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Abstract 

Accounting for asymmetric price responses while modelling industrial energy demand is 

required for a good understanding of the long-run properties of energy demand. This is to 

prevent formulating energy related policies on incomplete information resulting from masking 

the impacts of long-run impacts of different phases of energy price. Hence, this paper explores 

the asymmetric price responses of industrial energy demand for a panel of 54 sectors across 34 

countries over the period 2000–2014 using a dynamic hierarchical model. The empirical results 

from both the regional and sectoral analysis indicate a considerable heterogeneity in the 

estimated long-run elasticities and preference for using hierarchical model. Further, the 

estimated elasticities in general indicate that producers are more responsive to price increases 

than price decreases. In addition, empirical findings reveal that industrial energy demand is 

characterised by endogenous factors embedded in the asymmetric price effects. From a policy 

perspective, these findings provide an evidence of marked long-run impacts of energy demand 

(that are not observable from a traditional symmetric energy consumption pattern) required in 

formulating dependable energy policies.  
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1. Introduction 

The importance of estimated energy demand elasticities in making appropriate predictions 

about future energy security1 has necessitated the need for more robust models (Adofo et al., 

2013) that could generate reliable energy demand estimates, which serve as policy tools. In 

attempts to generate reliable energy demand estimates, various energy demand models have 

been introduced in the literature of energy economics particularly in the last four decades. 

Among others, these include panel model (Agnolucci, 2009), time series model (Agnolucci, 

2017; Chang et al., 2014), translog cost model for input/fuel substitution analysis2 (Kim and 

Heo, 2013), Structural Time Series Model (Hunt et al., 2003; Dimitropoulos et al., 2005) and 

the asymmetric price responses model (Huntington, 2010; Adeyemi et al., 2010).  

Specifically, the asymmetric energy demand specification has received a popular attention 

in the literature following the work of Dargay and Gately (1995)3. Apparently, this is owing to 

its arguments of imperfectly price reversibility of oil/energy demand as against the 

conventional energy demand specifications that are strictly based on a strict assumption of 

perfectly price reversibility4. The asymmetric price responses (APR, hereafter) model argues 

that consumers react to increase in energy prices by reducing energy consumption, which could 

be via improvement in energy efficiency. However, historically, these reactions never been 

completely overturned when price falls proportionately as the case of 1970s/80s oil price 

shocks among others (Gately, 1993; Gately and Huntington, 2002). Consequently, the 

traditional demand specifications5 remain questionable because estimated elasticities of energy 

demand and predictions based on such models could be misleading (Dargay, 1992). However, 

despite the growing interest in APR of energy demand, most studies, especially more recent 

ones have rather focused on a single country or considered a group of countries in a time series 

analysis (Huntington, 2010; Adofo et al., 2013; Adeyemi and Hunt, 2014). Consequently, there 

is a gap in the literature on panel analysis of APR of industry energy demand in particular6.  

                                                           
1 Predictions about future energy demand are required to understand and address issues related to energy security, 

resource planning, growing of greenhouse gases, and trans-boundary pollution (Hunt and Ninomiya, 2005). 
2 The input/fuel substitution remains a popular area of interest since the work of Berndt and Wood (1975).  
3 It is worth noting that Wolfram (1971) initially proposed the asymmetric price decomposition method, but later 

refined by Houck (1977). It is also worth mentioning that Dargay and Gately had employed the asymmetric price 

decomposition method in their individual studies even before 1995, for instance, Dargay (1992a,) and Gately 

(1992, 1993b). 
4 Other things being equal, the conventional demand specifications assume a stable long-run demand for any given 

price. That is the effects of any change will be completely reversed as price returns to its original level.  
5 Despite the criticisms some recent studies as Cialani and Mortazavi (2018), Bernstein and Madlener (2015), 

Cuddington and Dagher (2015) have been reluctant to abandon the traditional energy demand models. 
6 This would be discussed further in the literature. 
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Motivated by the argument posits by Adofe et al. (2013) and the relatively scarce of panel 

studies on industrial APR of energy demand, this paper extends the literature in two respects.  

Firstly, this paper provides a detailed panel analysis7 of asymmetric energy demand responses 

using a relatively rich disaggregated industry data for 54 sectors across 34 countries over the 

period 2000–2014. Secondly, this paper model the APR of energy demand within a hierarchical 

modelling framework8. Previous studies on industrial APR of energy demand have not 

accounted for clustered heterogeneity that is associated with disaggregated longitudinal 

industry energy data. This is a strict assumption of masking the differences in the hierarchical 

structure of the data, which could have potential consequences on the estimated energy demand 

elasticities. For the first time in the literature of asymmetric energy demand responses9, this 

paper controls for the hierarchical structure of the energy data using a dynamic hierarchical 

model10. There is a good reason to believe that the model is more appropriate for modelling 

industry level energy demand based on our recent findings (Sharimakin et al., 2018) that failure 

to control for the hierarchical structure of industry-level energy data could lead to unreliable 

estimated energy demand estimates.  

The empirical analysis covers both regional and sectoral levels with the intention to 

generate estimated elasticities that could inform decision making at regional and sectoral levels. 

More specifically, our analysis comprises estimating energy demand functions for three 

continents (Americas, Asia-Pacific and Europe) and their corresponding sector types 

(manufacturing and service). Although, we acknowledged that energy demand estimates from 

a time series analysis are likely to provide information that guide policy formulation for 

individual countries. However, such analysis does not provide benchmarks for individual 

country within the same region or economic block such as the OECD. Similarly, panel 

estimates could serve as a benchmark for international comparisons, which can be very useful 

while measuring the relative policy effectiveness and outcomes (Adetutu et al., 2016). 

Intuitively, this study not only provides benchmarks with respect to performance, expectation 

                                                           
7 According to Baltagi (2005), panel data analysis is considered more efficient and reliable than time series 

because of its more variability, less collinearity and more degree of freedom. The author argues further that panel 

data estimation is preferable for study the dynamics of change over time as the case in this paper. 
8 For the application of hierarchical database model to industrial energy demand, see Sharimakin et al. (2018) and 

interested reader may consult Rabe-Hesketh and Skrondral (2012 and 2014) for detailed explanation on 

hierarchical database model 
9 This statement is justified in the literature review 
10 See Steenbergen and Jones (2002) for potential consequences of ignoring the hierarchical structure of 

disaggregated data. 
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and projection within and across countries, but also offers useful information in formulating 

sector specific energy policies.  

Furthermore, the notion of asymmetry in price responses posits some potential policy 

implications. For instance, it has important implication on governments (at country, regional 

or economic block levels) tax programs as it provides insightful information about end users’ 

reactions to energy price increases and decreases. As energy taxes are traditional source of 

government revenue, thus, government can rely on historical APR information to determine 

appropriate energy taxes that does not only maximizes its income, but also social welfare. 

