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Main Points

•	 The importance of affordability to control tobacco consumption in Spain has grown over time.
•	 The separate estimates of price and income elasticity that have been carried out in Spain so far must 

be interpreted, considering that as of 2010, price is more important than income in explaining the 
demand for cigarettes.

•	 From a certain level of affordability (when the relative income price is around 1%), the price becomes 
the magnitude that directs the effectiveness of affordability as a control tool.

Abstract

In the literature it is commonly accepted that the best mechanism to control smoking is by increasing 
tobacco prices via taxes. However, there are some studies that indicate that the decrease in tobacco con-
sumption when prices rise is because consumer income is not capable of counteracting said rise.
The empirical analysis was developed using a panel of data from the Spanish provinces covering 2002 to 
2018. By using Machine Learning assembly models, the importance of price, GDP and affordability as a 
mechanism for controlling the demand for cigarettes is estimated.
The importance of affordability to control tobacco consumption in Spain has grown over time. Furthermore, 
until 2010, income has generally better explained the demand for cigarettes in the Spanish provinces. 
However, as of 2010, price is the explanatory variable of the demand function that best explains the behav-
ior of the demand for cigarettes. In these circumstances, the separate estimates of price and income elastic-
ity that have been carried out in Spain so far must be interpreted considering that as of 2010, price is more 
important than income in explaining the demand for cigarettes. Furthermore, when the relative income price 
reaches 1%, there seems to be a positive relationship between this variable and the importance of price in 
explaining the demand for tobacco.
Although the demand functions estimated so far are useful to make predictions about the behavior of 
cigarette demand, the government must consider that price is a good tool to control tobacco consumption 
from a certain point of affordability. Specifically, it appears that when the relative income price exceeds 1%, 
the importance of price as a tool to control legal cigarette sales grows each time the relative income price 
rises.
Keywords: Economics, price, public policy

Introduction

The main determinants in the demand for ciga-
rettes are the price and the income of the consum-
ers (Chaloupka et al., 2012). Along these lines, some 
studies include price and income as explanatory 

variables in the cigarette demand function; how-
ever, the current trend is a combination of both as 
an explanatory variable and as a measure of the 
affordability of cigarettes. This measure of afford-
ability is based on the idea that the purchasing 
power of consumers to buy cigarettes depends on 
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the price of tobacco products in relation to consumer income 
(Nargis et al. 2021). In the literature, it is commonly accepted that 
the best mechanism to control smoking is by increasing tobacco 
prices via taxes. However, there are some studies that indicate 
that the decrease in tobacco consumption when prices rise is 
because consumer income is not capable of counteracting the 
said rise. In other words, they associate the decrease in tobacco 
consumption with a lower affordability of the products and not 
with the simple fact that prices rise. A recent study indicates that 
in Spain, income is a determining factor that sometimes nullifies 
the effect of policies when governments use tax hikes to increase 
the price of cigarettes (Martín-Álvarez et al., 2021).

The classical economic model of tobacco demand estimates price 
and income elasticity separately to measure the effects of price 
and income changes on tobacco demand. Price elasticity mea-
sures the sensitivity of tobacco demand to changes in the prices 
of tobacco products after adjusting for inflation (real prices), 
holding real income and other factors constant. Similarly, 
income elasticity measures the sensitivity of demand for tobacco 
products to changes in income, holding the real prices of tobacco 
products and other factors constant. A negative price elasticity 
of demand for tobacco products indicates that an increase in 
price causes a reduction in tobacco use, keeping everything else 
constant, including income. If income increases the demand for 
tobacco products, tobacco use is not guaranteed to decline after 
a price increase because the net effect of simultaneous changes 
in prices and income on the demand for tobacco products will 
depend on the relative strength of these two effects. In Spain, 
there is provincial heterogeneity in terms of price elasticity, in 
some cases exceeding unity in absolute terms in the long term 
(Almeida et al., 2021). This is a relevant question because previ-
ous scientific evidence indicates that the regional price elasticity 
in Spain goes from 0.4 to more than 1. Thus, it seems relevant 
that the analysis of the importance of price, gross domestic 
product (GDP), and affordability must also be carried out at 
the regional level. On the other hand, the income elasticity of 
cigarettes in Spain shows a marked asymmetry, while the 1% 
increase in income generates a 0.40% increase in the demand for 
cigarettes and an economic recession of 1% causes a fall in the 
demand for cigarettes of 3.60%, ceteris paribus (Martín Álvarez 
et al., 2020).

