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Abstract
The global rise in energy consumption makes managing energy demands a priority. Here, the
potential of Information and Communication Technology (ICT) in controlling energy consumption
is still debated. Within this context, the main objective of the current study is to measure the impact
of ICT, its potential benefit, and environmental factors on household electricity demand in Taiwan.
A panel of data from 20 cities in Taiwan was collected during the period 2004-2018. We adopted
PMG estimation and applied the DH-causality test for analysis. The estimation results show that
ICT, carbon emissions, and climate change will drive household electricity demand in Taiwan in
the long term. However, ICT has a higher potential to reduce electricity demand in the short-term
period. In addition, the results of the causality test reveal a two-way interrelationship between ICT
and electricity demand. Our study also found that climate change indirectly affects the use of
electricity through household appliances. We also presented several policy implications at the end
of this paper.
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1. Introduction
Information and Communication Technology (ICT) has snowballed in the last few decades,
followed by an increase in the application of computer technology, mobile phones, the Internet,
and smart-television. Previous studies (Hilty & Bieser, 2017; Lange et al., 2020; Mickoleit, 2010)
stated that the rise in the usage of these applications elevate concerns such as whether digitalization
will further increase energy demand, or whether it will decrease it through the application of
energy-efficient technologies. Research from Caglar et al. (2021) shows that if ICT is properly
applied to the sectors which cause maximum pollution, it contributes to the improvement of
environmental quality in terms of ecological footprint. Lange et al. (2020) in their study also
describes that the increase of energy efficiency through digitalization and sectoral change from the
rise of ICT services have the potential to decrease energy consumption. Several studies, however,
show that ICT can actually increase electricity consumption (Sadorsky, 2012; Salahuddin & Alam,
2015, 2016), particularly in developing countries (Usman et al., 2021), and surprisingly ICT can
also be one of the causes of carbon emissions (Peng, 2013). Given the disparities in previous study
findings, research on the impact of ICT on energy demand is still worthwhile, particularly in
relation to climate change, which are still rarely considered in ICT-energy demand nexus studies.

Figure 1. Carbon emissions by sector
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In order to reduce energy consumption within the context of mitigating global climate
change and emission reduction, the Taiwanese government seeks to encourage the application of
ICT in power generation and building smart grids in every region of Taiwan. Report from Ferry
(2015) and the research from Yu-Chen et al. (2020) show that the government also encourages
application of technology, including ICT, in the industrial sector to reduce carbon emissions
resulting from the combustion process. The graph from Figure 1 presents the annual report from
EDGAR (2020) which illustrates that Taiwan experienced a decrease by 1.2% in total carbon
emissions from 280.3 Mton in 2007 to 276.8 Mton in 2019.
Interestingly the energy demands are seen to rise every year. BOE (2020) reports that from
2004 to 2019, Taiwan experienced a rise in energy consumption by 12.38%. The total energy
consumption in Taiwan until 2019 was 84,909.6 103 KLOE. It was found that more than half of
the total energy consumption was used for petroleum products and 29.9% was used for electricity
needs. In terms of energy consumption by sector, the industrial sector was the largest energy user.
In 2019, the industrial sector used half of Taiwan's total energy consumption, followed by the
transportation sector at 25.2%, the residential sector at 12%, and the rest was the service sector
and the agricultural sector.

Figure 2. Electricity consumption by sector
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Figure 2 shows the electricity consumption per sector in Taiwan. As of 2019, the industrial
sector still ranks first in the sector with the highest electricity consumption in Taiwan, which is
55.6% of total consumption, then followed by the residential sector with 17.8%, the service sector
with 17.6%, the agricultural sector with 1.1% and the last sector is transportation with 0.6%.
Interestingly, since 2019 residential electricity consumption has been more significant than the
service sector. Besides that, the average annual growth of residential electricity consumption is
1.2%, higher than the service sector with an average of 1.1% per year.
Studying the impacts of ICT on energy consumption is important and unfortunately, there
is a lack of research in the past which have examined the effects of ICT (i.e., Internet facility and
TV colour) and climate change on household electrical energy demand (Ishida, 2015; Sadorsky,
2012; Salahuddin & Alam, 2015, 2016). Furthermore, to the best of our knowledge, this is the first
study to use data on Internet access and television subscriptions as a proxy for household ICT. The
most recent study from Usman et al. (2021) examined the impact of ICT on energy consumption
in South Asian countries which used phone subscriptions as an ICT proxy. This has been done in
many previous studies (Belkhir & Elmeligi, 2018; Haftu, 2019; Sadorsky, 2012; Salahuddin &
Alam, 2015, 2016). Besides that, no previous studies examined the effects of climate change in
their ICT-energy demand nexus model.
Based on the energy demand factors from Filippini and Hunt (2011), the primary objective
of this study is to examine the effects of ICT, carbon emissions and climate change on household
energy consumption in Taiwan. In theoretical terms, this study adds on to the existing literature
with respect to the ICT-energy demand nexus by including climate change factor as an important
determinant in the model and describing the potential of ICT in controlling household energy
consumption. Besides, we contend that the models in this study provide an alternative model for
estimating the ICT-environment-energy consumption nexus using household energy demand
factors. Empirically, this study provides an overview of the impact of ICT in households,
environmental quality, and household income conditions on residential electricity demand in
Taiwan both for the short and long term. Lastly, the current study also attempts to make some
suggestions in terms of policy change, particularly for the electricity demand in Taiwan.
The remaining paper has been organized as follows. Section 2 presents the brief literature
review. Section 3 provides the data and empirical strategies, and section 4 gives the results and
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discussions. Section 5 discusses the practical and policy implications, then section 6 provides
limitations and future directions, and section 7 presents the conclusions.
2.