Further, energy taxes are also one of the ways in which external costs can be internalised into 

final energy prices and hence the level of energy taxes is considered as a response indicator11. 

An increase in tax that raises the final energy price for a fuel may encourage lower use of that 

fuel. Similarly, changes in relative tax levels between substitutable products may also change 

relative prices, which subsequently, can encourage environmentally preferable fuel switching.  

On the other hand, according to EIA (2019), energy use in the industrial sector accounts for 

about 33% of global energy consumption and with a projection of more than 30% increase 

between 2018 and 2050. This increasing share of industrial energy use to global energy use in 

recent decades has, thus attracted more interest in modelling industrial energy demand 

(Greening et al., 2007), but surprisingly, empirical studies on industrial energy demand remain 

relative scarce (Bernstein and Madlener, 2015). Further, energy demand studies based on 

country level data though provides useful information in formulating macro energy related 

policy, but such studies ignore the diverse energy consumption behaviour of the disaggregated 

units of the economy and consequently, loss of adequate information and understandings 

required to formulate specific energy policy becomes inevitable (Bhattacharyya, 2011). All the 

above arguments justify the need for further studies on modelling industrial energy demand, 

and more importantly incorporating the APR.   

The remainder of this paper proceeds as follows. Section 2 presents the overview of the 

existing related literature, while the theoretical and econometric models are discussed in 

Section 3. Following the presentation of the empirical models, Section 4 provides the details 

                                                           
11 During the period 1991 to 2006, tax rates on final energy products in real terms in the EU-15 increased 

significantly. Increasing tax rates may indicate that the external costs of energy consumption are being internalised 

largely than in previous years. However, despite increases in taxation, the real price of electricity (but not natural 

gas or transport fuels), in the EU15 fell despite an overall increased demand for energy. Taxes in the new Member 

States are significantly lower than in the EU-15. 
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of the data used for the estimations. The main results from the estimations are then discussed 

in Section 5. These results are further discussed in Section 6 and followed by a summary of the 

empirical findings and conclusion in Section 7. 

2. Literature review 

Modelling of industrial energy demand has remained an interesting area in energy economics 

and various methodologies have been applied to estimate industrial energy demand functions. 

In general, these methodologies can be grouped under a two broad category. First, studies based 

on translog model12 (Haller and Hyland, 2014; Hao and Huang, 2018; Li and Lin, 2016) have 

focused on substitution possibility between input factor/fuel types. However, empirical 

investigation on the substitution possibility between input factor/fuel types remained a subject 

of controversy in the literature of energy economics. This is because one strand of the literature 

supports the substitution possibility (Kim and Heo, 2013; Li and Lin, 2016; Liu et al., 2018). 

Whereas another strand argues that factor inputs/ fuel types are complements (Arnberg and 

Bjøner, 2007; Tovas and Iglesias, 2013; Ma and Stern, 2016).  

On the other hand, empirical studies of industrial energy demand based on single-equation 

model13, which this study belongs to have rather focused on long-term implications of 

economic activity and energy price on energy consumption. For instance, Agnolucci (2009) 

estimates energy demands of the German and British industrial subsectors over the period 

1978–2004 and the 1991–2004 samples using various panel estimators. The author finds the 

energy price to have a stronger influence on energy consumption than the economic activity 

with estimated elasticities –0.64 and 0.56 respectively. These findings were reinforced in 

Agnolucci (2010) while estimating energy demand in the British domestic and industrial 

sectors. The elasticities generate by Agnolucci (2009, 2010) are similar to Bjøner and Jensen 

(2002) while using a fixed effects model to estimate the industrial energy demand for 8 Danish 

companies over the period 1983 to 1997. Estimated price elasticities vary from –0.69 to –0.21 

with average price elasticity –0.44 for the whole industry. The estimated elasticities of 

economic activities vary between 0.44 and 0.65 with the average for the whole industry being 

0.54.  

                                                           
12 The translog model represents the transcendental logarithmic function proposed by Christensen et al. (1973).  
13 The single-equation model is derived from a utility-maximizing problem of the relationship between energy 

demand, energy price and income (Medlock and Soligo, 2001). This includes models such as panel cointegration, 

fixed/random effects model, asymmetric demand model, etc. 
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Steinbuks and Neuhoff (2014) take a different dimension to analyse the impact of energy 

price on energy consumption by modelling price-induced and autonomous changes in the 

energy efficiency of capital stock. They use industrial subsectors data of 19 OECD countries 

over the period 1990–2005 and find a higher energy price to be negatively related to industrial 

energy use through improved efficiency in energy or capital equipment. Whereas Bernstein 

and Madlener (2015) employs Error Correction Model (ECM) to estimate electricity demand 

elasticities for eight subsectors of the German manufacturing industry using annual data over 

the period 1970–2007. They find estimated elasticity with respect to economic activity ranging 

between 0.17 to 1.02, and estimated price elasticity ranging between –0.69 and –0.21. 

Similarly, Agnolucci et al. (2017) uses the ECM to model the UK sub-sector industrial energy 

demand between 1990 and 2014 and find estimated long-run income elasticities ranging 

between 0.12 and 1.42 and estimated long-run price elasticities ranging between –0.78 and –

0.17. The estimated long-run elasticities of energy demand generated by Sharimakin et al. 

(2018) while modelling the European industrial energy demand falls within the range of 

Agnolucci et al. (2017) as they find estimated long-run income and price elasticities to be 0.81 

and –0.69 respectively. 

In addition, some energy studies based on single equation argues for allowing for the 

underlying stochastic forces in energy demand modelling through the implementation of 

Harvey (1989) Structural Time Series Model (STSM). In respect to this, Hunt et al. (2003) 

incorporate STSM via underlying energy demand trend (UEDT) while modelling the UK 

industrial sector between 1971 and 1997. They conclude that failure to control for the 

underlying stochastic forces in energy demand model could produce biased estimates. 

Dimitropoulous et al. (2005) pick up this argument by incorporating UEDT while modelling 

the UK energy demand for different sectors between 1967 and 2002. Their estimated price 

elasticity ranging between –0.23 and –0.11 and the elasticity with respect to economic activity 

ranging between 0.34 and 0.81. Whereas Adeyemi and Hunt (2007) explore the issue of 

technical change through modelling of industrial energy demand across 15 OECD countries 

between 1962 and 2003. They incorporate the UEDT and find estimated long-run price and 

income elasticities to be –0.22 and 0.63 respectively. Dilaver and Hunt (2011) also allow for 

the underlying stochastic forces while modelling the Turkish industrial electricity 

consumption, and find estimated income and price elasticities to be 0.15 and –0.16 respectively. 

