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Abstract

Background.—The use of electronic cigarettes (e-cigarette) offers potential to facilitate cigarette 

smoking cessation, yet potentially increases risk of cigarette smoking initiation. This relationship 

has been primarily modeled in mathematical ways that often do not represent real-world 

complexities, which could inform decisions regarding local prevention programs or policies.

Aims.—To develop a model of cigarette and e-cigarette use that combines current research on 

tobacco use and incorporates real-world geographic and demographic data.

Method.—We used a platform for developing agent-based models with demographic information 

representative of the population in Pennsylvania. We developed three models of cigarette and e-

cigarette use. The primary outcome for each was the total number of users for cigarette, e-

cigarette, and total nicotine. The first model applied current cigarette and e-cigarette data, the 

second tested the effect of implementing a program of e-cigarette education and policies, and the 

third considered a social contagion factor, where local schools functioned as a transmission vector.

Results.—The baseline and social contagion models found an overall decline in cigarette use but 

an increase in e-cigarette and total nicotine use. The education/policies model had declines in all 

categories. Sensitivity analysis suggested the importance of nuanced e-cigarette/cigarette 

interactions when modeling tobacco use.

Discussion.—Public health campaigns that focus on reducing youth e-cigarette usage can have a 

large effect. Social contagion should be strongly considered when studying e-cigarette spread.

Conclusion.—Targeted public health campaigns focused on reducing school prevalence of e-

cigarette use may be particularly valuable.
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The U.S. Food and Drug Administration (FDA) recently announced results from the 2018 

National Youth Tobacco Survey, highlighting a 78% increase in electronic cigarette (e-

cigarette) use among high school students from the previous year (FDA, 2018a). This 

increase, along with a small uptick in cigarette use (7.6% to 8.1%), reversed years of decline 

in overall youth tobacco product use and prompted the U.S. Surgeon General to declare e-

cigarette use among youth a national epidemic (Stein, 2018). Among young adults, ever e-

cigarette use increased from 2014 to 2016 (Bao, Xu, Lu, Snetselaar, & Wallace, 2018). 

Analyses of data from the 2016 Behavioral Risk Factor Surveillance System found a 

prevalence of 1.4% for sole e-cigarette use (i.e., never used cigarettes), which translated to 

1.9 million sole e-cigarette users, 17.7% of whom reported daily e-cigarette use (Mirbolouk 

et al., 2019).

The use of e-cigarettes is a controversial public health topic. On one hand, recent studies 

suggest that e-cigarettes may facilitate cigarette cessation among adult smokers (Berry et al., 

2018; Hajek et al., 2019). The efficacy of e-cigarettes as a cessation aid may be due to 

higher levels of satisfaction and self-reported helpfulness as compared with nicotine 

replacement products currently approved by the FDA (Hajek et al., 2019). This appears to be 

more pronounced for daily e-cigarette users as compared with less frequent users. For 

example, analysis of the first two waves (2013–2015) of the Population Assessment of 

Tobacco and Health Study found that daily e-cigarette use is associated with a 7.88 greater 

odds of 30-day cigarette cessation, while individuals who experimented with e-cigarettes 

had a decreased odds (adjusted odds ratio = 0.51, 95% confidence interval = [0.07, 1.47]) of 

30-day cigarette cessation (Berry et al., 2018).

However, other research suggests that e-cigarettes may actually increase the risk of 

traditional cigarette initiation among otherwise never-smoking youth and young adults 

(Barrington-Trimis et al., 2016; Primack et al., 2018; Primack, Soneji, Stoolmiller, Fine, & 

Sargent, 2015; Soneji et al., 2017; Spindle et al., 2017). For example, a large nationally 

representative study found that for youth considered at low risk for smoking initiation, e-

cigarette use was associated with 8.57 greater odds of cigarette initiation (Berry et al., 2019).

Given the possibility for e-cigarettes to facilitate both cigarette smoking initiation and 

cessation, the question remains as to the potential impact of e-cigarettes at a population 

level. Quantifying the balance of population benefits and harms is challenging, as it requires 

accounting for both the number of current adult cigarette smokers who will successfully quit 

traditional cigarettes using e-cigarettes as well as the number of never-smoking youth and 

older individuals who will initiate cigarette smoking through the use of e-cigarettes. Since e-

cigarette use is a relatively new phenomenon, there is a lack of robust, longitudinal empirical 

data to answer this question. One possible solution is to use computational models that can 

provide insight by projecting possible outcomes under varying scenarios. Such models are 

particularly useful for population health problems such as tobacco use, where dynamic 

interrelations exist between individual and environmental influences (Diez Roux, 2011). 