Literature review

2.1. Carbon emissions and energy consumption
Several previous studies have examined the effects of environmental factors on energy demand
models(Lean & Smith, 2009; Menyah & Wolde-Rufael, 2010; Saidi & Hammami, 2015; Shiau et
al., 2022). For instance, Lean and Smith (2009) measured the causal relationship between carbon
emissions and energy consumption in five ASEAN countries. Their results indicated a positive
and significant relationship between carbon emissions and energy consumption. Similar results
were also shown by a study conducted by Menyah and Wolde-Rufael (2010) in South Africa,
where the study results also showed the positive impact of carbon emissions on energy
consumption. The study also found the positive and significant effect of pollutant effect on
economic growth, both in short term and long term. Saidi and Hammami (2015) carried out a study
using global panel data from 58 countries. The study utilized a dynamic panel data model,
generalized method of moments (GMM), during the time period of 1990-2012. The findings
suggest that CO2 emissions have a significant positive impact on energy consumption for four
global panels, and economic growth has a positive impact on energy consumption, which is
statistically significant only for the four panels.
In another study carried out by Lee and Brahmasrene (2014), ICT had a positive and
significant relationship with carbon emissions in ASEAN countries. Belkhir and Elmeligi (2018)
obtained a similar result by examining the global relationship between ICT and GHG emissions.
However, several previous studies, including those conducted by Ozcan and Apergis (2018), which
used data from emerging countries found the opposite results, indicating that ICT is a possible
channel for reducing carbon emissions. It findings are supported by research from Al-Mulali et al.
(2015), Lu (2018) and Zhang and Liu (2015) which used data from 77 countries, 12 Asian countries
and China’s regions, respectively.
The application of environmental factors in the framework of sustainable development was
carried out by Zaharia et al. (2019). The research used two approaches, including panel data and
bibliometrics. The bibliometric method was used for literature review studies related to energy,
emissions and economics. Panel data was used to analyse the impact of economic variables and
5

carbon emissions on energy consumption in EU countries. The study results confirmed that
greenhouse gas emissions, gross domestic product, population, and labour growth positively affect
primary and final energy consumption. The study also discovered that rising health-care costs, the
female population, the external balance of goods and services, environmental taxes, and renewable
energy all reduce energy consumption. Alsaleh and Abdul-Rahim (2022) also presented a critical
study on the use of renewable energy in reducing carbon emissions. Using a data panel of EU28
members, they discovered that renewable energy in the form of hydropower and bioenergy can
help to reduce CO2 emissions. They argued that using renewable energy should be prioritized in
order to improve environmental quality(Alsaleh & Abdul-Rahim, 2021b).
Furthermore, environmental factors such as carbon emissions, renewable energy and
climate change are crucial factors in analysing energy demand and economic growth (Adha et al.,
2021; Azam et al., 2021; Emir & Bekun, 2018). In particular, CO2 emissions and climate changes
affect household decisions in the use of space heaters, air conditioners, and water heaters, which
will then impact electricity usage (Adha & Hong, 2021; Filippini & Hunt, 2011; Otsuka, 2017).
However, these factors have not been included in studies using the model of ICT-energy
consumption nexus. Therefore, in this study, we try to fill this gap using a more comprehensive
electricity demand model based on energy efficiency factors, such as family income to show
economic factors, population, environmental factors, and ICT appliances. The purpose is to
comprehensively explain the relationship between ICT appliances, environmental quality, and
household electricity consumption.
2.2. Economic growth and ICT
Previous research has also provided some evidence on the connection between ICT and economic
growth. For instance, according to Salahuddin and Alam (2015), Internet usage and economic
growth drove electricity consumption in Australia. Interestingly, they found similar positive results
when using data from OECD countries (Salahuddin & Alam, 2016). Interestingly, Ishida (2015)
used ICT investment data and achieved slightly contradictory results, claiming that ICT investment
had no significant impact on GDP in Japan. Study from Ishida (2015) employs Japan’s data from
the period 1980–2010. According to the study, ICT investment directly contributes to a moderate
decrease in energy consumption but not to an increase in GDP. Similarly, according to a recent
study by Usman et al. (2021) found that economic growth positively affected by ICT are only
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observed in Bangladesh and India, but ICT did not find any significant effects on economic growth
in Pakistan and Sri Langka. The research also shown that ICT growth harmed energy consumption
in several South Asian countries, including India and Bangladesh, but benefited Pakistan and Sri
Lanka. However, environmental factors were not considered in that study.
Majeed and Ayub (2018) conducted a study that used data from 149 countries which
demonstrated a positive impact of ICT on economic growth. The study also discovered that
emerging and developing countries benefit more from ICT than developed countries. From another
factors, the growth of mobile phone users, particularly in Sub-Saharan Africa, has driven GDP per
capita growth in each region, with a 10% increase in mobile phones boosting GDP per capita
growth by 1.2 percent (Haftu, 2019).
2.3. Energy consumption and ICT
Studies on the impact of ICT on energy consumption have frequently been carried out with various
approaches, both using direct effects (Andrae & Edler, 2015; Malmodin & Lundén, 2018), energy
efficiency (Amasawa et al., 2018; Mayers et al., 2015; van Loon et al., 2015), and growth
approaches (Andrae & Edler, 2015; Hofman et al., 2016; Ishida, 2015; Kuppusamy et al., 2009;
Malmodin & Lundén, 2018; Salahuddin & Alam, 2015, 2016). The methods used also vary, such
as energy and carbon footprint, life cycle assessment, and econometric time series and panel data
(Lange et al., 2020). Past research(Azam et al., 2021; Caglar et al., 2021; Ishida, 2015; Jin et al.,
2018; Lange et al., 2020; Yan et al., 2018) provides many insights into the impact of ICT on energy
consumption. Also, usage of other forms of energy such as renewable energy can be encouraged
by increasing the development of ICT in manufacturing processes (Alsaleh & Abdul-Rahim,
2021a). Several studies(Anda & Temmen, 2014; Guerhardt et al., 2020; Haseeb et al., 2019;
Sadorsky, 2012; Salahuddin & Alam, 2015, 2016; Schulte et al., 2016) have highlighted the impact
of ICT particularly on electricity consumption. In general, the relationship between ICT and
electricity consumption at the macro level reveals a positive relationship(Sadorsky, 2012;
Salahuddin & Alam, 2016). Using the data from emerging countries, Sadorsky (2012) presented a
positive relationship between ICT and electricity consumption in developing countries, where a
1% increase in Internet users caused an increase in electricity consumption by 0.108%. A similar
result was also shown by Salahuddin and Alam (2016), using panel data from OECD countries.
The results of the study revealed that a 1% increase in Internet users drove electricity consumption
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by 0.026%. However, the study by Schulte et al. (2016) proved that the relationship was the other
way around. Using data from 10 OECD countries and 27 industries, the results of their study
showed a negative relationship between ICT and electricity demand, where a 1% increase in ICT
capital reduced electricity demand by 0.23%.
Several studies relevant to our research were conducted by Van Heddeghem et al. (2014),
analysing the trend of ICT devices' electricity use. Based on three categories of ICT from their
study; communication networks, personal computers, and data centres, it was found that electricity
usage estimates had increased from 3.9% in 2007 to 4.6% in 2012. The growth in electricity
consumption from ICT devices was higher than the growth in global electricity consumption. A
more specific study examining the relationship between ICT and electricity consumption in a
country was conducted by Ishida (2015), who examined the relationship between ICT investment,
economic growth and energy consumption in Japan using the ARDL test. The study results showed
that the elasticity of ICT investment to energy consumption in the long term was -0.155 denoting
that the ICT investment is able to reduce energy consumption in the long term. Using the ARDL
bound test and Granger causality test method, Salahuddin and Alam (2016) estimated the
relationship of ICT, electricity consumption and economic growth in Australia for the time series
data during 1985-2012. The study results confirmed that Internet use and economic growth lead to
increased electricity consumption in the long run. In a broader sense, ICT played a critical role in
promoting industrial renewable energy development. These results are also similar to another study
conducted in twenty-seven European countries by Alsaleh and Abdul-Rahim (2021a). According
to their findings, an increase in ICT inputs promoted the growth of the bioenergy industry. These
intriguing results confirm the advantages of ICT in the generation of renewable energy.
Another research closely related to our study was conducted by Sadorsky (2012), who used
data from 19 developing countries. The methodology used was autoregressive distributed lag
(ARDL) with a Generalized Method of Moments (GMM) estimator. The results of the study
indicated that ICT has a positive and significant relationship to electricity consumption. The ICT
variables used were the Internet users, mobile phones subscribers and number of PCs.
Furthermore, using the ARDL panel with PMG estimator, Salahuddin and Alam (2016) examined
panel data from OECD countries during 1985-2012. The results showed that both ICT and
economic growth stimulated electricity consumption in the short and long term. The results of

