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Abstract  

Developing countries are characterized by slightly higher GDP growth rates that developed ones, are 
advancing towards universal energy access and many of them are yet to finish their demographic 
transition, which implies their fertility rate is higher than average and their population is still young. 
The previous socio-demographic and economic changes could make energy consumption patterns 
quite different from the ones observed in developed countries. Herein we use Mexico as a case study 
to estimate determinants of energy consumption as well as the importance that change in 
generational preferences has on such consumption. We find that results are in line with the few 
studies performed for developed countries but that the magnitudes are four times stronger. This 
means that younger generations in Mexico increase their consumption at a much faster rate as they 
grow older than households in developed countries, which may become a concern for policymakers 
deciding on investments to meet future energy demand, particularly in the context of the energy 
transition. 
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1. Introduction 

Following the UN Sustainable Development Goals, universal energy access has become a priority and, 
as from 2018, on average 90% of the world’s population has access to electricity services (World 
Bank, 2021). This increase in energy access is excellent news for living conditions of the world’s 
population but will certainly make it more difficult to meet increasing energy demand in the future, 
particularly considering the changes that must take place in the energy matrix to comply with the 
Paris Agreement objective of zero-net-emissions by 2050.   
 
Developing countries are characterized by slightly higher GDP growth rates and many of them are yet 
to finish their demographic transition (Easterlin, 2019). These two characteristics, together with 
changing energy consumption patterns due to cultural and generational changes, make it even more 
difficult to predict their energy demand growth as well as to design the right policies to increase 
energy conservation and reduce energy poverty. To better understand the determinants of energy 
demand as well as whether energy usage practices are changing as compared to developed countries 
we use the case of Mexico. As many developing countries, Mexico has just reached universal 
electricity access in 2018 (World Bank, 2021) and residential consumption, being heavily subsidized1 
(Contreras Liesperguer, 2020), has been growing at an average annual rate of 4.37% (Escoto Castillo 
and Sanchez Pena, 2017).  
 
However, electricity consumption is not only linked to energy access and price levels. Residential 
electricity consumption is expanding worldwide since new appliances are shaping energy practice 
and energy culture (WEO, 2017). Several studies – mostly on developed countries –   tried to assess 
the role of socio-demographic characteristics to disentangle households’ energy practices (see 
Bardazzi and Pazienza, 2017 and Jones et al. (2015) for a review). This is the first thing we do herein 
for the case of Mexico, distinguishing between rural and urban households. We find that, in line with 
the findings for developed countries, dwelling type, rural versus urban area, income and personal 
characteristics – among which age – are key factors explaining residential energy consumption.  In a 
second step, we perform a study of generational cohort groups across time using repeated cross-
sections with the purpose of disentangling the pure age effect from the generational effect. Our 
results show that both determinants are significant and that while electricity expenditure rises with 
age, cohort effects are increasing  from older to younger  generations: householders born up to the 
1960s show a lower electricity consumption compared with householders of the same age born in 
more recent decades. Differences in magnitude between rural and urban location are identified. To 
the best of our knowledge this is the first time that the life-cycle effect is measured in a developing 
country and, even if the findings are in line with the literature that has studied this for European 
countries (Bardazzi and Pazienza, 2017, Chancel, 2014) the magnitude of the generational impact is 
four times larger for Mexico: expenditure of rural households increase 25% every five-year cohort 
(and 18% for urban households).  Moreover, when we study the generational impact per income 

                                                           
1 According to Coady et al. (2015), only 7% of fuel subsidies in poor countries go to the bottom 20% of households. 
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quartile we observe that the rates of change in electricity expenditure per year of age and per cohort 
by quartiles are much larger for the poorest households (belonging to the first quartiles of income) 
while the effects are similar to the ones found for developed countries for the rich (last quartile of 
income).  The fact that younger generations consume up to 25% more than older ones, together with 
the younger population of Mexico, still in the demographic transition, indicates energy consumption 
patterns markedly different from those of developed countries and could imply a great difficulty in 
the future to meet such fast-growing demand.  
 

2. Using Mexico as a case study 

Mexico ranks as the 10th most populated country in the world and third in the Americas after the US 
and Brazil (United Nations, 2021), its population is mostly concentrated in urban areas (84% behind 
Brazil with 88% but before the US with 83%) and together with most of the southern cone it can be 
considered as a developing country.2 Most developed countries show a thin population pyramid’s 
base due to aging population. Instead, Mexico’s pyramid still shows a strong base and with a median 
age of population being under 30 years. However, in the next 30 years a fast-aging process is 
projected, with the median age approaching 40 years in 2050 (Un World Population Prospects, 2020). 
As many other developing countries, Mexico is about to complete the last stages of its demographic 
transition (Pujol, 1992) and this may imply that the life-cycle determinants of energy consumption 
will be very different from developed countries and, more importantly, that if energy consumption 
increases with an aging population, energy demand growth for mid-century may be much stronger 
than in developed countries.  
 
Moreover, over the last three decades (1980 to 2018) the country has underperformed in terms of 
growth (just above 2%), inclusion, and poverty reduction compared to similar countries limiting its 
convergence relative to high income economies. Despite the slow growth rate, income inequality 
(particularly between urban and rural regions as well as between the rich Northern regions and the 
poor in the South) and concentration of energy use in top deciles, standards of living have been 
improving year by year. 3 Among these sociodemographic transformations, urbanization, education 
and household size exhibit large changes (World Bank, 2019). It is evident that universal access to 
electricity has accelerated these transformations with a virtuous cycle between energy access, rise in 
per capita income and general sociodemographic transformations. Figure 1 highlights that since 2017 
100% of Mexican population has access to electricity but the path to reach this target has been 
strongly differentiated between urban and rural areas of the country.   
 

 

                                                           
2 Meaning a country with less developed industrial base and a low Human Development Index (HDI) relative to other countries (see 
O'Sullivan and Sheffrin, 2003). 
3 Tornarolli et al. (2018) stress that Mexico enjoyed an improvement in both average income and income inequality over the first two 
decades of the century, although the magnitude of income growth was lower than the one reached by other South-American 
countries.  
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Figure 1: Evolution in access to electricity 

 
Source: World Bank Database (2021) 

 
The Mexican average tariff is 4.3 U$S cents/kWh for an average consumption of 125 kWh per month, 
only higher than Venezuela’s and Paraguay but lower than most South-American countries (Contreras 
Liesperguer, 2020). 4  Despite relatively low prices and the good access rate, electricity demand for 
residential use still raises a question of economic affordability. Energy poverty, considering those 
households with high incidence of electricity bills on total income or with zero electricity expenditure, 
has been sharply increasing during the first decade of the century, as residential electricity prices 
increased and has only stared to improve after 2008 due to energy price dynamics, general income 
growth and universal energy access.  
 