Moreover, the Institute of Medicine recently published a report highlighting the potential of 

agent-based models as an essential tool to inform decision making around tobacco related 

educational programming and policies (Institute of Medicine, 2015a).
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Previous models examining population-level benefits and harms of e-cigarette use have 

yielded mixed results. A Monte Carlo stochastic simulation model suggested more 

population-level harm than benefit from e-cigarette use. This model estimated that an 

additional 2,070 cigarette smoking adults would quit smoking through the use of e-cigarettes 

in 2015, but 168,000 never-cigarette smoking adolescents and young adults who had ever 

used e-cigarettes would initiate smoking in 2015 and eventually become daily cigarette 

smokers. The model also estimated that the net increase in daily cigarette smokers would 

lead to 1,510,000 years of life lost due to e-cigarette use in 2014 (Soneji, Sung, Primack, 

Pierce, & Sargent, 2018). Other studies using a decision-theoretic model, systems dynamics 

approach, or agent-based model suggested more population-level benefit than harm, as 

defined by a decrease in the number of smokers or a decrease in smoking-attributable deaths 

(Cherng, Tam, Christine, & Meza, 2016; Hill & Camacho, 2017; Levy, Borland, et al., 

2017). Specifically, Levy, Cummings, et al. (2017) used a decision-theoretic model with a 

cohort of individuals born in 1997 to calculate a 21% decrease in smoking-attributable 

deaths by the year 2083 due to the introduction of e-cigarettes. Monte Carlo simulations of 

seven different use scenarios found population-level benefits only when most e-cigarette 

users are either current smokers interested in cessation or when youth would have become 

smokers even in the absence of e-cigarettes (Kalkhoran & Glantz, 2015).

These mixed results may in part be explained by the input parameters used in previous 

studies. Models that projected an overall decrease in the number of cigarette smokers 

assumed a low odds of youth e-cigarette users transitioning to cigarette smoking and used 

older data to approximate the prevalence of youth cigarette and e-cigarette use. For example, 

using data from the 1965–2012 National Health Interview Surveys, the Levy, Borland, et al. 

(2017) model predicted that 12.6% of males and 8.5% of females in the 1997 birth cohort 

would smoke cigarettes at age 18 years. However, the 2015 National Health Interview 

Survey (the year these individuals would be 18) found that 6.6% of 18-year-old males and 

3.6% of 18-year-old females were current cigarette smokers. This short-term prediction error 

has led other researchers to express concern about the accuracy of this model (Soneji, Sung, 

Primack, Pierce, & Sargent, 2018). Thus, there is a need for updated modeling using more 

recent data.

In addition, prior efforts were primarily mathematical models that did not necessarily 

represent real-world complexities, for example, number of vape shops in a neighborhood. 

These models provide a comprehensive view of high-level outcomes but do not account for 

the nuanced nature of e-cigarette use, which can vary significantly based on location and 

demographics. E-cigarette models that apply nationally or internationally representative data 

can find results that show mean effects without accounting for trends in demographics (e.g., 

cities with high densities of subpopulations vulnerable to smoking). Most modeling efforts 

also do not present e-cigarette trends in the context of overall effects on cigarette or total 

nicotine use. Examining the effect of e-cigarettes on total nicotine use may be particularly 

valuable in light of previous research suggesting that exposure to nicotine through e-

cigarettes or nicotine replacement therapy may affect adolescent brain development and 

elevate the risk for cardiovascular disease in adults (Mills, Thorlund, Eapen, Wu, & 

Prochaska, 2014; Yuan, Cross, Loughlin, & Leslie, 2015). Most important, individual 

behaviors affected by other people in shared proximities, school locations, and actions of 
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other people are rarely modeled at all. Given that youth who report ever use of e-cigarettes 

identified “use by friend or family member” as the top reason for their own use (Tsai et al., 

2018), it may be particularly valuable to include information regarding social contagion in e-

cigarette susceptibility.

Thus, there is a need to conduct research that can provide information regarding potential 

population-level harm in a localized geographic area, which can allow for proper resource 

allocation and targeted primary prevention efforts. This may prove more useful than 

estimating state or local scenarios based on data from national or international sources, 

which may not consider nuanced complexities in a narrower scope. The primary objective of 

this study is to address that need by developing a model of cigarette and e-cigarette use that 

combines current research on tobacco use and incorporates real-world geographic and 

demographic data.