8

causality testing showed that mobile phones and the Internet caused an increase in electricity
consumption. Schulte et al. (2016) conducted subsequent research, covering 10 OECD countries
and 27 industries, for 13 years. The study results revealed that ICT was associated with a
significant decrease in electricity demand, where a 1% increase in ICT capital reduced energy
demand by 0.235%.
Based on the findings from the above-mentioned studies, it can be seen that ICT does not
always encourage an increase in electricity use. Several studies, such as Ishida (2015) and Schulte
et al. (2016), show that ICT can reduce energy demand. However, what needs to be observed is
that both studies used ICT investment factors, which are different from other studies that used ICT
appliances such as Internet facilities, mobile phone users, and the number of personal computers.
The use of ICT appliances will illustrate the direct impact on changes in electricity consumption.
Besides, looking at previous studies, the economic factor used is GDP. In our study, however, we
prefer to use family income as an economic factor in order to focus on household energy
consumption factors as shown in household energy demand model (Adha et al., 2021; Blasch et
al., 2017; Filippini & Hunt, 2011, 2012; Orea et al., 2015).
3. Data and Empirical Strategies
3.1. The data
This study made use of observational data from central and local government periodicals and we
were highly reliant on the availability of existing data. It was found that the data for all the selected
variables was only available until 2018 and therefore, we made use of balanced panel data collected
during the period of 2004-2018. Moreover, some data for the following year was still provisional
and subject to change so we excluded it from our analysis. The data was based on 20 locations in
Taiwan which included all the cities and counties in four regions, namely, Northern, Central,
Southern, and Eastern Taiwan, excluding Fuchien Province. The data from Fuchien Province lacks
complete data therefore it was excluded.
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Table 1. Descriptive statistics
Description
Electricity Consumption (106
kWh)
Price of electricity (NT$/kWh)
Disposable Income (NT$)
Population (Person)
Degree Days (˚C)
Carbon emission (Mton)
Percentage of Internet facility
(%)
Percentage of TV Color set in
Household (%)

Variable
EC

Mean
2950

Std. dev.
2970

Min
194

Max
12000

P
DI
Pop
DD
CO2
Net

2.82
865,305
1,155,337
4223.56
270.95
62.79

0.21
176,539
1,069,909
138.13
8.34
15.25

2.52
568,409
91,785
3895.25
254.7
24.44

3.17
1,379,305
3,995,717
4489
286.6
94.26

TV

99.24

0.58

97

100

We combined data sets from several sources, i.e., the Urban and Regional Development
Statistics of Taiwan, the Bureau of Energy from the Ministry of Economic Affairs of Taiwan, the
National Statistics Bureau of Taiwan, the Central Weather Bureau of Taiwan, the Emissions
Database for Global Atmospheric Research European Union. The electricity consumption data in
this study represents the total electricity usage in Taiwanese households. This data is obtained from
Urban and Regional Development Statistics, National Development Council. The electricity price
data is the average price of electricity for Taiwanese households that we can get in the Bureau of
Energy and the National Statistics Bureau. Furthermore, family disposable income and population
data are obtained from the National Development Council's Urban and Regional Development
Statistics. Table 1 shows a statistical description of the variables used in our study.
Degree days (DD) is the temperature conditions outside the room. DD is generally used to
measure the impact of outdoor temperature on indoor energy use. DD is the sum of Heating Degree
Days (HDD) and Cooling Degree Days (CDD).
𝑛

