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Under China’s “comprehensive two-child” policy (UTCP) and “three-child”

policy (TCP), household’s age structure is bound to change, and this change

will further have an impact on household demand for electricity. In order to

accurately forecast the impact of fertility policy on residential household

electricity demand, we firstly construct a prediction model with annual

household electricity consumption as the dependent variable and average

electricity price and household-level old-age dependency ratio (HODR) as

the independent variables. Second, we use the cohort-component

projection model (CCPM) to construct a population prediction model to

obtain the macrolevel old-age dependency ratio (MODR). Third, based on

the interactive ritual chain (IRC) theory, we explore the statistical relationship

between macrolevel old-age dependency ratio and household-level old-age

dependency ratio to obtain a prediction method for the household-level old-

age dependency ratio. Finally, we take five households as examples and predict

their electricity demand from 2022–2035. The following conclusions are

obtained: 1) the average electricity price and the household-level old-age

dependency ratio have a significant suppressive effect on the electricity

demand; 2) for households without the pressure of old-age dependency,

the Under China’s “comprehensive two-child” policy’s contribution to

electricity demand is pregnant, while “three-child” policy’s is limited; 3) the

Under China’s “comprehensive two-child” policy and “three-child” policy

cannot fundamentally curb the declining trend of residential electricity

demand of China in the long term.
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1 Introduction

With the ongoing economic development and the enormous

population base, China’s electricity consumption has

experienced a high-speed growth in recent decades. The

overall quantity of consumption rises from 4.19 trillion kWh

in 2010 to 8.31 trillion kWh in 2021, with an average annual

growth rate of 12.52%, since China became the largest electricity

consumer in 2011. If the constituents are examined further, it is

discovered that the ratio from households accounts for a

significant percentage in the total electricity consumption and

demonstrates an increasing trend, with a yearly growth rate of

27.85% in the pasting 5 years. However, a number of experts

predict that the above trend will slow down and even reverse as

China transitions into an aging society.

In order to deal with the population aging and prolong its

demographic dividend, a series of fertility policies have been

introduced by China’s central government, from the initial

“comprehensive two-child” policy (UTCP) of 2013 to the

more aggressive “three-child” policy (TCP) of 2021.

Nevertheless, the efficacy of these stimulation policies is still

up for debate. For example, Chen and Sun (2021) and Wang and

Wang (2022) asserted that the impact of the TCP on China’s

birth population and fertility level would be very limited, while

Chen (2021) believed that the implementation of the TCP could

mitigate the aging degree in some extent. This ambiguity about

the future population quantity and structure of China poses a

significant challenge to the electricity sector, whichmust set plans

for power plants and the electricity grid network again.

The studies on the relationship between residential

households and electricity consumption currently

concentrate on the analysis of the factors influencing

residential electricity demand. For instance, Jia and Xu

(2021) used a double logit model to estimate the relationship

between China’s residential electricity demand elasticity and

household total incomes, getting the results that the income

elasticity of demand is inelastic in the short run and would turn

elastic in the long run. Lin andWang (2020) estimated the price

elasticity of residential electricity demand based on the same

model, using household electricity data of 286 cities in China

from 2006 to 2016 and found that electricity prices did matter

for residential electricity consumption behavior. In terms of

measuring the impact of household composition on electricity

consumption, Liddle and Lung (2010) and Liddle (2014)

divided the U.S. household population by age group into

20–34, 35–49, and 50–64 years and concluded that the older

age group had a negative impact on residential electricity

consumption. Utilizing the data of China and Korea

respectively, Hu and Gong (2020) and Ryu et al. (2021) got

similar results. In general, there are many factors affecting

residential electricity demand, e.g., household income

(Campbell A., 2018; Csereklyei Z., 2020), electricity tariff

FIGURE 1
Schematic diagram of this paper.
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(He and Reiner 2016; Wang et al., 2017), household make-up

(Matar W., 2018; Hessam et al., 2019), household size (Allcott

H., 2011; Wang et al., 2022) and so on. Yet, these studies all did

not account for the influence of fertility policy.