Agnolucci (2010), Adeyemi and Hunt (2014) have also incorporated the UEDT in their studies.    
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Another strand of the literature of energy demand based on single-equation model argues 

for an imperfect price reversibility of energy demand- the notion of APR. The theoretical basis 

proposed by Dargy and Gately (1995), and more recently Gately and Huntington (2002) (GH 

(2000), hereafter), Griffin and Schulman (2005) (GS (2005), hereafter) and Huntington (2006, 

2010 (H (2006), hereafter) have continued to be the workhorse for incorporating APR in energy 

demand modelling14. Specifically to modelling industrial energy demand as summarised in 

Table 1, Adeyemi and Hunt (2007) analyse the APR of industrial energy demand for 15 OECD 

countries over the period 1962–2010. They estimated the GH (2002), GS (2005) and H (2006) 

models to explore the issue of exogenous and endogenous technical change using APR as 

proxy. Their preferred model suggest that industrial energy demand incorporates APR, but not 

exogenous technical change. The estimated long-run elasticities for price-maxima, price 

recoveries and price-cuts are –0.52, –0.68 and –0.30 respectively, while the income elasticity 

is 0.78. Agnolucci (2010) extends Adeyemi and Hunt (2007) argument of exogenous and 

endogenous technical change while estimating energy demand in the industrial sector over the 

period 1973–2005. The author finds estimated elasticities for price-maxima, price recoveries 

and price-cuts as –0.65, –0.47 and –0.37 respectively, while elasticity with respect to economic 

activity is 0.48. Similarly, Adeyemi and Hunt (2014) explore how technical progress is 

captured in energy demand by modelling the OECD industrial energy demand between 1962 

and 2010. Their estimated long-run elasticities for price-maxima, price-recoveries and price-

cuts ranging between –0.06 and –1.22; 0.00 and –0.27; and 0.00 and –0.18 respectively. The 

estimated long run elasticity with respect to economic activity ranging between 0.34 and 0.96. 

In general, it can be inferred from the literature review that existing literature on APR of 

industrial energy demand remains relatively scarce. Arguably, with the exception of Adeyemi 

and Hunt (2007, 2014) and Agnolucci (2010) empirical studies on asymmetric price responses 

of energy demand have rather than focused on modelling aggregate energy demand instead of 

industrial energy demand. Therefore, this paper contributes to the existing literature of energy 

demand by providing a more detailed panel data analysis of APR of industry level energy 

demand. To this end, results from this study could serve as potential instruments in making 

appropriate predictions about future energy use, energy security and energy related policies at 

various levels. Moreover, the literature review supports the argument posits in the introductory 

                                                           
14 GS (2005) challenged the price decomposition employed by GH (2002) that it only endogenizes technical 

progress rather than capturing the APR. However, H (2006) refuted GS (2005) claims and argued that there may 

be well a role for both APR and exogenous technical progress while modelling energy demand. These arguments 

were considered further in Adeyemi and Hunt (2007 and 2014). 
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section that this paper offers the first empirical analysis of APR of industrial energy demand 

within a hierarchical modelling framework that accounts for the hierarchical structure of 

industry energy demand.   

[Please insert Table 1 here] 

3. Methodology 

3.1 Theoretical model 

The demand for energy in production setting is a derived demand for energy services such as 

transportation, lighting and heating, which often depend on a number of factors like the energy 

price, output level, technology etc. In essence, the demand for energy services is the same as 

demand for energy input, and the level of utility achieved by the producer’s from energy input 

is dependent on the demand for energy services. Based on this argument, we consider the 

problem of a representative producer (firm) who chooses a maximised-input demand 𝑥𝑖(𝒑, 𝑦) 

given input prices p and output y. 𝑥𝑖 is a vector of inputs used inclusive energy in production. 

The level of utility achieved when indirect utility 𝑣(𝒑, 𝑦) is chosen would be the highest level 

permitted by the firm cost constraint facing prices p and output y. Hence, different prices or 

output levels with given different cost constraints will generally result to different choices made 

by the firm, and consequently result to different levels of maximised utility. The firm’s indirect 

utility that shows the relationship between output level, and prices at a given cost constraint 

can be summarised by a real function as: 

                                 𝑣(𝒑, 𝑦) = max
𝑥𝜖𝑅+

𝑛
𝑢(𝑥𝑖)              𝑠. 𝑡.           𝒑 . 𝑥𝑖  ≤ 𝑦                                        (1) 

Eq. (1) is the maximum-value function corresponding to the producer’s utility maximisation 

problem. Theoretically, when u(x) is continuous then, 𝑣(𝒑, 𝑦) is well defined for all p >> 0 and 

y ≥ 0 because a solution to Eq. (1) is guaranteed to exist. Additionally, if u(x) is strictly 

quasiconcave- an essential condition for utility-maximisation problem, then the solution is 

unique and can be defined as 𝑥𝑖(𝒑, 𝑦), which is the firm’s demand function. By substituting 

the firm’s demand function 𝑥𝑖(𝒑, 𝑦) into the utility function in Eq. (1), we have the firm’s 

maximized-utility conditioned on prices 𝒑 and output y, that is, u(𝑥𝑖(𝒑, 𝑦)). This function 
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possesses two properties (strictly increasing in y and decreasing in p)15 that are very important 

to our empirical analysis16.  

The existence of these properties can be verified by considering more explicit functions. 

Following Medlock and Soligo (2001), suppose the firm’s problem is to maximise the 

consumption of energy input 𝑥𝑒(𝑝𝑒, 𝑦) from a utility function that comprises energy and other 

inputs (k)17 subject to constraint that the input cost cannot exceed output level. We can 

summarise these statements in mathematical forms as follows: 

                                       max
𝑥𝑒𝑥𝑘

𝑢(𝑥𝑒𝑥𝑘)              𝑠. 𝑡.            𝑥𝑒𝑝𝑒 + 𝑥𝑘𝑝𝑘  ≤ 𝑦                                   (2) 

where 𝑥𝑖 and 𝑝𝑒 represent the inputs and input prices respectively. The associated composite 

function to solve the firm’s problem is written as follows: 

                                                        ℒ = 𝑥𝑒𝑥𝑘 − 𝜆(𝑥𝑒𝑝𝑒 + 𝑥𝑘𝑝𝑘 − 𝑦)                                               (3) 

where 𝜆 is the Lagrange multiplier and is non-negative so that the constraint is bounded. 

