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Abstract

:

Mounting evidence shows that economic and climate variables such as income, energy price, and temperature impact energy demand. We examined another variable, population age distribution, which has rarely been considered, that could affect energy demand. We employ population polynomials to account for the impact of population age distribution on residential electricity consumption in Korea. Using panel data from 1990 to 2016, we verify that populations aged 20~44, and those over 60, raise residential electricity consumption. We additionally evaluate the impact of population age distribution in forecasting future electricity consumption and conclude that age distribution effects dominate total population growth effects.
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1. Introduction


The UN has identified 15 major issues that humankind will face in the coming years; one of these is a growing population [1]. At issue is not only the total growth in population, but also the aging of the world’s population. Due to an increase in life expectancy, caused by improved welfare, and a low fertility rate, the population of seniors will continue to grow. These issues will remain high on the international policy agenda as they affect various aspects of the economy. In the past, an aging population has been a problem only for developed economies; however, it has now become a problem for developing economies as well.



Korea has also been facing issues due to a problematic distribution of ages in its population. According to Statistics Korea, the Korean statistics authority, the fertility rate has been decreasing since the mid-1980s, and this trend accelerated in the 1990s due to many socio-economic reasons, such as an increase in child support expenses, a decline of the child mortality rate, and a trend of later marriage (The World Development Indicator (WDI) indicates that the fertility rate in Korea was 1.17 in 2016, which is the lowest level in the world). In 2018, the proportion of the population aged 65 and over (13.8%) exceeded that of the population aged under 14 (13.1%) for the first time since the statistics were compiled. Aging societies are a prevailing phenomenon across the world, but the pace is especially rapid in Korea. As of 2018, Korea has become an aging society, and it is expected to become an aged society within 17 years (An aging society refers to a society where the proportion of the population aged over 65 exceeds 7%, while in an aged society that proportion exceeds 14%). This pace is extremely rapid relative to that of France, Germany, the USA, and Japan, which will reach this point in 154, 77, 94, and 24 years, respectively.



A large volume of literature has examined the effect of population age distribution, including population aging, on various economic sectors. From a macroeconomic perspective these effects can be summarized in three important topics: a decline in the potential economic growth rate and size of the economy due to a lowering of the working age population, an impact on financial markets due to changing savings and investment preferences, and a change in consumption patterns.



Among these, identifying consistent patterns of change in the consumption of goods and services caused by population aging is not an easy task. In particular, many experts find it difficult to identify the effects of population age distribution on electricity because, in addition to economic factors, social and cultural practices, such as living patterns, and the propensity to conserve energy differ by age group [2,3,4,5]. Despite many difficulties, investigating the relationship between age distribution and electricity demand is very important for Korea in order to secure a stable energy supply and forecast demand. Economic and climate factors are allegedly the major variables affecting energy demand. However, these variables can only partly explain consumer behavior, and preferences based on demographic changes are now being considered as drivers of energy demand. Among the demographic factors, population age distribution could play an important role in electricity consumption in various ways. In general, older people are less active than younger ones; thus, they prefer to stay inside their homes. Additionally, they are more sensitive to changes in weather. As such, an increase in the older population can raise electricity consumption [6,7,8,9,10,11,12,13,14,15]. However, an increase in the older population may have the opposite effect on electricity consumption. Even though they spend more time inside their homes than younger people, their usage of electronic appliances might be less intensive because older people are not familiar with electronic gadgets and are conservative in consuming electricity [16,17,18,19,20].



These population-age-distribution effects on energy consumption are directly related to greenhouse gas (GHG) emissions [21]. In the coming regime, which is aimed at tackling climate change, not only developed economies but also developing economies have an obligation to reduce GHGs by their Nationally Determined Contributions (NDC). In many energy policy analyses, demographic factors are not generally considered in the models. A few articles include demographic factors in analyzing energy consumption, but they only consider how they indirectly affect energy consumption through economic channels [9,17,22]. Population aging may trigger consumption switching, which diminishes GHG reduction efforts [23]. Therefore, understanding the impact of population age distribution on electricity consumption is important for effective environmental and energy policies [16].



In this article, we examine the role of population age distribution, particularly population aging, on residential electricity demand using Korean regional panel data. Korea has one of the fastest growing elderly populations and is one of the heaviest energy users. Therefore, analyzing the relationship between population age distribution and residential electricity consumption is particularly important for Korea since the two issues have been remained high on policy agendas for a long time. Most of the previous literature has placed emphasis on traditional economic and climatic determinants, such as income, price, and temperature [24,25,26,27,28,29]. Only recently has attention been paid to the role of population age distribution on electricity demand. In addition, most of the previous literature uses aggregate-level data, including for demographic factors such as aging index and aggregate age-group proportion [8,10,18,20,30,31,32], or household-level survey data for very short periods [7,9,11,12,15,16,19,33,34]. It is clear that each type of data has pros and cons. Using aggregate-level data, we can analyze electricity consumption behavior in a national scope, which enables us to forecast future electricity consumption and set up a national energy plan. On the other hand, micro-household data allows us to incorporate more detailed information regarding residential electricity consumption by including many control variables, such as age of the head of household, gender, marital status, housing type, and so on. In this article, we employ a population polynomial function, following [35], to reflect the age profiles of the whole nation in an effort to combine the advantages of each data type. By employing the population polynomial function, we can account for the heterogeneity in age-specific consumption patterns, which can combine the advantages of aggregate and survey data. To our knowledge this is the first article to use a population polynomial function in an energy study.



In addition to estimation, we perform various robustness tests to make the estimation results more concrete. We also perform a conditional forecast of future residential electricity consumption up to the year 2030 by exploiting population projections given by Statistics Korea.