The ongoing transformations in Mexican society triggered by urbanization, income growth and 
universal electricity access, make it difficult to forecast future changes in energy demand and to 
identify the optimal energy mix. This is crucial to plan investments and adequate policies to reach a 
general rise in living standards, a decline in energy poverty and in inequality, and a significant 
emission reduction.  This is because beyond traditional drivers of energy use, such as population 
growth and GDP projections, energy practices play a key role, especially concerning the attitude of 
different Mexican generations towards new appliances, mobility, electrification and environmental 
concerns.  
 
The empirical literature has highlighted that energy consumption choices vary greatly between 
apparently similar types of households (for income, education, area and dwellings characteristics): 
this heterogeneity can only partially be attributed to a different perception of price signals, and can 

                                                           
4 In Mexico, residential electricity prices are based on the monthly energy consumed and in blocks of increasing consumption (there 
are seven consumption strata). Moreover, prices can vary depending on seasons in each region. For consumption above a certain limit, 
a Domestic High Consumption tariff is established. As for taxes, the fuels used to generate electricity are subject to the carbon tax, 
whereas electricity consumption is not taxed. The only tax applied to the household level is the value added tax (16%). 
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be better explained by looking at how social drivers interplay to shape energy related behaviour. 
According to the approach of energy culture (Stephenson et al., 2010), energy choices can be 
understood by looking at the interactions between “cognitive norms, (e.g. beliefs, understandings), 
material culture (e.g. technologies, building form) and energy practices (e.g. activities, processes).”5 
As for developed countries, a significant generational effect in energy use has been found for France  
and Italy for both residential energy use and for mobility choice (Chancel, 2014, Bardazzi and 
Pazienza, 2017, 2018). To the best of our knowledge, these effects have not been studied for 
developing countries, where such effects could be more important due to the transitions such 
economies are living in terms of socio-demographic and economic conditions.  
 
As for Mexico, the most relevant factors to analyse energy use have been traditionally limited to 
income constraints, household size and geographic area (Rodriguez-Oreggia and Yepez-Garcia 
(2014)). However, recent literature finds additional behavioural drivers. Davis et al. (2014) found that 
several energy efficiency programs – implemented by the Mexican government – have been effective 
in reducing electricity consumption, but that the rebound effect (according to which consumers tend 
to use energy efficient appliances more intensively to increase comfort levels) can cause adverse 
overall results in terms of energy conservation.  According to Escoto Castillo and Sanchez Pena (2017), 
intensive energy practices spread among Mexican households, expanding from high to lower 
socioeconomic groups and marking a transformation in energy use behaviour among different 
generations of consumers. Herein, we analyse evidence of different energy practices among different 
Mexican generations. 
 
 

3. The data 

We use microdata from the National Income Expenditure Surveys (ENIGH) 2000-2016. These 
household surveys are carried out every two years and include several detailed data among which 
socio-demographic characteristics, income, consumption, dwelling characteristics and energy use. 
Energy use is surveyed as the total amount paid on energy bills during the observation period. The 
overall dataset is based on different sample sizes, with sample weights reflecting the Mexican 
population.  In Table 1 we show some statistics for selected years: 2000 as the first observation 
period, then 2008 as the median year and the final year 2016. From the original dataset we excluded 
observations with householder age lower than 20 years and higher than 85 years.  After this selection, 
we are left with more than 200.000 cumulative observations, representing in 2016 more than 31 
million families and 113 million people, 77% of whom is located in urban area.  

Table 1: Households’ frequencies by year and share of household with positive electricity expenditure 

 
Source: Authors’ elaboration based on ENIGH  

                                                           
5 Stephenson et al. (2010), p. 6124. 

% of HH with zero electr. expend.

Unweighted Weighted Urban Rura l Tota l Urban Rura l Tota l

2000 9,473 21,988,755        55,740,115         35,527,852           91,267,967         26.2% 36.7% 30.3%

2008 27,581 25,966,844        65,207,059         39,367,108           104,574,167       33.1% 30.8% 32.2%

2016 65,947 31,183,542        87,122,107         26,662,630           113,784,737       10.7% 14.8% 11.6%

Household frequencies Tota l  Population  (weighted)
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Table 1 also highlights important demographic changes in the observed period: total population 
exhibits a 25% growth, whereas population in urban areas grew by 56% leaving in 2016 only 23% of 
total population in rural areas. The data also show that even in 2016, despite a supposed universal 
access to the grid, around 15% of households in rural areas do not use electricity.  

The increase in the number of households shown in Table 1 is matched by a decrease in the average 
size, a trend that is also present in countries with higher living standards.  

Figure 2: Average household size by householder age. 

 
Source: Authors’ elaboration based on ENIGH 

Figure 2 displays the historical evolution of the link between the age of the householder and average 
family size. We observe that, besides the usual inverted u-shaped pattern – peaking between an age 
of 40 and 50 years- it is very clear that the whole 2016 curve is significantly lower than the 2000 
curve.  The steady decline in family size (from 4.19 in 2000 to 3.65 in 2016) implies a higher per capita 
income inside the household resulting in more consumption within the family and, at the same time, 
a loss of economies of scale in overall energy use. 

 

4. Determinants of residential energy expenditure  

First, we use the pooled dataset to analyse the joint effect of demographic, social and dwelling 
characteristics on electricity demand. Drawing from the international empirical literature (see for a 
review Jones et al, 2015), we expect a key role of income and socio-demographic variables.   

Figure 3 shows the usual life-cycle pattern that is an inverted U-shape for electricity demand by age 
of householder: it is clear that this relation is driven by the evolution of household size and income 
during the life-cycle. The grey line highlights the incidence of energy poverty6 according to 
householder age that, on the contrary, has a clear U-shape. 

 
 
 

                                                           
6 Energy poverty here represents both aspects of lack of access to modern energy sources and lack of financial resources to adequately 
use energy services. Table 2 shows an expenditure based metrics computed through a simplified combined indicator: a household is 
classified as energy poor if the share of energy expenditure on income exceed 10% (ten per cent rule) or if it shows zero expenditure. 
For a general discussion of energy poor metrics see Bardazzi et al (2021) and Sareen et al (2020). 

2.0
2.5
3.0
3.5
4.0
4.5
5.0
5.5

20 25 30 35 40 45 50 55 60 65 70 75 80 85

2000 2008 2016



7 
 

Figure 3: Household income, electricity expenditure and energy poverty by age of householder in 2016* 

 
*Each of the three series of average values is transformed into an index that is equal to 100 for the 50 years old householder.  
Source: Authors’ elaboration based on ENIGH.  
 

It’s worth highlighting that energy use has a slower decline with respect to income as age increase. 
This means that electricity bills weigh relatively more heavily on the budgets of elderly households 
with lower income levels and fewer family members.  

Table 2 focuses on 2016 and shows that, besides energy poverty, also income levels, inequality and 
the share of electricity expenditure on total expenditure differ between urban and rural areas. 
Notwithstanding higher income levels in urban areas, it is interesting to note that energy poor 
households or, more generally, those with zero consumption or a higher share of electricity 
expenditures are more numerous in the first quartile of urban areas, in part because of fewer 
opportunities for substitution between electricity and other energy sources. 
 
