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A B S T R A C T   

Farm subsidies are on the rise. Such subsidies can be paid either through transfers from tax payers (PSE) or at the 
expense of consumers (CSE) or both. As farm subsidies may have an influence on food prices, it makes certain 
farm commodities more abundant and therefore cheaper. This paper aims to investigate if such subsidies can 
contribute in explaining rising obesity rates worldwide. We use data on farm subsidies and obesity data from 
OECD and FAO and distinguish two models to investigate the different effects: on the one hand on overweight 
(BMI above 25 to 30) and on the other hand on obesity (BMI above 30). Regression analysis shows that farm 
subsidies may be too low to have an effect on overweight or obesity and conclude that rising obesity is probably 
better fought on a national level instead trying to fight it on a cross-country level.   

1. Introduction 

“How much obesity has to be created in a single decade for people to 
realize that diet has to be responsible for it?” (Robert Atkins, 1996 in [33]) 

Even though one might get the impression that Atkins knew in 1996 
exactly who or what to blame for the rising obesity epidemic, there are 
many questions left to the issue of rising obesity around the world. A 
comparison of the obesity rates (in % of the population) between 1980 
and 2014 of the OECD countries shows a clear picture of continuously 
rising obesity rates: Not only the proportion of population that is over
weight, which corresponds to a BMI that is above a value of 25, but also 
the proportion of the obese population – having a BMI that is above 30 – 
rose over the last decade. From 1975 until 2014 the mean proportion of 
the population that is overweight of all OECD countries rose by 20% 
points. Meanwhile, it rose by around 14% points for the obese popula
tion [32]. Though, obesity imposes significant individual and social 
costs, it is still unclear what exactly explains the international rise in 
obesity (see e.g., [8]). 

Comparing the level of overweight and obesity across the OECD 
countries, the share of overweight in the population developed as fol
lows: In 1980, the Czech Republic had the highest proportion of over
weight with more than 50% of its population having a BMI above 25. 
Nowadays in the United States more than 60% of its population are 
overweight. Japan is the country with the lowest proportion over 
overweight: 24% of its population are overweight, which is still eight 
percentage points higher than in 1980. In comparison to Japan, across 

the OECD, Austria has the second lowest incidence of obesity with a 
proportion of 54% being overweight. So why is it that Japanese popu
lation is this much thinner than the rest of the OECD countries? 

Overall, rising obesity rates are explained by mainly three different 
approaches: Obesity as an information deficiency problem, obesity as an 
expression of the weakness of the will and obesity as a rational choice 
[21]. The relationship between schooling and better health outcomes 
are long known (see, e.g. [14,25], or [23]) (information deficiency 
argument). However, information on the triggers of obesity has risen 
over the years whilst obesity rates are still on the rise [29]. Though 
physical activity can prevent obesity, it is evident that most populations 
in developed countries do not meet current recommendations for daily 
physical activity (see e.g. [16], or [12]) (weakness of the will argument). 
Under the rational choice argument the role of farm policies plays a 
decisive role to the process of rising obesity rates: By subsidizing farms, 
production and therefore prices of certain products are cheapened (see, 
e.g. [1,2,5,29], or [19]). 

Our main interest is to give further insights which aspect – infor
mation deficiency, physical inactivity or the rational choice argument – 
played a role concerning the increase in obesity rates across countries. 
Hereby, we are especially interested in the rational choice argument: 
Which role did farm policies play to the process of rising obesity rates by 
subsidizing farms and therefore cheapen production of certain products? 
Are farm subsidies probably the one decisive factor to isolate across 
OECD countries? We aim to extend the previous literature in the di
rection of understanding more finely the role of farm subsidies on 
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obesity across countries. 
Mainly, we analyze the role of agricultural policy in the obesity 

epidemic using methods of machine learning (lasso regression). This 
addresses the problem of the highly dimensional data, that is, the large 
number of parameters to be estimated relative to the number of obser
vations. We show that the regression techniques used in existing studies 
are inadequate and produce biased estimators (like in, e.g. [19]). Lasso 
regression is an effective tool to the problem of principled variable se
lection for covariates especially in case of high dimensional data. 