This paper is organized as follows. Section 2 reviews the previous literature. Section 3 illustrates the data and empirical model adopted in the analysis and presents the empirical results. In Section 4, we forecast future residential electricity consumption. Section 5 concludes the study.




2. Literature Review


Population age distribution variables have been only recently considered as additional factors affecting electricity demand. The following Table 1 summarizes the main results of previous studies. We classify them into two criteria, effect of population age distribution on energy demand and the data used.



Much literature investigates the role of age distribution on electricity demand, but little consensus has been reached since income trends, consumer preferences, and culture are different in every society. One strand of articles insists that elderly people consume more electricity [6,7,8,9,10,11,12,13,15,31,32,36]. These articles suggest three reasons for their conclusions. First, elderly people are physically more inactive than younger people and tend to stay home longer. Second, they tend to try to maintain a consistent internal temperature to keep their health. Third, they tend not to upgrade their inefficient electronic appliances, which can increase electricity consumption.



Ref. [6,7,9,11,12,15,36] conduct cross-sectional analyses using micro-survey data, and they suggest that, in general, energy consumption increases with age. Ref. [6] analyzes the influence of population aging on energy expenditure using repeated cross-section data from Italy. They employ a pseudo-panel regression and find that aging causes an increase in energy expenditure. Ref. [7] finds that energy consumption reaches the highest point at a median age of over 40, and [15] find that older households consume more electricity based on urban Chinese survey data. Ref. [9] constructs the consumption-switching channel caused by population aging using the Household income and expenditure survey 2010. Following [37], they employ an input-output analysis and conduct a long-term energy consumption projection from 2010 to 2035. In spite of the aging population, it is projected that consumption-related energy use will have an upward trend since cooling and heating demands are dominant factors. Ref. [11] draws data from the US Residential Energy Consumption Survey (RECS) and suggest that mean per capita energy consumption is upward sloping with rising age. Ref. [12] effectively describes the possible channels of the effects of population aging on residential electricity consumption using a Japanese case. They suggest the number of households, income level, residential type, ownership of durable goods, energy conservation behavior, and lifestyle can be channels of residential electricity usage. They conclude that population aging raises electricity consumption, but, at the same time, they suggest that the effects of population aging might be different for other societies. Ref. [36] investigates the determinants affecting energy expenditure using Indian household survey data from 1993~1994. From their regression results, the coefficients for the age of the head of household dummy show upward values as the age increases, and it reaches its highest point at the age of 55~59.



Ref. [8,10,13,31,32] uses country or regional panel data for their analyses. Ref. [8,10] examines the Korean case. Ref. [8] uses Korean regional panel data for 2000 to 2016 and estimate the short- and long-run effect of population age structure on residential electricity demand. They find that an increase in the youth population and population aged 65 and over raise electricity demand. Ref. [10] constructs a Korean regional panel of 16 regions during 2001~2010 and conclude that the ratio of the population aged over 65 exerts a positive effect on residential electricity consumption. Ref. [13] conducts the analysis using national data from 14 founding EU members covering the period of 1960~2000 and concludes that a population aged over 65 has a positive effect on commercial energy consumption. Ref. [31] includes four key age groups: 20~34, 35~49, 50~69 and over 70. They focus on 17 developed countries spanning 1960~2005 and find that a population aged 65~79 raises residential electricity consumption. Ref. [32] applies a fully-modified OLS (FMOLS) to account for non-stationarity in time-series data using panel data from 22 OECD countries spanning 1960~2007. They decompose total population into the four key age groups mentioned above and find that the youngest and oldest cohorts exert positive effects on residential electricity consumption.



The other strand of articles insists that aging populations decrease the energy demand [16,17,18,19,20,33]. They attribute the results to a lower intensity of energy consumption. Even though older people stay inside longer, they do not use energy-intensive appliances much. Additionally, an aging population has negative effects on supply side and disposable income. Therefore, reduced disposable income leads to lowering energy consumption.



Ref. [16] investigates the Dutch case. They study the effects of household characteristics on electricity demand using a large number of household survey data. They run a cross-sectional regression model and find that aging causes a decrease in electricity consumption. However, on the other hand, households with younger people lead to an increase in electricity consumption. This is because younger people watch more TV, use personal computers, and are heavy users of gaming devices, which is described as the ‘Nintendo-effect’. Ref. [17] employs a calibrated overlapping generations (OLG) equilibrium model. Adopting Italy as a case study, they find that a pronounced aging population causes a reduction in energy consumption through the supply channel. Two articles conclude that population aging has a negative effect on electricity consumption in Korea. Ref. [18] estimates a long-run autoregressive distributed lags (ARDL) model and short-run error-correction model (ECM) using Korean aggregate time series data from 1966 to 2011. They conclude that the aging index exerts a negative effect on per capita residential electricity consumption both in the long- and short-run. Ref. [19] finds that the presence of elders aged over 65 in a household decreases electricity consumption based on a 2008 household survey data. Ref. [20] employs a panel data analysis, on the Japanese prefecture level, of residential electricity. The demographic variables they consider are the proportion of the people aged 65 or above and total fertility rate. In their article, population aging has negative effects on electricity demand, but the total fertility rate has no effects. Ref. [33] investigates the Chinese case. Using residential energy consumption (REC) data from household surveys in 2005 and 2010, they find that level of per capita REC of people aged over 60 is lower than people aged 0~59 in both years.