To address this problem, this paper conducts a specialized

research aiming to measure the impact of the China’s fertility

policies on its residential electricity demand. Compared with

existing studies, the contribution of this paper could be

summarized as follows:

(1) The impact of the fertility policy on the electricity demand is

measured;

(2) A electricity-demand prediction model considering the

influence of the fertility policy is proposed.

The remainder of this paper is organized as follows: In

Section 2, we construct a residential electricity demand model

and a population prediction model. Section 3 introduces the data

and main parameter settings. Section 4 puts forward and

discusses the prediction results. Section 5 concludes the paper

and offers suggestions.

2 Model and methodology

2.1 Model framework

Though a lot of models have been set forth and applied in

electricity demand prediction, due to the detailed data acquisition

limitations of households especially in terms of their fertility planning,

somemethods, such as time-series algorithms (Chou andTran, 2018),

artificial neural networks (Kim and Cho, 2019), or others needing

large-sample (Somu et al., 2021), don’t suit the study. For this reason,

this article employs an approach that firstly deconstructing the study

issue into two sub-issues (i.e., household population prediction and

the electricity demand); then constructing their respective

corresponding models; at last building a integrated model system

to prediction the electricity demand of residential household under

the influence of fertility policy. The main logic is shown in Figure 1.

As Figure 1 demonstrates, the cohort-component projection

model (CCPM), the grey forecasting algorithm (GF), and the

interactive ritual chain (IRC) method are used in the population

prediction; on the other hand, the double logit model (DL) based

on the China Family Panel Studies (CFPS) database is adopted

for forecasting the residential electricity demand and to obtain

the logarithmic linear relationship between electricity

consumption (ln q) and other household-related variables

(lnXi), where α0 and αi are coefficients; and the integrated

model which is named by the linear regression prediction

(LSP) method is used to obtain the residential electricity

prediction results.

2.2 Phase division

The UTCP and the TCP might well affect the age structure of

households and household electricity demand by influencing the

fertility intention and behavior of women of childbearing age

(reflected by the fertility rate). To explore the relationship

between fertility policy and residential electricity demand, we

take the release time (year) of the UTCP and the TCP as two time

TABLE 1 Description of model variables.

Variables Description Variables Description

x Age group variable bx,t,k Fertility rate of the female population in age group x in year t in phase k

t Time variable (years) TFRt,k TFR in year t in phase k

k phase variable, k ∈ {1, 2, 3} srt,k Sex ratio at birth in year t in phase k

Mx,t,k Male population in age group x in year t in phase k Bt,k Number of newborns in year t in phase k

Fx,t,k Female population in age group x in year t in phase k Bt,m,k Number of male newborns in year t in phase k

pmx,t,k Survival rate of male population in age group x in year t in phase k Bt,f ,k Number of female newborns in year t in phase k

pfx,t,k Survival rate of female population in age group x in year t in phase k MODRt,k Old-age dependency ratio in year t in phase k

FIGURE 2
The distribution of samples.
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points, hence forming the three time phases: before the UTCP,

after the UTCP, and between the two policies.

Phase Ⅰ: 2010–2015, the period before the UTCP. The

National Bureau of Statistics (NBS) released annual TFR and

age-specific fertility data of women of childbearing age during

this period.

Phase Ⅱ: 2016–2021, the first 6 years of the implementation

of the UTCP. The NBS has not released fertility data since 2015.

Phase Ⅲ: After 2022, the period after the TCP.

2.3 The cohort-component projection
model for population prediction

The CCPM and other simplified variations remain in

common use because of their simplicity and low data

requirements (Wilson, 2016; Li and Wang, 2021). In this

section, the CCPM is adopted to predict the household

population. In prediction, assume that the population

system is closed-loop with no migration during the

prediction cycle. The relevant variables are defined as

shown in Table 1.