𝐻𝐷𝐷 = ∑(𝑇𝑏𝑎𝑠𝑒 − 𝑇𝑛 )𝑀

(1)

𝐶𝐷𝐷 = ∑(𝑇𝑛 − 𝑇𝑏𝑎𝑠𝑒 )𝑀

(2)

𝑖=1
𝑛

𝑖=1
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𝑇𝑏𝑎𝑠𝑒 refers to the base temperature of the degree day. 𝑇𝑛 is the average daily temperature obtained

from the daily maximum temperature and daily minimum temperature divided by two. Thus, the

DD value is obtained from the sum of the HDD and CDD. Daily temperature data is obtained from
the World Bank Data, Climate Change Knowledge Portal. The data on carbon emissions in Taiwan
is the total carbon emissions obtained from fuels. This data is obtained from Emissions Database
for Global Atmospheric Research, European Union. Finally, ICT data, namely Internet facilities
and the number of colour TVs were obtained from Urban and Regional Development Statistics,
National Development Council.
3.2.Empirical strategies
The equation used in this study is based on energy demand model proposed by Filippini and Hunt
(2011) and in relation with ICT based by Salahuddin and Alam (2016). One of the most important
aspects of Filippini's (Filippini & Hunt) energy demand model is that it incorporates climate
change factors, in this case, degree days, as one of the important factors influencing household
electricity demand. This is supported by studies conducted by the Filippini and Hunt (2012) and
Filippini and Hunt (2016) using data from the United States, Filippini and Zhang (2016) employing
the data from China, and OECD countries (Filippini & Hunt, 2011). As a result, our research aims
to take this approach by incorporating climate change factors into our model. Furthermore, unlike
previous studies that used mobile phone subscriptions and Internet users as proxies for ICT
(Sadorsky, 2012; Salahuddin & Alam, 2015, 2016), we used the number of TVs in households and
Internet facilities in our study. It is to accommodate technological developments that have been
increasing at this time, where the use of household equipment is dependent on Internet access in
the home and the development of television technology. We contend that by utilizing these various
perspectives, this research will provide a new perspective for the study of the impact of ICT on
household electricity consumption.
In accordance with the preceding literature, we present our model as follows:
𝐸𝐶𝑖𝑡 = 𝑓(𝑃𝑖𝑡 , 𝐷𝐼𝑖𝑡 , 𝑃𝑜𝑝𝑖𝑡 , 𝐷𝐷𝑖𝑡 , 𝐶𝑂2𝑖𝑡 , 𝑁𝑒𝑡𝑖𝑡 , 𝑇𝑉𝑖𝑡 )

(3)

In the above equation 3, 𝐸𝐶𝑖𝑡 is electricity consumption per capita (kWh) in location i=1,…,20

and year t=2004,…,2018. 𝑃𝑖𝑡 is average electricity price in NT$, 𝐷𝐼𝑖𝑡 is household disposable
income in NT$, 𝑃𝑜𝑝𝑖𝑡 is population in person, and then 𝐷𝐷𝑖𝑡 is summation of Heating Degree
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Days and Cooling Degree Days. 𝐶𝑂2𝑖𝑡 is carbon emission in million tonnes (Mton). Furthermore,
𝑁𝑒𝑡𝑖𝑡 shows the percentage of Internet facilities in the household, and 𝑇𝑉𝑖𝑡 shows the percentage
of ownership of colour set television in the household. The last two variables are proxy variables

that show ICT appliances in the household.
First, we did the cross-sectional dependence test, unit root test, and panel cointegration
tests to determine the appropriate autoregressive distributed lag (ARDL) model. Cross-sectional
dependence testing was carried out using the CD test for panel-data models from De Hoyos and
Sarafidis (2006) which adopted three models from Pesaran (2004), Friedman (1937), and Frees
(1995). The null hypothesis used in this test is cross-sectional independence. After identifying
cross-sectional dependence in the model, the unit root test was carried out using the crosssectionally augmented IPS (CIPS) test proposed by Pesaran (2007).
𝑁

𝐶𝐼𝑃𝑆(𝑁, 𝑇) = 𝑁 −1 ∑ 𝑡𝑖 (𝑁, 𝑇)
𝑖=1

(4)

In the equation 4, 𝑡𝑖 (𝑁, 𝑇) is the t statistic of equation (3).