1.1. Theoretical background and hypotheses 

Relative prices of agricultural commodities decreased dramatically 
within the last decades. On the one hand due to technical progress and 
on the other hand due to farm subsidies. Farm subsidies decreased 
relative prices of agricultural goods by making them more abundant and 
therefore even cheaper. Lower prices for (especially) fattening foods are 
discussed to contribute to the problem of obesity as consumers prefer 
buying low cost (fattening) foods (rational choice argument). [2], e.g., 
investigate if farm subsidies on the one hand decrease food prices 
especially of fattening foods and if this, on the other hand, contributes to 
rising obesity rates in the United States. Overall, they find small evi
dence that the impact on food prices is high. Furthermore, with food 
consumption being relatively unresponsive to changes in market prices, 
the effects on consumption patterns are small [2]. therefore conclude 
that an elimination of subsidies would not lead to a decrease in over
weight. Nevertheless, the correlations between obesity and subsidies 
paid by the consumer to the farms (Consumer Support Estimate, CSE 
[28]) show that a larger subsidy from consumers result in lower obesity 
rates. Although this is only an informal analysis of correlations among 
obesity and food prices (they use the Big Mac Index as a proxy for prices) 
it shows that governmental policy can have a direct impact on prices, 
consumption and therefore obesity. Likewise [30], argues that “the 
cheap-food farm policy” leads to an intensification of the obesity 
epidemic. He argues that overproduction in agriculture that is also 
driven by the government and its subsidies lead to a continuous fall in 
prices for agricultural commodities in the U.S. and undermines 
public-health goals by “loosing a tide of cheap calories at home”. 
Furthermore [1], who analyze price trends between 1960 and 2002 of 
real farm gate prices find that e.g. the price of white bread has not 
changed over the past 25 years in real terms. Besides, the price for white 
sugar has even become cheaper in real terms. They conclude that rising 
real incomes, smaller households and increasing opportunity costs of 
time come along with a higher demand for more fast food services [4]. 
find with data from the Behavioral Risk Factor Surveillance System 
(BRFSS) for the U.S. that decreasing food prices lead to rising obesity 
rates. So far, the impact on the role of agricultural subsidies on obesity 
rates across countries are quite unclear [5]. use empirical methods but 
only a small size (N = 9, respectively N = 22) to find a relationship 
between subsidies, food prices [19]. use a larger data set (N is not 
known) from 1990 to 2002 of all OECD countries. With help of a 
generalized least squares random effects model, they show that overall 
the subsidy, that is paid directly from the consumer to the farmer, has 
quite a significant influence on obesity rates: The higher this rate, the 
lower the obesity rate. Though, using a random effects model is - as 
discussed below - not appropriate for this kind of data. Besides, we argue 
- in line with the rational choice argument - that higher income may lead 
to higher obesity rates (as more income can be assigned to food con
sumption) and a higher agricultural output may lead to lower prices for 
agricultural commodities. 

Overall, based on the literature, our first hypothesis is: 

H1. Sinking food prices and a higher income may lead to rising obesity 
prices. 

[25] is the first to examine the relationship between schooling, 
health knowledge and increasing obesity. He uses data from the 1994 

Diet and Health Knowledge Survey (DHKS) from the U.S. Department of 
Agriculture and concludes that an increase in diet-disease knowledge 
has an inverted effect on the probability of being obese. That education 
does play a decisive role in being obese show e.g. [23] for Brazil. They 
use cross-sectional randomly selected samples of the adult population 
living in Brazil to show that especially woman but also men – to a lesser 
extent – profit from education that tends to function protective against 
overweight and obesity. Concerning the information deficiency argu
ment and in line with, e.g. [23,25], we hypothesize that: 

H2. More years of education is associated with lower obesity rates. 

