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Abstract

Background: Smoking of tobacco is estimated to have caused approximately six million deaths worldwide in 2014.
Responding effectively to this epidemic requires a thorough understanding of how smoking behaviour is transmitted
and modified.

Methods: We present a new mathematical model of the social dynamics that cause cigarette smoking to spread in a
population, incorporating aspects of individual and social utility. Model predictions are tested against two
independent data sets spanning 25 countries: a newly compiled century-long composite data set on smoking
prevalence, and Hofstede’s individualism/collectivism measure (IDV).

Results: The general model prediction that more individualistic societies will show faster adoption and cessation of
smoking is supported by the full 25 country smoking prevalence data set. Calibration of the model to the available
smoking prevalence data is possible in a subset of 7 countries. Consistency of fitted model parameters with an
additional, independent, data set further supports our model: the fitted value of the country-specific model parameter
that determines the relative importance of social and individual factors in the decision of whether or not to smoke, is
found to be significantly correlated with Hofstede’s IDV for the 25 countries in our data set.

Conclusions: Our model in conjunction with extensive data on smoking prevalence provides evidence for the
hypothesis that individualism/collectivism may have an important influence on the dynamics of smoking prevalence
at the aggregate, population level. Significant implications for public health interventions are discussed.
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Background
In the fifty years since the first report of the Surgeon
General’s Advisory Committee on Smoking and Health
[1] the smoking epidemic has been responsible for more
than 20 million deaths in the United States alone [2, 3],
and continues to be responsible for over 6 million deaths
worldwide each year [4, 5]. The strong social component
of the dynamics of smoking prevalence has beenmodelled
mathematically [6–10], and examined statistically through
analysis of social network data [11] and survey data
[12–14]. However, whereas previous works tend to focus
on the micro-level, in this paper we investigate how social
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aspects of smoking affect its prevalence at the societal
level.
Significant inter-country differences exist in smoking

prevalence [15]. For example, Fig. 1 shows smoking preva-
lence estimates over most of the past century for Sweden
and the USA, obtained from smoking prevalence surveys
and cigarette consumption data (collectively referred to
as tobacco use data, see Data subsection in Methods).
In both countries, smoking prevalence increased rapidly
starting from the early decades of the 20th century and
reached a peak in the 1960s–1980s era when the adverse
health effects of smoking became widely known [1], after
which smoking prevalence declined rapidly. However,
there are conspicuous differences between the curves: the
rate of smoking adoption and cessation before and after
the peak is much greater in the US than in Sweden, and
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Fig. 1 Estimated smoking prevalence in Sweden and the USA
(1920-2020). Estimated smoking prevalence x̂ versus time for the
United States (dots) and Sweden (asterisks). The solid lines give the
curves of best fit for Eq. (1)

the peak in prevalence in the US occurs much earlier than
in Sweden.
Considerable time and resources have been devoted

to identifying the factors that contribute to smoking
prevalence. Major factors include differences in beliefs
about the harm of smoking [16], socio-economic sta-
tus [17, 18], cost [19], regulation/tobacco control policies
[20–22], and gender [23]. However, we note that these
advances in the understanding of the factors contributing
to smoking prevalence are based primarily on micro-level
data, methods that inform general hypotheses, and non-
mathematical descriptive models. Indeed, comprehensive
and quantitative cross-national analyses of how all these
factors affect smoking prevalence are rare [15]. Existing
studies that compare national trends in smoking preva-
lence, as well as the factors that contribute to these trends,
tend to take a descriptive [24, 25] and/or statistical [15]
approach, and do not address the mechanism underly-
ing the key decision of whether or not to smoke in a
quantitative manner [26].
In this paper we present a new model for the social

spreading of smoking. We aim to create and test a
tractable mathematical model, that is, a model for quali-
tative dynamics from which insight (including causation)
can be drawn. This differs from the statistically-driven
approach often used in areas such as econometrics and
medicine, where correlations may be uncovered and ana-
lyzed without formulating first-principle-based dynamic
mathematical models. The statistical approach is difficult
to apply here because the amount of available data on
historical smoking dynamics is small. Our model-based
approach has much in common with simple explanatory
mathematical models that have been successful in, e.g.,
epidemiology and population dynamics.

Our model incorporates the concepts of individual util-
ity from smoking, i.e. the utility an individual derives
directly from the act of smoking (including awareness
of health effects), and social utility from smoking, i.e.
the utility an individual derives indirectly from smok-
ing through social interactions with other smokers (peer
influence and social inertia). Together these two quanti-
ties determine the total utility from smoking. Our model
assumes that an individual’s decision to smoke is based
on the desire to maximize total utility. By invoking this
decision-making mechanism in a simple mathematical
model, our approach differs from the approaches of the
previous mathematical [7–10] and descriptive/statistical
[15, 24–26] models. Whereas previous mathematical
models generally require the calibration of many param-
eters (leading to difficulties in analysis, interpretation,
and overfitting), we propose a simple approach based on
principles of social psychology and sociology whose pre-
dictions can be directly compared to tobacco use data.
Whereas previous descriptive and statistical models lack
an underlying decision-making mechanism, we propose a
model with a decision-making mechanism that is capa-
ble of incorporating factors previously identified as con-
tributing to smoking prevalence. Specifically, we note that
monetary cost, beliefs about the harm/health effects of
smoking, and regulation/tobacco control policies are all
implicitly accounted for in the concept of individual utility
from smoking. Our simple model applies to the popula-
tion level, focusing on major effects that may influence
the temporal dynamics of smoking across societies. It pro-
poses a mechanism for smoking adoption and cessation
that hinges on the balance between individual and social
utility (which both encompass other more fine-grained
factors). Matching the model to real-world data reveals
that the balance between social and individual utility
indeed is an important factor in the temporal dynamics of
smoking, differentiating between countries in a way that
is consistent with known measures of societal individual-
ism. This lends support to the compelling hypothesis that
the balance between individual and social utility, which we
will show to be related to societal individualism, is indeed
an important society-level driver for the temporal dynam-
ics of smoking prevalence. This is consistent with previous
findings that the level of individualism/collectivism of a
society may have fundamental implications for its biology
[27, 28], as well as its behaviour [12, 29–32].
The model we propose is explained in the Model spec-

ification subsection of the Methods section below. In the
context of societal individualism/collectivism, the param-
eter in our model that controls the relative importance
of individual versus social utility is interpreted as follows:
the greater the relative contribution of individual utility to
total utility (at the expense of social utility), the more indi-
vidualistic the society is interpreted to be. Conversely, the
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greater the relative contribution of social utility to total
utility (at the expense of individual utility), the more col-
lectivistic the society is interpreted to be. As described
in detail below (see Testing the model subsection in
Methods), this allows us to test the model’s predictions
against independently collected tobacco use and individ-
ualism/collectivism data sets in three separate phases, see
Fig. 2. First, using tobacco use data we compile smoking
prevalence estimates spanning the past century for seven
countries belonging to the Organisation for Economic
Co-operation and Development (OECD) and find good
agreement between these estimates and the fitted model
(Phase (i) in Model Testing, see Fig. 2). Second, the
country-specific parameter in our model that controls
the relative importance of individual versus social util-
ity, i.e. the parameter that we interpret as the degree