In addition, two strands of literature, Ref. [30,34], show mixed effects of population aging on residential electricity consumption. Ref. [30] employs a dynamic panel regression using a country panel, composed of 53 countries, from 1976~2009. They show evidence of increasing electricity consumption with rising population aging, but after the population aging reaches a certain level it decreases electricity consumption, which is an inverted U-shaped curve. Ref. [34] concludes that population aging has a negative effect with low-income groups, a positive effect with middle-income groups, and no effect with high-income groups based on the Korean Household income and expenditure survey 2013.



In previous literature, most of the research has been done using micro-level survey data, but only a few articles use macro-level aggregate data. We suppose the popularity of micro-data is that it provides explicit age information for individuals, whereas macro-data cannot practically account for the whole population of each age group.



However, in order to overcome the aforementioned obstacles using time-series or aggregate variables, ref. [35] developed population polynomial functions to account for age-based population heterogeneity. They investigated how age distribution affects consumption, housing investment, money demand, and real income based on the US economy by applying the Almon method. Following [35], four articles apply the same population polynomials in their research and examine the effect of age distribution on macroeconomic variables such as domestic savings, investment, and current account [38]; GDP and stock and bond markets [39]; and inflation rate [40]. They suggest the following two advantages of using population polynomial functions. First, it has the advantage of capturing the information contained in an entire age distribution [38]. Second, it allows intuitive interpretations since the model is parsimonious and continuous across age groups [39].




3. Empirical Analysis


3.1. Methodology


In this article, we take population polynomials function in our empirical model to account for detailed age profile. As we mentioned earlier in previous section, most of the existing literature reflect population age structure as certain cohorts, such as, population aged 65 and above, working age population, youth population, and so on. They can be a good proxy of population age distribution of whole economy, though, are not enough to account for high degree of heterogeneity. For example, previous literature hardly includes the effect of population aged 0~4, 5~9, …, 75~79 and over 80 on energy demand since they only reflect representative age groups. Therefore, we try to include as much information of population age distribution as possible. To our knowledge, this is the first article to include population polynomials in study of energy demand.



The basic regression equation to estimate the age distribution effect on electricity is as follows.


   E  h , t   = δ +  X  h , t   β +  α 1  D  1  h , t   +  α 2  D  2  h , t   + ⋯ +  α J  D  J  h , t   +  U  h , t    



(1)







   E  h , t     is the dependent variable, total residential electricity consumption for individual h in period t. Let   D  1  h , t     be 1 if individual h is in age group 1 in period t, and 0 otherwise.    X  h , t     denotes explanatory variables. In most cases, it is not easy to find economic data for each age group at the macroeconomic level. At the micro level, such as household surveys, we can obtain data for each age group, but in most cases this data does not contain time series information. Furthermore, micro data does not represent a whole country. For these reasons, using macro-panel data is favorable, but the limited information for each age group makes it harder to estimate Equation (1).



Following [35], we restrict the coefficient,    α j   , to satisfy a kth-order polynomial, allowing us to incorporate age group information. The derivation of the estimable regression equation is as follows.



First, aggregating Equation (1) for every h leads to Equation (2).


   E t  = δ  N t  +  X t  β +  α 1   N  1 t   +  α 2   N  2 t   + ⋯ +  α J   N  J T   +  U t   



(2)







Dividing both sides by the total population    N t    gives us the following Equation (3)


   e t  = δ +  x t  β +  α 1   p  1 t   +  α 2   p  2 t   + ⋯ +  α J   p  J t   +  u t   



(3)




where    e t    and    x t    are per capita residential electricity consumption and explanatory variables in per capita terms, respectively.    p  j t     is the share of population in age group j to the total population. Equation (3) is estimable since we have Korean population census data for each age group. The coefficients    α 1   , …,    α J    are estimated under the following restrictions.



Restriction 1. 

     ∑   j = 1  J   α j  = 0   





Restriction 2. 

   α j    is expressed in the polynomial of order k (e.g.,    α j  =  γ 0  +  γ 1  j +  γ 2   j 2  + ⋯ +  γ k   j k   )





Based on Equation (3), and with the two restrictions, our finalized regression model takes the following form (For the detailed derivation of Equation (4), see [38,39]).


   e  i t   = δ +  x  i t   β +  γ 1   z  i t   +  γ 2   z  i t  2  + ⋯ +  γ k   z  i t  k  +  μ i  +  u  i t    



(4)







Restriction 1 is included in order to avoid a dummy trap since the sum of    p  j t     is 1, and without this restriction    γ 0    cannot be calculated. Additionally, Restriction 2 is needed to reduce the coefficients to be estimated since Equation (3) reflects many age-group effects and allows us to incorporate all the demographic profile information. Given the estimates of    γ 1    to    γ k   , the coefficient    α j    can be computed by Almon’s distributed lag technique (Fair and Dominguez, 1991). In the above Equation (4), we apply a maximum fifth-order polynomial based on previous literature. Ref. [35], the first article employing the population polynomial function, set a second-order polynomial to analyze the life-cycle effect on the macroeconomy. However, ref. [39] employs a maximum fourth-order polynomial, whereas [40] take a maximum sixth-order polynomial. We decided the most appropriate order of polynomial by conducting a Wald test for the nested model.




3.2. Data and Descriptive Statistics


In this study we use regional-level panel data for 15 regions in Korea during 1990 to 2016. In analyzing with time series data there is a strong correlation between age distribution and income because, in general, population aging is accelerated with growing income. Using micro data can be an alternative solution to the problem, but it cannot include the time-varying effect unless it is collected over a long period, and micro data does not represent a nation-wide sample. To overcome the above-mentioned problems, we use the regional-level panel data.