The CCPM is shown below:

Mx,t+1,k � pmx,t,k ·Mx−1,t,k,∀x, k ≥ 1, (1)
Fx,t+1,k � pfx,t,k · Fx−1,t,k,∀x, k ≥ 1, (2)

TFRt,k � ∑
49

x�15
bx,t,k, (3)

Bt,k � ∑
49

x�15
bx,t,kFx,t,k,Bt,m,k � srt,k

100 + srt,k
Bt,k,Bt,f ,k � Bt,k − Bt,m,k,

(4)
M0,t+1,k � pm0,t,k · Bt,m,k, (5)
F0,t+1,k � pf0,t,k · Bt,f ,k , (6)

MODRt,k � Mx ≥ 65,t,k + Fx ≥ 65,t,k

M15≤ x ≤ 64,t,k + F15≤ x ≤ 64,t,k
× 100%, (7)

where Eqs. 1, 2 predict the male population and the female

population in year t + 1 in phase k, respectively; Eq. 3 predicts the
TFR in year t + 1 in phase k; Eq. 4 predicts the total number of

newborns, male newborns, and female newborns in year t in

phase k; Eqs. 5, 6 represent the number of male newborns and

female newborns in year t growing up in year t + 1, respectively;

and Eq. 7 predicts the MODR in year t in phase k.

2.4 The residential electricity demand
model

In this paper, the residential electricity consumption is

used as the dependent variable, average electricity price,

annual household income, average annual temperature

and household-level old-age dependency ratio (HODR)

are used as household attribute variables, and then a

double logit model for the three phases is constructed, as

shown in Eq. 8.

ln qitk � α0k + α1k ln priceitk + α2k ln tariitk + α3k ln tempitk

+ α4k lnHODRitk + εitk, (8)

where qitk , priceitk , tariitk , tempitk andHODRitk are the electricity

demand, the average electricity price, the annual income, the average

annual temperature and theHODR of household i in year t in phase
k; X � {lnpriceitk , ln tariitk , ln tempitk , lnHODRitk} is the set of
independent variables, including the logarithmic values of priceitk ,

tariitk , tempitk and HODRitk , εitk is an error term in line with a

normal distribution.

To encourage childbirth further, some administrative regions

of China, like Zhejiang province and Guangdong province

introduced a “multi-population” tiered electricity pricing

(TEP) system in 2021. For instance, to the family owning

more than seven family members, if they consume 750 kWh a

month, a subsidy of 30 RMB will be given under that policy. The

other provinces such as Hunan and Yunnan also introduced

maternity allowance and subsidy policies in 2022. However,

seeing from the outcomes so far, with the development of

China’s economic level and the improvement in residents’

living standards, but the effects of these measures are limited.

Thus, we can rewrite Eq. 8 as follows:

ln qitk � α0 + α1 ln priceit + α2 ln tariit + α3 ln tempit

+ α4k lnHODRitk + εitk . (9)

Furthermore, we can obtain:

qk � eα0priceα1 tariα2 tempα3HODRα4k . (10)

3 Data sources and main parameter
settings

3.1 Data sources of population

The population-related data in this paper are obtained from

World Population Prospects 2022, the 2015–2021 China

Population and Employment Statistics Yearbooks and the

2015 National 1% Population Sample Survey. Specifically, the

life expectancy of men and women for 2022–2050 is obtained

fromWorld Population Prospects 2022; the age-specific sex ratio

is obtained from the Yearbooks 2015–2021; the fertility rate of

women of childbearing age by age group, the population by age

and sex, and the MODR are obtained from the 2015 National 1%

Population Sample Survey.
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3.2 Data sources of residential electricity
consumption

The residential electricity consumption data used in this paper

include household microdata and climate data, where household

microdata are obtained from the CFPS for 2014, 2016 and 2018, and

climate data are obtained from the statistical yearbooks of the

provinces and municipalities for 2015, 2017 and 2019. The CFPS

can provide the monthly electricity charges, annual income,

household size, and household structure of residential households.

In addition, we also collate the data about households that already

have young children aged 0–14 from15provinces andmunicipalities,

including Beijing, Tianjin, Shanghai, Gansu and Liaoning. The

distribution of samples is shown in Figure 2, from which we can

see that Gansu province has the largest sample size, accounting for

30.4%, and Beijing has the smallest proportion, accounting for 0.4%.