of societal individualism/collectivism (the relative confor-
mity parameter a, see Model specification subsection in
Methods), and that we fit to smoking prevalence esti-
mates, is found to be significantly correlated to an estab-
lished measure of societal individualism for each country
(Hofstede’s IDV [33]), in agreement with the predictions
of the model (Phase (ii) in Model Testing, see Fig. 2).
Thirdly, given the predicted relationship between the rela-
tive conformity parameter a and Hofstede’s IDV (tested in
Phase (ii)), and given the central role played by the relative
conformity parameter a in our model, we are motivated
to investigate directly the role that individualism (as mea-
sured by Hofstede’s IDV) plays in observed historical
tobacco use data. Specifically, our model predicts that
more individualistic societies will show faster adoption
and cessation of smoking. We investigate this in historical
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Fig. 2Model specification and testing of model predictions/interpretation in three phases. Schematic representation of the development and testing
of the smoking prevalence model given in Eq. (1), see Results for detailed explanation. Logic flows from filled circles to arrow heads. Green rectangles
enclose data sets used in this study. Model Specification (blue rectangle): social theory is used to motivate a mathematical model for the dynamics
of smoking prevalence. Model predictions are tested in three phases. Phase (i) (red rectangle): the model is fitted to smoking prevalence estimates
derived from tobacco use data (see Data subsection in Methods) resulting in good model-data agreement, see Fig. 1 and Fig. A.2 of Additional file 1.
Phase (ii) (purple rectangle): the relative conformity parameter a from the model controls the relative contribution of social and individual utilities to
total utility, and hence, is interpreted as reflecting the degree of individualism/collectivism in a society. This model prediction is tested by
comparing country specific fitted values of a (calculated in Phase (i)) to Hofstede’s IDV, an already established measure of individualism/collectivism.
Linear regression of a on IDV confirms that these two quantities are significantly (negatively) correlated, see Fig. 4(a). Phase(iii) (yellow rectangle): the
relative conformity parameter a in Eq. (1) plays a central role in determining the rate of the increase/decrease in smoking prevalence. Our
interpretation of a in terms of individualism/collectivism therefore predicts a relationship between the average rate of increase in smoking
prevalence sx (see Eq. (5)) and IDV, and between the year of peak smoking prevalence tmax and IDV. Linear regression of sx on IDV confirms these
two quantities are significantly (positively) correlated and linear regression of tmax on IDV confirms these two quantities are significantly (negatively)
correlated, see Fig. 4(b) and Fig. 6, respectively. Results from Phases (i)-(iii) provide evidence in support of the model proposed in Model specification
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tobacco use data, and find that IDV is significantly corre-
lated to the average rate of increase in smoking prevalence
(sx) in sevenOECD countries for which historical smoking
prevalence estimates are available, and that it is signifi-
cantly correlated to the peak year of tobacco consumption
(tmax) for 25 countries in which tobacco consumption data
are available, in agreement with model predictions (Phase
(iii) in Fig. 2). These findings are interpreted according
to our modelling framework, and provide evidence for
the compelling hypothesis that individualism/collectivism
has an important influence on the dynamics of smoking
prevalence at the aggregate, population level.

Methods
Model specification
We begin formulating our model by observing that indi-
viduals derive utility from smoking via two mechanisms.
First, they derive utility directly from the act of smoking
(individual utility). Second, they derive utility from social
interaction with other smokers (social utility). We note
that social utility commonly manifests itself in the form
of peer influence or peer pressure [34, 35]. We then pro-
ceed using a modelling framework that explicitly accounts
for the effect of competition between individual and social
utilities, and that was first applied to explore the tempo-
ral dynamics of language death and religious affiliation as
binary choice problems [36, 37]. Specifically, we propose
the model

dx
dt

= b
[
(1 − x)xaux − x(1 − x)a(1 − ux)

]
, (1)

where x = x(t) ∈ [0, 1] is the fraction of smokers in
the population (i.e., the prevalence) at time t, ux ∈ [0, 1]
is the individual utility from smoking, and the constant
b > 0 determines the timescale of the equation. The inter-
pretation of the positive term in Eq. (1), which models
smoking adoption, is therefore that non-smokers 1 − x
take up smoking at a rate proportional to the total util-
ity derived from smoking, xaux, which is the weighted
product of the individual utility from smoking ux and the
social utility from interactions with other smokers x, with
weighting determined by the constant parameter a. Con-
versely, the interpretation of the negative term in Eq. (1),
which models smoking cessation, follows analogously:
smokers x cease smoking at a rate proportional to the
total utility derived from non-smoking, (1 − x)a(1 − ux),
which is the weighted product of the individual utility
from non-smoking uy = 1 − ux and the social utility
from interactions with other non-smokers 1 − x, where
we have normalized individual utilities from smoking ux
and from non-smoking uy such that ux + uy = 1. Since
societies with large a weigh changes in social utility more
heavily than changes in individual utility when calculating

total utility, we call a the relative conformity parame-
ter. We therefore interpret societies with large a to be
more collectivistic (or less individualistic) than societies
with small a. In other words, since a society with a = 1
weighs social and individual utility equally when calculat-
ing total utility, we expect strongly collectivistic societies
to have a > 1 and strongly individualistic societies to have
a < 1. We note that this modelling framework is con-
ceptually consistent with the findings presented in [12]:
that personal attitudes about smoking have a stronger
influence on smoking behaviour in individualistic coun-
tries than in collectivistic countries. We also note that,
although social utility follows from complex social inter-
actions, we havemade the simplifying assumption that the
social utility of a group, e.g. of smokers, is proportional
to the size of that group, e.g. the smoking prevalence x.
This assumption has been shown to work well in previous
works [36, 37].
Next, we observe that a combination of factors, includ-

ing advances in our understanding of the health effects
of smoking and public policy initiatives designed to curb
smoking, have likely reduced individual utility from smok-
ing (ux) over the past century. Thus, in a significant
departure from previous work that treats individual util-
ity as a constant [36, 37], we account for this decline
in individual utility by using the cumulative number of
scholarly articles on the health effects of smoking (n(t))
as a proxy for the reduction in individual utility over the
past century. Since each additional article represents an
increase in the public knowledge about the health effects
of smoking, we assume that individual utility decreases
with each additional article published. We also assume
that public knowledge about the health effects of smoking
becomes saturated after a large number of articles have
been published. In other words, we assume that public
knowledge about the health effects of smoking is subject
to diminishing marginal returns from additional articles
published, and hence, individual utility is subject to dimin-
ishing marginal losses from additional articles published.
We apply these assumptions by following the principle of
temporal discounting [38], i.e. we assume that each addi-
tional article published is discounted by the factor δ ∈
[0, 1] so that for year t

ux(t) = u∞ + δn(t)(u0 − u∞), (2)

where u0 and u∞ are the limiting individual utilities from
smoking when there is no knowledge and perfect knowl-
edge of the adverse effects of smoking, respectively. Here,
u0, u∞ and δ are parameters to be fitted to observational
data.
We remark that this approach leads to better fits

between model output and observational data than alter-
natives that do not directly take into account the effect
of increased scientific understanding of health effects. For
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example, using the discounting formula of Eq. (2) pro-
duces a better fit (significantly lower total error E2) than
either constant utility ux(t) ≡ ux or step-function utility

ux(t) =
{
u0 if t < t∗
u∞ if t ≥ t∗ ,

where t∗ is a threshold parameter whose value is deter-
mined by the fitting procedure. Note that when u0 > u∞
the step-function utility is consistent with the expecta-
tion that increasing knowledge of health effects has indeed
influenced the individual utility from smoking over the
past century.