Since 1998, Korea has been divided into 16 regions (Seoul, Busan, Daegu, Incheon, Gwangju, Daejon, Ulsan, Gyeonggi, Gangwon, Chungbuk, Chungnam, Jeonbuk, Jeonnam, Gyeongbuk, Gyeongnam, and Jeju). Before 1998, Ulsan was a part of Gyeongnam, hence electricity consumption data for Ulsan from 1990~1997 does not exist, and we only have the data for Gyeongnam. To construct balanced panel data and to secure a time series from 1990, we consolidate the data for Ulsan and Gyeongnam into one.



As we previously mentioned the dependent variable,    e  i t     is per capita residential electricity consumption in MWh. We extract total electricity consumption data from the Electric Power Statistics Information System (EPSIS) and total population from the Korea Statistics Information Service (KOSIS). We include the explanatory variables, income, energy price, and climate.    y  i t     is per-capita gross regional domestic production (GRDP) in KRW1000 extracted from KOSIS. To create a consolidated GRDP for Gyeongnam, we add up the GRDP of Ulsan and Gyeongnam and divide by total population. For the energy price variables, we include average residential electricity price in real terms,   p  e  i t    , deflated by the consumer price index (CPI), which is taken from EPSIS. We consolidate the CPI of Ulsan and Gyeongnam by applying a weighted average of GRDP. Heating Degree Days,   H D  D  i t    , and Cooling Degree Days,   C D  D  i t    , are taken to capture the temperature effect, and they are extracted from the Korea Meteorological Administration (KMA). Finally, age distribution data in five-year intervals, 0~4, 5~9, …, 75~79, and over 80 (seventeen age groups in all) are taken from KOSIS. Table 2 displays descriptive statistics of the main variables and Figure 1 depicts the trends of the main variables.




3.3. Estimation Results


Table 3 displays the estimation results of Equation (4) in logarithmic form. We estimate equation (4) by a with-in estimator accompanied by a Cochrane-Orcutt transformation of the AR(1) error term to account for serial correlation. Standard error is clustered by cross-section. From Models 1 to 3, we apply different forms of energy price variables to reflect the price effect. Generally, it is not an easy task to reflect the price effect in empirical time-series analysis and macro-panel analysis at the aggregate level since we take average electricity price of Korea in our model. Furthermore, Korean consumers respond to high electricity price in summer and winter because of inverted-block pricing for retail residential electricity usage, and such pricing is decided by the electricity authority (In contrast, Korea uses a competitive wholesale electricity market and what is called a cost-based pool (CBP) market). Besides summer and winter, with less consumption, electricity price does not rise enough to induce consumers to reduce electricity consumption. Therefore, we include the interaction term of electricity price and climate, HDD and CDD, in order for estimated coefficient of price variable to be negative which is consistent with economic theory. Where age distribution is concerned, we take fourth-order population polynomials due to the results of the Wald test.



The last two rows report the Wald statistics for comparisons between the nested models, opposing a fifth-order and fourth-order polynomial and a fourth-order and third-order polynomial. z1, z2, z3, and z4 variables represent the age distribution effect, and they are statistically significant. We additionally find that age distribution effects are jointly statistically significant through the Wald statistics (H0: γ1 = γ2 = γ3 = γ4 = 0). Figure 2 shows the impact of age distribution on residential electricity demand using the estimated coefficients from Models 1 to 3.



We find an M-shaped curve for the age distribution effect, which is different from the U-shaped curve of the life-cycle hypothesis. Therefore, we try to interpret the results from a behavioral perspective. First of all, the figure shows us that the population aged under twenty has a negative effect on electricity consumption. This could be attributed to the effect of economies of scale from living together with their parents, and parents might educate their children to save energy [5]. However, the negative effect of this youth population continuously decreases in later years, and finally it becomes a positive effect since people in their late teens watch more TV, use computers more, and operate gaming and electronic devices [16]. Next, we turn our focus to the working age group. The figure indicates that populations aged 20~45 have the most positive effect on electricity consumption, which is in line with previous literature [13,31,36]. On the other hand, among the working age group, populations aged 45~59 slightly reduces electricity consumption. This can be interpreted as a precautionary savings motive because the population aged 45~59 might be expecting retirement or have already retired. In order to prepare for life after retirement, they try to reduce aggregate consumption and raise savings.



The figure shows that populations aged over 60 raise electricity consumption, and we can explain this with various reasons. First of all, the tendency to be in single- or two-person households in old age gives us important implications. In the past, the traditional social norm in Korea was that younger households supported their parents by living together. However, this social norm has dramatically changed, with both younger and older populations preferring to have independent households. Generally, small-sized households are not favorable for conserving energy since they must be equipped with most appliances, such as washing machines, TVs, air-conditioners, and refrigerators, regardless of the number of members in the household, which means diseconomies of scale are in effect [15,41,42].



Second, many previous studies point out that older people tend to stay home longer due to their inactive lifestyles, which could increase residential electricity consumption. It is estimated that people aged over 65 spend more than 85% of their time at home, and this number rises to 90% for those aged over 85 [43]. Additionally, older people are more sensitive to weather; thus, they spend more electricity on heating and cooling to maintain their health.



Third, home ownership affects residential electricity consumption. Older households prefer to own their houses, and Korean statistics actually support this view. Owning a house reduces housing rental costs, and this cost savings could lead to rising electricity expenditure [7]. Fourth, gender can be an important factor. Many previous studies find empirical evidence that females use more electricity than males because they desire convenience and comfort [7,16]. The ratio of females is higher in populations over 60 due to the longer life expectancy of women, thus increasing female households could lead to rising electricity consumption.