The variables are described in Table 2.

Given that the monthly electricity charges are provided in the

CFPS database, the annual electricity consumption and the

average electricity price should be calculated from Eqs. 11, 12,

respectively. Let us define the monthly electricity charge of

household i in year t as eit and the average electricity price of

residential household i in year t as priceit . Taking Hunan

province as an example, a three-stage tiered electricity tariff

system is currently implemented in Hunan, the thresholds of

electricity consumption are γ1 � 200kWh and γ2 � 350kWh,
and the tiered electricity tariffs are 0.588 RMB/kWh, 0.638 RMB/

kWh and 0.888 RMB/kWh.

qit �

⎧⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎩

eit
0.588

, eit ≤ 0.588γ1 ,

γ1 +
eit − 0.588γ1

0.638
, 0.588γ1 < eit ≤ 0.638γ2 ,

γ2 +
eit − 0.588γ1 − 0.638(γ2 − γ1)

0.888
, eit > 0.638γ2 ,

(11)

priceit � feeit
qit

, (12)

According to Qi and Liu (2020), the HODR can be further

obtained as shown in Eq. 13.

HODR � os65
f s − cs − os65

× 100%, (13)

where os65 represents the number of elderly persons aged 65+ in

the household and cs represents the number of children aged

0–14 in the same household.

3.3 Main parameter settings

According to the CCPM in Section 2.3, it is obvious that several

important parameters should be obtained before solving the CCPM,

including the forecast cycle, TFR, life expectancy, and sex ratio.

TABLE 2 Descriptive statistics of the data.

Variables Scale Mean Standard deviation Min Max Observations

q kWh overall 2,136.04 1,714.64 219.42 25,940.33 N = 3,999

between 1,275.83 540.08 11,366.88 n = 1,333

within 1,145.89 −7,335.92 16,752.31 T = 3

fee RMB overall 1,330.88 1,506.07 60 36,000 N = 3,999

between 1,234.23 132 13,200 n = 1,333

within 863.54 −10669.12 24,130.88 T = 3

tari RMB/household overall 83,868.16 1,88,333.5 5 6,155,000 N = 3,999

between 1,31,204.5 4,893.33 2,771,600 n = 1,333

within 1,35,142.6 −2596,532 4,102,201 T = 3

f s Person/household overall 5.08 1.64 1 21 N = 3,999

between 1.48 2 17 n = 1,333

within 0.69 −0.92 10.42 T = 3

os65 Person/household overall 0.38 0.65 0 3 N = 3,999

between 0.57 0 2 n = 1,333

within 0.30 −0.95 1.72 T = 3

cs Person/household overall 1.55 0.81 1 9 N = 3,999

between 0.72 1 6.33 n = 1,333

within 0.36 −2.78 4.22 T = 3

temp 0.1°C overall 132.73 42.76 62.2 218.51 N = 3,999

between 42.66 64.06 215.81 n = 1,333

within 3.02 113.78 162.64 T = 3

Note: q, f ee, tari, fs, os65, cs and temp represent annual electricity consumption, electricity charge, household income, household size, the number of elderly persons aged 65+, the number

of children aged 0–14 and average temperature, respectively.
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(1) Forecast cycle. Since 2015, theNBS has not released fertility data

again. Therefore, we set 2016 as the beginning year of the

forecast cycle and make 20-year predictions from 2016 to 2035.

(2) TFR. Due to high prediction accuracy and suitability for

small data sets of the GF algorithm (Xie and Liu, 2009; Cui

et al., 2013; Li and Zhang, 2021), it is used to predict the TFR

in different phases.

Phase Ⅰ: Based on the TFR data released by the NBS from

2010 to 2015, the TFRs from 2016 to 2035 can be predicted

through the GF algorithm.

Phase Ⅱ: Based on the TFR data estimated by Prof. Qiao for

2016–2020, the TFRs from 2021 to 2035 can be predicted

through the GF algorithm.