Table 2: Income distribution and energy poverty incidence by quartiles and area (2016) 

 
*Average equivalent income refers to the income normalized by the number of members in the household using the transformation (N)1/2 where N is 
the number of members (OECD, 2013) 
* Energy poor are those with a share of electricity expenditure higher than 10% or equal to zero meaning they do not pay for electricity.  
Source: authors’ elaboration and CEDLAS -The World Bank for Gini index 

 
 

 

Quartiles
Urban Rural Urban Rural Urban Rural Urban Rural

1 2,011           1,726           21.9% 20.1% 3.24% 2.59%

2 3,813           3,710           16.7% 17.7% 2.96% 2.53%

3 6,083           5,989           13.6% 16.6% 2.73% 2.48%

4 15,357        14,093        9.6% 12.5% 2.25% 2.36%

Total 7,880           4,110           0.431 0.408 14.4% 18.2% 2.72% 2.53%

Average equivalent 
income Gini Index % Energy Poor HH

% Electr. bil ls on total 
expenditure
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On the pooled dataset we test the relevance of the main drivers of electricity demand in Mexico, by 
considering sociodemographic characteristics as well as some structural data.  

The empirical model can very generally be represented by the following equation 

Ln (EEit )=α+βXit+γYit+uit ,             (1) 

where the dependent variable ln (EE) is the logarithm of the household’s deflated equivalent7 
residential electricity expenditure , Xit is the set of non-human characteristics (such as geographical 
area and dwelling type) and Yit is the set of socio-demographic factors (or human characteristics).  

Unfortunately, the presence of several zero values in household electricity expenditure (Figure 4) 
hinders the use of estimation methods based on the hypothesis of normal distribution of the 
variables, and in particular parameters estimated with OLS would be biased. In this sample, zero 
values cannot be considered only survey errors or truncated values and mostly arise from an 
affordability issue8.  

Figure 4: Electricity expenditure distribution (natural logarithm of the household equivalent expenditure) 

 
Source: Authors’ elaboration based on ENIGH 

 

When the zero value is the result of a specific choice and can be thought of as a corner solution due 
to a constrained utility maximization problem, the Tobit estimation is usually employed. However, 
this model rests on two strong assumptions of normality and homoscedasticity that were tested and 
failed on our data. Therefore, we decided to relax the strong Tobit assumption that the same 
mechanism generates both zeros and positive values and to consider electricity expenditure as the 
combination of two separate decisions: connecting or not to the electricity grid and deciding how 
much to consume. The double-hurdle model by Cragg (1971) is suitable for this case, also because it 
provides more flexibility compared with other censored or two stages techniques (as Tobit's and 
Heckman's models), it allows zero expenditure to be generated at both decision levels and because 
different sets of explanatory variables can be used to build the two hurdles.  

To sketch the double hurdle model, let yi be the observed expenditure of household i, while yip
* and 

yic
* are two latent variables respectively representing the household participation and consumption 

                                                           
7 In order to make expenditure comparable when considering different household size, we employ the simple Oecd equivalence scale 
which divides household income by the square root of household size (see OECD, 2013), 
8 Zero values can be rationalized by three different alternatives: they can represent a choice made by the agents; they can represent 
either missing or non-response outcomes or they can be the result of a structural characteristics, when the agents have no control 
over the decision. See also Humphreys (2013) and Pudney (1990). 
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decisions. We define Si as the binary variable for the participation decision, considering a set of 
factors wi able to describe the latent variable yip

* . The selection model is therefore 

𝑝𝑝𝑖𝑖 = 𝑃𝑃�𝑦𝑦𝑖𝑖𝑖𝑖∗ > 0� = 𝑃𝑃(𝑆𝑆𝑖𝑖 = 1) = Φ(𝑤𝑤𝑖𝑖) =  Φ𝑖𝑖,          (2) 

where Фi is a cumulative distribution function. The continuous latent variable yic
* is a function of a 

vector of explanatory variables xi. Under the assumption that the process generating Si is independent 
of yi conditional on xi, the specification of the observed dependent variable becomes9: 

𝑦𝑦𝑖𝑖 =  𝑆𝑆𝑖𝑖 max{𝑦𝑦𝑖𝑖𝑖𝑖∗ , 0}.              (3) 

The first decision is modelled using a probit model, while the consumption decision is modelled with 
a truncated regression model. Table 3 describes the variables used in the equations.  

Table 3: Variable definition 

 
Source: Authors’ elaboration on ENIGH 

Table 4 presents the regression results for the whole period (2000-2016), considering urban and rural 
areas. The table show coefficients and marginal effects.  This is due to the fact that, as the coefficient 
estimates in the two steps are not directly interpretable, to obtain the effect of the regressors on the 
dependent variable it is necessary to analyse the marginal effects which are a function of the 
parameters and explanatory variables in both tiers of the regression.10  

The results show that the main findings of the international empirical literature are confirmed also 
for Mexican households (see Jones et al. 2015 for a review as well as Olaniyan et al., 2018 for the 
case of Nigeria and Taale and Keyermeh, 2019 and Adusah-Poku and Takeuchi, 2019 for the case of 
Ghana, which are two of the few papers on developing economies).  

 

                                                           
9 In our empirical application, both hurdles are assumed to be linear in the parameters, with additive, independent and normally 
distributed error terms. 
10 For a formal derivation of the overall marginal effects and related elasticities on the dependent variable, see Eakins (2016).  

Variable Name Type Notes Mean St.Dev. Min Max
Househ. Equiv. Electrici ty Exp. (Dep. Var.) monetary log, deflated va lues 4.4 0.9 -1.5 7.7

Householder Age Integer Age >20 years 47.4 15.0 20.0 85.0

Householder Age2 Integer Age >20 years 2474.8 1530.1 400.0 7225.0

Householder Gender binary female=2 1.2 0.4 1.0 2.0

Presence of Chi ldren binary Yes=1 0.3 0.5 0.0 1.0

Education level binary At les t 10 years  of education 0.3 0.5 0.0 1.0

Tota l  equiva lent household income monetary log, deflated va lues 8.4 0.8 -0.7 14.3

Quarti le Integer HH equiva lent income quarti les 1.0 4.0

Poor area binary HH located in poor area  0.4 0.5 0.0 1.0

Geographic area Integer North regions  =1; Centre=2, South=3 1.0 3.0

Property binary Owner =1 0.6 0.5 0.0 1.0

Household s i ze Integer Integer 3.9 1.9 1.0 43.0

Air conditioning binary Yes=1 0.1 0.3 0.0 1.0

Sel f employment binary Yes=1 0.3 0.5 0.0 1.0

Dwel l ing type (Flat, Detached house) binary Detached=1 0.6 0.5 0.0 1.0
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Table 4: Double hurdle regression results for electricity demand (coefficients and marginal effects) 

 
*Dwelling type is used in both of the estimation steps.  
Source: Authors’ elaboration on ENIGH 
 

Regression results prove that age is a key determinant both for the participation step of grid 
connection and for the expenditure decision, with a nonlinear link, as discussed in Figures 4 and 5. 
As for the decision to actually connect to the grid, householder gender has no relevance, whereas 
the higher income relative position of the household – proxied by the quartile dummies - and 
detached dwellings show positive influence11. As for geographic areas, a northern location increases 
the probability to connect to the grid in urban areas, while the reverse is true for rural areas. The self-
employed status of the householder has a negative impact, probably due to a related uncertainty in 
income. 