The young generation, aged under 20, and older generation, aged 55 to 65, have a negative effect on residential electricity demand, whereas those in the prime age group, aged 25 to 55, have a positive effect. One of the possible explanations for the behavior of people aged 55 to 65 is a precautionary saving for the future. Ref. [44] find increasing precautionary savings due to the uncertainties of expected earnings in old age, life span, and liquidity constraints. We can interpret that as people aged 55 to 65 that expect to retire soon, or have already retired, reduce their residential electricity consumption.




3.4. Robustness Tests


We undertook sensitivity tests to ensure that the solid relationship between population age structure and residential electricity consumption comes from consumer behavioral patterns. First, we divide our whole sample into three sub-samples, depending on income level: high-, middle-, and low-incomes. Second, we restrict our attention to two sub-periods, those before 2000 and those after 2000. None of these tests change the behavioral effects on electricity consumption.



3.4.1. Different Income Sub-Samples


In this section, we examine the heterogeneous age distribution effect of different incomes on residential electricity consumption. Ref. [34] suggest evidence that population aging can have a different effect on residential electricity consumption depending on income distribution by estimating the endogenous threshold income level. In this study, we divide the total sample into high-, middle-, and low-income groups by 75th percentile, 50th percentile, and 25th percentile, respectively, and run the following panel regression model.


    e  i t   = δ +  x  i t   β +  D L  ×  (   α  1 L    p  1 , i t   + ⋯ +  α  J L    p  J , i t    )  +  D M  ×  (   α  1 M    p  1 , i t   + ⋯ +  α  J M    p  J , i t    )     +  D H  ×  (   α  1 H    p  1 , i t   + ⋯ +  α  J H    p  J , i t    )  +  μ i  +  u  i t     



(5)







In Equation (5), DL, DM, and DH indicate the dummy variable for the low-, middle-, and high-income groups, taking the value of 1 if the sample falls under the specific categories, and 0 otherwise. The estimation results of Equation (5) are shown in Table 4. The estimation results show us that the optimal degree of population polynomial is different for each income group. The Wald statistics indicate that the fifth-order is optimal for the low-income group, whereas the fourth-order is optimal for the middle- and high-income groups. These results are different from the previously estimated baseline models which are fourth-order polynomials. Figure 3 displays the age-distribution effect on residential electricity consumption for the different income groups.



From Figure 3, we can infer that the pattern of all the income groups is qualitatively the same as the previous baseline model results. However, we can see slightly different results between the income groups. The population aged 20~44 in the middle- and high-income groups consume more electricity than the low-income group since they have more electronic appliances due to higher disposable incomes. For the population aged 45~59, the middle- and high-income groups consume less electricity than the low-income group, whereas they consume more when they are aged over 60.



A possible explanation for this is that the low-income group aged under sixty prefer to stay at home longer due to income constraints; thus, they consume relatively more electricity than middle- and high-income groups in their age bracket. Additionally, in terms of those aged over sixty, the low-income group cannot increase their electricity use by a large amount due to their relatively small disposable incomes, compared with those in the middle- and high-income groups.




3.4.2. Different Time Periods


We need to consider whether the baseline model results are specific to a particular period. This is especially important because Korea has experienced rapid economic dynamics, including rapid economic growth and the Financial Crisis, and this may have an effect on consumer behavior ([6,37,45] suggest that energy consumption behavior at different eras for the same cohort could show heterogeneous results because generations face different social and cultural norms). Thus, in this section we examine the relationship between population age distribution and residential electricity consumption in different sub-periods with the following regression model.


    e  i t   = δ +  x  i t   β +  D B  ×  (   α  1 B    p  1 , i t   + ⋯ +  α  J B    p  J , i t    )   +  D A  ×  (   α  1 A    p  1 , i t   + ⋯ +  α  J A    p  J , i t    )   +  μ i  +  u  i t    



(6)







In Equation (6), DB and DA are dummy variables taking the value of 1 for the period before the year 2000 and after the year 2000, respectively. The reasons that we set the year 2000 as a reference year are as follows. First, since the time series we have is from 1990 to 2016, the year 2000 is an adequate reference date for acquiring enough observations for each sub-sample. Second, Korea experienced Energy Market Liberalization in 1997 and the Asian Financial Crisis around 1997~1998, which caused economic structural changes and possibly exerted an effect on consumption behavior, and we reasonably consider that the economy has stabilized since 2000.



Table 5 shows the estimation results of Equation (6), and Figure 4 displays the results from different time periods. The optimal degree for the population polynomial is found to be four, which is the same as the previous estimation. This means our regression model is robust regardless of time series. The results for the age-distribution effect on residential electricity consumption for different time periods are also qualitatively the same.



However, we can see smoother variation in the red-dashed graph, which is the effect post 2000. The population in their 20s and 30s during the post-2000 era consumed less than in the pre-2000 era. On the other hand, the population in their 40s and 50s during the post-2000 era consumed more than in the pre-2000 era. A possible explanation is that after 2000, the wide distribution of many electronic appliances, such as PCs, laptops, and smart devices caused various age groups to more easily consume electricity.