The affordability elasticity measures the sensitivity of demand 
for tobacco products to changes in the price of tobacco products 
and income growth. Therefore, a negative affordability elastic-
ity would imply that a price increase that exceeds the effect of 
income growth will lead to a reduction in tobacco use. In this 
sense, the extremely high values of the price and income elastici-
ties found in Spain may be caused precisely by the lower afford-
ability of tobacco products.

There are many studies in which the price and income elastici-
ties of the demand for tobacco are estimated. In addition, given 
the irruption in the market for new-generation products, there 
are also studies that measure the price and income elasticities 
of products such as electronic cigarettes or smokeless tobacco 
(Chaloupka et al., 2011; Shang et al., 2020; USNCI & WHO, 2016). 
Although price elasticity and affordability elasticity may seem to 
be similar concepts, it is important to make a thorough analysis 

of both, because sometimes until a certain level of the relative 
income price (RIP hereafter) is reached, price policies are not 
effective.

Estimating the elasticity of the affordability of tobacco is cur-
rently a hot topic. However, the birth of this trend is motivated 
by a primitive study of men’s demand for tobacco in Great 
Britain from 1946 to 1971. In this work, the elasticity of demand 
for cigarettes with respect to price was estimated as a percent-
age of annual per capita disposable personal income, known as 
the “price–income ratio,” ranging from −0.44 to −0.58 (Russell, 
1973). Although this early study used the “price–income rela-
tionship,” currently the RIP is used as a measure of affordability 
(Blecher & Van Walbeek, 2004). The higher the RIP value, the 
lower the affordability and vice versa. Blecher and Van Walbeek 
defined RIP as the percentage of income from the purchase of 
100 packs of cigarettes (Blecher & Van Walbeek, 2004). They 
investigated the relationship between affordability and cigarette 
smoking by estimating the elasticity of demand for affordability, 
concluding that there is a negative relationship between RIP and 
demand for tobacco.

Affordability analysis has become very important today to assess 
the effectiveness of tobacco tax increases as a measure to control 
tobacco consumption in accordance with the guidelines for the 
implementation of Article 6 on price and tax measures to reduce 
the demand for tobacco under the Framework Convention of the 
World Health Organization on tobacco control (WHO FCTC) 
(WHO FCTC, 2021).

In this article, we analyze the importance of the explanatory vari-
ables (price and income) of the basic cigarette demand function 
of all the Spanish provinces during the period 2002–2018. Next, 
the RIP is analyzed to find out from what levels of affordability 
the price policies are effective in Spain. To the best of our knowl-
edge, it is the first time that machine learning techniques have 
been used to analyze the importance of price, income, and afford-
ability in the demand for cigarettes.

Methods

Data
Our empirical analysis was developed using a panel of data from 
the Spanish provinces covering 2002 to 2018—the year in which 
the latest data on provincial GDP was published. For cigarette 
consumption, we used the official annual tobacco sales and the 
average price of a pack of 20 cigarettes in euros, as published by 
the Commission for the Trade of Tobacco. The real GDP is avail-
able from the National Institute of Statistics in Spain. All series 
employed here are per capita (18 years or older) and expressed 
in real terms using the consumer price index (CPI base 2016). 
Table 1 shows descriptive statistics of the data used.

Empirical Methodology
Based on the theory of demand, cigarette consumption is a func-
tion of the real price and per capita of the real income.