Data
We note that Eq. (1) subject to Eq. (2) requires the fitting
of four parameters per country (x0 = x(t0), a, u0, and u∞)
and two parameters b and δ that we take equal for all coun-
tries in the data set (see Model Fitting in Methods). We
determine these parameters by fitting them to estimated
historical smoking prevalence data and proxy data on the
health effects of smoking. We summarize the methods
used to obtain these data below. Note: No human subjects
participated in this study. No consent was necessary to
obtain.

Tobacco use data: smoking prevalence and cigarette
consumption data
We consider smoking prevalence x(t) ∈ [0, 1] for 24
OECD countries which we download from the OECD
iLibrary online statistical database [39] in Excel format.
We also consider manufactured cigarette consumption (in
grams) per person per day c(t) for the same 24 OECD
countries plus Romania (which is a non-OECD coun-
try) [40, 41]. When available, cigarette consumption data
is downloaded directly from the International Smoking
Statistics (Web Edition) website [40] in Excel format.
Cigarette consumption data for countries not included
in the International Smoking Statistics (Web Edition) are
retrieved from the International Smoking Statistics (2nd
Ed.) [41] by manually transferring these entries into Excel.
We refer to smoking prevalence and cigarette consump-
tion data collectively as tobacco use data. We make these
data available in CSV format in an additional file (see
Additional file 2), which contains four columns: country
number as it appears in Table A.1 of the Additional file 1,
year (t), measurement (x(t) or c(t)), and type of measure-
ment (0 indicates a smoking prevalence measurement,
while 1 indicates a cigarette consumption measurement).
Unfortunately smoking prevalence data is limited to,

on average, only 21.5 observations over a period of 31.4
years spanning 1960–2012 [39]. As such, it misses much
of the crucial period in the earlier parts of the 20th cen-
tury during which smoking steadily gained popularity
in many countries. However, historical national cigarette

consumption data is available for the same 24 OECD
countries plus Romania for an average of 78.4 observa-
tions over a period of 82.2 years spanning 1900-2012
[40, 41]. Since our model is specified in terms of smok-
ing prevalence, we estimate smoking prevalence from
cigarette consumption in order to exploit the much richer
cigarette consumption data for model fitting purposes.
First, we assume a linear relationship between smoking
prevalence x(t) and smoking consumption c(t)

x(t) = Cc(t) + B. (3)

Next, we calculate estimates Ĉ and B̂ by regressing
smoking prevalence x(t) on tobacco consumption c(t) for
all years for which both measurements are available. The
results of this regression are summarized in Table A.2 of
the Additional file 1, which illustrates that the assump-
tion that x and c are linearly related does not hold equally
well for all countries. In order to restrict ourselves to the
cases where the assumption of linearity between x and c
is valid we restrict ourselves to the seven OECD coun-
tries with R2 ≥ 0.7, p < 0.001, and nobs ≥ 15: Australia,
Canada, France, New Zealand, Sweden, the United King-
dom, and the United States. We display the raw data for
these seven OECD nations in Fig. A.1 of the Additional
file 1. The smoking prevalence for these seven OECD
countries is then estimated from tobacco consumption
using the relationship

x̂(t) = Ĉc(t) + B̂. (4)

Note that survey-based prevalence data are suscep-
tible to noise stemming from variations in the survey
methodology. In particular, prior to performing the linear
regression of x on c for France, we removed the out-
lier x(1960) = 0.32 since it is inconsistent with the rest
of the data for France, see Fig. A.1(c) of the Additional
file 1. Specifically, the Grubbs test on x/x̂ indicates that
the 1960 data point is a significant outlier (p < 0.05).
This can also be seen intuitively: from t = 1960 until
the next measurement at t = 1965 smoking prevalence
drops from x(1960) = 0.32 to x(1965) = 0.25 (a decrease
of 21.9%), while cigarette consumption steadily increases
from c(1960) = 3.6 to c(1965) = 4.1 (an increase of
13.9%). Given the population in France in 1960 (45.5
million) and in 1965 (48.6 million) [42], this would cor-
respond to an increase in the average mass of cigarettes
smoked (in grams) per smoker per day from 11.3 to 16.4
(an increase of 45.1%) over a short 5 year period. This
is in sharp contrast with the relatively stable relation-
ship between x and c for France’s remaining data points
and justifies the exclusion of the outlier x(1960) = 0.32.
With the outlier removed, France satisfies our data qual-
ity requirements for inclusion in the set of seven OECD
countries (R2 ≥ 0.7, p < 0.001, and nobs ≥ 15).
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Our assumption of linearity between smoking preva-
lence x and cigarette consumption c is not perfect, but it
appears to be satisfied at most times in countries where
both data sets are available. Quadratic or other higher
order terms could be included, but additional unknown
parameters would have to be introduced and the limi-
tations of our data set (sparsity, noise) mean that there
would be little or no improvement in the model’s fit.

Proxy Data n(t): articles published on the health effects of
smoking
We calculate the cumulative number of articles published
on the health effects of smoking n(t) by performing a
search of the online research database Scopus for papers
with

(i) tobacco, smok*, or cigar* in the title, and
(ii) death, illness, mortality, risk*, tumour*, tumor*, or

cancer in the title, and
(iii) medicine, dentistry, nursing, veterinary, health

professions, or multidisciplinary in the subject area,
and

(iv) plant*, mosaic, botany, smog, fog, and soot not in the
title.

Items (i)-(iii) are search terms included in order to
select for papers researching the health effects of smok-
ing, whereas items (iv) are search terms excluded in order
to prevent selection of papers researching the tobacco
mosaic virus (plant*, mosaic, botany) and the health
effects of atmospheric smoke (smog, fog, soot). This pro-
vides us with n(t) for integer t, where time t is measured
in years. We make the article data available in CSV format
in an Additional file 3, which contains three columns: year
(t), number of articles published in year t, and cumulative
number of articles published up to and including year t

(n(t)). To calculate n(t) for non-integer andmissing values
of t we use linear interpolation, see Fig. 3(a). Furthermore,
Fig. 3(b) displays ux(t) from Eq. (2) using n(t) calculated
above for various discount factors δ and with u0 = 0.51
and u∞ = 0.49. (For comparison, see Tables 1 and 2 for
model-fitted values of δ, u0 and u∞).