PhaseⅢ: Assuming that the TCP has a positive effect on fertility

rate, this paper assumes theTFRs of no less than 1.3 from2022 to 2035.

(3) Life expectancy. Based on the data in the World Population

Prospects 2022, the life expectancy for men and women in

2022–2035 are obtained by the linear interpolation method.

(4) Sex ratio. Based on the age-specific sex ratio data from the

Yearbooks 2015–2021, the sex ratios for 2022–2035 are

obtained through the GF algorithm.

4 Results and analysis

4.1 Estimation of household electricity
demand

The 3,999 residential electricity consumption samples from

the CFPS database in 2014, 2016, and 2018 are modeled as a

double logit model according to Eq. 8 and subjected to least

squares (OLS) linear regression, and the results are shown in

Table 3. In Table 3, column (I) shows the regression results of

average electricity price and HODR with annual household

electricity consumption, and column (II) shows the regression

results of average electricity price, HODR, annual income, and

average temperature with annual household electricity

consumption.

The main results are as follows:

(1) Residents are very sensitive to changes in electricity prices.

When electricity prices rise, residents will consume less

electricity. Columns (I) and (II) report that the average

electricity price is statistically significant at the 1% level,

with values of −0.156 and −0.140 respectively. This

conclusion is in line with the law of the market (quantity

discount); that is, the more electricity is consumed, the lower

the price.

(2) The more individuals age 65 + in households, the less

electricity the households consume. The explanatory

variable lnHODR in Column (II) is statistically significant

at the 5% level, with a value of −0.069, while in Column (I),

the coefficient reaches the 10% significance level, with a value

of −0.063. This may be because elderly people tend to save

electricity more than young people.

(3) Some households with high income tend to consume more

electricity. Column (II) reports that the explanatory variable

ln tari is statistically significant at the 1% level, with values

between 0.188. This means that high-income households

should be encouraged to save more electricity.

(4) Residents are very sensitive to changes in temperature. When

the temperature rises, residents use more electricity. Column

(II) reports that the significance level of the explanatory

variable ln temp is statistically significant at the 1% level, with

values about 0.777.

TABLE 3 OLS estimation results of annual household electricity
consumption.

Variables (Ⅰ) (Ⅱ)

ln q ln q

ln price −0.156*** −0.140***

(0.042) (0.040)

lnHODR −0.063* −0.069**

(0.037) (0.032)

ln tari 0.188***

(0.018)

ln temp 0.777***

(0.061)

Constant 7.672*** 1.888***

(0.143) (0.345)

Observations 1,167 1,167

Note: ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels,

respectively. Robust standard errors clustered by consumer group are in parentheses.

TABLE 4 Prediction results of the MODR for 2016–2035 (%).

Year MODR Year MODR

BTC ATC ARC BTC ATC ARC

2016 14.33 14.33 14.33 2026 20.1 19.73 19.73

2017 14.82 14.8 14.8 2027 20.41 19.86 19.86

2018 15.56 15.52 15.52 2028 20.74 20.26 20.26

2019 16.26 16.19 16.19 2029 22.26 21.67 21.67

2020 17.06 16.96 16.96 2030 23.35 22.67 22.67

2021 17.83 17.7 17.7 2031 24.56 23.75 23.75

2022 18.49 18.31 18.31 2032 25.75 24.8 24.8

2023 19.27 19.04 19.04 2033 26.61 25.51 25.51

2024 19.8 19.53 19.53 2034 28.08 26.78 26.78

2025 19.9 19.58 19.58 2035 29.27 27.76 27.76
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4.2 Statistical relationship between the
macrolevel old-age dependency ratio and
the household-level old-age dependency
ratio

Based on the IRC theory, we regard that the MODR is the

overall performance of the HODR, and the HODR is the radiative

distribution of the MODR. So this paper tends to explore the

statistical relationship between MODR and HODR. Through

calculating the HODR in 3,999 samples, we have obtained some

results: the skewness value of 2.66, themean value μ of 16.03% and a

standard deviation σ of 31.62%. Comparing μ with the average

MODR of 15.2% for 2014, 2016 and 2018 (data from the China

Population and Employment Statistics Yearbook 2020), the error is

calculated as 5.46%. It is, therefore, further demonstrated that the

HODR obeys a positive skewed distribution with the MODR as the

mean. For further analysis, we assume that the HODR obeys a

normal distribution with the MODR as the mean,

i.e., HODR ~ N(MODR, σ2).