Q P Yt t t t� � � �� � � �0 1 2 � (1)

where Qt is cigarette consumption, Pt is the real average price, 
and Yt is the real GDP per capita. The objective of this work was 
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to identify key factors in this demand function, which is widely 
used in the previous literature, as well as to detect the relation-
ship between these key factors and the affordability of cigarettes. 
Measuring the significance of variables is an important task, 
and several approaches have been proposed in the literature for 
addressing this question (Vladislavleva, 2013; Wei & Song, 2015; 
Yun et al., 2016; Yang et al., 2015). To achieve this objective, the 
measurement of the importance of explanatory variables in a 
demand function will shed light on how the importance of GDP 
and price has evolved as explanatory variables of per capita ciga-
rette consumption over time. The quotient between the impor-
tance of price and the importance of GDP will allow us to observe 
the evolution of the importance that affordability has had over 
time as a tobacco control tool.

To measure the importance of price and GDP as tobacco control 
mechanisms, several tree-based ensemble methods have been fit-
ted for finding the best model to interpret results. This model 
aims not only to predict tobacco sales by means of considering 
price and GDP as independent variables but also to study vari-
able importance estimation through time in the Spanish ter-
ritory. For this purpose, two datasets have been analyzed, one 
for a country-level analysis and the other for a provincial level 
analysis.1

In the provincial level dataset, the data are split into a training 
set and a test set. The training set consists of all the provinces 
available with the exception of the province whose tobacco sales 
are being predicted—namely the test set. That is, when possible, 
all provinces are used to predict sales in a selected province with-
out including that chosen province. After model assessment, the 
variable importance metrics (VIM) are computed and studied 
over the time and at a province level to obtain insights.

1	 For data time issues, two datasets have been employed, as the 
provincial level dataset has information available from 2002 to 
2018 and the country level has a wider time range.

The dataset at the country level is divided into three periods fol-
lowing a recent investigation that indicates that there are two 
structural breaks in the per capita demand for cigarettes in 
Spain (1969 and 2006) (Martín-Álvarez et al., 2021). The variable 
importance for these three periods is analyzed by fitting the win-
ning model for each period.

To analyze the importance of variables, it must be taken into 
account the fact that the explanatory variables cannot be highly 
correlated (Dohoo et al., 1997). The collinearity issue has been 
proposed by means of a correlation coefficient and variance 
inflation factor (VIF) (Dohoo et  al., 1997), and collinearity is 
present at the 0.9 level of a correlation coefficient or higher. 
Multicollinearity can be assessed by computing a score called the 
VIF, which measures the inflation of the variance of a regres-
sion coefficient due to multicollinearity. Furthermore, VIF values 
should be higher than 5 or 10 (James et al., 2014; Lin, 2008).

A correlation analysis by year between price and GDP has been 
performed. Figure 1 shows the results of correlation coefficients.

To complement this, the VIF test results show low values (1.41), 
so, with VIF and correlation analysis, we assume that there is no 
correlation and collinearity between variables. This is relevant 
to the present study, which shows the methodology and con-
firms several requirements for correctly interpreting the variable 
importance.

Once the correlation between explanatory variables has been 
analyzed, the next methodological step is to present some joint 
tree-based methods to model the relationship between a depen-
dent variable and the characteristic vector x. An estimation of 
models in which the quantiles of the response are modeled to 
depend on the features is presented by Koenker & Bassett (1978), 
which is the quantile regression (QR). This method is based 
primarily on choosing a model for the conditional quantile; in 
contrast, the minimal squares estimate the conditional mean. 
Based on the imposed assumptions, the choice of parametric or 

Figure 1.  Pearson Correlation Between Price and Gross Domestic Product at Spanish Province Level by Year.
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nonparametric is available (Engle, 2004; Zhao, 2008). For the 
conditional α-quantile q of a scalar variable Y, P(Y ≤ q|I) = α, 
where the probability 0< α <1 is given and I denotes an informa-
tion set generated by independent variables X.2