Method

Modeling Framework

To develop our model, we used the Framework for Reconstructing Epidemiological 

Dynamics (FRED; Grefenstette et al., 2013). FRED is a tool for creating agent-based 

models, and not a model in and of itself. Agent-based modeling is a simulation modeling 

technique that uses a collection of individual “agents” who follow simple rules (Bonabeau, 

2002; Epstein & Axtell, 1996). As the simulation unfolds, agents interact with one another, 

with the consequence of each interaction governed by each agent’s behavioral rules and 

previous actions. Often, agents represent humans, and their behavioral rules may be based 

on the characteristics associated with each agent, such as age, gender, and location. The 

actions and interactions of individual agents result in population-level phenomena. Agent-

based models use a population of agents with individualized behavior and activities to model 

complex and emergent behavior on a population level. Agent-based models can incorporate 

a range of geographical and spatiotemporal heterogeneities that may be impractical or 

intractable for purely mathematical models (Bonabeau, 2002).

In FRED, agents represent humans. FRED uses a census derived synthetic population (based 

on the 2010 U.S. Census) to allocate household, workplace, and school locations to every 

member of any U.S. geographic area (Wheaton, 2014). FRED agents are encoded with 

demographic information representative of the real population in the geographic area, 

including age, gender, race, income, and employment and school locations (Grefenstette et 

al., 2013). This demographic data, along with the behavior and actions of other agents, can 

be used to influence the behavior of each agent.

FRED has previously been used to investigate a range of public health topics, including the 

benefits of paid sick leave and vaccination policies, positioning of health care facilities after 

natural disasters, and asthma and heat stroke risks during severe pollution events 

(Grefenstette & Schaper, 2017; Guclu et al., 2016; Liu et al., 2015). This study leverages 

FRED to investigate cigarette and e-cigarette use over time. FRED’s unique ability to 

represent the U.S. population at a fine grained level can reveal trends unavailable to other 

models. For example, FRED contains real school locations, with enrollment linked to 
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demographic information (e.g., richer households are more likely to have their children at 

private schools, while public school students attend a school near their home). These factors 

provide the ability to incorporate strong social and spatial determinants of cigarette and e-

cigarette use into our model. By utilizing these capabilities, we will be able to better 

understand population-level behavior and provide results that can affect policy and 

programs.

Model Conditions and States

Our model consisted of two conditions—cigarette and e-cigarette use—through which 

agents move simultaneously and autonomously (Figure 1). For both conditions, agents enter 

the model in one of three states: regular use, no use, or quit based on prevalence data. Due to 

the availability of data, the cigarette condition included two additional states: (1) initiate use 
and (2) try quit. An agent may move between different states in both the cigarette and e-

cigarette models based on data from existing research (Table 1); that is, we apply 

probabilistic data of tobacco use from existing research to determine the likelihood that an 

agent transitions between tobacco use states. For example, an agent who represents a 14-

year-old youth who does not use cigarettes or e-cigarettes has a 3.8% chance of initiating e-

cigarette use, moving from e-cigarette no use to e-cigarette regular use (Figure 1). The 

frequency of transitions, that is, how often an agent applies the probabilities to change their 

behavior, occurs annually, with the exact date randomly chosen from the 365-day period.

Data

This study was conducted using data for the state of Pennsylvania (PA). Historically, PA has 

represented a politically and demographically diverse microcosm of the United States, with 

its counties exemplifying recent demographic shifts in urban, suburban, and rural 

communities (Frey & Teixeira, 2008; Parker et al., 2018). PA also has established tobacco 

control advocacy groups as well as tobacco manufacturers/processors (Colditz, Ton, James, 

& Primack, 2017). Moreover, PA currently does not spend any money on advertising 

campaigns and public service announcements to alert parents, teachers, and youth about the 

dangers of e-cigarette use (Scheck, 2018). In fiscal year 2019, PA received approximately 

$1.7 billion in tobacco revenue yet spent only $15.5 million on tobacco prevention, far 

below the Centers for Disease Control and Prevention recommendation of $140 million 

(Campaign for Tobacco Free Kids, 2018). This is in contrast to the approximately $380 

million spent on marketing by tobacco companies in PA (Campaign for Tobacco Free Kids, 

2018).