Testing the model
Phase (i): model fitting/direct test
We fit Eq. (1) to the estimated prevalence, x̂(t). To
reduce the dimensionality of the optimization problem,
we assume that certain universal parameters are constant
across countries. Specifically, we assume that b and δ are
universal parameters, and that xi(ti,0) = xi,0, ai, ui,0, and
ui,∞ are local parameters for country i, where ti,0 is the
first year for which cigarette consumption data (c), and
hence estimated smoking prevalence data (x̂), are avail-
able. We denote the smoking prevalence estimated above
for country i at time t by x̂i(t). The time series of esti-
mated smoking prevalences for country i is then denoted
by the vector X̂i. Analogously, we denote the time series of
smoking prevalences predicted by Eq. (1) for country i by
X̃i. We solve Eq. (1) using the Matlab differential equation
solver ode45.
Using the Matlab function lsqcurvefit we proceed as

follows:

1. Holding universal parameters constant, for each
country i we find the xi,0, ai, ui,0, and ui,∞ that
minimize

Ei,2 = ‖X̃i − X̂i‖22,

where the L2 norm ‖ · ‖2 for a vector y = (y1, . . . , yn)
∈ R

n is given by ‖y‖2 =
√∑n

j=1 y2j .

Fig. 3 Articles published on the health effects of smoking and the individual utliity function. Articles retrieved by Scopus with search terms (i)-(iv)
and individual utility profiles from Eq. (2) for varying values of δ. a (Left axis - blue, solid) Number of articles published per year and (right axis - black,
dashed) cumulative number of articles published n(t). b Discounted utility ux(t) from Eq. (2) with u0 = 0.51 and u∞ = 0.49, using cumulative
number of articles published n(t). (Solid black) δ = 0.4, (dashed black) δ = 0.6, (dotted black) δ = 0.8, (solid blue) δ = 0.9, (dashed blue) δ = 0.99,
(dotted blue) δ = 0.998, and (solid red) δ = 0.9995
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Table 1 Universal parameters and total error (E2) resulting from
fitting model (1) to the estimated smoking prevalence (x̂)

Universal parameters and total error (E2)

b δ E2

1.049 0.9981 0.163

2. Holding local parameters constant for each country i, we
find the b and δ that minimize E2=∑

i ‖X̃i − X̂i‖22 =∑
i Ei,2.

3. Repeat steps (1) and (2) until either

(a) the change in the objective function
E2 = ∑

i Ei,2 is below tolerance tol, or
(b) the number of iterations exceeds a limit

maxitn.

We perform the optimization with the initial guess
ui,0 ≡ 0.51, ui,∞ ≡ 0.49, xi,0 = x̂i(ti,0), ai = 1, b = 1, and
δ = 0.9985. We also provide the optimization algorithm
lsqcurvefit with constraints

0 ≤ ai, b ≤ 2 and
0 ≤ xi,0,ui,0,ui,∞, δ ≤ 1,

and with parameters tol = 10−6 and maxitn = 150.
The fitting procedure terminates after 114 iterations, the
results of which are recorded in Tables 1 and 2 and Fig. A.2
of the Additional file 1. For completeness, Tables 1 and 2
also record the average of the absolute value of the differ-
ence between X̃i and X̂i

Ei,1 = ‖X̃i − X̂i‖1
length of X̂i

,

where the L1 norm ‖ · ‖1 for a vector y = (y1, . . . , yn) ∈ R
n

is given by ‖y‖1 = ∑n
j=1 |yj|, and where the length of X̂i

is equal to the number of elements of X̂i, i.e. the length
of X̂i is equal to the number of years for which smok-
ing prevalence estimates x̂i(t) are available. For complete
model simulation code with all necessary data files, see
Additional file 4.

Table 2 Local parameters and local error (Ei,2 and Ei,1) resulting
from fitting model (1) to the estimated smoking prevalence (x̂)

Country Local parameters and local error (Ei,2 and Ei,1)

(i) ai xi,0 ui,0 ui,∞ Ei,2 Ei,1

Australia 1.035 0.033 0.551 0.484 0.032 0.015

Canada 1.020 0.083 0.530 0.483 0.020 0.011

France 1.121 0.198 0.543 0.524 0.004 0.005

New Zealand 1.062 0.202 0.525 0.504 0.012 0.010

Sweden 1.076 0.077 0.555 0.503 0.015 0.009

United Kingdom 0.976 0.079 0.513 0.478 0.060 0.018

United States 0.963 0.063 0.513 0.470 0.024 0.013

Phase (ii): Test of model implications for a
If the model and its interpretation are correct and the
balance between individual and social utility is a rele-
vant factor for the temporal dynamics of smoking preva-
lence, then we expect that the fitted relative conformity
parameter a will be different for different countries and
will capture something meaningful about the individu-
alism/collectivism of a society. To test this we compare
with Hofstede’s IDV, an established metric for societal
individualism [33] that has been evaluated in most coun-
tries. Specifically, by computing the linear regression of a
on IDV we expect to reveal a significant negative corre-
lation between these two quantities (negative because a
increases with collectivism while IDV decreases with it).

Phase (iii): Test of model implications for slope and peak year
Besides the correlation of awith collectivism, we note that
another prediction is implicit in model (1). As the rela-
tive conformity parameter a increases, the model requires
that changes in smoking prevalence occur more slowly
(this is true for solutions to Eq. (1) for the range of a
and u values corresponding to the observational data). Put
another way, societies with higher levels of individualism
should experience faster changes in smoking prevalence.
Intuitively, when smoking prevalence is low the lack of
existing smokers inhibits smoking initiationmore strongly
in a collectivistic society than in an individualistic soci-
ety. Thus, we expect the average rate of increase in a
collectivistic society to be smaller than in an individu-
alistic society. In contrast, when smoking prevalence is
high, and once the deleterious health effects of smoking
become widely known and negatively impact individual
utility from smoking, the presence of existing smokers
inhibits smoking cessation more strongly in a collectivis-
tic society than in an individualistic society. In both cases
collectivism acts as a brake on change in the status quo
(higher cultural inertia [43, 44]). Specifically, we expect
the average slope sx of the smoking prevalence curves
leading up to the peak smoking prevalence increases with
Hofstede’s IDV and decreases with a, respectively. Here
we define the average slope sx to be

sx = x̂(tmax) − x̂(t0)
tmax − t0

, (5)

where t0 = 1920 is the first year for which smoking preva-
lence estimates are available in the subset of seven OECD
countries, and where tmax is the earliest year for which the
maximum tobacco consumption was recorded, see Table
A.3 of the Additional file 1.
This reasoning further suggests that the peak year for

smoking prevalence tmax should be later in collectivistic
societies and earlier in individualistic societies. Specifi-
cally, we expect tmax to be significantly negatively cor-
related with IDV and significantly positively correlated
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Fig. 4 Relative conformity a and average slope sx versus Hofstede’s IDV for seven OECD countries. For both panels the line of best fit is given by a
solid line. a Relative conformity a is negatively correlated with IDV (ρ = −0.87, p = 0.011, best fit slope: −5.6 × 10−3). b The positive correlation
between average slope in smoking prevalence sx and IDV (ρ = 0.85, p = 0.015, best fit slope: 2.2 × 10−4) is consistent with slower change in
collectivistic societies: the average slope is greater in individualistic societies and smaller in collectivistic societies

with a. Note that our assumption of a linear relation-
ship between national cigarette consumption and smok-
ing prevalence is not needed to establish tmax, so the
relationship between tmax and IDV is independent of any
model assumptions.