To measure the importance of explanatory variables of the ciga-
rette demand function, in this work, two main methods based on 
trees are proposed. On the one hand, a hybrid of random for-
est (RF) and QR has been presented by Meinshausen (2006); this 
is the quantile regression forest (QRF) approach. It should be 
remarked that a key difference between RF and QRF is that QRF 
for each node of each tree maintains the values of all observa-
tions of the node, but RF only keeps the mean of the observations 
found in the node (Meinshausen, 2006). The quantreg Forest and 
ranger library, an implementation of RF (Breiman, 2001) in R 
software was used to fit a QRF and Ranger model respectively 
with the default settings (Wright & Ziegler, 2015). On the other 
hand, an implementation of gradient boosting machine (GBM) 
for QR has been selected (Friedman, 2001) due to its flexibil-
ity and efficiency in performing regression tasks (Freund et al., 
1999). A quantile version of the GBM has been selected, which 
is the gradient boosted quantile regression. This method has 
been applied in several fields (Sun & Pfahringer, 2011). The accu-
rateness of GBM predictions comes from increasingly refined 
approximations, which are carried out by adding tree-based mod-
els together. For a better understanding of this method, in terms 
of its theory and formulation of GBM, the works of Friedman 
(2001) and Ferreira and Figueiredo (2012) should be consulted. 
The R library GBM was used to fit the quantile version of GBM 
with the default settings.

To evaluate the model performance, a data partition was per-
formed, and the predictive accuracy of the models was measured 
by splitting the data into training and test sets. In the training 
set, the out-of-bag (OOB) estimation error was performed in 
order to get an unbiased estimate of the test set error in tree-
based ensemble methods (Breiman, 2001).

Every tree is made through bootstrap samples from data, in a 
one-third proportion, using cases out of the bootstrap sample for 
the kth tree construction.

In about one-third of the trees, a test set classification is obtained 
for each case. At the end of the run, take j to be the class that got 
most of the votes every time case n was OOB. The proportion of 
times that j is not equal to the true class of n averaged over all 
cases is the OOB error estimate. This has proven to be unbiased 
in many tests.

Given the 0.5-quantile predicted responses (ŷi) and the actual val-
ues (yi) for the training and test sets, the error is computed as ei = 
yi – ŷi, using the metrics from Table 2.

Tree-based ensemble methods were selected to quantify the 
importance of explanatory variables in predicting cigarette 
consumption. These methods were chosen due to their evident 
suitability for the said objective. Specifically, these methods esti-
mate the importance of an independent variable xj due to the 

2	 For clarification of this method, see Koenker & Bassett (1978).

decrease in predictive precision when the values of xj are ran-
domly permuted.

Several VIM based on tree-based ensembles can be found in the 
literature: the more traditional variance decrease VIM (VDVIM) 
and Gini VIM (GVIM) (Hyndman & Koehler, 2006) and other 
metrics such as permutation VIM (PVIM) (Wei & Song, 2015) and 
conditional permutation VIM (Strobl et al., 2007). Furthermore, 
GVIM, VDVIM, and PVIM metrics have been benchmarked in 
several studies not only in simulated but also in real data (Strobl 
et  al., 2007; Wei & Song, 2015). Specifically, when continuous 
explicative variables are mutually uncorrelated and collinearity is 
not present among them, GVIM/VDVIM is expected to produce 
better results than PVIM (Strobl et al., 2007; Wei & Song, 2015). 
As a result of the variable analysis, VDVIM may lead to better 
results over PVIM due to the lack of correlation and collinear-
ity. For either classification or regression models, VDVIM and 
GVIM are popular VIM methods; for further details of the GVIM 
method, see the previous literature (Hyndman & Koehler, 2006).

The VDVIM computation at tree level is that at each node N, the 
choice of splitting variable X from a set of split-variable candi-
dates, as well as the splitting criteria, is based on maximizing the 
decrease of the metric of this node N:

VDVIM N
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x x
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S is the set of pre-split sample indices, St is the set of sample indi-
ces for which the split test is true, and Sf is the set of sample indi-
ces for which the split test is false. Each of the above summands 
is indeed variance estimate, though it is written in a form that 
does not directly refer to the mean (Wright & Ziegler, 2015).