Simulation Models

We developed three simulation models of cigarette and e-cigarette use in FRED to help 

evaluate how factors in e-cigarette education and social contagion might affect tobacco use. 

In each model, the primary outcome was the total number of users for cigarette, e-cigarette, 

and total nicotine (the sum of cigarette and e-cigarette users). The first model (“baseline 

model”) applied current cigarette and e-cigarette data to establish baseline outcomes. The 

second model (“education/policy enhanced model”) tested the effect of successfully 

implementing a program of e-cigarette education and policies. For example, assuming that 

the success of the programs matches what tobacco control has been able to achieve with 
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youth cigarette programs and policies, we modified youth e-cigarette uptake to match the 

lower youth cigarette uptake. The third model (“social contagion model”) considered a 

social contagion factor, where risk of e-cigarette uptake was affected by local school 

prevalence. No literature currently exists to guide how to model this effect. We assumed that 

if greater than 10% of the agents enrolled at each school were currently e-cigarette users, 

this would represent a normalization of e-cigarette use in that school, with the effect of 

encouraging initiation among nonusers (owing to factors such as peer pressure and easier 

access to e-cigarettes). We therefore doubled each agent’s odds of e-cigarette initiation if 

they attended a school where greater than 10% of the students used e-cigarettes, relative to 

the baseline scenario. Similarly, if fewer than 10% of the agents at a school were e-cigarette 

users, we assumed that this would halve the odds of e-cigarette initiation, relative to the 

baseline scenario, as factors such as peer pressure, cultural normalization and access to e-

cigarettes. Models were run for a simulated 20-year period to allow adequate time for new 

agents to enter the simulation (i.e., births) and progress through adolescence, but not so long 

as to overextend projections across multigenerational lifespans. The simulations were run 

using the FRED synthetic population for the state of Pennsylvania.

Model Assumptions

There are several assumptions and simplifications made when constructing the models. First, 

total nicotine users will be inflated, as we are overcounting agents who use cigarettes and e-

cigarettes (dual users) and also assume that e-cigarettes will always contain nicotine. 

Literature on activities of dual users are limited and do not provide enough data for us to 

accurately model their specific behaviors; therefore, we explicitly delineated these activities 

for conceptual reasons. Next, we assume that quitting is a terminal state, where there is no 

relapse. Our models consider a successful quit attempt as having no use for a year, widely 

considered as having a low chance of relapse. Last, cigarette cessation attempts are a 

complex topic, both in how often attempts are made as well as the methods used (Caraballo, 

Shafer, Patel, Davis, & McAfee, 2017). With regard to using e-cigarettes as a cessation aid, 

we choose a moderate characterization by defining an e-cigarette aided cessation attempt as 

an agent switching entirely from cigarettes to e-cigarettes, but potentially using other 

cessation support (e.g., nicotine gum) as well.

Sensitivity Analyses

To assess the robustness of our results and address potential bias, we conducted a sensitivity 

analysis on the use of e-cigarettes as a cigarette cessation aid. Quitting traditional cigarettes 

can vary not only by which aids are used but also by the combination of methods (Caraballo 

et al., 2017). Therefore, in addition to the baseline measure (switching completely to e-

cigarettes, alone, or in combination with other methods), we also modeled results ranging 

from the strictest (switching completely to e-cigarettes as the only method) to the most 

lenient (partially switching to e-cigarettes, alone, or in combination with other methods) 

definitions.
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Results

Figure 2 shows the trends of each model over 20 years; Table 2 represents the data in tabular 

format. The baseline model found an overall decline in cigarette use; e-cigarette use initially 

increases but levels off, resulting in a 51% increase from current prevalence; total nicotine 

follows a similar trajectory of initial increase followed by a plateau. The education/policy 

enhanced model had declines in all categories, both compared against today’s rates of use as 

well as the baseline model after 20 years. The social contagion model found an overall 

decline in cigarette use but an increase in e-cigarette and total nicotine use compared with 

today’s prevalence; however, when compared against the baseline model at 20 years, there 

are increases in all categories.

The sensitivity analysis (Figure 3) found that the lenient definition of using e-cigarettes as a 

cigarette cessation aid resulted in more e-cigarette use but lower cigarette and total nicotine 

use. The strict definition resulted in fewer e-cigarette users but higher cigarette and total 

nicotine users. While total cigarette and e-cigarette users were consistent in both cases, the 

lenient model’s total nicotine use began higher for several years before declining to less than 

the strict model’s total nicotine use around halfway through the timeline.