Furthermore, the panel cointegration test was carried out using the three models proposed

by Pedroni (1999, 2004), Kao (1999), and Westerlund (2007) to get robust results. The use of
Pedroni (1999, 2004) cointegration test makes it possible to obtain various statistical tests so as to
produce more robust considerations. Then, another approach is used by Kao (1999) where he bases
a residual-based cointegration test. In addition, the use of the Westerlund (2007) test in this study
is to accommodate the cross-sectional dependence on the data used.
The ARDL model used in this study is the pooled mean group (PMG) estimator. PMG
allows heterogeneity only on short runs compared to mean group (MG), which allows
heterogeneity in both short-run and long-run. PMG estimator is also better than fixed effects
because it produces a more robust estimate of endogeneity and the existence of unit root
(Menegaki, 2019). However, we need to bear in mind that the PMG model in this study is
determined by comparing the results of three models, PMG, MG and CCEMG. The mean group
and pooled mean group are the two most commonly used ARDL models, according to Caglar et
al. (2021) and Osman et al. (2016). Pesaran and Smith (1995) proposed the MG estimator, whereas
Pesaran et al. (1999) proposed the PMG estimator, which denies long-run coefficients equality but
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allows short-run coefficients and error variances to differ across groups. The long-term coefficients
are calculated by the MG estimator by taking the average of the long-term coefficients calculated
for each unit. As a result, the long-term and short-run coefficients can vary depending on the unit.
While PMG maintains the long-run coefficient constant, it allows the short-run coefficient and
error variance to vary with units (Caglar et al., 2021). The PMG model is written as follows:
𝑚

𝑛

𝑗=1

𝑗=0

(5)

𝑌𝑖𝑡 = ∑ 𝜆𝑖𝑗 𝑦𝑖,𝑡−𝑗 + ∑ 𝜗𝑖𝑗 𝑋𝑖,𝑡−𝑗 + 𝜇𝑖 + 𝑒𝑖𝑡

In the equation 5, i represents the location with i=1, …, N, and t represents the time with
t=1, …, T. Besides, 𝑋𝑖𝑡 is the vector of 𝐾 × 1 regressors. 𝜆𝑖𝑗 , 𝜗𝑖𝑗 is the short-run dynamic

coefficients, and 𝜇𝑖 is effect-specific group. The error correction model from the equation above
is:

𝑚−1

𝑛−1

𝑗=1

𝑗=0

∆𝑌𝑖𝑡 = 𝜃𝑖 [𝑦𝑖,𝑡−𝑗 − 𝜑𝑖 𝑋𝑖,𝑡−𝑗 ] ∑ 𝜆𝑖𝑗 ∆𝑦𝑖,𝑡−𝑗 + ∑ 𝜗𝑖𝑗 ∆𝑋𝑖,𝑡−𝑗 + 𝜇𝑖 + 𝑒𝑖𝑡

(6)

In the equation 6, 𝜃𝑖 is specific group from the speed of adjustment coefficient, and 𝜑𝑖 is a vector
long-run relationship. Hence, if the model specification in this study is based on equation (1) with
the ARDL parameter (1,0,0,0,0,0,0,0), then the error correction model of our model as follows:
𝑙𝑛𝐸𝐶𝑖,𝑡−1 − 𝜑1𝑖 𝑙𝑛𝑃𝑖𝑡 − 𝜑2𝑖 𝑙𝑛𝐷𝐼𝑖𝑡 − 𝜑3𝑖 𝑙𝑛𝑃𝑜𝑝𝑖𝑡 − 𝜑4𝑖 𝑙𝑛𝐷𝐷𝑖𝑡 − 𝜑5𝑖 𝑙𝑛𝐶𝑂2𝑖𝑡 −
)+
∆𝑙𝑛𝐸𝐶𝑖𝑡 = 𝜃𝑖 (
𝜑6𝑖 𝑙𝑛𝑁𝑒𝑡𝑖𝑡 − 𝜑7𝑖 𝑙𝑛𝑇𝑉𝑖𝑡
𝑛−1

𝑚−1

𝑛−1

𝑛−1

𝑛−1

𝑗=0

𝑗=0
𝑛−1

𝑗=0

∑ 𝜆𝑖1 ∆𝑙𝑛𝐸𝐶𝑖,𝑡−1 + ∑ 𝜗1𝑖 ∆𝑙𝑛𝑃𝑖𝑡 + ∑ 𝜗2𝑖 ∆𝑙𝑛𝐷𝐼𝑖𝑡 + ∑ 𝜗3𝑖 ∆𝑙𝑛𝑃𝑜𝑝𝑖𝑡 + ∑ 𝜗4𝑖 ∆𝑙𝑛𝐷𝐷𝑖𝑡 +
𝑗=1

𝑛−1

𝑗=0

𝑛−1

(7)

∑ 𝜗5𝑖 ∆𝑙𝑛𝐶𝑂2𝑖𝑡 + ∑ 𝜗6𝑖 ∆𝑙𝑛𝑁𝑒𝑡𝑖𝑡 + ∑ 𝜗7𝑖 ∆𝑙𝑛𝑇𝑉𝑖𝑡 + 𝜇𝑖 + 𝑒𝑖𝑡
𝑗=0

In the equation 7, 𝜃𝑖 = −(1 − 𝛿𝑖 ).

𝑗=0

𝑗=0

Where Δ is the model's first-difference operator, i is the location, t is the time period, and 𝑒𝑖𝑡 is a
disturbance term assumed to be normally distributed white noise.
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Based on Lopez and Weber (2017), knowing the causal relationship between variables will
provide a clearer idea of the government's policies. Therefore, this study conducted a causality test
using the Dumitrescu–Hurlin (DH) Granger causality test.
4.

Results and discussions

4.1. CD test and panel unit root test
A series of tests were carried out, including cross-sectional dependence test, unit root test, and
panel cointegration tests to determine the best ARDL model. The test results are as follows.
Table 3. Cross-sectional dependence test
CD Test

Pesaran CD Test

Frees

Friedman

H0

7.18 ***

3.481***

55.77***

The CD test results strongly reject the null hypothesis which is the cross-sectional
independence. The correlation of residuals values shown from the three models indicate a crosssectional dependence under FE specification. The test results also indicate that the three test
models, Pesaran, Frees, and Friedman, are all significant at the 1% level.
Table 4. Panel unit root test
Variables

Levels CIPS

lnEC
lnP
lnDI
lnPop
lnDD
lnCO2
lnNet
lnTV

-1.207
-2.61***
-3.48***
-1.41
-2.6***
-2.61***
-2.833***
-3.42***

First Differences
CIPS
-3.196***
-2.62***
-4.958***
-2.669***
-2.61***
-2.671***
-4.318***
-5.034***