4. Long-Term Forecast of Future Residential Electricity Consumption


In this section, we perform long-term conditional forecasting for future residential electricity consumption based on Model 3 in the baseline estimation. Our target horizon ranges from 2019 to 2031, which is the same end period as ‘The 8th Basic Plan for Long-term Electricity Supply and Demand’ in Korea [46]. In the baseline regression model, residential electricity consumption is explained by contemporaneous income per capita, electricity price, climate condition, and population age distribution. Therefore, we need future values of explanatory variables for conditional forecasting (If a dependent variable is explained by lagged dependent and independent variables, we do not need future values of them, and we call this methods “unconditional forecasting”). For the future macroeconomic conditions, GDP and CPI, we adopt the same forecasts used in ‘The 8th Basic Plan for Long-term Electricity Supply and Demand’ for consistency. For the future electricity price, we employ data provided by the Korea Power Exchange (KPX). Basically, it is projected in proportion to the total cost of the Korea Electric Power Corporation (KEPCO), the state-owned energy company, where total cost includes capacity payment for supply capacity and energy payment for power generation under the power mix plan. We take HDD and CDD as the climate conditions, and their future values are projected under the RCP6.0 (Representative Concentration Pathway) scenario provided by KMA.



The foremost determinants in this article, the estimated future population, is taken from KOSIS. It is estimated in three scenario cases: low, middle, and high, based on the variability of total fertility, life expectancy, and international net mobility in ascending order. Thus, the low scenario is the most conservative, and the high is the least conservative. Table 6 shows the average change rate in estimated future population for 2016~2031.



Since our regression model is based on regional per capita electricity consumption, to see the nation-wide effect of demographics we first multiply the regional population by the per capita electricity consumption and then combine the 15 regional values into an aggregate national value.



Figure 5 displays the results of the future forecasts of residential electricity consumption. In the figure, we draw a black-stared line as a forecast without an age-distribution effect for a comparison between the three scenarios.



We can verify that the solid-blue line (low scenario) depicts the highest value and green-dotted line (high scenario) depicts the lowest value. The results are mainly attributed to the population-age-distribution effect. Although total population growth is the highest in the high scenario and the lowest in the low scenario, the population-aging effect is the highest in the low scenario, as shown in Table 5, which has the dominant effect. In addition, due to the cumulative effect of population age distribution, the three lines are gradually diverging and end up with 80,384, 79,106, and 77,743 GWh in 2031, respectively.



Another important point that should be mentioned is that even the lowest forecasts reflecting demographical effects produce higher values than those that do not include any demographic effects. The black-stared line is constantly below the green-dotted line and results in 74,056 GWh in 2031.



The purpose of economic forecasting on residential electricity consumption in this section is not the evaluation of forecasting accuracy, rather it is an evaluation of the role of population age distribution. Throughout the section, we verify that demographical change plays an important role in electricity consumption forecasting based on the three scenario cases. Furthermore, including demographic effects in the regression model produces quite different forecasts than models without demographical effects.




5. Conclusions and Policy Implications


In this study, we investigate the impact of population age distribution on residential electricity consumption. Unlike previous literature, we use Korean regional-panel data, not household cross-sectional survey data. Most importantly, we apply population polynomials, allowing us to incorporate all the demographic profile information instead of including single variables, such as the share of the population aged over 65 or the aging index.



The overall estimation results show us that the population age distribution has a statistically significant effect on residential electricity consumption. To be specific, populations aged 20~44, who actively use many electronic gadgets, raise residential electricity consumption. On the other hand, populations aged 45~59 reduce residential electricity consumption, but only by a small amount. Populations aged over 60 raise electricity consumption again since older generations tend to stay home longer, need more heating and cooling to maintain their health, and exhibit diseconomies of scale because older households generally consist of only one or two people. Additionally, we conduct robustness test to verify that our baseline results are solid by conditioning them on different income groups and different time periods. We find that there is a slight difference from the robustness test, but overall, the results are qualitatively the same as the baseline results.



Finally, we perform long-term conditional forecasting for future residential electricity consumption in 2019~2031 using publicly available projected values for the macroeconomic, climate, and demographic variables. We apply three different scenarios, a low, middle, and high scenario, in ascending order of variability in terms of total fertility rate, life expectancy, and net international mobility. In order to evaluate the role of demographic variables more concretely, we produce a long-term forecast of electricity without demographical factors. We conclude that population age distribution, represented by population aging, plays an important role in long-term forecasting, and exerts a more dominant effect than total population growth.



Considering that low fertility and population aging are accelerated in Korea, we find several policy implications. First, understanding electricity consumption patterns must take precedence in order to implement effective GHG reduction and electricity demand management policies. An increase in income level could contribute to awareness of energy conservation, but the difference in electricity consumption patterns might diminish this effect ([2] identify the determinants of energy conservation behavior. They find that an increase in age and income have positive effects on energy conservation, but the magnitudes are slight. Additionally, ref. [4] show empirical results that suggest energy conservation awareness has no significant effect on residential electricity consumption).



Second, in designing the energy efficiency improvement policies, older populations should be carefully considered. Based on our research, populations aged over 60 consume more electricity than populations aged 45~59 in per capita terms and we interpret this as those populations needing more energy for heating and cooling. Energy consumption for heating and cooling is difficult to reduce, and those expenditures can be a burden on older people since many in Korea suffer from poverty in old age ([47] indicates that old-age poverty in Korea reached 45.7%, which is the highest among the OECD nations). Many energy efficiency improvement policies have been introduced by local governments and national agencies in Korea, but until now policies targeting older populations have been rare. From now on, more sophisticated, nation-wide policies will be needed to address the energy efficiency improvement for older people.



Third, in order to design more a comprehensive energy plan, and to improve the accuracy of energy consumption forecasts, population age distribution should be fully considered. There is significant evidence from previous literature that demographic variables directly affect energy consumption through consumer behavioral patterns. However, those factors are still omitted in the primary statistical model in the Korean ‘National Basic Plan on Electricity Demand’, and they have only recently, and partially, been considered in the secondary model because those factors are believed to primarily affect national income, such as GDP.



