF of 21%, which falls within the PAF confidence 

limit range of the current study (12%-22%). It is reassuring that the two sets of results 

are highly consistent, and both the current study and that by Berry et al. indicate that a 

substantial proportion of cigarette smoking initiation among US youth may be attributable to 

prior nicotine vaping. It is important to consider that e-cigarettes may have prevented some 

youth from initiating cigarette smoking (i.e., acted as a substitute among youth interested 

in tobacco). Whether vaping caused a greater number of new smokers compared to a 

counterfactual world with no e-cigarettes would likely depend on several factors, including 

the vaping prevalence among youth who would otherwise not have used any tobacco 

products in their absence.

There are limitations to our study. Results should only be interpreted causally under 

assumptions of exchangeability, consistency, positivity, and correct model specification 

(and assuming no other sources of bias).37 Although models adjusted for a number of 

time-invariant and time-varying confounders, the possibility of unmeasured confounding 

(i.e., non-exchangeability) cannot be ruled out, for example by factors such as peer influence 

that were not measured in PATH.53 Similarly, the population-level estimate assumes a causal 

relationship and no bias. Although weights accounted for selection bias due to dropout, 

if youth who were included in the study at baseline were more or less likely to initiate 

e-cigarettes and cigarette smoking than youth not included at baseline, this may be a 

source of selection bias not accounted for in the analysis.21 Misclassification probabilities 

addressed in the bias analysis were assumed to be independent; however, exposure and 

outcome data were collected from the same survey and dependent misclassification is 

possible.54,55 Incorrect misclassification assumptions can lead to bias-corrected estimates 

further from the truth than the original misclassified estimate.56 There may be e-cigarette 

device characteristics that differentially affect likelihood of smoking initiation that were not 

investigated. For example, concentration and type of nicotine (e.g., free-base vs. nicotine 

salts) likely plays an important role in nicotine dependence among youth. Finally, results do 

not provide information on whether youth become regular cigarette smokers after initiation.

Conclusion

A strong association between e-cigarette use and combustible cigarette smoking in the 

PATH survey population persisted after adjustment for time-dependent confounding and 

selection bias due to dropout using marginal structural models with inverse probability 

of treatment and censoring weights. The association between e-cigarette initiation and 

smoking initiation appeared strongest for more recent and frequent users. Results from 

bias analyses indicate misclassification may be a bigger concern to study validity than time-

dependent confounding. However, even the most extreme bias analysis results supported a 

strong positive association. The findings are therefore consistent with the preponderance 
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of evidence that vaping nicotine may be one cause of subsequent combustible cigarette 

smoking initiation among US youth.
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Refer to Web version on PubMed Central for supplementary material.
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Figure 1. 
Exclusions, Censoring, and Measurement Assessment Windows.
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Table 1.

Wave 1 covariates by e-cigarette initiation over follow-up among 9,584 cigarette naive youth at baseline

Covariates measured at wave 1
Ever e-cigarette
use (n=1,763)

Never e-cigarette
use (n=7,821)

12-14 years old, N (%) 829 (47) 4,719 (60)

15-17 years old, N (%) 934 (53) 3,102 (40)

Female sex, N (%) 829 (47) 3,892 (50)

Race/ethnicity, N (%)

    non-Hispanic Black 206 (12) 1,172 (15)

    non-Hispanic white 874 (50) 3,665 (47)

    non-Hispanic Asian or other race 147 (8) 721 (9)

    Hispanic 536 (30) 2,263 (29)

Parental Education, N (%)

    < High School or equivalent 639 (36) 3013 (39)

    Some college or Associates degree 586 (33) 2,385 (31)

    ≥Bachelors degree 539 (31) 2423 (31)

Lives with tobacco user, N (%) 668 (38) 2,274 (29)

Brief Sensation Seeking Scale, median (interquartile range) 3.0 (2.7-3.7) 3.7 (3.0-4.3)

Externalizing mental health problems, N (%)

    Low 436 (25) 3,314 (42)

    Medium 619 (35) 2,474 (32)

    High 708 (40) 2,033 (40)

Past 12-month alcohol use, N (%) 326 (19) 515 (7)

Past 12-month marijuana use, N (%) 113 (6) 143 (2)

Past 12-month other tobacco use, N (%) 125 (7) 142 (2)

Parent talked to youth about not using tobacco, N (%) 954 (54) 3,924 (50)

Grades, N (%)

    Mostly As 411 (23) 2,314 (30)

    Mostly As and Bs 633 (36) 2,763 (35)

    Mostly Bs 168 (10) 675 (9)

    Mostly Bs and Cs or lower 551 (31) 2,069 (27)

Susceptible to cigarette smoking, N (%) 813 (46) 2,061 (26)

Believe e-cigarettes are less harmful tshan cigarettes, N (%) 910 (52) 1,914 (37)

Has a favorite tobacco advertisement, N (%) 164 (9) 459 (6)
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