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Abstract

While smoking prevalence in the U.S. and other industrialized countries has decreased
substantially, this change has been unevenly distributed, with dramatic decreases in certain
subpopulations but little change or even increases in others. Accordingly, considerable attention
has been fruitfully devoted to identifying important risk factors for smoking (e.g., mental illness,
other substance use disorders). However, there has been little research on the intersection of these
risk factors. As risk factors rarely occur in isolation, it is important to examine risk-factor profiles
as is commonly done in studying other chronic conditions (e.g., cardiovascular disease). The
purpose of this Commentary is to encourage greater interest in the intersection of multiple risk
factors using cigarette smoking as an exemplar. We focus on the intersection of eight well-
established risk factors for smoking (age, gender, race/ethnicity, educational attainment, poverty,
drug abuse/dependence, alcohol abuse/dependence, mental illness). Studying the intersection of
risk factors is likely to require use of innovative data-analytic methods. We illustrate, using years
2011-2016 of the US National Household Survey on Drug Use and Health, how Classification and
Regression Tree (CART) analysis can be an effective tool for identifying risk profiles for smoking.
Examination of the intersection of these risk factors elucidates a series of risk profiles with
associated, orderly gradations in vulnerability to current smoking, including the striking and
reliable strength of a college education as a stand-alone profile predicting low risk for current
smoking, and illustrating the potentially increasing importance of drug abuse/dependence as a risk
factor.
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Cigarette smoking continues to represent a major U.S. and global public health problem,
with almost half a million smoking-attributable premature deaths reported yearly in the U.S.
and 6.4 million globally (USDHHS, 2014; Reistma et al., 2017). Substantial progress has
been made in reducing U.S. smoking rates (USDHHS, 2014). However, this decrease has
been realized mainly among those who are more affluent and without other vulnerabilities,
with certain subpopulations experiencing little or no decrease (Stanton et al., 2016;
Dickerson et al., 2018) and still others experiencing increases (Fiore et al., 2008; Higgins &
Chilcoat, 2009; Schroeder, 2016). Given these disparities, considerable effort is being
devoted to identifying and understanding risk factors for smoking. While not an exhaustive
list, age, gender, race, educational attainment, poverty, mental illness, and drug or alcohol
use disorders have welldocumented associations with cigarette smoking in the U.S. and
other industrialized countries (Higgins et al., 2015; 2016; Schroeder, 2016; USDHHS,
2014).

While the study of individual risk factors can begin to account for disparities in smoking
risk, a more complete scientific understanding necessitates examining the intersection of risk
factors. That is, many of the major risk factors for smoking are independently associated
with risk and inevitably co-occur in what can be considered as risk profiles (e.g., mental
illness inevitably occurs in the presence of chronological age, gender, race/ethnicity, and
educational attainment; see Higgins et al., 2015; 2016). Investigation of risk profiles is
common in the study of other chronic conditions (e.g., cardiovascular disease, diabetes). For
example, in cardiology, the contribution of intersecting risk factors (e.g. cholesterol levels,
smoking, age) to the probability of developing heart disease or having a stroke is well
characterized (e.g. Goff et al., 2014). Unlike these other chronic conditions, however,
relatively less scientific attention has been devoted to understanding how smoking risk varies
in correspondence to the presence of co-occurring risk factors. The purpose of this
Commentary is twofold: First, we suggest that risk profiles can be developed for
understanding smoking vulnerability as they are for other chronic conditions through greater
attention to characterizing how risk factors intersect. Second, we suggest examining
smoking risk in this manner may have practical utility such as helping policy makers with
decisions on how to better target tobacco control and regulatory efforts to reduce disparities
in cigarette smoking and use of other tobacco products. For example, decisions on how to
target (a) state-level tobacco control funds for smoking cessation, (b) federal public health
education campaigns on the dangers of tobacco use, or (c) new tobacco control or regulatory
research initiatives within the National Institutes of Health may be enhanced by considering
the type of risk profiling illustrated below. We are not suggesting that this is going to
qualitatively alter such decision-making, but perhaps enhance it through a more complete
scientific understanding of how smoking risk varies and is distributed in the population of
interest.
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Examining Risk Factor Intersections