Results
We test the model in three phases, as depicted in Fig. 2.
In Phase (i) we calibrate the model using smoking preva-
lence estimates x̂i(t) derived from the tobacco use data
(smoking prevalence and cigarette consumption data).
The model predictions about how the relative conformity
parameter a, the slope sx and the peak year tmax are related
to the level of individualism/collectivism in society are
tested in Phases (ii)-(iii) by comparison to an existingmea-
sure of individualism/collectivism, i.e. to Hofstede’s IDV.
Since the model is calibrated using one set of data (smok-
ing prevalence and cigarette consumption data) and its
predictions are verified using a separate data set (Hofst-
ede’s IDV), Phases (i)-(iii) provide significant evidence in
support of the model that we developed in Eq. (1).

Phase (i): Direct test
Figure 1 shows the fit of our model to data sets from the
United States and Sweden (additional fits and parameter
values are displayed for our set of seven OECD countries
in Fig. A.2 of the Additional file 1 and Tables 1 and 2). The
average of the absolute value of the difference between
smoking prevalence estimates x̂ and the output of Eq. (1)
ranges from a low of 0.005 for France to a high of 0.018 for
the United Kingdom (see Ei,1 in Table 2). The good agree-
ment that we found with all data sets provides support for
the model.

Phase (ii): Test of model implications for a
Panel (a) of Fig. 4 shows the comparison between the
fitted a values and IDV. As expected, the relative con-
formity parameter a shows significant differences for dif-
ferent countries and is significantly negatively correlated
with Hofstede’s IDV (see Table 3). This concordance with
independently assessed individualism values supports our
model.

Phase (iii): Test of model implications for slope and peak
year
Panel (b) of Fig. 4 and panel (a) of Fig. 5 illustrate the rela-
tionship between sx and IDV and between sx and a: that
this is indeed the case: the average slope sx of the smoking
prevalence curves leading up to the peak increases with
Hofstede’s IDV and decreases with a, respectively. Figure 6
illustrates the relationship between tmax and IDV: tmax is
significantly negatively correlated with IDV (shown) and
significantly positively correlated with a (see Fig. 5(b)).
Note that our assumption of a linear relationship between
national cigarette consumption and smoking prevalence
is not needed to establish tmax, so Fig. 6 is independent

Table 3 Correlation between IDV, relative conformity a, average
slope sx , and peak year tmax

7-country subset 25-country set

a sx tmax tmax

IDV −0.87(0.011) 0.85 (0.015) −0.76(0.047) −0.53(0.006)

a – −0.92(0.003) 0.88 (0.009) –

Correlations between IDV, a, sx , and tmax are recorded for the seven-country subset.
Correlation between IDV and tmax is recorded for the full set of 25 countries. p-values
are in parentheses. All correlations are significant at the 95% confidence level
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Fig. 5 Average slope sx and peak year of smoking prevalence tmax versus relative conformity parameter a. a Average slope sx versus relative
conformity parameter a (ρ = −0.92, p = 0.003). b Peak year tmax versus relative conformity parameter a (ρ = 0.88, p = 0.009). The line of best fit is
given by a solid line

of any model assumptions. All correlations are significant
(see Table 3).
We note that fluctuations in the data due to either

volatility in tobacco consumption or measurement error
may affect reported tmax. Smoothing of the data could
be applied prior to calculation of peak year, how-
ever, the choice of smoothing algorithm is itself arbi-
trary and unnecessarily complicates our findings without
significantly altering the result. For example, consider the
seven OECD countries for which we have estimated his-
torical smoking prevalence data X̂i. We observe that the
model fitting procedure described in the Methods section
results in the timeseries X̃i, which we can consider as

one possible smoothing of the data X̂i. In this case, the
measurement for peak year does not change substantially
after smoothing for most countries (see Fig. A.2(a)-(e)
of the Additional file 1), while the measurement for
peak year in the USA would slightly increase from
tmax = 1963 to tmax = 1967 and the measurement
for peak year in the UK would slightly decrease from
tmax = 1973 to tmax = 1966 (see Fig. A.2(f )-(g) of the
Additional file 1). These changes would result in no dis-
cernible net change in the relationship between peak year
and individualism, but would result in added complexity,
and hence, in a greater chance of introducing additional
error1.
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Fig. 6 Peak year tmax in cigarette consumption versus Hofstede’s individualism index IDV for 24 OECD countries and Romania. The negative
correlation between peak year tmax and IDV in a set of 25 countries (ρ = −0.524, p = 0.008) is consistent with slower change in collectivistic
societies: the peak year in tobacco consumption tends to occur later in collectivistic societies and earlier in individualistic societies. The seven OECD
countries considered for the mathematical model are indicated by dots (ρ = −0.76, p = 0.047), and the remaining 18 countries are indicated by
asterisks. The line of best fit, calculated using all 25 countries, is given by a solid line
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Discussion
Before discussing the limitations of our model, it is worth
discussing the potential effect of confounding variables
on our model. Specifically, we argue that the effect of
confounding variables on our results are limited, since
most potential candidates for confounding variables are
actually accounted for implicitly in our modelling frame-
work. Consider, for example, two possible candidates
for confounding variables: the wealth (per capita GDP)
and the strength of tobacco control policies in each
country. Specifically, consider the trend in Fig. 6 where
wealthier countries have, on average, earlier peak year
in tobacco consumption (tmax). This relationship is eas-
ily explained by our model, since (a) our model predicts
a negative correlation between peak year and Hofst-
ede’s IDV and (b) IDV and wealth (per capita GDP) are
highly positively correlated. An alternative explanation
for wealthier nations having earlier peak year, however,
would be that individuals who are more wealthy are bet-
ter able to afford cigarettes and, in aggregate, are better
able to implement strong anti-tobacco policies: in the-
ory, the former would lead to a more rapid increase in
smoking prevalence and the latter would lead to a more
rapid decline in smoking prevalence. Although this alter-
native explanation might seem to be in competition with
our model, we argue that it is in fact accounted for implic-
itly in our modelling framework: both wealth and the
strength of tobacco control policies are contributing fac-
tors to individual utility from smoking. Furthermore, we
note that although the precise timing of anti-tobacco poli-
cies is not included in themodel, it is reasonable to assume
that these initiatives are implemented more frequently
and more intensely as the health effects of smoking are
better understood - a phenomenon which is modelled
using Eq. (2) and proxy data on smoking related publi-
cations. In summary, since most potential confounding
variables are actually accounted for in , and not in compe-
tition with, our modelling framework, the exposure of our
results to the effects of confounding variables is limited.
Despite the good match between model predictions and