Discussion

In this study, we modeled cigarette and e-cigarette trends using agent-based simulation 

modeling in a synthetic PA population based on census data. Projecting current prevalence 

over 20 years based on current research on cigarette and e-cigarette initiation and cessation, 

we found an increase in e-cigarette use as well as an increase in total nicotine use. It is 

important to note the effect by which youth e-cigarette use has negatively affected the 

decline in traditional cigarette use—seen in both real and modeled data (FDA, 2018a). It is 

likely that the baseline model is representing conservative trends, as they do not account for 

the sharp uptick in e-cigarette use by youths in 2018 (FDA, 2018a), as these data were 

unavailable at the time of our study.

The education/policy enhanced model resulted in large declines in all three tobacco 

categories. This change suggests that public health campaigns that focus primarily on 

reducing youth e-cigarette usage (e.g., prevention programs, advertisement regulations, age 

restrictions, etc.) can have a large effect. These targeted interventions would still allow e-

cigarettes to be used as a cigarette cessation device, which can be seen by the decrease in 

cigarette use compared with the baseline model (Figure 2).

The social contagion model showed a net increase in all tobacco use categories when 

compared with baseline. These results have two important implications. First, even a 

conservative risk adjustment by school e-cigarette prevalence can result in notable increases 

in cigarette and total nicotine use. Second, the outcome demonstrates that social contagion 

should be strongly considered when modeling e-cigarette use. Research has consistently 

shown that youth smoking behavior is strongly affected by perceived use of tobacco 

products by their peers or other forms of normalization of behaviors (Alexander, Piazza, 

Mekos, & Valente, 2001; Ali & Dwyer, 2009). These factors can be difficult to represent in 
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models that do not have the ability to include social and spatial variables. A synthetic 

population (such as the one used by FRED) that incorporates the location and enrollment 

sizes of schools, as well as the age of population members, allows school-based behaviors 

and policies to be modeled with increased specificity.

The findings from our baseline model of an overall decline in cigarette use with an 

associated increase in e-cigarette use are consistent with several previous modeling studies 

(Cherng et al., 2016; Hill & Camacho, 2017; Levy, Borland, et al., 2017). The results of our 

education/policy model are also consistent with a previous study suggesting that population-

level benefits from most e-cigarette users are adult current smokers interested in cessation 

(Kalkhoran & Glantz, 2015).

These models suggest that targeted public health campaigns focused on reducing overall 

school prevalence of e-cigarette use may be particularly valuable. Approximately 80% of 

youth do not think that regular e-cigarette use is harmful (Miech et al., 2018), and only 37% 

of 15- to 24-yearolds who used the e-cigarette JUUL—which owns over 70% of the e-

cigarette market—in the past 30 days knew that its cartridges always contain nicotine 

(Willett et al., 2019). Focus groups have also found that most adults are generally unaware 

of the ingredients in e-cigarettes (Coleman et al., 2016). Although 88% of high school 

teachers and administrators reported being somewhat or very concerned about e-cigarette 

use by students, 34% of schools reported no formal communication from the school to 

parents about e-cigarette use (Truth Initiative, 2019). In 2018, the FDA launched “The Real 

Cost” Youth E-Cigarette Prevention Campaign to educate youth about the risks of using e-

cigarettes. The campaign targets youth through social media, digital platform ads, and 

prevention materials in high school bathrooms (FDA, 2018b). Massachusetts recently 

became the first state to launch a coordinated education campaign for parents and adults who 

work with youth (e.g. teachers, school administrators) about e-cigarettes (Massachusetts 

Tobacco Cessation and Prevention Program, 2019). The Massachusetts Department of 

Public Health is also working to develop materials specific to youth for use in schools 

(Bharel & Riley, 2018). Although data on the effectiveness of these campaigns are not yet 

available, it may be valuable for state and local leaders in PA to mirror these efforts. Our 

methodology would be particularly relevant to these efforts, given FRED’s ability to account 

for age-specific demographics in different states and counties.