As for the second step – the electricity expenditure behaviour –  income has very similar impact in 
both rural and urban areas. The impact of gender in terms of expenditure is debated in the literature. 
Some find that women householders spend more (e.g. Besagni and Borgarello, 2018 for Italy) while 
some others find they spend less (e.g. Permana et al., 2015 for Indonesia). Women householder and 
high education levels are associated with larger energy expenditure in rural areas. In urban areas, on 
the contrary, the gender is not statistically significant, whereas the education coefficient has a 
negative sign. Indeed, western countries generally show a negative link with education level because 
of its positive influence on energy saving behaviour, even if Mills and Schleich (2012) find that this 
impact widely varies among different areas. The presence of economies of scale shows its importance 
as household equivalent energy expenditure is lower the higher the household size, with a doubled 
effect in rural areas. Due to the different atmospheric temperature level, overall energy expenditure 
is higher in hotter areas and coherently, the presence of air conditioning equipment shows a strong 
positive effect. Dwelling types and the ownership of the dwelling show a negative impact, which 

                                                           
11 For the role of the characteristics of the dwelling on energy consumption see Brounen et al. (2012). 

Coef. P-values Coef. P-values dy/dx P-values Coef. P-values Coef. P-values dy/dx P-values
Age 0.0214 0.00 0.0201 0.00 0.042 0.00 0.0251 0.00 0.0185 0.00 0.047 0.00
Age2 -0.0002 0.00 -0.0001 0.00 0.000 0.00 -0.0002 0.00 -0.0001 0.00 0.000 0.00
Gender 0.0207 0.15 -0.0059 0.52 0.021 0.28 -0.0241 0.35 0.0378 0.02 -0.005 0.89
Quartile_2 0.1180 0.00 0.161 0.00 0.0499 0.04 0.069 0.04
Quartile_3 0.1788 0.00 0.240 0.00 0.0997 0.00 0.135 0.00
Quartile_4 0.3084 0.00 0.393 0.00 0.1707 0.00 0.226 0.00
Center -0.1653 0.00 -0.201 0.00 0.0897 0.00 0.124 0.00
South -0.0734 0.00 -0.086 0.00 0.1742 0.00 0.235 0.00
Dwelling type 0.4128 0.00 0.206 0.00 0.4221 0.00 0.141 0.00
Self employed -0.0944 0.00 -0.117 0.00 -0.0036 0.86 -0.005 0.86
Education -0.0197 0.03 -0.016 0.03 0.0609 0.01 0.044 0.00
Poor area -0.0338 0.00 -0.027 0.00 -0.0334 0.01 -0.024 0.00
Equivalent Income 0.2980 0.00 0.238 0.00 0.3585 0.00 0.260 0.00
Children -0.0247 0.02 -0.020 0.02 -0.0306 0.07 -0.022 0.00
Owner -0.0761 0.00 -0.061 0.00 -0.2113 0.00 -0.153 0.00
HH Size -0.0320 0.00 -0.026 0.00 -0.0666 0.00 -0.048 0.00
Air conditioning 0.5464 0.00 0.436 0.00 0.5757 0.00 0.418 0.00
Dwelling type -0.3814 0.00 -0.5916 0.00
Constant -0.2093 0.00 1.7361 0.00 -0.1916 0.00 1.5188 0.00

Urban areas Rural areas
Selection Step Expenditure Step Marginal effects Selection Step Expenditure Step Marginal effects
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denote better isolation and conservation practices in homes occupied by its owner, particularly in 
detached houses.  

 
5. Life-cycle determinants of electricity consumption 

In this section, household cohorts become the unit of analysis. We use this longitudinal perspective 
to estimate if there exists a combination of drivers on electricity consumption linked to a pure life-
cycle factor as well as to a set of experiences and social influences which characterize the generations 
of the householders. To exploit this issue, neither cross-sectional nor time-series data are 
appropriate. The most suitable data are panel data but, if not available, pseudopanels built with 
repeated cross-sections – cohort data – are a good substitute. They preserve some heterogeneity of 
the original microdata, allow to follow the agent behaviour across time and make it possible to 
identify a cohort effect distinguished from a life-cycle pattern. This technique was introduced by 
Deaton (1985), who suggested forming cohort-level data if repeated cross sections are available. 
Bernard et al. (2011) used this methodology to study the residential electricity demand in the 
province of Québec (Canada) and Bardazzi and Pazienza (2017) used it for Italy. To the best of our 
knowledge, this methodology has never been used to study the residential energy consumption in a 
developing country like Mexico. As stated in the Introduction, there are numerous reasons to think 
that results and the magnitude of those results could be very different from the results for developed 
countries.    

Cohort data have both limitations and advantages, well discussed in the literature (Deaton, 1997). 
First, a potential source of bias are population migration or death affecting cohort size  and  
composition. Moreover,  cohort data are defined by the age of the household head and the age 
composition of the other household members is not directly considered. Finally, the construction of 
a pseudo-panel involves a trade-off between the number of cohorts and the number of observations 
in each cohort. If the number of cohorts is too small, individuals with heterogenous behaviour risk to 
be in the same group. On the other hand, if a large number of cohorts preserve the variability within 
the pseudopanel it is likely to obtain cells with a very limited number of observations, thus leading to 
inconsistent estimators with inaccurate estimates of the true cohort population values (Verbeek, 
2008; Verbeek and Nijman, 1992). 

The main assumption behind the construction of a pseudo-panel is that units are defined as a group 
of agents sharing the same time-invariant characteristics and therefore having similar behaviour to 
be treated as a single unit. Household cohorts can be built according to different criteria. The simplest 
one is  the date of birth of the household head, or more conveniently  his/her age in 2000, which is 
the first year of our dataset. This assumption implies that the electricity consumption is determined 
by the age of the householder associated with other characteristics evolving during the individual 
life-cycle - such as the household size, the presence of children, the employment status, etc. -.   In 
this paper, cohorts are built not only by the age of the householder and but also by the household 
income quartile, to consider the income distribution that has proven to be significant in the cross-
sectional analysis of the residential electricity use in Mexico. 
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In the cohort dataset, we include the household expenditure on electricity12 and several demographic 
and economic control variables. Nominal expenditures  are deflated using the consumer price index 
(CPI) with base year 2011.13   

To construct the pseudo-panel for our analysis, firstly we distinguish the sample between urban and 
rural households, following the analysis of the previous sections. Then we only keep households in 
which the head is 25-85 years old. This truncation aims to avoid a selectivity problem. The birth 
cohorts are defined in five-year groups, except for the youngest cohort born between 1985 and 1992 
to collect  the largest number of observations. Using the householder’s age and income quartile gives 
a total of 2189 cells for urban and 2176 for rural households, and it is a reasonable compromise 
between accuracy (given the homogeneity in unobservable characteristics affecting energy demand 
linked to the birth year) and statistical significance (Verbeek, 2008).  