Concerning the weakness of the will argument, e.g., physical activity 
and a higher caloric intake will lead to higher obesity rates. Further, 
changes in life style such as a higher participation of females in the labor 
force lead to rising obesity rates (decreasing time resources to prepare 
meals and more meals consumed away from home) [4,5,18,24,29]. In 
line with these arguments, we hypothesize: 

H3a. Higher intake of calories is associated with higher obesity rates. 

H3b. Less physical activity leads to higher obesity rates. 

H3c. Life style changes such as a higher proportion of working females 
may lead to higher obesity rates. 

Other factors that are discussed having an influence on overweight 
are age (see e.g., [15]) – with lower life expectancy there are fewer 
reasons to eat less and the proportion of smokers – smokers are supposed 
to be less obese in comparison to the rest of the population (see e.g., 
[17]). 

H4. The higher the proportion of the elderly and a lower proportion of 
smokers are associated with a higher rates of obesity. 

The remainder of the paper is structured as follows: Section 2 de
scribes our empirical strategy. Section 3 presents the data used for the 
empirical application, detailing how we selected the studied sample and 
reporting descriptive statistics. Section 4 introduces the results, inves
tigating the main drivers of the rising obesity rates across countries. 
Section 5 concludes by summing-up the main results, discussing the 
limitations of the study and providing possible lines of future research. 

2. Empirical strategy 

Overall, the most common methods for estimating unobserved ef
fects when using panel data are the random effects model or the fixed 
effects model. The distinction between both models is whether the un
observed individual effect is correlated with the regressors in the model 
or not [10]. Usually, conducting a Hausman-Test, which tests if the 
predictor variables are exegenous and therefore, if there is a correlation 
between the errors and the regressors, gives insights on whether fixed or 
random effects are appropriate. The null hypothesis is that the preferred 
model is random effects (e.g. no correlation between unique errors and 
regressors). In our case, we prefer a fixed effects model. 

A fixed effects model assumes that within country factors impact the 
predictors and therefore the outcome variable: 

yit = βxit + αi + uit (1) 

Furthermore a fixed effects model assumes that the country-specific 
characteristics of one country are not correlated with other country- 
specific characteristics (of other countries). αi is the unknown inter
cept for each country, that affects obesity rates but that does not change 
over time (like a specific government policy or gender and age, that are 
roughly constant over time). The error term and the constant should not 
be correlated with the predictors. Fixed effects removes the effect of 
time-invariant characteristics and therefore, we can asses the net effect 
of the predictor on the outcome variable which is in our case the pro
portion of population being overweight or obese. 

However, in our case and as described below, most variation in our 
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data is across time whereas only little variation is across countries. This 
raises the suspicion of running spurious regressions. If most of the 
variation used to identify the effect of agricultural policy on BMI comes 
from variation over time, we should be concerned with the stationarity 
of the data. The issue of stationarity should be ameliorated by using first- 
differences which is another option to control for unobserved effects and 
eliminating the αi. Using first differences can lead to large standard er
rors if we have little variation in Δxi but if uit are not serially uncorre
lated, using first differences can be more efficient. 

We use the Wooldridge test for serial correlation in panel-data 
models to check which model we should prefer [34]. The tests shows 
that in our case using first differences is the most efficient model. 