Differentiating the Lagrangian w.r.t. 𝑥𝑒, 𝑥𝑘 and 𝜆 gives us the three first-order conditions as: 

                                               
𝜕ℒ

𝜕𝑥𝑖
= 𝑥𝑖 − 𝜆𝑝𝑖 = 0         𝑓𝑜𝑟 𝑖 = 𝑒 𝑎𝑛𝑑 𝑘                                         (4) 

                                              
𝜕ℒ

𝜕𝜆
= 𝑥𝑒𝑝𝑒 + 𝑥𝑘𝑝𝑘 − 𝑦 = 0                                                                   (5) 

By rearranging (4) in terms of e and k by dividing their equations, we reduce the above FOCs 

to an equation of particular interest in terms of 𝑥𝑒 and 𝑥𝑘 as 𝑥𝑒 = 𝑥𝑘𝑝𝑒(𝑝𝑘)−1. Then, we can 

derive the energy demand function by substituting 𝑥𝑒 = 𝑥𝑘𝑝𝑒(𝑝𝑘)−1 into (5): 

                                             𝑥𝑒 = 𝑦𝑝𝑘(𝑝𝑒)−1                                                                                   (6) 

Since we assume that 
𝜕𝑥𝑒/𝜕𝑝𝑘

𝑥𝑒/𝑝𝑘
= 0, then (6) becomes 𝑥𝑒(𝑝𝑒, 𝑦) = 𝑦(𝑝𝑒)−1. This demand 

function expresses the conventional relationship that exist between energy consumption and 

output (positive) as well as price (negative). This forms the basis of our empirical estimations, 

                                                           
15 For energy, it means the utility derives from energy services reduces as price increases and increases as output 

increases. In other word, energy consumption reduces as price increases and increases as output increases. 
16 Others are continuous on 𝑅+

𝑛, homogenous of degree zero in (𝒑, 𝑦), quasiconvex in (𝒑, 𝑦) and if v(𝒑, 𝑦) is 

differentiable at (𝒑0, 𝑦0) and 𝜕𝑣(𝒑0, 𝑦0)/𝜕𝑦 ≠ 0, then 𝑥𝑖(𝒑0, 𝑦0)= −
𝜕𝑣(𝒑0,𝑦0)/𝜕𝑝𝑖

𝜕𝑣(𝒑0,𝑦0)/𝜕𝑦
 for i = 1, . . . , n 

17 k represent all other inputs used in production and assumed to be constant as well as their corresponding prices. 

Similarly, we assume that e and k are explicitly independent such that their cross-price elasticity (
𝜕𝑥𝑒/𝜕𝑝𝑘

𝑥𝑒/𝑝𝑘
) = 0. 
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as we would expect energy consumption to be negatively related to energy price and positively 

related to industrial output. We used (6) to verify these properties (strictly increasing in y and 

decreasing in p) as follows: 

                    
𝜕𝑥𝑒

𝜕𝑦
= (𝑝𝑒)−1 > 0       and       

𝜕𝑥𝑒

𝜕𝑝𝑒
= −𝑦(𝑝𝑒)−2 < 0;           given that 𝑝𝑒 ≫ 0 

3.2 Econometric model 

Further to the theoretical models presented above, this section discusses the underlying 

empirical models for our analysis. Given the hierarchical structure of our dataset- a longitudinal 

data of industries nested within countries, this paper applies a dynamic multilevel model 

(DMM) to estimate the industrial energy demand function. Specifically, the paper employs a 

three-level DMM where the period of observation is considered as level 1, the industries as 

level 2 that are nested within the countries, level three. The choice of our modelling technique 

hangs on two important factors. First, the model allows us to control for potential clustered 

heterogeneity that is associated with disaggregated longitudinal data. This is possible by 

disengaging the clustering at different levels via the inclusion of explanatory variables and 

disturbance terms at each level of the dataset (Rabe-Hesketh and Skrodal, 2014). This process 

does not only control for the clustered heterogeneity in the dataset, but also identifies the 

associated unexplained heterogeneity at different level of the data. Further, the inclusion of the 

explanatory variables and disturbance terms at each level of the dataset acknowledges the fact 

that industries are not operating in isolation as their activities are closely interrelated with the 

activities of the whole economy. Secondly, multilevel model removes the potential aggregation 

bias where conclusion is wrongly formulated at a level differs from the level at, which the 

analysis is being carried out (Robinson, 2009)18. This problem is often associated with data 

aggregation and therefore masking different behaviours of the industries in the production 

process (Hox et al., 2004). Consequently, there is a loss of valuable information underlying 

economic relationships of the industries and reduces the statistical power of the analysis, which 

could result to high possibility of unreliable estimates. The general three-level model is 

specified as follows: 

𝑒𝑖𝑗𝑘 = 𝐷𝑖𝑗𝑘 + 𝐺𝑘
(3)

𝑢𝑘
(3)

+ 𝐺𝑗𝑘
(2)

𝑢𝑗𝑘
(2)

+𝑎𝑒𝑖−1,𝑗𝑘 +  ϵ𝑖𝑗𝑘                                                                      (7) 

                                                           
18 This is problem is often termed as Robinson effect in the literature. 
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where 𝑘 = 1, … . , 𝐾, 𝑗 = 1, … . , 𝐽𝑖, and 𝑖 = 1, … . , 𝐼𝑗𝑘. 𝐷𝑖𝑗𝑘 represents time dummies. The 

inclusion of time dummies is not only necessary to capture level 1 (that is, number of 

observations) in our multilevel model, but also allows for the importance of non-linear forces 

related to energy demand as argued by Hunt et al. (2003a). The authors used the underlying 

energy demand trend (UEDT) mechanism to capture the inherent underlying forces related to 

energy demand in a time series analysis. However, the use of time dummies in a panel data 

analysis is considered appropriate in the literature following GS (2005), and Adeyemi and Hunt 

(2007). The response variable 𝑒𝑖𝑗𝑘 denotes the natural logarithm of energy consumption for 

industry j operating in country k in period i. 𝑒𝑖−1,𝑗𝑘 denotes one-time lagged period of the 

response variable. Each of j and k groups consist of i observations, while 𝑒𝑖𝑗𝑘 and ϵ𝑖𝑗𝑘 each 

have row dimension 𝐼. 𝐺𝑘
(3)

 is the 𝐼 × 𝐾 design matrix for the third-level random effects 𝑢𝑗
(3)

, 

and 𝐺𝑗𝑘
(2)

 is 𝐽 × 𝐾 design matrix for the second-level random effects 𝑢𝑗𝑘
(2)

. The random terms 

are assumed to be identically independently distributed such that 𝑢𝑘
(3)

~𝑁(0, 𝜎𝑣
2),  

𝑢𝑗𝑘
(2)

~𝑁(0, 𝜎𝑢
2) and ϵ𝑖𝑗𝑘~𝑁(0, 𝜎𝜖

2). 