Studying the intersection of risk factors is optimized by use of innovative data-analytic
methods that incorporate the multitude of complex combinations of designations that
individuals may have across multiple risk factors to calculate a parsimonious risk likelihood
score. While certainly not a silver bullet in that regard, below we illustrate Classification and
Regression Tree (CART) analysis as an exemplar method that can be effective in identifying
risk profiles for smoking. CART analysis has been used to develop risk profiles across a
variety of health-related outcomes from likelihood of recovery from cardiac arrest (Kaji et
al., 2014) to estimating risk for illicit drug use (Kurti et al., 2016).

CART analysis is a nonparametric procedure for dividing a population of interest into
mutually exclusive subgroups or nodes based on a dependent variable of interest such as
current smoking status (Breiman et al., 1984). During this process the observed independent
variables with the most explanatory power in accounting for that dependent variable are
identified. These observed variables can be used repeatedly across branches, depending on
their relative importance in splitting groups. Beginning with the entire sample, an algorithm
identifies a single independent variable, where splitting the sample (parent node) on that
variable will maximize the distinction between the two resulting subsamples (child nodes)
on the dependent variable. Nodes continue to be split into subsamples in this fashion, based
on which independent variable will continue to maximize distinction between the resulting
nodes until the subsamples reach a minimum size that was either predetermined (i.e. there is
no standard size; we set minimum node size at 1000 in the following examples so that each
node would represent at least 0.5% of the sample) or where further splits do not significantly
improve classification within the model (terminal nodes). CART also has the advantage of
not being prone to multicollinearity. The same independent variable can appear multiple
times across splits and nodes, as a “primary” or “surrogate” splitter. The less correlated the
independent variables are, the greater their probable differences in roles as primary and
surrogate splitters. The number of times an independent variable serves as a primary and
surrogate splitter will determine its relative strength as a predictor in the model. Additional
details of the CART process can be found elsewhere (Breiman et al., 1984; Lemon et al.,
2003; Lei et al., 2015) and guides to using this method are also available (Therneau et al.,
2018a,b).

Risk Profiles Using the US National Survey on Drug Use and Health

Higgins et al. (2016) conducted an initial examination of the intersection of common risk
factors for current smoking among U.S. adults by using CART to analyze data from the
annual U.S. National Survey on Drug Use and Health (NSDUH) collapsed across the years
2011-2013. The estimated rate of current smoking for that period was 21.6% (N = 114,426)
and the risk factors examined were age, gender, race/ethnicity, educational attainment,
poverty, drug abuse/dependence, alcohol abuse/dependence, and mental illness. The relative
strength of the eight risk factors can be seen in Table 1. The analysis resulted in the 13
terminal nodes or risk profiles displayed in the bottom row of Figure 1, indicating for each
profile proportion of the overall population, the smoking rate, and the share of the current
smokers overall contained in that profile are listed.
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Educational attainment was the strongest predictor of smoking risk, with the first split of the
entire population into nodes being based on whether someone was a college graduate. This
initial classification, represented by the leftmost terminal node, had the lowest smoking
prevalence (11%), but represented 30% of the U.S. adult non-institutionalized population
and thus 15% of adult current smokers. Further splits were based on the presence or absence
of additional risk factors. Smoking prevalence varied in an orderly manner across the 13 risk
profiles from a low of 11% (those with a college education) to a high of 74% (< college
education, past year drug abuse/dependence, aged 26-64 years), almost a sevenfold
difference. However, note that the highest risk profile was in a node representing only 1% of
the population and thus only 3% of U.S. adult smokers. A final risk profile worth
underscoring is the fourth node (at least high school or some college, 18-64 years, racial/
ethnic makeup excluding Asian or Latino). This node contains the largest proportion of U.S.
adult smokers (43%) yet lacks risk factors commonly associated with smoking disparities
(substance use disorders, poverty, mental illness).