We observe cohorts at several points in time – the survey years – as they progress throughout the 
lyfe-cycle and have different experiences, social and material influences. Therefore we compare the 
behaviour regarding the electricity consumption of a 30-year-old householder at a particular time 
with other 30-year-old householders at earlier or later points in time. 

Our primary model can be written as 

𝑦𝑦 =  𝛼𝛼 +  𝑊𝑊𝑊𝑊 + 𝐷𝐷𝑎𝑎𝛽𝛽 +  𝐷𝐷𝑖𝑖𝛿𝛿 + 𝐷𝐷𝑦𝑦ψ +  𝜀𝜀  ,                                                                                      (4) 

 
where y is the stacked vector of cohort mean observations in terms of electricity consumption, Da  is 
a matrix of age dummies, Dc a matrix of cohort dummies, Dy a matrix of year dummies to capture 
macro shocks that synchronously but temporarily move all cohorts away from their profiles14 Finally 
W is a matrix of time-varying covariates, which in our case includes only dummies for household 
income quartile. The β and δ parameters will then represent the age and cohort effects that are not 
captured by movements in the W variables.  

Table 5 presents the descriptive statistics of the variables used in the estimation of equation (4) at 
the cohort level.  

 

 

 
                                                           
12 This variable is calculated following the preliminary operations previously discussed in Section 2. 
13 In addition, extreme and unreliable values are cleaned from the dataset through a trimming procedure that excludes observations 
falling outside the first and last percentiles.  
14 In our case, all the matrices have m rows, which is the number of cohort-year pairs. The number of columns is 61 (the number of 
ages) for matrix Da, 14 (the number of cohorts) for Dc and 9 for Dy (the number of survey years). To avoid singularity, we must drop 
one reference category for each matrix of dummies. We choose as reference categories the group of individuals in the first equivalent 
income quartile, in the first age class (25 year-olds) and those born in the youngest cohort (1985-1999). Moreover, to solve the 
identification problem due to the linear relationship across age, cohort and period, we apply the normalisation by Deaton and Paxson 
(1994) and impose the constraint that year dummy coefficients are orthogonal to a time-trend and sum to zero. In particular, 
considering dt as the usual zero-one dummy, to enforce this restriction, we use a set of T-2 year dummies, dt *, defined as follows, 
from t = 3, ... T   dt *= dt - [(t-1) d2 - (t-2) d1]. 
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Table 5: Descriptive statistics of the urban and rural pseudopanels 
Variable Obs Mean Std. Dev. Min Max 

URBAN      

Electricity expenditure (real equivalent, log) 2,189 3.58 0.69 0 5.83 

Age 2,189 54.91 17.57 25 85 

Cohort 2,189 7.76 3.63 1 14 

Household income (real equivalent, log) 2,189 8.39 0.72 6.958 9.88 

RURAL      

Electricity expenditure (real equivalent, log) 2,176 3.19 0.83 0 7.28 

Age 2,176 54.75 17.5 25 85 

Cohort 2,176 7.73 3.62 1 14 

Household income (real equivalent, log) 2,176 8.31 0.76 6.68 10.52 
*Household Income is deflated by the CPI 2011.  
Source: author’s elaboration based on ENIGH.  
 
 

Estimations results are presented in Table 6 and summarized in Figure 5.15 First of all, we notice a 
similar pattern in coefficients between urban and rural notwithstanding some differences in 
magnitude. Parameters16 of the income quartiles show the expected signs and have statistical 
significance.  The increase in magnitude of coefficients as  household’s income is placed in higher 
quartiles confirms the findings of the cross-sectional analysis.  Age effects are statistically significant 
starting from 30 years-old and they are monotonically increasing. Cohort effects are negative and 
decreasing from younger to older generations: householders born in decades up to the 1960s show 
a lower electricity consumption compared with householders of the same age born in more recent 
decades. The smaller cell size for the youger age groups and cohorts contributes to explain the lower 
significance of coefficients and it is simply due  to the fact that 25-year-olds are less likely to be 
household heads than older individuals. However, all age and cohort effects are jointly statistically 
significant. 17  

Table 6: Estimation results for electricity consumption of rural and urban Mexican households.  
Cohort analysis 

 Rural   Urban  

 Coefficient Std.error Coefficient Std.error 

Income quartiles (ref. first quartile)         
Second income quartile 0.429*** 0.039 0.388*** 0.031 
Third income quartile 0.632*** 0.039 0.649*** 0.031 
Fourth income quartile 0.913*** 0.039 1.031*** 0.031 
Householder age (ref. 25 years-old)        
26 years-old -0.048 0.154 -0.058 0.121 
27 years-old 0.085 0.153 -0.045 0.121 
28 years-old 0.128 0.155 0.070 0.122 
29 years-old 0.266* 0.155 0.089 0.122 
30 years-old 0.349** 0.158 0.256** 0.124 
31 years-old 0.319** 0.157 0.242* 0.124 
32 years-old 0.482*** 0.161 0.409*** 0.127 
33 years-old 0.614*** 0.161 0.348*** 0.127 
34 years-old 0.570*** 0.162 0.424*** 0.128 
35 years-old 0.714*** 0.163 0.556*** 0.128 
36 years-old 0.829*** 0.164 0.551*** 0.129 

                                                           
 