Following the work of Raudenbush and Bryk (2002), we apply a three-step formulation to 

redefined Eq. (7) for estimation purposes. To begin with, the level 1 model for period i, industry 

j and country k is specified as a liner regression as follows: 

𝑒𝑖𝑗𝑘 = 𝜑𝑜𝑗𝑘 + 𝜑1𝑗𝑘𝐷𝑖𝑗𝑘 +  휀𝑖𝑗𝑘                                                                                                           (8) 

where 𝑒𝑖𝑗𝑘 and 𝐷𝑖𝑗𝑘 remained as previously defined. 휀𝑖𝑗𝑘 is the level 1 residual and 𝜑𝑜𝑗𝑘 is the 

intercept of the level 1 model, which varies between industries. Now, the level 2 variables in 

terms of 𝜑𝑜𝑗𝑘 is incorporated as follows: 

𝜑𝑜𝑗𝑘 = 𝜒00𝑘 + 𝜒01𝑒𝑖−1,𝑗𝑘 + 𝜒𝑝𝑝𝑗𝑘 + 𝜒05𝑦𝑗𝑘 +  𝛿0𝑗𝑘                                                                     (9) 

where 𝑝𝑗𝑘 is the natural logarithm of energy price at industry level, 𝑦𝑗𝑘 is the natural logarithm 

of output at industry level. 𝜒00𝑘 and 𝛿0𝑗𝑘 represent the level 2- intercept and -random effect 

(that controls for the unobserved heterogeneity at level 2) respectively. Following Adeyemi 
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and Hunt (2014)19 we incorporate APR in our model by decomposing 𝑝𝑗𝑘 in Eq. (9) into price 

maximum, price recovery and price cut, i.e., 𝑝𝑗𝑘 = 𝑝𝑚𝑎𝑥,𝑗𝑘 + 𝑝𝑟𝑒𝑐,𝑗𝑘 + 𝑝𝑐𝑢𝑡,𝑗𝑘
20   

𝜑𝑜𝑗𝑘 = 𝜒00𝑘 + 𝜒01𝑒𝑖−1,𝑗𝑘 + 𝜒02𝑝𝑚𝑎𝑥,𝑗𝑘 + 𝜒03𝑝𝑟𝑒𝑐,𝑗𝑘 + 𝜒04𝑝𝑐𝑢𝑡,𝑗𝑘 + 𝜒05𝑦𝑗𝑘 +  𝛿0𝑗𝑘         (10) 

where: 

𝑝𝑗𝑘 is the natural logarithm of energy price at industry level; 

𝑝𝑚𝑎𝑥,𝑗𝑘 is the cumulative increase in the natural logarithm of the maximum historical energy 

price at industry level 

𝑝𝑟𝑒𝑐,𝑗𝑘 is the cumulative sub-maximum increases in the natural logarithm of the energy price 

at industry level, which is monotonically non decreasing; 𝑝𝑟𝑒𝑐,𝑗𝑘 ≥ 0 

𝑝𝑐𝑢𝑡,𝑗𝑘 is the decreases in the logarithm of energy price at industry level, which is 

monotonically non increasing; 𝑝𝑐𝑢𝑡,𝑗𝑘 ≤ 0 

𝑦𝑗𝑘 is the natural logarithm of output at industry level 

𝛿0𝑗𝑘 represents the level 2 random effect. 

Then the industry level intercept (𝜒00𝑘) is modelled to introduce the country level predictors 

as follows: 

𝜒00𝑘 = 𝛾000 + 𝛾001𝑝𝑐
𝑚𝑎𝑥,𝑘

+ 𝛾002𝑝𝑐
𝑟𝑒𝑐,𝑘

+ 𝛾003𝑝𝑐
𝑐𝑢𝑡,𝑘

+ 𝛾004𝑦𝑐
𝑘

+ 𝑣0𝑗𝑘                       (11) 

where 𝑝𝑐
𝑚𝑎𝑥,𝑘

, represents cumulative increase in the natural logarithm of the maximum 

historical energy price at country level; 𝑝𝑐
𝑟𝑒𝑐,𝑘

 represents the cumulative sub-maximum 

increases in the natural logarithm of the energy price at country level, which is monotonically 

non decreasing; 𝑝𝑟𝑒𝑐,𝑗𝑘 ≥ 0; 𝑝𝑐
𝑐𝑢𝑡,𝑘

 represents decreases in the logarithm of energy price at 

country level, which is monotonically non increasing; 𝑝𝑐𝑢𝑡,𝑗𝑘 ≤ 021.  𝑦𝑐 denotes natural 

                                                           
19 Dargay and Gately (1995) introduced the decomposition method employed in this paper; however, this is not 

the only decomposition method as discussed further in the conclusion section.  
20 Our decomposition differs from GH (2002) as they include 𝑝1 in their decomposition such that 𝑝𝑡 =
𝑝1 + 𝑝𝑚𝑎𝑥 + 𝑝𝑟𝑒𝑐 + 𝑝𝑐𝑢𝑡 , where 𝑝1 represents the logarithm of price in the starting year, t = 1; 𝑝𝑚𝑎𝑥  is the 

cumulative increases in the natural logarithm of the maximum historical price, which is monotonically non-

decreasing (𝑝𝑚𝑎𝑥 ≥ 0). 𝑝𝑟𝑒𝑐 and 𝑝𝑐𝑢𝑡 remained as defined in the text above. However, it is imperative to note that 

the estimated price and income elasticities would not be affected regardless the decomposition being used as 𝑝1 

is expected to feed into the intercept of the model. 
21 The restriction that applies to the industry level decomposition also applies to the country level decomposition 

such that 𝑝𝑘 = 𝑝𝑚𝑎𝑥,𝑘 + 𝑝𝑟𝑒𝑐,𝑘 + 𝑝𝑐𝑢𝑡,𝑘. Again, it is important to note that the focus of this paper is on the long-

run price and income elasticities at industry level rather than elasticities at the country level. Notwithstanding, it 

is essential to control for the country level variables given the hierarchical structure of our datasets. In other words, 

the country level variables are merely serving as control variables. 
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logarithm of output at country level and 𝑣0𝑗𝑘 is the level 3 random effect that controls for 

unobserved heterogeneity at level 3. 