In the interest of looking at the stability of these risk-profiles, we conducted an identical
CART analysis using the years 2014-2016 of the NSDUH (Figure 2). The overall current
adult smoking rate for this time-period was 19.7% (N = 127,857). These updated analyses
show a generally stable pattern of risk profiles, with a few notable features. Again, being a
college graduate was associated with the lowest risk and was the only single-predictor risk
profile. The reliability of this finding across the two data sets, along with the fact that some
level of educational attainment is represented in each of the risk profiles, underscores the
striking strength of the relationship between educational attainment and smoking risk
(Graham et al., 2006; Higgins and Chilcoat, 2009; Higgins et al., 2009; Hiscock et al., 2012;
Kandel et al., 2009; Schroeder, 2016). The relative strength of the other risk factors was also
relatively stable across analyses (Table 1). Any one risk factor changed at most by one level,
with the exception of past year drug abuse/dependence which moved from 4th to 2nd place.
The highest risk profile represented those without a college degree and past year drug/abuse
dependence with a smoking rate of 60%, again a seven-fold increase over the lowest risk
profile. The largest proportion of the smoking population is once again found in an
intermediate terminal node representing those without any college, no past year alcohol or
drug abuse/dependence, between the ages of 18-64 years, an annual income above the
federal poverty level, and non-Hispanic White, Native American or Other race/ethnicity with
a smoking rate of 32% and accounting for 21% of the U.S. adult smoking population.
Indeed, the majority of US smokers (72%) in this recent analysis are located in profiles
representing less than a college education in combination with age and race/ethnicity,
without the presence of any risk factors suggesting obvious social or individual instability.

Conclusions

These analyses have several scientific and practical implications worth underscoring. First,
they illustrate the overarching point of this Commentary, which is that smoking risk
typically varies in an orderly, graded manner in association with the presence of multiple,
co-occurring, independent risk factors (Higgins et al., 2015; 2016). While it is common to
speak of smoking prevalence as being particularly high in certain vulnerable populations
(e.g., those with mental illness or other substance use disorders) these findings illustrate how
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those rates inevitably involve the presence of other co-occurring risk factors. The present
research focuses exclusively on current smoking among adults but recent research
demonstrates a similar pattern for smoking initiation among adolescents (Wellman et al.
2018). Indeed, while in this commentary we focus on current smoking, this approach would
be complimented by examinations of uptake and cessation and use of longitudinal data.

Second, the one exception to this pervasive pattern of co-occurring risk factors in both
CART analyses warrants underscoring. A college education was the only single-predictor
risk profile in each and the profile associated with the lowest risk. Educational attainment
has a striking, inverse association with smoking risk, as well as other health behaviors
(Cutler & Lleras-Muney, 2010; Cutler et al., 2015; Gaalema et al., 2017), with evidence
from natural experiments suggesting a causal influence (e.g., Currie & Moretti, 2003). While
low educational attainment is more typically the point of focus regarding smoking risk, the
present results put the focus on higher educational attainment perhaps relating to the
growing importance of a college education to economic success in industrialized economies
(Moretti, 2012). Recent research on educational attainment as a protective factor against
smoking and other health behaviors suggests an influence of macroeconomic factors on that
relationship (Cutler et al., 2015).

Third, the results across the two CART analyses suggest that the relative strength of the
connection between drug abuse/dependence and smoking in the U.S. may be increasing,
perhaps related to the ongoing opioid epidemic. It is important to note that initiation of
smoking typically precedes use of illicit drugs and a recent CART analysis (Kurti et al.,
2016) identified alcohol use and cigarette smoking as the two strongest predictors for illicit
drug use among U.S. adults. While substantial resources are appropriately being directed
towards curtailing the opioid epidemic, policy makers may want to be mindful of these
associations with alcohol use and cigarette smoking.