Table 4 presents the results of the panel unit root test. The unit root test using the CIPS model from
Pesaran (2007) shows that all variables are first-difference stationary.
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4.2. Panel cointegration test
Table 5. Panel cointegration test
Pedroni
Test
Panel v
Panel rho
Panel t
Panel ADF
Group rho
Group t
Group ADF
Note:

Westerlund
Test
Gt
Ga
Pt
Pa

Kao
Test
Modified DF
DF
ADF
UMDF
UDF

Statistic
Statistic
Statistic
-7.165***
-2.17*
-0.195
6.1477***
-1.633
-1.819**
-0.33
-10.707**
4.34***
-1.589**
-2.662
-9.077***
6.644***
-7.157***
-7.658***
-6.242***
- *, ** and *** denote 10%, 5% and 1% levels of significance respectively
- The lag lengths are selected using AIC

From table 5, we can see the results of the cointegration test of the three models used. The
cointegration test using the model proposed by Pedroni (1999, 2004) demonstrates that five of the
seven test statistics used are significant at the 1% level, one test statistic is significant at the 5%
level, and the panel t does not offer a significance level. It means that six of the seven tests used
strongly reject the null hypothesis of the series which are not cointegrated. The cointegration test
from Westerlund (2007) shows that the Gt test is significant at the 10% level and the Pt test is
significant at the 5% level, which means the hypothesis that the series are not cointegrated is
rejected. The cointegration test results from Kao (1999) also show that three of the five statistical
tests used are significant at the 1% level, and one test statistic is significance at the 5%. In other
words, the null hypothesis that states no cointegration is strongly rejected.
4.3. Estimation result
Several tests were conducted such as the CD test, the unit root test, and the stationary test. CD test
result shows the cross-sectional dependence on the data used, the stationary test using the CIPS
test shows that all the variables used are stationary in the first difference. The cointegration panel
test demonstrates that the majority of statistical tests strongly reject the null hypothesis and that
there is no cointegration in the series. We could use several ARDL models, including the most
popular is MG (Mean Group) or PMG (Pooled Mean Group). Pesaran and Smith (1995) proposed
the MG estimator, and the PMG estimator was proposed by Pesaran et al. (1999). To accommodate
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the cross-sectional dependence on the data panels used, we also employed CCEMG (Common
Correlated Effects-Mean Group) model proposed by Pesaran (2006). Finally, after performing the
Hausman test we chose to execute PMG estimation.
According to the PMG estimation results in Table 6, all of the estimated coefficients in the
long term have a significant sign at the 1% level (p < 0.01). As a result, the estimation results of
log-log variables confirm the expected results in the long run. The household electricity demand
model in Taiwan is price inelastic, specifically -0.047, indicating that rising or falling electricity
prices will have no long-term effect on electricity demand in Taiwan. However, it has a positive
sign (0.167) in the short term and is significant at 5%, indicating that it is price elastic. It means
that any short-term change in electricity prices will affect household electricity demand; for
example, a 10% increase in electricity prices will result in a 1.67 % increase in electricity
consumption.
Table 6. PMG estimation result
PMG Estimation
Long Run
Coefficient
Standard error
z-stat
lnP
-0.0476***
0.0044
-10.71
lnDI
0.1995***
0.0164
12.12
lnPop
0.4275***
0.0392
10.9
lnDD
0.1173***
0.0081
14.48
lnCO2
0.0857***
0.0252
3.4
lnNet
0.2553***
0.0052
48.41
lnTV
1.5166***
0.1550
9.78
Short Run
Cons
1.8656***
0.4603
4.05
ΔlnP
0.1671**
0.0804
2.08
ΔlnDI
-0.0601
0.0813
-0.74
ΔlnPop
5.5049
3.7927
1.45
ΔlnDD
0.1611
0.0311
0.52
ΔlnCO2
0.0632
0.0915
0.69
ΔlnNet
-0.0735
0.0858
-0.86
ΔlnTV
-3.4918**
1.8465
-1.89
ECT
-0.5084***
0.1234
-4.12
Hausman test between CCE-MG and MG: 0.55(0.999)
Hausman test between MG and PMG: 9.38(0.226)
Note: *, ** and *** denote 10%, 5% and 1% levels of significance respectively
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Aside from price, another economic variable is family income. The estimation results show
that income has a positive and significant long-run relationship with household electricity demand
at the 1% alpha level. According to the estimate, every 10% increase in household income
increases electricity consumption by 2%. This condition, however, varies with the short-term
situation, in which the sign on the income coefficient has a negative sign but is not significant. On
the other hand, the population showed a positive, persistent, and significant sign at the 1% level.
According to the PMG estimate, if the population grows by 10%, household electricity demand
will rise by 4.27 percent in the long run. It is consistent with the short term, where there is a
relatively large increase of 55%, but the estimation results show that this variable has no significant
effect on electricity demand in the short term.
Furthermore, environmental quality indicators such as degree days and carbon emissions
show a similar trend in both the long and short term. In the long run, the environmental quality
factor has a positive and significant (p < 0.01) effect on controlling Taiwanese household
electricity demand. According to the PMG estimates, every 10% increase in degree days and
carbon emissions increases electricity consumption by 1.17% and 0.85%, respectively. This
amount is nearly identical to the short-term condition, but it has no effect on household electricity
demand.
Another factor, ICT, indicated by the percentage of Internet facilities and the percentage
of TV users, shows an interesting result. In the long run, ICT has a positive and significant sign (p
< 0.01) in determining household electricity demand, with a 10% increase in Internet facilities and
TV users increasing electricity consumption by 2.55% and 15.17%, respectively. However, in the
short term, both cases show a negative trend, indicating that every 10% increase in Internet and
TV users reduces electricity consumption by 0.73% and 34.92%, respectively.
In general, the estimation results from the model used in this study are satisfactory. It is
due to the relationship for each variable indicating the expected sign, which is most noticeable in
the long run. Meanwhile, the estimation results show some differences in the short term. This is
also consistent with previous research findings (Caglar et al., 2021; Usman et al., 2021). Based on
the estimation results, it is clear that several factors play a significant role in influencing Taiwan's
energy demand. The first is population growth, which has a positive long-term and short-term
impact on the amount of household electricity demand. This is also related to the number of family
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members who have access to electricity at home. In the long run, it is also clear that the ICT factor
plays an important role in encouraging household energy consumption. The magnitude of the
coefficient value shown by the variables of Internet facilities and television users in the proposed
model demonstrates this. However, in the short term, this condition is the inverse. Environmental
factors also play an important role in driving both long-term and short-term electricity
consumption. In Taiwan, the climate change factor indicated by degree days has a moderately
strong coefficient value in influencing electricity consumption.
4.4. The causal interrelationship between ICT and electricity consumption
Table 7. Dumitrescu-Hurlin Granger causality test
Null Hypothesis
W-bar
Z-bar
p-value
lnP does not Granger-cause lnEC
3.042
6.459
0.000
lnEC does not Granger-cause lnP
1.098
0.31
0.756
lnDI does not Granger-cause lnEC
2.026
3.247
0.001
lnEC does not Granger-cause lnDI
3.688
8.502
0.000
lnPop does not Granger-cause lnEC
4.225
10.199
0.000
lnEC does not Granger-cause lnPop
2.755
5.552
0.000
lnDD does not Granger-cause lnEC
0.927
-0.23
0.817
lnEC does not Granger-cause lnDD
0.832
-0.53
0.595
lnCO2 does not Granger-cause lnEC 5.557
7.955
0.000
lnEC does not Granger-cause lnCO2 1.492
1.557
0.119
lnNet does not Granger-cause lnEC
1.520
1.646
0.09
lnEC does not Granger-cause lnNet
2.133
3.585
0.000
lnTV does not Granger-cause lnEC
2.083
3.426
0.000
lnEC does not Granger-cause lnTV
2.778
5.623
0.000
Note: → indicates unidirectional, ↔ bidirectional, and ≠ neutral causality