The composite model is generated by substituting the level 3 model into the level 2 model as: 

𝜑𝑜𝑗𝑘 = 𝛾000 + 𝛾001𝑝𝑐
𝑚𝑎𝑥,𝑘

+ 𝛾002𝑝𝑐
𝑟𝑒𝑐,𝑘

+ 𝛾003𝑝𝑐
𝑐𝑢𝑡,𝑘

+ 𝛾004𝑦𝑐
𝑘

+ 𝜒01𝑒𝑖−1,𝑗𝑘

+ 𝜒02𝑝𝑚𝑎𝑥,𝑗𝑘 + 𝜒03𝑝𝑟𝑒𝑐,𝑗𝑘 + 𝜒04𝑝𝑐𝑢𝑡,𝑗𝑘 + 𝜒05𝑦𝑗𝑘 +  𝑣0𝑗𝑘 +  𝛿0𝑗𝑘             (12) 

By assuming that the effects of the industry level variables are fixed such that 𝜒0𝑥 = 𝛾01𝑥 

for 𝑥= 0 and the level 1 variable is also fixed (𝜑1𝑗𝑘 = 𝛾10𝑥 for 𝑥= 0), it is therefore possible to 

generate the 3-level model by substituting the level 2 model into level 1 model as follows: 

𝑒𝑖𝑗𝑘 = 𝛾000 + 𝛾001𝑝𝑐
𝑚𝑎𝑥,𝑘

+ 𝛾002𝑝𝑐
𝑟𝑒𝑐,𝑘

+ 𝛾003𝑝𝑐
𝑐𝑢𝑡,𝑘

+ 𝛾004𝑦𝑐
𝑘

+ 𝛾010𝑒𝑖−1,𝑗𝑘

+ 𝛾020𝑝𝑚𝑎𝑥,𝑗𝑘 + 𝛾030𝑝𝑟𝑒𝑐,𝑗𝑘 + 𝛾040𝑝𝑐𝑢𝑡,𝑗𝑘 + 𝛾050𝑦𝑗𝑘 + 𝛾100𝐷𝑖𝑗𝑘 +  𝑣0𝑗𝑘

+  𝛿0𝑗𝑘  +  휀𝑖𝑗𝑘                                                                                                        (13) 

where the random terms remain identically independently distributed as 𝑣0𝑗𝑘~𝑁(0, 𝜎𝑣
2),  

𝛿0𝑗𝑘~𝑁(0, 𝜎𝑢
2) and 휀𝑖𝑗𝑘~𝑁(0, 𝜎𝜀

2). 

Eq. (13) is distinctive as it incorporates predictors at the different levels of the data and 

assumed uncorrelated of the disturbance terms across all levels. However, Eq. (13) relies on a 

very strict assumption of no correlation between the lagged variable and the error term and 

consequently, may suffer from potential endogeneity (Nickell, 1981). This problem is often 

termed as the problem of initial conditions in the literature and it may lead to an overestimation 

of the coefficient of the lagged of the response variable (𝛾010) as well as underestimation of 

the unobserved heterogeneity. Although, Steele (2008) and Crouchley et al. (2009) argued that 

the initial condition problem is very unlikely to exist in a panel data study with a relatively long 

time-period, as the problem wipes out over a relatively long period, but notwithstanding, this 

problem is controlled for following Heckman (1981). Among others22, this paper follows Rabe-

Hesketh and Skrodal (2014) and employs the joint working models developed by Heckman 

(1981).  

The underlying cause of the initial condition problem in a longitudinal study is the failure 

of the dependent variable at the initial time-period to coincide with the start of the dynamic 

process under study. However, theoretically, the dependent variable (𝑒0𝑗𝑘) at the initial period 

                                                           
22 Alternative approaches can be found in Kazemi and Crouchley (2006) and Crouchley et al. (2009). 
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is very important in the transition process of any dynamic model as all the subsequent responses 

(that is, 𝑒1𝑗𝑘, 𝑒2𝑗𝑘, … . . , 𝑒𝑛𝑗𝑘) depend on it. Therefore, to eliminate the initial condition problem, 

it is necessary to model the initial time-period response and the subsequent time-period 

responses jointly, which is the basic idea of Heckman (1981). Again, dynamic panel model 

requires an ongoing data process where the initial response is affected by initial random term 

and pre-sample response, therefore, in theory, Eq. (13) is considered as model after the initial 

time period, that is i = 1, …I-1.  To deal with this issue, a natural starting point is to specify a 

modified version of Eq. (13) using the initial response (𝑒0𝑗𝑘) as a function of the explanatory 

variables except the lagged of the dependent variable and the time dummies since this function 

only deals with when i≠1, 2,……, I. In other word, when i = 0 and the model is specified as: 

𝑒0𝑗𝑘 = 𝛼000 + 𝛼001𝑝𝑐
𝑚𝑎𝑥,𝑘

+ 𝛼002𝑝𝑐
𝑟𝑒𝑐,𝑘

+ 𝛼003𝑝𝑐
𝑐𝑢𝑡,𝑘

+ 𝛼004𝑦𝑐
𝑘

+ 𝛼020𝑝𝑚𝑎𝑥,𝑗𝑘

+ 𝛼030𝑝𝑟𝑒𝑐,𝑗𝑘 + 𝛼040𝑝𝑐𝑢𝑡,𝑗𝑘 + 𝛼050𝑦𝑗𝑘 + 𝑣0𝑗𝑘 + 𝛿0𝑗𝑘  +  휀0𝑗𝑘                    (14) 

where 𝑣0𝑗𝑘~𝑁(0, 𝜎𝑣
2), 𝛿0𝑗𝑘~𝑁(0, 𝜎𝑢

2) remains as previously defined, while 휀0𝑗𝑘~𝑁(0, 𝜎0𝜀
2 ) 

represents disturbance term at initial period and is IID. It can be observed from Eqs. (13) and 

(14) that the residuals of the initial period (i = 0) is not equal to that of the subsequent period 

(i =1, 2,……, I), that is 휀0𝑗𝑘 ≠  휀𝑖𝑗𝑘. This is as a result of the variance of the residual of the 

initial responses 𝑒0𝑗𝑘, which is condition on the predictors 𝐺0𝑗𝑘 only being differed from the 

variance of the residuals of the subsequent responses 𝑒𝑖𝑗𝑘, which is condition on the predictors 

𝐺𝑖𝑗𝑘 inclusive the lagged response 𝑒𝑖−1,𝑗𝑘. The has important interpretation for our 

specifications, implies that the residual of the initial period is related to the covariates of the 

initial period only, while the residuals of the subsequent period are related to the covariates of 

the subsequent period. However, given that Eqs. (13) and (14) shared the same country-level 

(𝑣0𝑗𝑘) and industry-level (𝛿0𝑗𝑘) disturbance terms, then could be jointly estimated.    