Lastly, as was noted above, examining risk profiles in combination with the proportion of the
overall and smoking populations represented (as demonstrated above) provides potentially
useful information to consider in discussions on how best to target limited tobacco control
and regulatory resources in efforts to reduce smoking disparities. Up to seven-fold
differences in smoking prevalence were demonstrated across risk profiles illustrating
tremendous disparities in smoking vulnerability and differential need for assistance.
However, it was also the case that the risk profiles with the highest smoking prevalence rates
included relatively small proportions of the overall smoking population, while those with
more modest smoking prevalence rates included the majority of the smoking population.
Those contrasts would seem to contain the grist for some tough policy decisions. Indeed, if
we had to identify a single observation revealed by the risk-profile models discussed in this
Commentary that might be overlooked with a more conventional single-factor approach it
would be those intermediate risk profiles in Figures 1 and 2. Those profiles involved what in
many ways are unremarkable combinations of cooccurring educational attainment, age, and
race/ethnicity that were nevertheless associated with an above-average smoking prevalence.
Moreover, because the profiles also represented a relatively large swath of the overall U.S
population they also included a larger proportion of the smoker population than any other
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profile in both models and as such warrant considerable attention in efforts to reduce
smoking disparities.

While our purpose in this Commentary is not to make specific recommendations about how
best to target efforts to reduce smoking disparities, we suggest that such decision making
would be enhanced by greater attention to understanding how risk varies in correspondence
to the intersection of independent risk factors. By leveraging analytic tools like CART to
identify and quantify the smoking risk associated with those intersections and the
proportions of the population impacted by them, policy could be backed by a more complete
and stronger empirical foundation.
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Highlights
Risk factors for current smoking rarely occur in isolation
Classification and Regression Tree (CART) analysis is one way to examine risk profiles

Data from a national survey demonstrate how combinations of factors associate with
current smoking

Education is a strong protective factor and the importance of drug use may be increasing

Policy decision making would be enhanced by examining risk profiles
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A pruned, weighted classification and regression tree (CART) model of associations
between current (past 30 days) smoking status and the following eight risk factors in the
U.S. adult (=18 years of age) population: educational attainment, age, race/ethnicity, past
year drug abuse/dependence, past year alcohol abuse/dependence, annual income below
federal poverty level, and past year mental illness in years 2011-2013 of the National Survey
on Drug Use and Health (N = 114,246). Rectangles (nodes) represent the entire population
(top-most node) or population subgroups (all other nodes). Within each node the top line
lists the percent of the overall adult population represented within that node and the second
line represents the smoking rate for that node. Using the root node as an example, this node
represents 100% of the U.S. non-institutionalized adult population and 22% of them are
smokers. Lines below nodes represent the binary branching around particular risk factors
and risk-factor levels into subgroup nodes with further potential partitioning based on
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additional risk factors/levels. The bottom row comprises terminal nodes (i.e., final
partitioning for a particular subgroup, minimal terminal node size set to =1000 individuals).
Terminal nodes contain the same information as the other nodes plus an additional line
showing percent of all adult current smokers represented by that node.
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Figure 2:
A pruned, weighted classification and regression tree (CART) model of associations

between current (past 30 days) smoking status and the following eight risk factors in the
U.S. adult (=18 years of age) population: educational attainment, age, race/ethnicity, past
year drug abuse/dependence, past year alcohol abuse/dependence, annual income below
federal poverty level, and past year mental illness in years 2014-2016 of the National Survey
on Drug Use and Health (N = 127,857). Rectangles (nodes) represent the entire population
(top-most node) or population subgroups (all other nodes). Within each node the top line
lists the percent of the overall adult population represented within that node and the second
line represents the smoking rate for that node. Using the root node as an example, this node
represents 100% of the U.S. non-institutionalized adult population and 20% of them are
smokers. Lines below nodes represent the binary branching around particular risk factors
and risk-factor levels into subgroup nodes with further potential partitioning based on
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additional risk factors/levels. The bottom row comprises terminal nodes (i.e., final
partitioning for a particular subgroup, minimal terminal node size set to =1000 individuals).
Terminal nodes contain the same information as the other nodes plus an additional line
showing percent of all adult current smokers represented by that node.
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Table 1:

Ranking of Eight Risk Factors Affecting Smoking from Greatest to Least in the US National Survey on Drug
Use and Health

2011-2013 2014-2016

Education Education
Age Drug
Race Age
Drug Race

Alcohol Poverty
Poverty Alcohol
Sex Sex

Mental Iliness  Mental Iliness
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