data, a number of limitations remain. First, due to limita-
tions in the quantity and quality of the available smoking
prevalence and tobacco consumption data, we are only
able to fit the parameters in our model to seven coun-
tries, all of which have advanced/developed economies.
There is no a priori reason to believe that, given ade-
quate sources of data, our model would not generalize
to less developed countries with lower income. Indeed,
Fig. 6 supports the position that the behaviour in less
developed countries is consistent with our mathematical
model. Nevertheless, our inability to directly apply our
model to a larger set of more diverse countries due to a
lack of good data remains a limitation of our work and
an area open to future research. Second, we have made

an implicit “mean-field” approximation in taking social
utility to be a function of the overall smoking prevalence
x, rather than the local smoking prevalence among con-
tacts in an individual’s social network. Similarly, we have
taken individual utility to be uniform across the pop-
ulation (though not in time), whereas a more detailed
model might allow for variation with, e.g., gender, age
and income. We note, however, that the success of our
model in reproducing the trends in smoking prevalence in
a manner consistent with its interpretation in the context
of individualism/collectivism, despite these limitations, is
generally supportive of the modelling framework we have
developed. In particular, our results and the data indi-
cate that, when averaging over gender, age and income
in a country, a strong net influence remains from soci-
etal individualism on the aggregate temporal dynamics
of smoking prevalence. Furthermore, if the mechanism
in our model did not reflect the reality of the decision-
making process for smoking then, even if it still somehow
managed to fit the smoking prevalence data, we would
not expect to simultaneously find correlation of (a) the
relative conformity parameter a with Hofstede’s individ-
ualism measure IDV (Fig. 4(a)), (b) average slope sx with
IDV (Fig. 4(b)), and (c) peak year tmax with IDV (Fig. 6).
Moreover, we would not expect that the sign of these cor-
relations would be consistent with the predictions of the
model.
Our findings suggest that the correlation of individu-

alism with faster societal change (as a consequence of a
sudden change in personal utility) results from a causative
influence as predicted by our model. As already men-
tioned, other factors such as income levels also correlate
with individualism.We certainly cannot exclude that there
may be other causative factors. For example, our model
in its current form is incapable of explaining differences
in smoking prevalence between genders and why these
inter-gender differences vary between countries [15, 23].
Nevertheless, we remark that many previously proposed
causative factors for differences in observed inter-country
smoking dynamics can be accounted for within our mod-
elling framework. In particular, beliefs about the harmful
effects of smoking [16], the price of cigarettes [19], socioe-
conomic status and inequality [17, 18], and government
regulation [20–22] have all been cited as potential fac-
tors affecting the differences observed in inter-country
smoking dynamics. Each of these factors can be inter-
preted within our modelling framework. For example,
beliefs about the harmful effects of smoking, as well as the
price of cigarettes, both likely contribute directly to indi-
vidual utility derived from smoking (ux) and from non-
smoking (uy). Moreover, socioeconomic status may affect
individual utility from smoking indirectly by affecting an
individual’s tolerance for risk and/or how they discount
future rewards and costs (i.e. how they discount their
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future health status) [45]. Addressing the model’s inability
to account for gender differences in smoking prevalence
and explicitly quantifying the relationship between other
causative factors and model parameters in more elaborate
models are potential areas for future work.

Conclusion
Despite the above mentioned limitations, the quantita-
tive mathematical model proposed in this paper, which
we derived from basic principles well-documented in
the sociology and social psychology literature, appears to
match real-world smoking prevalence data from a variety
of countries well (to our knowledge, the largest historical
data set of this type ever compiled), and all predictions of
the model appear to be supported by the data. Indeed, we
emphasize the strong support of the model by the data,
since the model was calibrated (in Phase (i)) and its pre-
dictions were tested (in Phases (ii)-(iii)) using two separate
data sets (tobacco use data and Hofstede’s IDV, respec-
tively). In particular, the model predicts that the level of
individualism or collectivism of a society may significantly
affect the temporal dynamics of smoking prevalence: the
strong influence of the personal utility of smoking (and
its decrease due to increased awareness of adverse health
effects) is predicted to lead to faster adoption and cessa-
tion of smoking in individualistic societies than in more
collectivistic societies. The significance of this effect can
be illustrated by considering the counterfactual scenario
of how the smoking prevalence might have evolved in the
United States had the United States been less individu-
alistic. Specifically, we estimate that a reduction in the
IDV of the United Stated of 2 % would have resulted in
a 16 % decrease in the total number of cigarettes smoked
between 1920 and 2010 (see Appendix B in Additional
file 1 andMatlab code in Additional file 4 for details of this
calculation, which makes use of US Census population
data included in Additional file 5 [48, 49]).
It has previously been argued that social support mech-

anisms in collectivistic societies make it more likely that a
person will stop smoking [32, 46] based on findings that
social support (supportive counselors) can help people
to adhere to decisions to quit smoking [14]. In contrast
to this behaviour at the individual level, we find that
aggregate smoking prevalence decreases more slowly in
collectivistic societies. Since the aggregate smoking preva-
lence is a function of both smoking adoption and ces-
sation, our model suggests that this may be so because
social inertia/peer pressure will either inhibit the deci-
sion to stop smoking, or encourage the decision to start
smoking, more strongly in collectivistic societies than in
individualistic societies.
These results suggest that it may be effective to consider

culture-dependent strategies for combating the ongo-
ing smoking epidemic. For example, interventions to

discourage smoking can be tailored differently in soci-
eties or social groups whose cultures differ in how they
value individualism versus collectivism [47]. Specifically,
consider how the goal of many tobacco control policies
is to reduce the individual utility from smoking, often
by increasing the cost of cigarettes through sin taxes or
by requiring warnings on cigarette packages illustrating
the danger of smoking to health. Our results suggest that
these tactics will be more successful in individualistic
societies and less successful in collectivistic societies. In
contrast, tactics that may be more successful in collec-
tivistic societies might focus on social dangers resulting
from smoking, for example by emphasizing the associa-
tion between smoking and low social status [17, 18], or
emphasizing the large number of individuals who have
already quit. More broadly, these results demonstrate that
differences in culture can measurably affect the dynam-
ics of a social spreading process, and that a mathemati-
cal model can help to illuminate this phenomenon. We
welcome future work comparing a variety of social con-
tagion phenomena across societies. Our model suggests
that the increased cultural inertia in collectivistic soci-
eties may potentially lead to slower change across a wide
spectrum of spreading processes (those where important
changes occur in personal utility), a hypothesis that could
be supported or rejected by further study.

Endnote
1Indeed, these changes would increase the statistical

significance of our results, but again, we don’t believe
that they justify the additional complexity and the
introduction of additional arbitrary smoothing
parameters.