To jointly model Eqs. (13) and (14), this paper introduces time period indicators that 

differentiate the subsequent period from the initial period. To do this, t1 is used as indicator for 

the initial period, while t2 is used as indicator for the subsequent period. For the purpose of 

estimations, t1 is coded as 1 for i = 0 and 0 otherwise, whereas t2 is coded as 1 for (i =1, 2 

,……, I) and 0 otherwise. Then interact t1 is interacted with the predictors in Eq. (13) and t2 is 

interacted with the predictors in Eq. (14) to form a single model for (i =0) and (i =1, 2 ,……, 

I), which is specified as: 
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𝑒𝑖𝑗𝑘 = 𝛼000𝑡1 + 𝛼001𝑡1𝑝𝑐
𝑚𝑎𝑥,𝑘

+ 𝛼002𝑡1𝑝𝑐
𝑟𝑒𝑐,𝑘

+ 𝛼003𝑡1𝑝𝑐
𝑐𝑢𝑡,𝑘

+ 𝛼004𝑡1𝑦𝑐
𝑘

+ 𝛼020𝑡1𝑝𝑚𝑎𝑥,𝑗𝑘 + 𝛼030𝑡1𝑝𝑟𝑒𝑐,𝑗𝑘 + 𝛼040𝑡1𝑝𝑐𝑢𝑡,𝑗𝑘 + 𝛼050𝑡1𝑦𝑗𝑘 + 𝛾000𝑡2

+ 𝛾001𝑡2𝑝𝑐
𝑚𝑎𝑥,𝑘

+ 𝛾002𝑡2𝑝𝑐
𝑟𝑒𝑐,𝑘

+ 𝛾003𝑡2𝑝𝑐
𝑐𝑢𝑡,𝑘

+ 𝛾004𝑡2𝑦𝑐
𝑘

+ 𝛾010𝑡2𝑒𝑖−1,𝑗𝑘 + 𝛾020𝑡2𝑝𝑚𝑎𝑥,𝑗𝑘 + 𝛾030𝑡2𝑝𝑟𝑒𝑐,𝑗𝑘 + 𝛾040𝑡2𝑝𝑐𝑢𝑡,𝑗𝑘 + 𝛾050𝑡2𝑦𝑗𝑘

+ 𝛾100𝐷𝑖𝑗𝑘 +  𝑣0𝑗𝑘 +  𝛿0𝑗𝑘  +  휀0𝑗𝑘 + 휀𝑖𝑗𝑘                                                         (15) 

where all the variables remained as previously defined. With respect to price coefficients, we 

expect that the reduction in energy demand when prices rise is proportionately more than the 

increase in energy demand when prices fall. In other words, the a priori expectations are: the 

longrun 𝑝𝑚𝑎𝑥 is at least as the longrun 𝑝𝑟𝑒𝑐 in absolute terms, and similarly, the longrun 𝑝𝑟𝑒𝑐 

is at least as the longrun 𝑝𝑐𝑢𝑡 in absolute value. That is, 𝛾𝑝𝑚𝑎𝑥 ≥ 𝛾𝑝𝑟𝑒𝑐 ≥ 𝛾𝑝𝑐𝑢𝑡. It is important 

to note that all the three equations (13, 14 and 15) are interrelated by substitution23. For 

instance, we can derive Eq. (13) by substituting t1 as 0 and t2 as 1 in Eq. (15) and similarly 

derives Eq. (14) by substituting t1 as 1 and t2 as 0 in Eq. (15). More importantly, it is worth 

noting that the inclusion of Eq. (14) when i = 0 in Eq. (15) is only for controlling for initial 

condition problem, whereas Eq. (13) when i =1, 2 ,……, I, (i.e., when t1 = 0 and t2 = 1) is the 

model of interest as it relates to the time period of our analysis. Hence, only the results for 

when t1 = 0 and t2 = 1 in Eq. (15) are reported in the analysis section. 

Eq. (15) is fitted with the popular maximum-likelihood estimation (MLE) method24. The 

MLE is widely used for fitting hierarchical model because of its preferred statistical 

properties25. The MLE uses an iterative process where the likelihood function that represents a 

lack of fit for a set of parameter estimates is generated and then another set of parameter 

estimates are used until there is a response surface that represents the likelihood values for all 

the estimates26. More specifically, Eq. (15) is estimated with full ML that yields both regression 

coefficients and the variance component, that is, fixed-effects and random-effects terms in the 

                                                           
23 The weakness of these equations as random effects models is the assumption of no correlation between the 

regressors and the individual-specific effects. However, unlike the fixed effects models that control for a given 

level of heterogeneity, our model specifications control for heterogeneity at all levels of the data and provides 

information about the extent of the unobserved heterogeneity across the sample units (Sharimakin et al., 2018).  
24 The ML estimation is developed by Fisher (1950) for finding the best estimate of a population parameter from 

the sample data. 
25 The ML is considered to be asymptotically consistent as sample size increases, efficient (smaller variance than 

other estimators and asymptotically distributed (estimates do not change when parameters are transformed) 
26 This process is similar to OLS estimation where the residuals are minimised to obtain the best fit of the 

regression line to the data and the regression coefficients. 
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likelihood function (Corbeil & Searle, 1976). Unlike the restricted MLE, the full ML works 

well in large sample size and many groups at the second level, which is the case in this paper27.  

4. Data  

The panel data used in this study is based on a balanced sample of 54 industrial sectors 

classified according to the International Standard Industrial Classification revision (ISIC Rev. 

4) across 34 countries28 over the period of 2000-2014. All series used in the analysis were 

obtained from the World Input-Output Database (2016) (Timmer et al., 2015). The scope of 

this paper is constrained due to unavailability of data as the WIOD (2016) only covers between 

2000 and 201429. Industrial output measured as gross output in current prices in millions of 

national currencies is taken from the WIOD Socio-Economic Accounts (SEA. To convert the 

gross output at market prices in national currencies to real output in millions of US$, firstly, 

the study used the index of gross output (2010=100) obtained from the SEA to deflate the gross 

output at current prices to gross output at constant prices. Then the exchange rates obtained 

from the WIOD were used to convert the gross output at constant prices in national currencies 

into real output in millions of US$.  

Industrial energy use measured in terajoule (TJ) is obtained directly from the JRC Seville, 

WIOD Environmental Accounts (2019). Energy input expenditure in current prices in millions 

of US$ is obtained from the National Input-Output Tables (NIOT) of the WIOD. The energy 

expenditure is calculated as the addition of the value of expenditure on coke, refined petroleum, 

nuclear fuel, electricity and gas supply purchased domestically and internationally. To derive 

the real energy price in US$, the input price indexes (2010–100) were used to deflate the 

expenditure at current prices to constant prices and then divided the real energy expenditure by 

energy use in TJ. Table 2 presents the descriptive statistics of the variables. 