4.3 Prediction results of the macrolevel
old-age dependency ratio in different
phases

4.3.1 Prediction results of the macrolevel old-
age dependency ratio

Table 4 reports the results of the MODR for 2016–2035 in

three phases, where BTC, ATC and ARC denote Phase Ⅰ, Ⅱ andⅢ,

respectively.

The main results are as follows:

(1) FromColumns BTC, ATC and ARC, we find that theMODR

will increase year by year, indicating that the implementation

TABLE 5 Attribute values of the five selected families.

price (RMB/kWh) HODR (%) probability tari (RMB) temp (0.1 °C)

#1 0.567 0 0.50 115,000 147.1

#2 0.675 25 0.60 126,024 136

#3 0.503 33.33 0.70 56,000 134

#4 0.488 50 0.85 449,500 136

#5 0.500 66.67 0.95 50,000 95.1

TABLE 6 The prediction results of the HODR for the five selected households in 2022–2035 (%).

Year #1 #2 #3 #4 #5

BTC ATC BTC ATC BTC ATC BTC ATC BTC ATC

2022 18.49 18.31 27.34 27.16 35.88 35.70 52.32 52.14 70.35 70.17

2023 19.27 19.04 28.12 27.89 36.66 36.43 53.10 52.87 71.13 70.90

2024 19.80 19.53 28.65 28.38 37.19 36.92 53.63 53.36 71.66 71.39

2025 19.90 19.58 28.75 28.43 37.29 36.97 53.73 53.41 71.76 71.44

2026 20.10 19.73 28.95 28.58 37.49 37.12 53.93 53.56 71.96 71.59

2027 20.41 19.86 29.26 28.71 37.80 37.25 54.24 53.69 72.27 71.72

2028 20.74 20.26 29.59 29.11 38.13 37.65 54.57 54.09 72.60 72.12

2029 22.26 21.67 31.11 30.52 39.65 39.06 56.09 55.50 74.12 73.53

2030 23.35 22.67 32.20 31.52 40.74 40.06 57.18 56.50 75.21 74.53

2031 24.56 23.75 33.41 32.60 41.95 41.14 58.39 57.58 76.42 75.61

2032 25.75 24.80 34.60 33.65 43.14 42.19 59.58 58.63 77.61 76.66

2033 26.61 25.51 35.46 34.36 44.00 42.90 60.44 59.34 78.47 77.37

2034 28.08 26.78 36.93 35.63 45.47 44.17 61.91 60.61 79.94 78.64

2035 29.27 27.76 38.12 36.61 46.66 45.15 63.10 61.59 81.13 79.62

Average 22.76 22.09 31.61 30.94 40.15 39.48 56.59 55.92 74.62 73.95
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of the UTCP and the TCP is still far from alleviating the

problem of population aging in China.

(2) Comparing the MODR between Columns BTC and ATC, we

can conclude that the UTCP is conducive to slowing down

population aging, but the effect is limited. For example, in

2021, the fifth year of implementation of the UTCP, the

MODR decreases by 4.09%. After 2022, the fertility level

gradually stabilizes, based on wich it can be forecasted that

the MODR in 2035 will decrease by 5.16%.

(3) Comparing the MODR between Columns ATC and ARC, we

find that the values are identical, which indicates that the TCPhas

no effect on the future demographic structure. Taken the above

analysis together, we draw a conclusion that the UTCP and the

TCP can help to slow down the growth of the MODR, but the

effect of the TCP is very limited. Based on the analysis, we make

predictions for Phase Ⅰ and Ⅱ in the following discussion.