Direction
lnP → lnEC
lnDI ↔ lnEC
lnPop ↔ lnEC
lnDD ≠ lnEC
lnCO2 → lnEC
lnNet ↔ lnEC
lnTV ↔ lnEC

The estimation results of the short-run causality test using the DH-Granger causality test
shown in table 7 illustrate that the variables used in this study have various directional, both oneway, two-way directional, and neutral causality. From table 7, we recognize that the variables
which have a bidirectional causality with electricity consumption include disposable income,
population, Internet facilities, and television usage. The bidirectional relationship confirms that an
increase in these variables causes an increase in electricity consumption and vice versa. Moreover,
the variables that have a unidirectional causality with electricity consumption are the electricity
prices and carbon emissions; it shows that these variables have a unidirectional causality,
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indicating that changes in prices and carbon emissions will cause changes in electricity
consumption, but changes in electricity consumption do not change either of them. Another
variable, specifically degree days, explicates neutral causality with electricity consumption.
4.5. Discussion
The estimation results show that the ICT factor indicated by Internet facilities and the number of
TVs positively impact electricity demand in the long term. Through this result we contend that in
the long run, digitalization will lead to an increase in household electricity consumption. Our
finding confirms the results of a study conducted by Salahuddin and Alam (2016), which showed
that an increase in Internet users in OECD countries would increase electricity use. Likewise, a
study conducted in several developing countries by Sadorsky (2012) showed similar results where
the ICT positively and significantly affected the electricity consumption. We contend that in the
long-term ICT will have a positive effect on electricity demand, and on the contrary, in the short
term, ICT will have a negative effect. This result is interesting because it shows the potential of
ICT in reducing electricity consumption in the short term. The results of specific short-term
estimates distinguish our research findings from previous studies carried out by Salahuddin and
Alam (2016) and Sadorsky (2012) which is found that an increase in ICT will drive the electricity
demand.
We also considered family income as an economic factor in this study, and the results show
that increasing income will increase household electricity consumption in the long run. However,
this rise will have no immediate impact on electricity consumption. This demonstrates that the
government needs to continue carrying out campaigns that emphasize using efficient energy at
home must always be carried out in order to have a long-term impact. For example, campaigns
promoting the use of environmentally friendly household appliances that meet green appliance
standards. This energy efficiency campaign should be carried out more aggressively, focusing on
higher-income households due to their greater ability to adopt efficient technologies. These
findings show that any price changes will have no long-term impact on the electricity demand.
The potential of ICT to control electricity consumption is a good sign for the government's
energy efficiency program. The Taiwanese government constantly encourages the use of ICT in
power generation and the construction of smart grids. The government's efforts have yielded
positive results as the household energy efficiency programs are inextricably linked to
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technological innovation, particularly energy-efficient household appliance technology.
Accordingly, the implementation of energy efficiency policies should be carried out in
combination with energy conservation programs. Energy conservation programs are related to the
community's efforts to reduce their energy consumption by adopting energy-saving habits
consciously. However, it is not easy because, in practice, energy-saving efforts are often beyond
expectations. In other words, household electricity-saving efforts are lower than the proportional
level of energy efficiency (Adha & Hong, 2021; Adha et al., 2021).
This study also found that the factor of daily climatic change indicated by degree days
significantly impacted the electricity demand. It is related to making use of household devices such
as room heaters, air conditioners, and refrigerators. These devices are highly reliant on the
temperature conditions outside the room. It is generally known that these household appliances
require a large amount of electricity(Adha et al., 2021). Therefore, unstable climatic conditions
will indirectly affect the use of residential electricity through such household appliances. The
government should take efforts to control electricity demand, promote energy efficiency policies
through technological innovation and carry out environmental control efforts to reduce greenhouse
gas (GHG). One of the ways to reduce GHG is through controlling carbon emissions. By
controlling carbon emissions, it will impact reducing GHG, and in turn, will have a multiplier
result on energy demand and sustainable economic growth.
The results of the Granger causality test from Dumitrescu and Hurlin (2012), which are
displayed in Figure 3, reveal a bidirectional relationship between income, population, and ICT
with electricity consumption. Our findings prove that there is a feedback hypothesis between these
variables. The feedback hypothesis proposes that electricity consumption and the three variables
are jointly determined and complement one another. The results suggest that ICT has a two-way
causal relationship with electricity consumption. Thus, an increase in the number of Internet
facilities and the number of TV users will increase household electricity consumption and vice
versa. An increase in electricity consumption will increase Internet facilities and the number of
TV users.
Meanwhile, electricity prices and carbon emissions have a unidirectional relationship with
household electricity consumption. These results indicate that electricity prices and carbon
emissions influence electricity consumption. For carbon emissions, an increase in CO2 levels or
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carbon emissions in the air will increase household electricity consumption. However, it is not
detected in the relationship between degree days and electricity consumption, which shows neutral
causality.