For each estimate of the GBM model, the Mean Squared Error 
(MSE) is calculated at each split of the trees. Then, it averages 
the improvement made by each variable xi across all the trees 
that the variable xi is used. The variables with the largest aver-
age decrease in MSE are considered most important (Ferreira & 
Figueiredo, 2012; Friedman, 2001).

Table 2.
Predictive Performance Metrics

Averaged Error metric Calculation Way
Prediction error ei = yi − ŷi

Mean squared error

MSE
n

e
i

n

i�
�
�1
1

2

Mean absolute error

MAE
n

e
i

n

i�
�
�1

1

Note: For further understanding of these formulas and its statistical proper-
ties, see Hyndman and Koehler (2006).
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Results

The results are presented in three parts. First, the results of the 
importance of variables in the cigarette demand function in Spain 
from 1957 to 2018 are shown. Next, the results of the provincial 
analysis of the importance of variables in the cigarette demand 
function are shown. Finally, the relationship between affordabil-
ity, measured by the RIP, and the importance of the explanatory 
variables of the demand function for cigarettes in Spain is shown.

For measuring, at national level, the changing importance of 
variables for the periods, the winning model is applied in the 
three different periods for measuring variable importance, 
according to Martín-Álvarez et al. (2021). The results are shown 
in Figure 2 and Table 3. Variable importance of three fitted 
models for the established periods is plotted in Figure 2. Results 
show how variable importance changes over time. As can be seen, 
until 2006, the main driver of the demand for tobacco in Spain 
was income. However, during the period 2007–2018, price is the 
main explanatory variable of the demand function for cigarettes 
in Spain. These results are similar to what a recent study estab-
lished; it is suggested that income in Spain canceled out the effect 
of increases in the price of cigarettes until 2006 (Martín-Álvarez 
et  al., 2021). Therefore, it seems that these results provide the 
same evidence as Martín-Álvarez et  al. (2021), since only from 
2007, price is a more relevant explanatory variable than GDP to 
explain the demand for cigarettes.

A province granularity-level analysis is performed, and year-
averaged importance of price and GDP metrics was computed for 
every model. We can see some patterns over time in Table 4 and 
the Density Plots for VIM Metrics for QRF Model in Figure 6. 
Tables 5 and 6 show other measures of goodness of fit for the 
models used. Results show a price relevance increase from 2007 

over the importance of the GDP variable, with 2010 being the 
major switch over year. As can be seen, until 2010 (except in 2004), 
GDP is the variable that most determines cigarette consumption. 
However, as of 2010 (except in 2013 and 2014), it is price that is 
the most relevant variable in determining cigarette consumption.

To have a more precise vision of the evolution of the importance 
of the main explanatory variables of the cigarette demand func-
tion, the relationship between price and GDP has been included 
in Table 4. This price importance/GDP importance ratio (afford-
ability importance) can be calculated to simplify the results, and 
the results are more interpretable:

•	 Affordability importance < 1: more relevance on GDP
•	 Affordability importance = 1: equally relevant
•	 Affordability importance > 1: more relevance on price

The affordability importance in the upper part of Figure 3 shows 
the provincial granularity level. In this sense, the patterns of all 
the provinces are aligned with a growing trend since 2007 and 
with a ratio greater than 1 as of 2010. On the other hand, the 
lower part of Figure 3 shows the aggregate mean of the afford-
ability importance, which also shows an increasing trend at the 
national level of the ratio. These results seem to suggest that 
until 2010 price policies have not had the desired effect on public 
health. However, as of 2010, price is more important than GDP 
in explaining the demand for cigarettes. Figure 4 shows how from 
2010 there is a notable growth of the RIP, which may be related 
to the indicated behavior. In other words, it seems that from a 
certain threshold of RIP, the price policies are more relevant to 
the aim of minimizing cigarette consumption.