4.3.2 Prediction results of the household-level
old-age dependency ratio

Based on the HODR value and the probability in normal

distribution (seeHODR and probability in Table 5), we select five

households from the samples. In the five households, #1 has no

seniors aged 65+, and the probability is 0.50; #2 has one senior

aged 65+ and four members aged 16–64, whose HODR value is

25% and the probability is 0.60; #3 has one senior aged 65+ and

three members aged 16–64, whose HODR value is 33.33% and

the probability is 0.70; #4 has two senior aged 65+ and four

members aged 16–64, whose HODR value is 50% and the

probability is 0.85; #5 has two seniors aged 65+ and three

members aged 16–64, whose HODR value is 66.67% and the

probability is 0.95. Table 5 reports the attribute values in 2018 of

the five households. Table 6 reports the prediction results of the

HODRs from 2022 to 2035.

We take the example of household #2 to validate the

prediction method. From Section 4.2, we have known that

the HODR conforms to the normal distribution with the

MODR as the mean. We assume that this normal

distribution relationship still holds in 2022;

i.e., HODR2022 ~ N(MODR2022, σ2), and the standard

deviation σ � 31.62% remains unchanged. From Table 4, we

obtain that HODR2022 is 18.31%. From Table 5, we obtain that

the probability distribution value of HODR for household

#2 is 0.60, so we can further obtain z � 0.26 by looking up the

normal distribution table. Therefore, the HODR#2,2022 of

household #2 is calculated as 26.53% according to Eq. 14.

HODR#2,2022 � MODR2022 + z · σ. (14)

Table 6 shows that the UTCP helps to slow down the growth

of HODR. Based on the analysis in Section 4.3.1, we can derive

that the TCP is conductive to slowing down the growth of

HODR, but with little effect. Specifically, among the five

households, household #1 has the largest growth in the

HODR, and household #5 has the smallest growth.

Comparing the HODR in 2035 with that in 2022, in which

household #1 increases by 58.30% (Column BTC) and 51.61%

(Column ATC), and household #5 increases by 15.32% (Column

BTC) and 13.47% (Column ATC). From Columns BTC and

ATC, comparing the average values of the HODR, it is found that

household #1 decreases the most, approximately 2.93%, and

household #5 decreases the least, only 0.89%.

TABLE 7 Annual electricity demand for the five selected households from 2022–2035 (kWh).

Year #1 #2 #3 #4 #5

BTC ATC BTC ATC BTC ATC BTC ATC BTC ATC

2022 2,678.80 2,680.08 2,458.02 2,458.84 2,144.50 2,145.04 3,184.00 3,184.63 1,742.07 1,742.34

2023 2,673.38 2,674.95 2,454.56 2,455.57 2,142.20 2,142.87 3,181.33 3,182.11 1,740.95 1,741.28

2024 2,669.83 2,671.62 2,452.26 2,453.43 2,140.67 2,141.44 3,179.53 3,180.44 1,740.20 1,740.58

2025 2,669.17 2,671.29 2,451.83 2,453.21 2,140.38 2,141.30 3,179.20 3,180.27 1,740.06 1,740.51

2026 2,667.86 2,670.29 2,450.98 2,452.56 2,139.81 2,140.87 3,178.53 3,179.77 1,739.78 1,740.30

2027 2,665.86 2,669.43 2,449.68 2,452.01 2,138.93 2,140.49 3,177.50 3,179.33 1,739.34 1,740.11

2028 2,663.76 2,666.82 2,448.30 2,450.31 2,138.01 2,139.36 3,176.41 3,178.00 1,738.88 1,739.55

2029 2,654.55 2,658.05 2,442.17 2,444.51 2,133.85 2,135.44 3,171.49 3,173.38 1,736.79 1,737.60

2030 2,648.34 2,652.18 2,437.97 2,440.57 2,130.97 2,132.75 3,168.06 3,170.19 1,735.33 1,736.24

2031 2,641.79 2,646.13 2,433.48 2,436.47 2,127.87 2,129.93 3,164.34 3,166.82 1,733.73 1,734.80