The limitations of this study and suggestions for further improvements are as follows. First, we could not reflect various explanatory variables because we use macroeconomic regional panel data. Microeconomic household survey data would allow us to include various characteristic variables, such as size of household, education level, house tenure, and so on. To the best of our knowledge such household energy panel data for the long period is difficult to find internationally. In Korea we have the Household Energy Standing Survey (HESS), which is a comprehensive survey about various energy consumption and household characteristics provided by the Korean Energy Economics Institute. However, this survey has only existed for a few years, which is too short, and most importantly the survey is repeated cross-sectional data, not panel data. Fortunately, pseudo-panel data methodology, which is transforming the data structure from cross-sectional data based on specific information is now somewhat used, so we can extend our analysis in the future [6]. Second, we only focus on the demand side of energy, as most previous articles do. However, a few of them consider both supply and demand at the same time [17,22]. The working age population is an essential input in production, so production may decrease due to population aging. Lowered labor input will have a negative effect on economic production, all other inputs being equal, and this may decrease energy consumption. From this perspective, we need to consider both supply and demand at the same time, and general equilibrium models should be applied since the univariate reduced form econometric model has limitations in analyzing both sides. We leave this to future research.
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Figure 1. Time series plots of primary variables. 
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Figure 2. Age distribution effect on residential electricity demand. 
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Figure 3. Age distribution effect on residential electricity demand for the different income groups. 
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Figure 4. Age distribution effect on residential electricity demand in the different periods. 
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Figure 5. Results of future forecasted residential electricity consumption. 
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Table 1. Literature survey on the effect of aging on energy demand.
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Effect of Population Age Distribution on Energy Demand

	
Literatures

	
Data






	
Aging increases energy demand

	
[6,7,9,11,12,15,36]

	
Micro cross-section data




	
[8,10,13,31,32]

	
Macro panel data




	
Aging decreases energy demand

	
[16,19,33]

	
Micro cross-section data




	
[17,18,20]

	
Macro & regional panel data




	
Aging effect is mixed

	
[34]

	
Micro cross-section data




	
[30]

	
Macro panel data
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Table 2. Descriptive statistics.






Table 2. Descriptive statistics.





	Variable
	eit
	yit
	peit
	HDDit
	CDDit





	Mean
	0.89
	16,800
	1.46
	2417
	756



	Median
	0.91
	15,244
	1.46
	2474
	754



	Max
	1.47
	49,865
	1.77
	3357
	1130



	Min
	0.31
	3198
	1.20
	1323
	416



	SD
	0.29
	9378
	0.15
	429
	123



	SK
	−0.17
	0.89
	0.01
	−0.36
	0.04



	KT
	1.72
	3.47
	1.78
	2.45
	2.90
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Table 3. Estimation results of the baseline models.
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Model (1)

	
Model (2)

	
Model (3)






	
yit

	
0.18 ***

	
0.18 ***

	
0.19 ***




	
peit

	

	
0.04

	
−0.22 ***




	
HDDit × 10,000

	
0.27 ***

	
0.28 ***

	




	
CDDit × 10,000

	
0.78 ***

	
0.77 ***

	




	

	

	

	




	
peit × HDDit × 10,000

	

	

	
0.71 ***




	
peit × CDDit × 10,000

	

	

	
1.67 ***




	
z1

	
7.23 ***

	
7.12 ***

	
7.74 ***




	
z2 × 10

	
−12.94 ***

	
−12.65 ***

	
−14.25 ***




	
z3 × 100

	
9.10 ***

	
8.84 ***

	
10.23 ***




	
z4 × 1000

	
−2.20 ***

	
−2.13 ***

	
−2.51 ***




	
AR(1)

	
0.90 ***




	
Adj-R2

	
0.99




	
obs.

	
390




	
γ1 = γ2 = γ3 = γ4 = 0

	
70.16 ***

	
69.17 ***

	
70.80 ***




	
k = 5→k = 4

	
2.03

	
1.80

	
2.46




	
k = 4→k = 3

	
5.57 **

	
5.11 **

	
7.28 ***








*** 1% significance, ** 5% significance.
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Table 4. Estimation results for different income groups.
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Low-Income

	
Middle-Income

	
High-Income






	
yit

	
0.20 ***




	
peit

	
−0.23 ***




	
peit × HDDit × 10,000

	
0.74 ***




	
peit × CDDit × 10,000

	
1.68 ***




	
z1

	
11.98 ***

	
8.66 ***

	
8.89 ***




	
z2 × 10

	
−28.87 ***

	
−16.12 ***

	
−17.03 ***




	
z3 × 100

	
30.59 ***

	
11.61 ***

	
12.66 ***




	
z4 × 1000

	
−14.91 ***

	
−2.84 ***

	
−3.20 ***




	
z5 × 10,000

	
2.75 **

	

	




	
AR(1)

	
0.90 ***




	
Adj-R2

	
0.99




	
obs.

	
390




	
γ1 = γ2 = γ3 = γ4 = 0

	
65.29 ***

	
82.54 ***

	
51.13 ***




	
k = 5→k = 4

	
7.51 ***

	
0.78

	
1.25




	
k = 4→k = 3

	

	
11.41 ***

	
12.88 ***








*** 1% significance, ** 5% significance.
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Table 5. Estimation results for different periods.
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1990–1999

	
2000–2016






	
yit

	
0.19 ***




	
peit

	
−0.20 ***




	
peit × HDDit × 10,000

	
0.62 ***




	
peit × CDDit × 10,000

	
1.65 ***




	
z1

	
8.07 ***

	
7.45 ***




	
z2 × 10

	
−14.77 ***

	
−13.62 ***




	
z3 × 100

	
10.43 ***

	
9.71 ***




	
z4 × 1000

	
−2.49 ***

	
−2.36 ***




	
AR(1)

	
0.89 ***




	
Adj-R2

	
0.99




	
obs.