16 As the model is log-linear, coefficients must be transformed and interpreted with respect to the reference categories. 
17 F-values for age and cohort effects for urban households are 6.9 and 24.04 respectively. For rural households they are 7.43 and 
30.97. 
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37 years-old 0.921*** 0.165 0.748*** 0.130 
38 years-old 0.945*** 0.166 0.758*** 0.131 
39 years-old 0.965*** 0.167 0.760*** 0.131 
40 years-old 0.907*** 0.169 0.825*** 0.133 
41 years-old 1.129*** 0.169 0.962*** 0.133 
42 years-old 1.203*** 0.171 0.930*** 0.135 
43 years-old 1.210*** 0.173 0.983*** 0.136 
44 years-old 1.224*** 0.173 0.947*** 0.136 
45 years-old 1.252*** 0.175 1.076*** 0.138 
46 years-old 1.248*** 0.175 1.145*** 0.138 
47 years-old 1.395*** 0.177 1.243*** 0.140 
48 years-old 1.547*** 0.178 1.176*** 0.140 
49 years-old 1.428*** 0.179 1.290*** 0.141 
50 years-old 1.476*** 0.180 1.298*** 0.142 
51 years-old 1.642*** 0.181 1.403*** 0.143 
52 years-old 1.676*** 0.183 1.444*** 0.144 
53 years-old 1.748*** 0.184 1.384*** 0.145 
54 years-old 1.888*** 0.184 1.568*** 0.145 
55 years-old 1.773*** 0.186 1.424*** 0.147 
56 years-old 1.930*** 0.187 1.653*** 0.147 
57 years-old 1.931*** 0.188 1.653*** 0.148 
58 years-old 2.043*** 0.189 1.548*** 0.149 
59 years-old 2.147*** 0.190 1.632*** 0.150 
60 years-old 2.057*** 0.191 1.760*** 0.151 
61 years-old 2.262*** 0.192 1.692*** 0.151 
62 years-old 2.079*** 0.194 1.673*** 0.153 
63 years-old 2.169*** 0.195 1.835*** 0.153 
64 years-old 2.313*** 0.195 1.774*** 0.154 
65 years-old 2.491*** 0.197 1.915*** 0.155 
66 years-old 2.270*** 0.197 1.787*** 0.155 
67 years-old 2.445*** 0.199 1.931*** 0.157 
68 years-old 2.751*** 0.200 2.035*** 0.158 
69 years-old 2.589*** 0.200 1.983*** 0.158 
70 years-old 2.586*** 0.202 1.972*** 0.159 
71 years-old 2.655*** 0.202 2.119*** 0.159 
72 years-old 2.933*** 0.204 2.026*** 0.161 
73 years-old 2.849*** 0.205 1.921*** 0.162 
74 years-old 2.920*** 0.205 2.183*** 0.162 
75 years-old 2.696*** 0.207 2.182*** 0.163 
76 years-old 2.967*** 0.208 2.303*** 0.163 
77 years-old 2.625*** 0.209 2.050*** 0.165 
78 years-old 3.031*** 0.211 2.222*** 0.165 
79 years-old 3.015*** 0.213 2.261*** 0.166 
80 years-old 3.067*** 0.213 2.257*** 0.167 
81 years-old 2.879*** 0.215 2.255*** 0.167 
82 years-old 3.279*** 0.216 2.453*** 0.169 
83 years-old 3.424*** 0.216 2.242*** 0.170 
84 years-old 3.202*** 0.220 2.175*** 0.170 
85 years-old 3.286*** 0.219 2.353*** 0.173 
Householder cohort (ref.1985-1999)     
Cohort 1980-84  -0.203* 0.110 -0.052 0.087 
Cohort 1975-79  -0.631*** 0.106 -0.395*** 0.084 
Cohort 1970-74  -0.863*** 0.113 -0.627*** 0.089 
Cohort 1965-69  -1.132*** 0.123 -0.900*** 0.097 
Cohort 1960-64  -1.324*** 0.131 -1.044*** 0.103 
Cohort 1955-59  -1.608*** 0.138 -1.210*** 0.109 
Cohort 1950-54  -1.735*** 0.145 -1.342*** 0.115 
Cohort 1945-49  -2.035*** 0.152 -1.534*** 0.120 
Cohort 1940-44  -2.206*** 0.159 -1.679*** 0.125 
Cohort 1935-39  -2.414*** 0.165 -1.739*** 0.130 
Cohort 1930-34  -2.705*** 0.171 -1.975*** 0.135 
Cohort 1925-29  -2.924*** 0.179 -2.144*** 0.141 
Cohort 1920-24  -3.485*** 0.186 -2.542*** 0.146 
Year 2004 0.061 0.038 0.180*** 0.030 
Year 2006 -0.281*** 0.039 -0.191*** 0.031 
Year 2008 0.157*** 0.039 -0.110*** 0.031 
Year 2010 0.599*** 0.039 0.184*** 0.031 
Year 2012 -0.045 0.038 0.007 0.030 
Year 2014 -0.196*** 0.036 0.007 0.028 
Year 2016 -0.126*** 0.033 -0.031 0.026 
Constant 2.447*** 0.129 2.920*** 0.102 
Number of obs                 2,176 2,189  
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                                                                                                              F(82, 2092)   17.98 F(83, 2105)  22.57  
R-squared       0.4164  0.4709  
Adj R-squared    0.3932  0.4500  
Root MSE       0.6486  0.5112  

* p<0.1; ** p<0.05; *** p<0.01 

 

Age and cohorts effects are more effectively represented in Figure 7. The age estimated coefficients 

are plotted as a function of the age in the left panel. We can see that equivalent electricity 

expenditure rises with age for both rural and urban households but the age effect is stronger for rural 

households and the gap increases for the elderly. For 85-years old householders,  the difference 

between the coefficients is more than 60 per cent.  The cohort estimated coefficients are presented 

in the righ panel as a function of the householder birth year. Cohort effects  decrease from the 

younger to the older generations and show, in absolute value, the same magnitude and the same 

difference between rural and urban households as the age effects.  New generation householders 

born in the 1990s have an electricity expenditure that is more than 80 per cent higher than individuals 

born in the 1920s. 

The signs of age and cohort effects are in line with what was found by Bardazzi and Pazienza (2017) 

for Italy but the size of the effect is very different. In the case of the European country, equivalent 

electricity expenditure increases at a much lower rate from young to older ages and from older to 

younger generations compared with the case of Mexico. In our case, the electricity expenditure of 

urban households increases at  about 18 per cent every five-year cohort (25 per cent  for rural 

households) and at about 4 per cent  per year of age for urban householders (5 per cent for rural). 

These results are four times larger than those in Bardazzi and Pazienza (2017). This difference in 

results could be explained partially by the very recent completion of the electricity grid but could also 

derive from the fact that economic growth is stronger in developing countries. Coupled with the 

younger population in such countries this could generate some stress in the system in the future, as 

energy demand grows.  
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Figure 5:  Age and cohort effects for electricity expenditure of Mexican households

 
Source: Authors’ elaboration based on ENIGH 

The income growth in Mexico has affected inequality in different areas and different age groups. 

Therefore, to ease the interpretation of the results, we estimate the same model by dividing the 

pseudopanel by income quartiles, not considering the rural/urban categorisation. Estimated age and 

cohort effects are plotted in Figure 6 that show that both effects have a similar shape as those shown 

in the previous figure: effects are increasing as the householder gets older and belongs to younger 

generations. 18 

Figure 6: Cohort and age effects by income quartile

 
Source: Authors’ elaboration based on ENIGH 

However, we observe a steeper pattern for the poorer households, which are similar in size for the 

second and third quartiles and show a slow down for households in the richest part of the 

distribution. This means that household income distribution plays a role in the magnitude of the 

                                                           
18 Estimated parameters are presented in the Appendix. ADD APPENDIX 
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estimeated effects which are polarized at the two extremes.19 The rates of change per year of age 

and per cohort by quartiles are shown in Table 7.  For the households belongin to the top of income 

distribution, these results are closer to the estimated average rate of change for developed countries, 

as seen for the Italian case in Bardazzi and Pazienza (2017). This finding supports the idea that the 

state of development of the economy plays a major role in explaining energy expenditure and the 

influence of age and generation on such expenditure.    