2032 2,635.67 2,640.53 2,429.23 2,432.61 2,124.91 2,127.26 3,160.78 3,163.62 1,732.19 1,733.42

2033 2,631.43 2,636.88 2,426.26 2,430.08 2,122.82 2,125.50 3,158.25 3,161.49 1,731.10 1,732.50

2034 2,624.51 2,630.61 2,421.35 2,425.68 2,119.36 2,122.42 3,154.03 3,157.76 1,729.26 1,730.88

2035 2,619.18 2,625.98 2,417.53 2,422.40 2,116.64 2,120.10 3,150.71 3,154.94 1,727.80 1,729.65

Average 2,653.15 2,656.77 2,440.97 2,443.45 2,132.92 2,134.63 3,170.30 3,172.34 1,736.25 1,737.13
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4.4 Prediction results of household
electricity demand in different phases

Based on the results in Section 4.3, the electricity demand for

the five selected households in 2022–2035 are obtained according

to Eq. 10, as shown in Table 7.

According to Table 7, the following findings could be gained.

(1) The annual household electricity demand decreases year by year.

By comparing the annual electricity consumption in 2035 and

2022, it is found that the annual electricity demand of household
#1 decreases the most, with decreases of 2.23% (Column BTC)

and 2.02% (Column ATC). The annual electricity consumption

of household #5 has the smallest decline, with declines of 0.82%

(Column BTC) and 0.73% (Column ATC).

(2) The UTCP can encourage residents to consume electricity.

We focus on the average values in Columns BTC and ATC

and find that household #1 has the largest growth range, with

an average of 0.14%, while household #5 has the smallest

growth range, with an average of 0.05%.

Based on the above analysis, it can be concluded that for

households without the pressure of supporting the elderly, the

fertility policies may encourage their electricity consumption to

some extent, but over time the electricity demand will gradually

diminish. For households with great pressure to support elderly

individuals, the fertility policies have a very limited promotion

effect and little impact on their electricity demand. The results

show that the space for further energy savings is very large for

households with less pressure of supporting the eldly.

5 Conclusion and suggestions

With the implementation of the UTCP and the TCP, the

macrolevel old-age dependency ratio and household-level old-

age dependency ratio have also changed, which has a certain

impact on residential electricity demand. Studies on this impact

are rare in the literature. To explore the impact of the fertility

policies on household electricity demand, guide residents to use

electricity reasonably, and better realize the rational allocation of

electric power energy, we construct three phases in this paper:

before the UTCP, after the UTCP, and between the two policies.

Next, we predict the residential electricity demand in three

phases. The conclusions and implications are as follows.

(1) We build a double logarithmicmodel of residential electricity

demand and carry out OLS estimation based on CFPS data in

2014, 2016 and 2018. The results show that the average

electricity price and old-age dependency ratio have

significant negative effects on electricity demand.

(2) The implementation of the UTCP will promote residential

electricity consumption, especially for households without the

pressure to support elderly family members, and its effect is

the most obvious. However, the implementation of the TCP

has a limited impact on residential electricity demand. The

results show that the space for further energy savings is very

large for households with less pressure to support elderly

family members, and energy-saving awareness should be

further promoted in residential electricity consumption.

(3) TheUTCP andTCP cannot fundamentally change the declining

trend of electricity demand of residents in the future. This is

mainly because the fertility policies cannot change the deepening

process of population aging, the continuous upward trend of

MODR and theHODRwill lead to amore siginificant inhibition

to residential electricity demand.

(4) The continuous decline in residential electricity demand will

make the situation of power supply and demand more severe

and will further highlight the problem of power overcapacity.

At present, China’s power supply mainly comes from coal

power, and the proportion of clean energy, such as

hydropower, wind power, nuclear power and solar power,

still remains relatively low. Therefore, the relevant power

departments should further control the scale of coal power,

develop clean power energy and solve the problem of power

supply tension as soon as possible. Qiao, 2021, Collins, 2004.
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