Additional files

Additional file 1: Appendices A and B. Appendix A: Additional Tables
and Figures, Appendix B: Additional Remarks on Model Implications and
Study Design. (PDF 380 kb)

Additional file 2: Smoking prevalence and tobacco consumption
data. CSV file containing four columns: country number as it appears in
Table A.1 of the Additional file 1, year (t), measurement (x(t) or c(t)), and
type of measurement (0 indicates a smoking prevalence measurement,
while 1 indicates a cigarette consumption measurement). (CSV 35 kb)

Additional file 3: Proxy data: articles published on the health effects
of smoking. CSV which contains three columns: year (t), number of articles
published in year t, and cumulative number of articles published up to and
including year t (n(t)). (CSV 1 kb)

Additional file 4: Matlab data files and simulation code.Matlab data
files and simulation code used in preparation of this manuscript. (ZIP 21 kb)

Additional file 5: Proxy data: US population. CSV containing two
columns: year (t) and population Npop(t). (CSV 1 kb)

Abbreviations
OECD: Organization for economic co-operation and development;
IDV: Hofstede’s individualism index.

http://dx.doi.org/10.1186/s12889-015-2576-6
http://dx.doi.org/10.1186/s12889-015-2576-6
http://dx.doi.org/10.1186/s12889-015-2576-6
http://dx.doi.org/10.1186/s12889-015-2576-6
http://dx.doi.org/10.1186/s12889-015-2576-6


Lang et al. BMC Public Health  (2015) 15:1280 Page 12 of 13

Competing interests
The authors declare that they have no competing interests.

Authors’ contributions
JCL, DMA and HDS all contributed equally to this work. All authors read and
approved the final manuscript.

Acknowledgements
We would like to thank Dr. James Fowler for insightful remarks on an early
draft of this manuscript. Daniel M. Abrams thanks the James S. McDonnell
Foundation for support through grant #220020230. John C. Lang and Hans De
Sterck acknowledge support from NSERC of Canada.

Author details
1Department of Applied Mathematics, University of Waterloo, 200 University
Avenue West, N2L 3G1 Waterloo, Canada. 2Department of Engineering
Sciences and Applied Mathematics & Northwestern Institute on Complex
Systems & Department of Physics and Astronomy, Northwestern University,
633 Clark Street, 60208 Evanston, USA.

Received: 22 March 2015 Accepted: 7 December 2015

References
1. The Advisory Committee to the Surgeon General of the Public Health

Service of the United States of America. Smoking and Health. Washington
D.C.: United States, Public Health Service, Office of the Surgeon General;
1964. http://profiles.nlm.nih.gov/NN/B/B/M/Q/.

2. The Surgeon General of the Department of Health and Human Services of
the United States of America. The Health Consequences of Smoking – 50
Years of Progress. Washington D.C.: United States, Department of Health
and Human Services, Office of the Surgeon General; 2014. http://www.
surgeongeneral.gov/library/reports/50-years-ofprogress/.

3. Warner KE. Cigarette smoking in the 1970’s: the impact of the
antismoking campaign on consumption. Science. 1981;211:729–31.

4. Jha P. Avoidable global cancer deaths and total deaths from smoking. Nat
Rev Cancer. 2009;9:655–64.

5. Mathers CD, Loncar D. Projections of global mortality and burden of
disease from 2002 to 2030. PLoS Med. 2006;3:442.

6. van Voorn GAK, Kooi BW. Smoking epidemic eradication in a
eco-epidemiological dynamical model. Ecol Complex. 2013;14:180–9.

7. Cavana RY, Tobias M. Integrative system dynamics: analysis of policy
options for tobacco control in New Zealand. Syst Res. 2008;25:675–94.

8. Sharomi O, Gumel AB. Curtailing smoking dynamics: a mathematical
modeling approach. Appl Math Comput. 2008;195:475–99.

9. Levy DT, Bauer JE, Lee H. Simulation modeling and tobacco control:
creating more robust public health policies. Am J Public Health.
2006;96:494–8.

10. Rowe DC, Chassin L, Presson CC, Edwards D, Sherman SJ. An “Epidemic”
model of adolescent cigarette smoking. J Appl Soc Psychol. 1992;22:
261–85.

11. Christakis NA, Fowler JH. The collective dynamics of smoking in a large
social network. N Engl J Med. 2008;358:2249–58.

12. Hosking W, Borland R, Yong HH, Fong G, Zanna M, Laux F, et al. The
effects of smoking norms and attitudes on quitting intentions in Malaysia,
Thailand and four Western nations: a cross-cultural comparison. Psychol
Health. 2009;24:95–107.

13. Unger JB, Rorhbach LA, Cruz TB, Baezconde-Garbanati L, Howard KA,
Palmer PH, et al. Ethnic variation in peer influences on adolescent
smoking. Nicotine Tob Res. 2001;3:167–76.

14. Janis IL. The role of social support in adherence to stressful decisions. Am
Psychol. 2001;38:143–60.

15. Pampel F. Divergent Patterns of Smoking Across High-Income Nations In:
Crimmins EM, Preston SH, Cohen B, editors. International Differences in
Mortality at Older Ages: Dimensions and Sources. Washington DC:
National Academies Press; 2010. p. 132–63.

16. Cutler DM, Glaeser EL. Why Do Europeans Smoke More than Americans?
In: Wise D, editor. Developments in the Economics of Aging. Chicago:
University of Chicago Press; 2009.

17. Barbeau E, Krieger N, Soobader MJ. Working class matters:
Socioeconomics disadvantage, race/ethnicity, gender, and smoking in
NHIS. Am J Public Health. 2004;94(2):269–78.

18. Huisman M, Kunst AE, Mackenback JP. Educational inequalities in
smoking among men and women aged 16 years and older in 11
European countries. Tob Control. 2005;14(2):106–13.

19. Gallus S, Schiaffino A, La Vecchia C, Townsend J, Fernandes E. Price and
cigarette consumption in Europe. Tob Control;2(15):114–9.

20. Thomas S, Fayter D, Misso K, Oglivie D, Petticrew M, Sowden A, et al.
Population tobacco control interventions and their effects on social
inequalities in smoking: Systematic review. Tob Control. 2008;17(4):230–7.

21. Moskowitz JM, Lin Z, Hudes ES. The impact of workplace smoking
ordinances in California on smoking cessation. Am J Public Health.
2000;90(5):757–61.

22. Joossens L, Raw M. The Tob Control Scale: A new scale to measure
country activity. Tob Control. 2006;15(3):247–53.

23. Pampel FC. Cigarette diffusion and sex differences in smoking. J Health
Soc Behav. 2001;42(4):388–404.

24. Lopez AD, Collishaw NE, Piha T. A descriptive model of the cigarette
epidemic in developed countries. Tob Control. 1994;3(3):242–7.