Finally, Figure 5 shows the last relevant finding of this paper. 
Although it has been indicated that as of 2010 (when the RIP 

Table 3.
Importance of Price and GDP in the Three Subperiods

Period Model GDP Importance Price Importance MAE (OOB) MSE (OOB)
1957–1969 QRF 54.43% 45.57% 0.31 0.14

1970–2006 QRF 57.14% 42.86% 0.64 0.49

2007–2018 QRF 33.50% 66.50% 0.51 0.22

GDP = gross domestic product; OOB = out-of-bag; QRF = quantile regression forest.

Figure 2.  Importance of Price and GDP in the Three Subperiods. GDP = Gross Domestic Product; VDVIM = Variance Decrease 
Variable Importance Metrics.
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is around 1%) price is the explanatory variable that dominates 
the demand function for cigarettes in Spain, it seems vreason-
able to ask: Is the RIP related to the importance of price in 

the demand function for cigarettes? In Figure 5, it is observed 
how until 2010 the relationship between RIP and VIM price 
does not present a trend. However, as of 2010, a slight positive 
trend appears to be observed in the relationship between the 
RIP and the VIM. It seems that from a certain RIP threshold 
there is a slight positive relationship between affordability and 
the importance of price as an explanatory variable of demand 
for cigarettes.

Discussion

In recent years, the concern about knowing which factors drive 
the demand for tobacco has grown due to the deleterious effect 
that tobacco has on public health. Based on data from a provin-
cial panel on cigarette sales in Spain, the results of this article are 
adjusted to the existing evidence that price and income are vari-
ables capable of explaining the demand for cigarettes. The results 

Table 4.
Importance of GDP, Price, and Affordability Using Provincial Data

Year Model GDP Importance (%) Price Importance Affordability Importance MAE (OOB) MSE (OOB)
2002 QRF 62.88 37.12 0.59 0.1185 0.5135

2003 QRF 56.06 43.94 0.78 0.1547 0.6898

2004 QRF 44.05 55.95 1.27 0.1459 0.6685

2005 QRF 61.08 38.92 0.64 0.1515 0.5008

2006 QRF 60.04 39.96 0.67 0.1496 0.5879

2007 QRF 52.57 47.43 0.90 0.1742 0.8271

2008 QRF 55.42 44.58 0.80 0.1817 1.163

2009 QRF 56.08 43.92 0.78 0.1604 1.0105

2010 QRF 53.07 46.93 0.88 0.1453 0.9682

2011 QRF 46.56 53.44 1.15 0.1542 0.9481

2012 QRF 41.66 58.34 1.40 0.1576 1.1917

2013 QRF 50.50 49.50 0.98 0.1617 0.9383

2014 QRF 52.18 47.82 0.92 0.1391 0.8922

2015 QRF 44.27 55.73 1.26 0.1518 0.9684

2016 QRF 43.97 56.03 1.27 0.1478 0.9961

2017 QRF 44.29 55.71 1.26 0.154 1.0343

2018 QRF 46.36 53.64 1.16 0.1655 1.1451

GDP = gross domestic product; OOB = out-of-bag; QRF = quantile regression forest.

Table 5.
Results of Training and Test Sets for Error Assessment

Set Model MAE MSE
Training Ranger 0.1537 0.8849

Training QRF 0.1561 0.0509

Training GBM 0.1515 0.0581

Test Ranger 0.1539 0.0495

Test QRF 0.1527 0.0526

Test GBM 0.1553 0.0594

GBM = gradient boosting machine; QRF = quantile regression forest.

Table 6.
VIM Statistics Comparison for Every Model

Model VIM Feature Mean Median SD MAE
Ranger Relative VDVIM GDP 0.5124 0.5168 0.0666 0.0883

Ranger Relative VDVIM Price 0.4876 0.4832 0.0666 0.0883

QRF Relative VDVIM GDP 0.5201 0.5160 0.0791 0.0889

QRF Relative VDVIM Price 0.4799 0.4840 0.0791 0.0889

GBM Relative VDVIM GDP 0.5783 0.6069 0.2460 0.2712

GBM Relative VDVIM Price 0.4217 0.3931 0.2460 0.2712

GBM = gradient boosting machine; GDP = gross domestic product; QRF = quantile regression forest; VDVIM, variance decrease variable importance metrics; 
VIM = variable importance metrics.
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also confirm that when measuring the effectiveness of tobacco 
price increases in reducing demand, it is important to consider 
the effect of income growth that can offset the effect of cigarette 
price increases. In other words, the findings of this work suggest 

that in times of economic growth, the price increases required to 
effectively reduce tobacco consumption in the population would 
be greater than the increases required under conditions of slow or 
no economic growth.