Figure 3. Short-run causalities
5.

Practical and policy implications

Based on the findings of this study, we can summarize several policy implications. Firstly,
controlling electricity demand only through the electricity price channel will not effectively reduce
household electricity consumption because the results of this study prove that electricity prices in
Taiwan are price inelastic. Therefore, regulating electricity demand must be followed by a nonprice policy that will stimulate customers to direct attention to their electricity consumption. The
family income factor, which is one of the drivers of electricity consumption, can serve as the
foundation for the government's decision to target the upper-middle-income group as a target of
energy efficiency policies. Moreover, the government can broaden the green tax, particularly on
household goods, due to which people will more likely be interested in using environmentally
friendly household appliances.
Secondly, environmental factors, mainly carbon emissions, play an essential role in
controlling household electricity demand. This study proves that if the government can control
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carbon emissions, it will impact household electricity demand. The government's priority should
be to reduce carbon emissions whether generated from industry, transportation, or households.
This is also evidenced by the unidirectional relationship between the total carbon emissions and
household electricity demand. In addition to carbon emissions, the ARDL estimation results show
that the climate change factor indicated by degree days has an impact on Taiwan's electricity
consumption. Therefore, the policy of mitigating the effects of climate change will have a positive
impact on controlling electricity consumption. It is consistent with the approach of technological
innovation through the application of energy efficiency principles, which has the advantage of
reducing electricity consumption while also having a positive impact on the environment.
Thirdly, based on the ARDL estimation results in this study, although the long-term growth
of ICT has a positive impact on increasing household electricity consumption, in the short term,
ICT can reduce household electricity use. It reveals that ICT has a contribution to environmental
improvement and promotes sustainable growth in a short time. Therefore, we must support the
government's efforts to encourage energy efficiency programs through energy-friendly
technological innovations, the construction of smart-grid systems for the entire territory of Taiwan,
and initiate other energy efficiency programs. In addition, the government should strengthen
conservation efforts by making persuasive appeals through the media, including the television,
encouraging all the citizens to participate in energy saving.
The government can also consider improving the energy conservation program by focusing
on middle- to upper-income households and encourage people to use ICT more effectively and
efficiently. Energy conservation is an important action to control energy consumption, and it
should be a program that works in tandem with national technology development. It is undeniable
that as technology in terms of ICT advances so will the demand for energy. Therefore, if an energy
efficiency program is not implemented in conjunction with the appropriate energy conservation
policy, it will be ineffective.
6.

Limitations and future directions

This study is not without limitations. The ICT factor used in this study cannot perfectly describe
the actual ICT growth conditions because it only uses Internet facilities and the number of TV
variables. Further research can also add other variables, such as the percentage of household
coverage that utilize the smart grid, mobile phone users, or ICT investment. Besides, the causality
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relationship in this study only considers the relationship in the short term. We suggest that further
research could complement this by applying a comprehensive causality model. Due to limited
availability of data, we chose balanced panel data collected during the period of 2004-2018.
Furthermore, many of the data after that year is still temporary and subject to change at any time.
This can be considered as one of the limitations. We suggest future studies could incorporate data
for the following year once it becomes available. Lastly, the current study was carried out in
Taiwan. Every country or region has their own specific economic grown conditions. Therefore, as
the current study results are specific for Taiwan, it might not be possible to generalize these
findings for other geographic locations. We suggest that future research could be carried out in
both similar and dissimilar economies and comparison be made in terms of best government
practices and policies. Several issues including the interrelations between energy consumption and
renewable energy could be a valuable study in the future.
7.

Conclusions

This study tries to provide a broader perspective by including environmental factors in the ICT
and energy demand nexus model. We found that electricity price will have a negative effect on
electricity demand in the long term. Furthermore, the economic variable indicated by family
income level reveals that, in the long run, family income factors will have a positive and significant
effect on energy use. On the other hand, environmental factors present a positive and significant
impact on household energy demand. Similar conditions also occur in ICT growth as indicated by
the number of Internet facilities and TV users.
In the short term, the ICT factor will have a negative impact on electricity demand, meaning
that ICT will have the potential to reduce household electricity demand in the short run.
Furthermore, the causality test results prove that environmental factors, particularly carbon
emissions have a unidirectional relationship with electricity consumption, while degree days have
no causal relationship. On the other hand, the ICT factor, both the number of Internet facilities and
the number of colour TVs, confer a bidirectional relationship with household electricity
consumption.
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