	
390




	
γ1 = γ2 = γ3 = γ4 = 0

	
50.84 ***

	
51.13 ***




	
k = 5→k = 4

	
1.55

	
1.25




	
k = 4→k = 3

	
8.11 ***

	
12.88 ***








*** 1% significance.
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Table 6. Average change rate in the estimated future population.
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Future Scenario

	
Change in Total Population (%)

	
Change in Age Distribution (%)




	
0~19

	
20~44

	
45~59

	
60~






	
Low

	
−0.02

	
−1.98

	
−1.62

	
−0.55

	
3.95




	
Mid

	
0.22

	
−1.44

	
−1.64

	
−0.72

	
3.84




	
High

	
0.45

	
−0.93

	
−1.67

	
−0.89

	
3.72

















	
	
Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.











© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).






media/file4.png
10 20 30 40 50 60 70 80 90

—o— age distribution effect-(1)
--e—— age distribution effect-(2)
—-»— age distribution effect-(3)






nav.xhtml


  energies-13-05360


  
    		
      energies-13-05360
    


  




  





media/file2.png
1.6

Electricity consumption per capita (MVWh)

T T T T T T T T T T T T T T T T T T T T T T T T1
90 92 94 96 98 00 02 04 06 08 10 12 14 16

0.28

——o— Seoul

—%— Incheon

—a— Gyeonggi
Chungnam
Gyeongbuk

——-— Busan

—s— Gwangju

——o— Gangwon
Jeonbuk

Daegu
——+— Daejeon
——a— Chungbuk
Jeonnam

Gyeongnam ——— Jeju

Share of population aged under 15

0.24 | N

0.20 |

0.16 |

0.12 |

0.08

T T T T T T T T T T T T T T T T T T T T T T T T
90 92 94 96 98 00 02 04 06 08 10 12 14 16

—o— Seoul

—%— Incheon

—a— Gyeonggi
Chungnam
Gyeongbuk

——o— Busan

—s— Gwangju

——o— Gangwon
Jeonbuk

Daegu
——+— Daejeon
——a— Chungbuk
Jeonnam

Gyeongnam ——— Jeju

60,000

GRDP per capita (1,000won)

50,000 |

40,000

30,000

20,000 |

10,000 J

T T T T T T T T T T T T T T T T T T T T T T T T
90 92 94 96 98 00 02 04 06 08 10 12 14 16

0.24

—o— Seoul

—%— Incheon

—a— Gyeonggi
Chungnam
Gyeongbuk

——-— Busan

—s— Gwangju

—o— Gangwon
Jeonbuk

Daegu
——+— Daejeon
——a— Chungbuk
Jeonnam

Gyeongnam —— Jeju

Share of population aged 65 and over

0.20

0.16

0.12

0.08 |

0.04

0.00

T T T T T T T T T T T T 11
90 92 94 96 98 00 02 04

T T T T T T T T 11
06 08 10 12 14 16

—o— Seoul

—%— Incheon

—a— Gyeonggi
Chungnam
Gyeongbuk

——-— Busan

—s— Gwangju

—o— Gangwon
Jeonbuk

Daegu
——+— Daejeon
——a— Chungbuk
Jeonnam

Gyeongnam ——— Jeju






media/file5.jpg
10

20

30

40 50

—— low income
- middle income
—~— highincome

60 70 80 %





media/file3.jpg
10

20 30 40 50 60

—-— age distribution effect-(1)
- age distribution effect-(2)
—~— age distribution effect-(3)

70 80

%





media/file1.jpg
Electicity consumption per capita (MAN) GROP per capita (1.000won)

1. w000
N w00 g
0. i
04 10000
02 o
ERTE R TRTRTRTRTRTATRTATRTATS R TR RTRTRTRTRTATRCATAT
Soour o e Soor o o
neneon Guanals Daojeon ncheon vanais Oagon
- Greonapt o Ganuan Crungour Groongsl o Gngon nngoux
" wngram  seonbuk—— namnam T Cungnam — seonik— Joomam
Gpsonpouk o Gyeongram —— o G000k —o Gresngrom —— i
‘Shareofpopuiaion aged under 15 ‘Shareofpopuiaton aged 65 and over

ERTET R TR TRTRTR TR RTATRTATS CICE R R AT RTRTRTRTRTATATAT
Soo o e Soor o oo
neneon Guanale Dasjeon ncheon ranois Daeon
Greonom o Ganguon Crungoor Groonggi o Ganguen nngoor
Chungrom  seonbox— namnam Crngran  seonoox— nomnam

Gpeanghuk ——— Gyeongnam ——— Jiu Greonghuk o Greongnon ——— Jiv






media/file7.jpg
10

20 30 40 50 60 70 80 90

—— 1990~1999 - 2000~2016






media/file10.png
| | T | | | | T |
19 20 21 2 23 24 25 26 27 28 29 3 AN

—uo— |ow SCenano

--4-- mid scenarno

——— high scenario

—«— N0 age-distribution effect






media/file9.jpg
19 20 21 2 23 24 25 26 27 B 20 30 3N

—— low scenario
~-a-- mid scenario
—-— high scenario
—e— o age-distibution effect





media/file0.png





media/file8.png
10 20 30 40 50 60 70 80 90

—— 1990~1999 --_- 2000~2016






media/file6.png
-
’/

10 20 30 40 50 60

—o— low income
——s—— Middleincome
—-— highincome

70 80 90