Figure 3.  Evolution of Affordability Importance from 2002 to 2018 at Province Level and Aggregated Territory. VIM = Variable 
Importance Metrics.

Figure 4.  Evolution of Affordability and Per Capita Demand of Cigarette in Spain (1957–2018). 
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The main contribution of this article lies in indicating that the 
importance of affordability to control tobacco consumption 
in Spain has grown over time. Furthermore, until 2010, income 
has generally better explained the demand for cigarettes in the 
Spanish provinces. However, as of 2010, price is the explanatory 
variable of the demand function that best explains the behavior 
of the demand for cigarettes. In these circumstances, the sepa-
rate estimates of price and income elasticity that have been car-
ried out in Spain so far must be interpreted, considering that as 
of 2010, price is more important than income in explaining the 
demand for cigarettes. This means that, although the demand 
functions estimated so far are useful to make predictions about 
the behavior of cigarette demand, the government must consider 
that price is a good tool to control tobacco consumption from 
a certain point of affordability. In other words, for the Spanish 
government, the price is a more powerful way to control tobacco 
consumption from 2010 onward. To our knowledge, this is the 
first attempt to obtain estimates of the explanatory power of 
the main elements of the tobacco demand function. This is a rel-
evant finding, given that it seems that when the RIP exceeds the 
value of 1% (as of 2010), the greater this magnitude, the more 

important the price becomes as an explanatory variable of the 
demand for cigarettes. The finding found in this paper from 2010 
is the first evidence that the 1% RIP may mark a “saturation 
threshold” that causes consumers to react to changes in price 
more sharply than before that tipping point.

The recommendation for researchers that emerges from this anal-
ysis is that price and income elasticity must be contextualized to 
make effective decisions. In many cases, the conclusions are based 
on whether the equality of the price and income elasticity param-
eters is statistically rejected. However, the findings of this paper 
suggest that up to certain levels of affordability, price is not a 
fully effective tool for tobacco control.

Affordability, measured by the RIP, is a highly relevant con-
cept in tobacco control. This work shows how price policies are 
more effective beyond a certain level of affordability. However, 
although the level of affordability does not allow price to have 
a significant effect on tobacco use, this concept is an important 
part in the formulation of tobacco control policies. The con-
cept of affordability involves explaining the combined effects of 
simultaneous changes in prices and income to policy makers and 
the relevance of adjusting prices according to income growth and 
inflation. Price elasticity as a tobacco control tool is a very wide-
spread concept; however, although the ceteris paribus clause is an 
appropriate starting point, the simultaneous effect of economic 
growth on tobacco consumption must be considered. The con-
cept of affordability reinforces why policy makers have difficulty 
understanding why in some cases the effect of price on demand is 
more pronounced than in others.

Limitations and Directions for Future Research
The results shown in this article are not without limitations. 
On the one hand, cigarette sales have been used. Although 
cigarettes account for almost 90% of total tobacco consump-
tion in Spain, part of the elasticity detected may be motivated 
by the consumption of substitute products. In addition, the use 
of aggregated data prevents knowing individual behaviors. By 
using individual data, it could be known whether individual 

Figure 5.  Scatterplot Between RIP and VIM Price. RIP = Relative Income Price; VIM = Variable Importance Metrics.

Figure  6.  Density Plots for VIM Metrics for QRF Model. 
QRF = Quantile Regression Forest; VDVIM = Variance 
Decrease Variable Importance Metrics; VIM = Variable 
Importance Metrics.
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sociodemographic characteristics are influencing the abnor-
malities detected.
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