Table 7: Estimated demographic effects by quartile 

Income 
quartile 

Age effects: 

Annual average 
change 

Cohort effects Annual 
average change per 

cohort 

 

Q1 6.4% -31.9% 

Q2 4.9% -23.0% 

Q3 3% -15.3% 

Q4 2.6% -10.3% 

Source: Authors’ elaboration based on ENIGH 

Concluding remarks 

In this paper we follow the intuition that energy consumption patterns in developing countries could 
be different from the ones observed in developed ones and that generational aspects in countries 
with younger populations and in the middle of a demographic and economic transition could have an 
important role. With this purpose we study determinants of energy consumption putting an accent 
on age and generational effects in a developing country like Mexico. We find that, on the side from 
other socio-economic determinants, age effects are statistically significant starting from 30 years-old 
and they are monotonically increasing. Regarding the generational impact: householders born in 
decades up to the 1960s show a lower electricity consumption compared with householders of the 
same age born in more recent decades. The signs of the previous two effects are in line with what 
was found by previous litterature for developed countries but the size of the effect is very different: 
the increase in electricity expenditures from young to older ages is 4 times higher in Mexico than in 
Italy (Bardazzi and Pazienza, 2017). This result could derive from the faster economic gowth observed 
in developing countries and, in the case of Mexico, to the recent completion of the electricity grid 
giving access to 100 per cent of the population.  

Inequality is stronger in developing countries. Therefore, income growth affects differently rich from 
poor households. When we study the generational impact per income quartile we observe that the 
rates of change in electricity expenditure per year of age and per cohort by quartiles are much larger 
for the poorest households (belongin to the first quartiles of income) while the effects are similar to 

                                                           
19 This is in line with Grottera et al (2018) results that, using another methodology, finds that the 1st French decile consumes more 
than the 8th Brasilian decile but that, at the same time, the 10th Brasilian decile consumes more than the 10th French decile. 
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the ones found for developed countries for the rich (last quartile of income).  Indeed, for these rich 
households, results are closer to the estimated average rate of expenditure change found for 
developed countries, as seen for the Italian case in Bardazzi and Pazienza (2020) and similar to what 
was found in France by Chancel (2014).  

Our finding supports the idea that the state of development of the economy is crucial to understand 
the determinants of energy consumption and the impact that age and generational determinants 
have on such consumption. Given that developing countries are the ones that will drive energy 
demand growth in the following decades, understanding these differences and considering them to 
decide on investment and policies to meet such demand is crucial.  
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Appendix 