25. Mackenbach JP. Health Inequalities: Europe in Profile. An Independent,
Expert Report Commissioned by the UK Presidency of the EU. Technical
report. Rotterdam, Germany: Erasmus University Medical Center; 2006.

26. Palloni A. Diffusion in sociological analysis. In: Diffusion Processes and
Fertility Transition: Selected Perspectives. Washington, DC: National
Academies Press; 2001. p. 66–114.

27. Chiao JY, Blizinsky KD. Culture-gene coevolution of
individualism-collectivism and the serotonin transporter gene. Proc R Soc
B Biol Sci. 2010;277(1681):529–37.

28. Fincher CL, Thornhill R, Murray DR, Schaller M. Pathogen prevalence
predicts human cross-cultural variability in individualism/collectivism.
Proc R Soc B Biol Sci. 2008;275(1640):1279–85.

29. Chapa O, Hernandez MD, Wang YJ, Skalski C. Do individualists complain
more than collectivists? A four-country analysis on consumer complaint
behavior. J Int Consum Mark. 2014;26(5):373–90.

30. Finkelstein MA. Individualism/collectivism: implications for the volunteer
process. Soc Behav Pers Int J. 2010;38(4):445–52.

31. Power D, Schoenherr t, Samson D. The cultural characteristics of
individualism/collectivism: A comparative study of implications for
investment in operations between emerging Asian and industrialized
Western countries. J Oper Manag. 2010;28(3):206–22.

32. Sun T, Horn M, Merritt D. Values and lifestyles of individuals and
collectivists: a study on Chinese, Japanese, British, and US consumers.
J Consum Mark. 2004;21(5):318–31.

33. Hofstede G, Hofstede GJ, Minkov M. I, We, and They. Cultures and
organizations: software of the mind: intercultural cooperation and its
importance for survival. 3rd edn. New York: McGraw Hill; 2010. p. 89–134.

34. Calavó-Armengol A, Jackson MO. Peer Pressure. J Eur Econ Assoc. 2010;8:
62–89.

35. Centola D, Willer R, Macy M. The Emperor’s Dilemma: a computational
model of self-enforcing norms. Am J Sociol. 2005;110:1009–40.

36. Abrams DM, Strogatz SH. Modelling the dynamics of language death.
Nature. 2003;424:900.

37. Abrams DM, Yaple HA, Wiener RJ. Dynamics of social group competition:
modeling the decline of religious affiliation. Phys Rev Lett.
2011;107:088701.

38. Frederick S, Lowenstein G, O’donoghue T. Time discounting and time
preference: a critical review. J Econ Lit. 2002;40:351–401.

39. OECD. OECD.Stat, Health: Non-Medical Determinants of Health: Tobacco
consumption. OECD Stat database. 2013. doi:10.1787/data-00285-en.
Accessed October 24, 2013.

40. Forey B, Hamling J, Hamling J, Thorton A, Lee P. International Smoking
Statistics: A Collection of Worldwide Historical Data, Web edn. 17 Cedar
Road, Sutton, SM2 5DA, UK: P N Lee Statistics & Computing Ltd; 2013.
http://www.pnlee.co.uk/ISS.htm. Accessed October 7, 2013.

41. Forey B, Hamling J, Lee P, Wald N. International smoking statistics: a
collection of historical data from 30 economically developed countries,
2nd edn. Great Clarendon Street, Oxford, OX2 6DP, UK: Oxford University
Press; 2002.

http://profiles.nlm.nih.gov/NN/B/B/M/Q/
http://www.surgeongeneral.gov/library/reports/50-years-ofprogress/
http://www.surgeongeneral.gov/library/reports/50-years-ofprogress/
http://dx.doi.org/10.1787/data-00285-en
http://www.pnlee.co.uk/ISS.htm


Lang et al. BMC Public Health  (2015) 15:1280 Page 13 of 13

42. OECD. OECD.Stat, Demography and Population: Population Statistics:
Population and Vital Statistics. OECD.Stat database. 2013.
doi:10.1787/data-00285-en. Accessed January 20, 2014.

43. Zárate MA, Shaw M, Marquez JA, Biagas D. Cultural inertia: the effects of
cultural change on intergroup relations and the self-concept. J Exp Soc
Psychol. 2012;48:634–45.

44. Henrich J, McElreath R. The evolution of cultural evolution. Evol Anthr.
2003;12:123–35.

45. Griskevicius V, Tybur JM, Delton AW, Robertson TE. The influence of
mortality and socioeconomic status on risk and delayed rewards: a life
history theory approach. J Pers Soc Psychol. 2011;100:1015–1026.
doi:10.1037/a0022403.

46. Triandis HC, Bontempo R, Villareal MJ. Individualism and collectivism:
cross-cultural perspectives on self-ingroup relationships. J Pers Soc
Psychol. 1988;54:323–38.

47. Pentecostes JU. Individualism vs collectivism: implications for health
promotion. Phillippine J Psychol. 1999;32:397–402.

48. Population Estimates Program, USCB Population Division. Historical
National Population Estimates: July 1, 1900 to July 1, 1999. Online 2000.
http://www.census.gov/popest/data/national/totals/pre-1980/tables/
popclockest.txt.

49. Population Estimates Program, USCB Population Division. Monthly
Intercensal Resident Population Estimates for the United States: April 1,
2000 to July 1, 2010. Online 2011. http://www.census.gov/popest/data/
intercensal/national/files/US-EST00INT-TOT.csv.

•  We accept pre-submission inquiries 

•  Our selector tool helps you to find the most relevant journal

•  We provide round the clock customer support 

•  Convenient online submission

•  Thorough peer review

•  Inclusion in PubMed and all major indexing services 

•  Maximum visibility for your research

Submit your manuscript at
www.biomedcentral.com/submit

Submit your next manuscript to BioMed Central 
and we will help you at every step:

http://dx.doi.org/10.1787/data-00285-en
http://dx.doi.org/10.1037/a0022403
http://www.census.gov/popest/data/national/totals/pre-1980/tables/popclockest.txt
http://www.census.gov/popest/data/national/totals/pre-1980/tables/popclockest.txt
http://www.census.gov/popest/data/intercensal/national/files/US-EST00INT-TOT.csv
http://www.census.gov/popest/data/intercensal/national/files/US-EST00INT-TOT.csv

	Abstract
	Background
	Methods
	Results
	Conclusions
	Keywords

	Background
	Methods
	Model specification
	Data
	Tobacco use data: smoking prevalence and cigarette consumption data
	Proxy Data n(t): articles published on the health effects of smoking

	Testing the model
	Phase (i): model fitting/direct test
	Phase(ii): Test of model implications for a
	Phase (iii): Test of model implications for slope and peak year


	Results
	Phase (i): Direct test
	Phase(ii): Test of model implications for a
	Phase (iii): Test of model implications for slope and peak year

	Discussion
	Conclusion
	Endnote
	Additional files
	Additional file 1
	Additional file 2
	Additional file 3
	Additional file 4
	Additional file 5

	Abbreviations
	Competing interests
	Authors' contributions
	Acknowledgements
	Author details
	References