To extent our analysis, we use the Least Absolute Shrinkage and Se
lection Operator (LASSO) to decide on the selection of covariates that 
should be included in the dataset [3]. Lasso regression is an effective tool to 
the problem of principled variable selection for covariates especially in case 
of high dimensional data. Analysis that do not take into account all valid 
predictors of the dependent variable may suffer from, e.g., the omitted 
variables error and can cause bias in estimated parameters due to corre
lations of the predicted dependent variable and correlated focal indepen
dent variable(s) [6,22]. In doing so, we are able to include controls not only 
in a linear way but also in form of simple transformations and a variety of 
interaction terms. Double lasso regression in comparison to other data 
mining methods is doing better in terms of false discovery and overfitting. 
It helps searching and selecting the variables that should be included in the 
analysis but also helps avoiding errors of Type 1 (rejecting H0 although it is 
true). Furthermore, it can be applied even when the number of observa
tions is small in comparison the number of predictors [3]. Instead of esti
mating a linear regression model and finding the coefficients that minimize 
the sum of squared errors, lasso regression finds coefficients that minimize 
the sum of squared errors in the regression equation with an additional 
penalty term. Therefore, the standard OLS model yi = β0 + β1xi + β2wi1… 
+ βk+1wik + εi finds the coefficients beta that minimize the sum of squared 
residuals. Lasso additionally includes the penalty term λ

∑
k|βk|, 

which penalizes the inclusion of many coefficients that are close to 
zero in absolute value and minimizes min[

∑
i(yi − β0 + β1xi+

β2wik + …. + βk+1wik)
2

+ λ
∑

k|βk|]. Hereby, xi is the focal independent 
variable of interest which is in our case the CSE: We want to know if the 
proportion of overweights’ is really determined by the agricultural policy. 
By setting some variables to zero, variable selection is undertaken implic
itly [31]. [3] suggest using “double-lasso” variable selection as lasso 
regression can lead to underestimation of coefficients that are not equal to 
zero and cause inference about β1. Furthermore, coefficients mistakenly set 
to zero cause omitted variable bias especially when those predictors are 
relevant for the variable of interest. Using double-lasso regression, in a first 
step, we fit a lasso regression predicting the dependent variable without the 
focal variable. In a second step, the focal independent variable is predicted 
(retaining all variables with non-zero estimated coefficients). Then, the 
final regression model is estimated: this model includes the focal inde
pendent variable as well as all other predictors that were selected to be 
non-zero in the first two steps [31]. Overall, we use the baseline model as 
described above with first differences and consider nonlinear trends 
interacted with observed country-specific characteristics. The choice of 
variables is based on [3] and allws checking for the development of obesity 
rates over time: The included independent variables include (initial) levels, 
(initial) differences, within country averages of the country-specific time 
varying observables, the initial level and initial difference of subsidy rates, 
quadratics in each of the preceding variables, interactions of all the 
aforementioned variables with t and t2 and the main effects t and t2. This 
procedure is helpful as the “baseline model” only provides good estimates if 
time-varying and country-specific factors that are correlated to both sub
sidy rates and obesity are captured by a small set of characteristics. 

3. Material and methods 

We want to understand the complex links between social, cultural 
and political factors causing rising obesity rates across OECD countries. 
But, as mentioned earlier, we are especially interested in the question to 
what extent agricultural policy is to blame for the obesity. Governmental 
policies mainly influence agricultural policy in two ways across the 
OECD countries: Overall, the total support estimate (TSE) consists of the 
producer support estimate (PSE) that are transfers to agricultural pro
ducers and the CSE that measures transfers to consumers of agricultural 
commodities. Market price support, budgetary payments and the cost of 
revenue foregone by the government and other economic agents are all 
combined in the PSE that sums all policy transfers to agricultural pro
ducers measured at the farm gate. In contrast, the CSE measures the 
gross transfers from or to consumers of agricultural products at the farm 
gate level. Therefore, we are mainly interested in the effects of the CSE. 
Usually, the CSE is negative which indicates a transfer from the con
sumer (implicit tax on market price) to the agricultural producer. If it is 
positive, it indicates a subsidy and therefore a lower price for the con
sumer [28]. Data on the CSE (the share of CSE in consumption expen
diture, net of taxpayer transfers to consumers (%)) is taken from [27], 
starting in 1986–2014. At that time still, there were 34 OECD member 
states. The variation in those subsidies is small across countries. 
Switzerland and Japan have quite high rates of CSE in comparison to the 
other nations. Meanwhile – besides having the highest proportion of 
overweight population – the United States are the only nation having a 
positive CSE from time to time and therefore subsidizing the consumers. 
Overall, there is no high variation over countries due to the common 
agricultural policy (CAP) in the EU countries (see Fig. 1): Due to the 
CAP, the CSE is the same for all EU countries. Nevertheless, there is some 
variation over the years. Overall, the indirect tax on consumers 
decreased in the OECD over the years, meanwhile overweight rates 
increased (see Fig. 2) [28]. Data on obesity rates (BMI over 25 and BMI 
over 30) is provided by [32] starting in 1975. 