The sensitivity analysis results were unsurprising: A lenient definition of using e-cigarettes 

to quit led to more e-cigarette smokers and fewer cigarette users, while a strict definition 

resulted in fewer e-cigarette users and more cigarette smokers. The total nicotine use 

displayed an interesting trend where the lenient definition began with higher levels of total 

nicotine use than the strict definition, but the trend lines would cross after approximately 10 

years. This is likely a combination of two factors: (1) more smokers continuing to try and 

quit—this will have a short-term inflation of e-cigarette use for the first few years of the 

simulation and (2) the sizable difference in successful quit rates that were applied—as more 

people continue transitioning to e-cigarettes, total cigarette use will have continuous declines 

over time. The sensitivity analysis suggests that when developing models of tobacco use, the 

nuanced interactions between e-cigarettes and cigarettes should always be considered.
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The results of this study also have important implications for policy measures. In 2015, the 

IOM published substantial evidence for raising the purchasing age of tobacco products from 

18 to 21 years. The report estimated that raising the purchasing age to 21 years nationwide 

would reduce smoking initiation among 15- to 17-year-olds and 18- to 20-yearolds by 25% 

and 15%, respectively (Institute of Medicine, 2015b). Current reports suggest that in 

Needham, Massachusetts, the tobacco 21 initiative resulted in a substantial decrease in 

smoking among high school youth compared with those in surrounding communities–high 

school smoking rates fell 6% from 2006 to 2010, compared with only a 3% drop in 

surrounding communities (Schneider, Buka, Dash, Winickoff, & O’Donnell, 2016). 

Although FDA regulations now prohibit the sale of e-cigarettes to those younger than 18 

years nationwide, PA remains one of the few states to not have a specific law banning their 

sale to minors (U.S. Centers for Disease Control and Prevention, 2018). Given FRED’s 

ability to leverage local demographic data, one future direction is to analyze how policies 

might affect states with different demographics. More data from states that have 

implemented tobacco 21 could be used to simulate effects in states with large youth 

populations but lower age restrictions. Results from other local initiatives (e.g., vape shop 

limits, outdoor tobacco use) could also be modeled in cities or counties that do not have such 

policies.

This study also provides an opportunity to utilize FRED or other innovative modeling 

techniques in order to further advance understanding the effects of new technologies or 

disruptions in health such as e-cigarettes in tobacco. For example, the FRED models can be 

extended beyond total nicotine use to incorporate specific health outcomes, for example, 

tobacco-related cancers. Given more current census data and updated tobacco trend studies, 

additional complexities can also be included in the social contagion model, for example, 

household cigarette smokers and direct health effects of e-cigarettes.

We note several limitations in our study. While FRED is capable of modeling complex 

health phenomena, the models are limited by reliance on comprehensive data about 

incidence of and transitions among specific health states in a population. In the current 

model, for example, we relied on data from several studies that rely on different surveys and 

time periods. The models may have performed differently if more comprehensive, nationally 

representative data were available in this context. Additionally, the richness of our models is 

limited by the availability of smoking data. For example, the role of e-cigarettes as a 

cessation device in continued regular e-cigarette use may be a valuable addition for future 

models as these data become available. It is also important to note that projections such as 

these cannot necessarily account for large-scale social or policy shifts, such as if the FDA 

restricts specific types or flavors of vape liquid, although this model could be used to 

estimate the impacts of such policy shifts. That is, the present FRED model projects a 

natural progression of conditions as they unfold in a social vacuum. However, future models 

might include additional complexity to model social processes within a framework of 

“contagion” or “inoculation,” which would have clear implications for testing potential 

health education interventions. We also note that one model assumes that e-cigarette 

prevention efforts will have the same impact as prior cigarette efforts. While the assumption 

served to provide a baseline to our model, there are no current studies that have been 

conducted on the long-term effects of e-cigarette prevention programs.
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Figure 1. 
FRED (Framework for Reconstructing Epidemiological Dynamics) state-transition 

diagrams. (A) Cigarette states and potential transitions. (B) E-cigarette states and potential 

transitions. (C) An example of a state transition: A 14-year-old e-cigarette nonuser has a 

3.8% chance of becoming an e-cigarette regular user and a 96.2% chance of remaining a 

nonuser. Note. State definitions include apast 30-day use; bpast year first-time use; cat least 

one quit attempt past year; dnot smoked for 6+ months; epast 30-day use; fnot current user.
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Figure 2. 
FRED (Framework for Reconstructing Epidemiological Dynamics) tobacco model 

simulations over 20 years.
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Figure 3. 
FRED (Framework for Reconstructing Epidemiological Dynamics) sensitivity analysis.
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