Table A1 – Estimated age, cohort and period effects by income quartile 

 First quartile Second quartile Third quartile Fourth quartile 

Householder age  26 years-old 0.061 0.024 0.016 -0.104 
 (0.146) (0.165) (0.170) (0.177) 
27 years-old 0.191 0.182 -0.102 -0.092 
 (0.145) (0.164) (0.170) (0.176) 
28 years-old 0.262* 0.193 -0.041 0.007 
 (0.147) (0.166) (0.171) (0.178) 
29 years-old 0.358** 0.069 0.065 0.075 
 (0.147) (0.166) (0.171) (0.178) 
30 years_old 0.326** 0.266 0.358** 0.187 
 (0.149) (0.169) (0.174) (0.181) 
31 years_old 0.472*** 0.299* 0.123 0.229 
 (0.149) (0.169) (0.174) (0.181) 
32 years_old 0.582*** 0.439** 0.348* 0.383** 
 (0.152) (0.172) (0.178) (0.185) 
33 years_old 0.546*** 0.374** 0.401** 0.383** 
 (0.152) (0.172) (0.178) (0.185) 
34 years_old 0.667*** 0.570*** 0.375** 0.292 
 (0.153) (0.173) (0.179) (0.186) 
35 years_old 0.790*** 0.610*** 0.515*** 0.469** 
 (0.154) (0.174) (0.180) (0.187) 
36 years_old 0.790*** 0.590*** 0.477*** 0.669*** 
 (0.155) (0.175) (0.181) (0.188) 
37 years_old 0.961*** 0.805*** 0.737*** 0.520*** 
 (0.156) (0.177) (0.182) (0.189) 
38 years_old 1.117*** 0.822*** 0.631*** 0.700*** 
 (0.157) (0.178) (0.184) (0.191) 
39 years_old 1.096*** 0.782*** 0.686*** 0.652*** 
 (0.158) (0.179) (0.184) (0.192) 
40 years_old 1.000*** 0.873*** 0.758*** 0.674*** 
 (0.160) (0.181) (0.186) (0.194) 
41 years_old 1.367*** 1.046*** 0.975*** 0.790*** 
 (0.160) (0.181) (0.187) (0.195) 
42 years_old 1.336*** 1.007*** 0.883*** 0.763*** 
 (0.163) (0.184) (0.190) (0.197) 
43 years_old 1.246*** 1.052*** 0.887*** 0.860*** 
 (0.163) (0.185) (0.191) (0.198) 
44 years_old 1.473*** 1.045*** 0.811*** 0.681*** 
 (0.164) (0.186) (0.191) (0.199) 
45 years_old 1.376*** 1.257*** 0.911*** 0.947*** 
 (0.166) (0.187) (0.193) (0.201) 
46 years_old 1.666*** 1.247*** 0.960*** 0.865*** 
 (0.166) (0.188) (0.194) (0.202) 
47 years_old 1.639*** 1.321*** 1.120*** 0.991*** 
 (0.168) (0.190) (0.196) (0.204) 
48 years_old 1.676*** 1.475*** 1.013*** 0.969*** 
 (0.169) (0.191) (0.197) (0.205) 
49 years_old 1.671*** 1.269*** 1.142*** 1.027*** 
 (0.170) (0.192) (0.198) (0.206) 
50 years_old 1.806*** 1.432*** 1.098*** 0.972*** 
 (0.171) (0.193) (0.199) (0.207) 
51 years_old 2.061*** 1.520*** 1.209*** 1.062*** 
 (0.172) (0.194) (0.200) (0.208) 
52 years_old 2.121*** 1.590*** 1.220*** 1.176*** 
 (0.173) (0.196) (0.202) (0.210) 
53 years_old 2.129*** 1.668*** 1.179*** 1.222*** 
 (0.174) (0.197) (0.203) (0.211) 
54 years_old 2.296*** 1.690*** 1.365*** 1.200*** 
 (0.175) (0.198) (0.204) (0.212) 
55 years_old 2.140*** 1.714*** 1.144*** 1.104*** 
 (0.176) (0.199) (0.206) (0.214) 
56 years_old 2.441*** 1.823*** 1.374*** 1.193*** 
 (0.177) (0.200) (0.206) (0.214) 
57 years_old 2.376*** 1.834*** 1.469*** 1.268*** 
 (0.179) (0.202) (0.208) (0.217) 
58 years_old 2.312*** 1.782*** 1.495*** 1.240*** 
 (0.179) (0.203) (0.209) (0.218) 
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59 years_old 2.642*** 2.006*** 1.460*** 1.254*** 
 (0.180) (0.204) (0.210) (0.218) 
60 years_old 2.597*** 1.835*** 1.643*** 1.242*** 
 (0.181) (0.205) (0.212) (0.220) 
61 years_old 2.502*** 1.927*** 1.637*** 1.336*** 
 (0.182) (0.206) (0.212) (0.221) 
62 years_old 2.690*** 2.147*** 1.456*** 1.065*** 
 (0.184) (0.208) (0.214) (0.223) 
63 years_old 2.840*** 2.005*** 1.566*** 1.261*** 
 (0.184) (0.209) (0.215) (0.224) 
64 years_old 2.884*** 2.064*** 1.512*** 1.259*** 
 (0.185) (0.209) (0.216) (0.224) 
65 years_old 2.986*** 2.276*** 1.673*** 1.442*** 
 (0.186) (0.211) (0.217) (0.226) 
66 years_old 2.850*** 2.170*** 1.502*** 1.233*** 
 (0.187) (0.211) (0.218) (0.227) 
67 years_old 3.237*** 2.177*** 1.737*** 1.289*** 
 (0.189) (0.213) (0.220) (0.229) 
68 years_old 3.357*** 2.372*** 1.742*** 1.452*** 
 (0.189) (0.214) (0.221) (0.230) 
69 years_old 3.243*** 2.374*** 1.671*** 1.332*** 
 (0.190) (0.215) (0.221) (0.230) 
70 years_old 3.301*** 2.358*** 1.600*** 1.408*** 
 (0.191) (0.216) (0.223) (0.232) 
71 years_old 3.401*** 2.602*** 2.030*** 1.130*** 
 (0.192) (0.217) (0.224) (0.233) 
72 years_old 3.534*** 2.461*** 1.765*** 1.390*** 
 (0.193) (0.219) (0.225) (0.235) 
73 years_old 3.614*** 2.557*** 1.517*** 1.261*** 
 (0.194) (0.220) (0.226) (0.236) 
74 years_old 3.856*** 2.558*** 1.790*** 1.540*** 
 (0.195) (0.220) (0.227) (0.236) 
75 years_old 3.630*** 2.558*** 1.831*** 1.417*** 
 (0.196) (0.222) (0.229) (0.238) 
76 years_old 3.684*** 2.677*** 1.957*** 1.566*** 
 (0.196) (0.222) (0.229) (0.238) 
77 years_old 3.580*** 2.706*** 1.665*** 1.475*** 
 (0.198) (0.224) (0.231) (0.240) 
78 years_old 4.016*** 2.624*** 1.544*** 1.678*** 
 (0.199) (0.225) (0.232) (0.241) 
79 years_old 4.162*** 2.859*** 1.658*** 1.308*** 
 (0.199) (0.225) (0.232) (0.242) 
80 years_old 3.680*** 2.722*** 1.922*** 1.371*** 
 (0.201) (0.227) (0.234) (0.243) 
81 years_old 4.313*** 2.899*** 1.832*** 1.318*** 
 (0.201) (0.228) (0.235) (0.244) 
82 years_old 4.300*** 2.950*** 1.733*** 1.527*** 
 (0.203) (0.230) (0.237) (0.246) 
83 years_old 4.647*** 2.711*** 1.650*** 1.200*** 
 (0.204) (0.230) (0.237) (0.250) 
84 years_old 4.114*** 2.809*** 1.539*** 1.197*** 
 (0.205) (0.231) (0.238) (0.248) 
85 years_old 3.951*** 3.014*** 2.062*** 1.599*** 
 (0.205) (0.232) (0.239) (0.249) 
Cohort 1980-84  -0.265** -0.183 -0.037 0.064 
 (0.104) (0.118) (0.121) (0.126) 
Cohort 1975-79  -0.591*** -0.552*** -0.408*** -0.409*** 
 (0.101) (0.114) (0.118) (0.122) 
Cohort 1970-74  -0.895*** -0.699*** -0.630*** -0.571*** 
 (0.107) (0.121) (0.125) (0.130) 
Cohort 1965-69  -1.252*** -0.975*** -0.854*** -0.681*** 
 (0.116) (0.132) (0.136) (0.141) 
Cohort 1960-64  -1.546*** -1.166*** -0.984*** -0.802*** 
 (0.124) (0.140) (0.144) (0.150) 
Cohort 1955-59  -1.851*** -1.479*** -1.111*** -0.927*** 
 (0.131) (0.148) (0.153) (0.159) 
Cohort 1950-54  -2.165*** -1.586*** -1.232*** -0.946*** 
 (0.138) (0.156) (0.161) (0.167) 
Cohort 1945-49  -2.586*** -1.824*** -1.385*** -0.999*** 
 (0.144) (0.163) (0.168) (0.175) 
Cohort 1940-44  -2.976*** -2.029*** -1.409*** -0.955*** 
 (0.151) (0.170) (0.176) (0.183) 
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Cohort 1935-39  -3.299*** -2.166*** -1.422*** -1.023*** 
 (0.157) (0.177) (0.183) (0.190) 
Cohort 1930-34  -3.722*** -2.378*** -1.584*** -1.222*** 
 (0.162) (0.184) (0.189) (0.197) 
Cohort 1925-29  -3.871*** -2.666*** -1.748*** -1.261*** 
 (0.169) (0.191) (0.197) (0.205) 
Cohort 1920-24  -4.464*** -3.220*** -2.147*** -1.447*** 
 (0.175) (0.198) (0.204) (0.213) 
Year  2004 -0.060* 0.206*** 0.201*** 0.264*** 
 (0.036) (0.040) (0.042) (0.043) 
Year  2006 -0.331*** -0.247*** -0.103** -0.150*** 
 (0.037) (0.042) (0.043) (0.045) 
Year  2008 0.437*** 0.092** -0.152*** -0.417*** 
 (0.037) (0.042) (0.043) (0.045) 
Year  2010 0.869*** 0.484*** 0.129*** -0.162*** 
 (0.037) (0.042) (0.043) (0.045) 
Year  2012 -0.260*** -0.085** -0.055 0.090** 
 (0.036) (0.040) (0.042) (0.043) 
Year  2014 -0.199*** -0.094** 0.038 0.165*** 
 (0.034) (0.038) (0.039) (0.041) 
Year  2016 -0.215*** -0.136*** -0.000 0.088** 
 (0.031) (0.035) (0.036) (0.038) 
Constant 2.787*** 3.245*** 3.565*** 3.882*** 
 (0.115) (0.130) (0.134) (0.140) 
R2 0.79 0.58 0.42 0.44 
N 549 549 549 548 

* p<0.1; ** p<0.05; *** p<0.01 

 

 

 