Based on the literature research and our hypotheses, we include GDP 
per capita and agricultural output per worker in our analysis (H1). A 
higher income may lead to higher obesity rates as well as a higher 
agricultural output may lead to lower prices for agricultural commod
ities and therefore higher obesity rates. The variable output per worker 
is calculated by using the agricultural output level from FAO [7] divided 
by the proportion of working population working in agriculture from the 
World Bank [35]. The agriculture gross production value from [7] is 
measured in 2004–2006 million USD starting from 1961 for most 

Fig. 1. Development of the mean of the CSE in comparison to the development 
of the BMI above 25 to 30, mean over 1986–2014 [27,32]. 
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countries. GDP per capita is given at constant 2005 USD and is provided 
by the World Bank [35]. 

Accordingly to H2, as a proxy for the population’s information level, 
we use the percentage of GDP dedicated to education from [35]. In line 
with H3, we include calories eaten per capita and day from [7]. As a 
proxy for changed life style and extent of physical activity we include 
kilometers driven (data starting in 1956) [26] and data on per capita 
volume of environmental emissions including sulphur, oxide, nitrogen 
oxide, and carbon monoxide from the OECD Environmental Statistics 
[26] (starting in 1990) as well as the percentage of rural populations per 
country and year from the World Bank [35] (starting in 1960). The 
proportion of the female labor force is from [35] starting in 1990. In line 
with H4, we further include the proportion of population over 65 (proxy 
for age) as well as the proportion of smokers (data from [26]. 

While the CSE is our focal variable, it is influenced by several factors. 
Agricultural politics is mainly influenced by the governmental budget: 
The GDP as well as expenditures in other sectors like education influence 
the budget for agricultural policy. Furthermore, the significance of the 
agricultural sector is a main driver for the agricultural policy. The pro
portion of people living in rural areas could indicate that significance. 
The proportion of the elderly is a factor for the role of agriculture in 
policy as well: The elderly usually bear a higher relation to the agri
cultural sector. Contrary, more females in the workforce might weaken 
the role of agriculture within society as the role of traditional cooking 
decreases. Overall, we can conclude that our covariates are adequate to 
further investigate the role of agricultural policy on obesity. 

Table 1 shows the summary statistics of the control variables of our 
data set. 

4. Results 

The results for the fixed effects model as well as the first difference 
model are shown in Table 2. 

In the fixed effects model, we observe the intake of calories, the 
proportion of population living in rural areas, the proportion of the 
population over 65, the proportion of the female workforce, the emis
sions variable as well as the proportion of smokers and the variable that 
measures agricultural productivity as being significant while the CSE is 
not significant. Especially the effect of the agricultural productivity is 
high. Nevertheless, we observe a high R2 which indicates that we are 
overfitting the model. This is a problem of high-dimensional data.In the 
model with first differences caloric intake is no longer significant for 

both models with BMI>25 and BMI>30. The same applies to the share of 
the rural population, emissions, the proportions of smokers. Even the 
variable that measures agricultural productivity is no longer significant 
and its value decreases a lot. However, the effect of Older and Female_
work is significant in the first difference models as well: On the one hand, 
an increase in the percentage of the population older than 65 decreases 
the proportion of the overweight/obese population. On the other hand 
an increase in the share of working females, increases the proportion of 
the overweight/obese population. The effects of almost all other vari
ables are mainly zero in the models with first differences. Indeed, this is 
also true for our focal variable – the CSE – that has a very small (almost 
zero) and non-significant effect on the proportion of population being 
overweight or obese. 

Especially when the number of observations is small while including 
many predictors, regression can lead to spurious results. Accordingly to 
[9] a good rule of thumb is for multiple regression to have at least a 
number N of observations that fulfill: N ≥ 50 + 8 m with m being the 

Fig. 2. Proportion of population with BMI above 25 to 30 in comparison to the 
CSE (CSE = CSE*(-1)), mean over 1986–2014 [27]. 

Table 1 
Summary statistics.   

Mean Standard 
Deviation 

Calories: Calories per capita and day 3283.69 (262.95) 
Rural: Proportion of population living in rural areas 25.65 (10.99) 
Older: Proportion of population over age of 65 13.27 (3.08) 
Female_work: Proportion of females working 42.59 (4.75) 
GDP: GDP per capita at constant 2005 USD 31.90 (18.52) 
Expend_Educ: Gov. expend. on education (% of GDP) 5.08 (1.29) 
Km driven by private vehicles (in 1000 km) 9.18 (3.33) 
Emissions: Per capita volume of environemntal 

emissions (in kg) 
0.22 (0.17) 

Smokers: Proportion of smokers above age 15 27.17 (5.27) 
Output per worker: Gross Prod. Value per worker 

(const. 2004–2006 USD in 1000) 
19.06 (12.73) 

CSE: Agricultural transfers from consumers (% of total 
support) 

24.34 (14.08)  

Table 2 
Fixed Effects Regressions and Regressions using First Difference Models 
including year dummies Modeling the Incidence of Overweight and Obesity.   

Fixed Effects Model First Difference Model 

(BMI>25) (BMI>30) (BMI>25) (BMI>30) 

Calories 0.001* 0.002*** 0.000 −0.000 
(0.001) (0.001) (0.000) (0.000) 

Rural −0.108*** −0.080*** −0.053 0.009 
(0.025) (0.026) (0.053) (0.041) 

Older −0.510*** −0.617*** −0.474*** −0.557*** 
(0.060) (0.062) (0.133) (0.137) 

Female_work 0.377*** 0.273*** 0.141** 0.116** 
(0.047) (0.049) (0.051) (0.048) 

GDP 25.534 14.847 12.509 8.339 
(22.042) (22.857) (17.958) (10.734) 

Expend_Educ 0.013 0.083 0.005 0.040 
(0.083) (0.086) (0.033) (0.031) 

km driven by private 
vehicles 

−0.093 −0.012 −0.037 −0.047 
(0.062) (0.065) (0.030) (0.039) 

Emissions −0.003*** −0.005*** −0.001 −0.002 
(0.001) (0.001) (0.001) (0.001) 

Smokers 0.057*** 0.094*** −0.005 −0.006 
(0.019) (0.020) (0.006) (0.006) 

Agr. Productivity 26.088*** 33.501*** 0.944 −0.575 
(9.263) (9.605) (2.448) (2.464) 

CSE 0.003 0.009 −0.001 −0.002 
(0.012) (0.012) (0.002) (0.002) 

Constant 33.293*** 1.458 0.519*** 0.341*** 
(3.459) (3.586) (0.061) (0.028) 

Observations 263 263 181 181 
Adjusted R2 0.979 0.967 0.512 0.462 
Standard errors in parentheses   

*p < 0.1, **p < 0.05, ***p < 0.01 
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number of covariates but m not being larger than seven or correlation 
results may result in values being too large. Especially when using 
high-dimensional data, using many potential predictors, it can be diffi
cult to extract those predictors that have an effect on the outcome [3]. As 
this is the case for our data set and as we want to find the predictors that 
do impact the proportion of population being overweight or obese, we 
further apply double lasso regression. 

Table 3 provides the result for the double-lasso approach. As 
described above, we use double-lasso regression for a model with first 
differences with country-specific and time-specific effects to eliminate 
unobserved effects constant over time (i.e., fixed effects). The baseline 
model is the model with first differences. The model “all controls” shows 
the results for the CSE with all the controls aforementioned. Likewise, 
the results for the “double-lasso” regression shows no significant effect 
on obesity of CSE rates and even changes the sign of the influence. 

5. Discussion 

Overall, we can resume that there is no significant effect of the CSE 
on the proportion of population being overweight or obese. Neither in a 
fixed effects model, nor in the model with first differences nor the lasso 
regression, the CSE is significant. This is in contrast to our main hy
pothesis. The effect of the CSE on prices may be too small to influence 
consumers behavior. Therefore, the CSE does not have an effect on the 
proportion of population being overweight or obese. This result is in line 
with [2] who find small evidence as well that food consumption patterns 
are responsive to changes in market prices. They conclude that an 
elimination of subsidies will not have an effect on overweight or obesity 
rates. Nevertheless, our results is contrary to other studies like, e.g. [19], 
who find a significant effect of the CSE on the BMI. Though they make 
use of a similar data set, however [19] make use of a generalized least 
squares random effects model although the data does not offer much 
variability in the predictors – especially with respect to country differ
ences.Our study shows that in the case of low variability in the pre
dictors, a model with first is much more reliable and hinders running 
spurious regression that is only picking up underlying time trends in the 
variables. Further, having a small data set and a high number of pre
dictors, the results of the double-lasso regression supports our results of 
the models with first differences. 

However, the proportion of female in the labor force as well as the 
proportion of the elderly in the population has a significant effect on 
overweight/obesity rates. More females in the labor force means less 
time to prepare meals at home and more food is consumed away from 
home when females work leading to a higher proportion of overweight 
in the population, which supports the results from [24] or [4]. The 
proportion of the elderly in the population has in both models – the fixed 
effects models as well as in the models with first differences – a signif
icant negative effect on the BMI over 25 or 30. This result is in contrast ot 
the literature, see, e.g. [15] who argue that with lower life expectancy 
eating habits change, consuming more foods. 

Besides, the study is restricted due to data limitation, which is why 
we had to use many proxy variables. Even using the BMI as a proxy for 
the health status of a population has been discussed in the past [13,20]. 
Socio-economic determinants seem to play a high role on the national 
level concerning obesity levels (see, e.g, [11]. Using the CSE as our focal 
variable has limits as well. As mentioned above, due to the CAP, the 
variation across OECD countries is low as the EU member states have the 
same levels of CSE and we can only observe some variation over the 
years. 

Overall, we resume that it is hard to explain overweight/obesity rates 
across countries with low variability in the predictors, especially with 
respect to country differences.Further, on the base of our analysis, we 
conclude that given such a complex problem as overweight and obesity 
it might just not be the right approach to use cross-country analysis. It is 
more probable that fighting the obesity problem is a problem that is 
triggered in a better way on a national level and further analysis should 

concentrate on national levels. On the national level, the socio-economic 
status, seems to play a high role concerning obesity (see, e.g. [11]. 

6. Conclusion 

Overweight and obesity are on the rise across the world but until now 
there is little understanding for the main reasons. We try to shed some 
lights on the reasons using a first difference model and double-lasso and 
are hereby mainly interested in the impact of agricultural policies. 

From our analysis, we can conclude that the effect of farm subsidies – 
measured with help of the CSE – may be too small to influence con
sumers behavior via prices and therefore, the CSE does not have an effect 
on the proportion of population being overweight or obese. In the end, 
the higher contribution from consumers to support the agricultural 
sector are not successful in controlling the spread of the overweight- 
related problems. 

For a further understanding of the topic, future research could, e.g., 
add waist circumference as a better proxy for overweight/obesity. Be
sides an extension with a dynamic model specification would be inter
esting to control for the dynamics of the CSE impact on the obesity. 

However, as mentioned above, we conclude, that it is probably better 
to understand the rise in overweight and obesity on a national level 
instead of using the cross-country perspective. 
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