[Please insert Table 2 here] 

 

                                                           
27 However, with small sample size and fewer groups the REML is commonly used in hierarchical regression 

model because its variance are less biased (Peugh, 2010; Raudenbush & Bryk, 2002). 
28 The list of countries and sectors are in Tables A1 and A2 of the appendix 
29 It is worth noting that the 2016-release of WIOD is the most recent version of the WIOD and adhere to the 2008 

version of the SNA. However, the 2013-release of WIOD, which consist of 34 sectors covers between 1995 and 

2011, but adhere to the 1993 version of the SNA. Hence and for maintaining consistency, we considered not to 

combine the two datasets.     
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5. Empirical results 

The empirical analysis is started by estimating Eq. (15) for all sampled sectors as a whole and 

sector types- the manufacturing and service sectors across all countries. Then, the sectors were 

grouped according to the continental region in which the countries they are located fall into. 

To this end, all sectors were classified into three continental regions (Americas, Asia-Pacific 

and Europe) they are located and estimated Eq. (15) for their respective sectors as a whole and 

for sector types30. For straightforward interpretations, the industry level variables are centred 

on the log of their group means so that their estimated elasticities can be interpreted as within-

country or between-industry elasticities. Moreover, this procedure allows the estimated 

elasticities of the country level variables, which are the group means of the industry level 

variables to be interpreted as between-country elasticities31. The estimated hierarchical models 

do not only control for the clustered heterogeneity, but also for the potential cross-sectional 

dependence in the dataset, especially in the regional dataset32. The clustered standard errors 

derived from the estimated hierarchical models are similar to Driscoll and Kraay (1998) 

standard errors, which are meant for controlling for cross-section dependency in non-

hierarchical models. Thus, this implies that all estimated models also control for cross-sectional 

dependence in the data via the clustered standard errors. All variables estimated are in their 

natural logarithm and Tables 2–6 report the estimated results. 

5.1. Estimated results for total sample 

Table 3 reports the results for all sampled industries as a whole and their sector types. The 

statistical significance of the LR 𝜒2 tests against restricted linear model across the board 

indicates that our hierarchical models are preferable to non-hierarchical models such as fixed 

effects, generalised method of moments (GMM), etc. The results show that all estimated 

parameters including the country-level (contextual) variables and the unobserved random 

errors are statistically significant with expected signs. Specifically, the significance of all the 

between-country elasticities emphasises the necessity to account for the contextual variables 

and supports the argument that industries are not operating in isolation. Thus, by implications, 

                                                           
30 The classification of the industries /countries into regions and sector types can be found in the appendix. 
31 Hox et al. (2010) and Steele (2008) provide explanation on using the group means of lower-level variables as 

higher-level variables in hierarchical database model. 
32 On the expectations that there is possibility that in particular, the regional sample (e.g. Europe) may respond to 

common shocks related to economic activities, energy policies, consumption behaviours, etc, therefore we control 

for cross-sectional dependency. 
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failure to control for contextual variables while modelling energy demand with industry-level 

data could lead to unreliable estimates. The statistical significance of the coefficients on the 

unobserved random terms (𝜎𝑣
2, 𝜎𝑢

2 and 𝜎𝜀
2) across the board indicates the importance of cluster 

level heterogeneity (across countries, industries and time) to changes in industrial energy 

demand. While focusing on industry-level variations, the intra-class coefficient is used to 

measure the impact of industry differences on changes in industrial energy consumption.  For 

instance, the intra-class coefficient (ICC) 0.39, suggests that about one-third of the unexplained 

variations in industrial energy demand is due to industry differences. In other words, about 

two-third of the unobserved heterogeneity is traceable to country and time differences.  

[Please insert Table 3 here] 

This paper considers the importance for allowing for the underlying nonlinear forces using 

the 𝜒2-test. The 𝜒2-test results indicate that the null hypothesis that the time dummies are 

statistically equal to zero (𝛾𝐷 = 0) cannot be rejected across the board. The results refute the 

argument for separately allowing for the underlying forces using the time dummies while 

modelling energy demand. Similarly, we performed T-test of restriction of the null hypothesis 

of equality of the decomposed prices (𝑝𝑚𝑎𝑥=𝑝𝑟𝑒𝑐=𝑝𝑐𝑢𝑡) to establish the importance for 

allowing for asymmetric demand responses. Across the board, the results reject the null 

hypothesis of symmetric responses by indicating that the decomposed prices are not 

statistically equal. To strengthen the argument for asymmetric responses, two other special 

types of symmetric restriction tests were carried out with the null hypotheses (i) H0-1: that in 

absolute terms, the long run elasticities of 𝑝𝑚𝑎𝑥 and 𝑝𝑟𝑒𝑐 are equal (i.e., 𝑝𝑚𝑎𝑥=𝑝𝑟𝑒𝑐) and (ii) 

H0-2: that in absolute terms, the long-run elasticities of 𝑝𝑟𝑒𝑐 and 𝑝𝑐𝑢𝑡 are equal (𝑝𝑟𝑒𝑐=𝑝𝑐𝑢𝑡)33. 

The two restriction tests reject the null hypotheses across the board, suggesting that demand 

responds more strongly to increases in historical maximum price than price recoveries and 

price cuts. 

For estimated long-run elasticities, all estimated elasticities are statistically significant. The 

elasticity of demand with respect to economic activity are similar across the board with an 

average estimated elasticity of about 0.53. This implies that a 10% increase in industrial output 

is associated with a 5.3% increase in industrial energy consumption. The estimated long-run 

                                                           
33 Intuitively, 𝑝𝑚𝑎𝑥=𝑝𝑟𝑒𝑐 intuitively means the response is the same to all price increases, but different, and 

presumably smaller, for price cuts, and 𝑝𝑚𝑎𝑥=𝑝𝑟𝑒𝑐 means price cuts and price recoveries affect demand equally 

but the response is different, and presumably higher, when price rises more than its historical maximum level. 
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𝑝𝑚𝑎𝑥 elasticities are also similar across the board with an average elasticity –0.54. On the other 

hand, the elasticities for 𝑝𝑟𝑒𝑐 and 𝑝𝑐𝑢𝑡 vary much more across the board with 𝑝𝑟𝑒𝑐 elasticities 

range between –0.33 and –0.46, and 𝑝𝑐𝑢𝑡 elasticities range between –0.29 and –0.43. On 

average, the elasticity for the 𝑝𝑚𝑎𝑥 (–0.54) is bigger than the elasticities for 𝑝𝑟𝑒𝑐 (–0.39) and 

𝑝𝑐𝑢𝑡 (–0.36). In addition to the rejection of H0-1 and H0-2, it is found that in absolute terms, 

𝑝𝑚𝑎𝑥 elasticity is at least as 𝑝𝑟𝑒𝑐 elasticity, which is at least of 𝑝𝑐𝑢𝑡 elasticity (i.e., 𝛾𝑝𝑚𝑎𝑥 ≥

𝛾𝑝𝑟𝑒𝑐 ≥ 𝛾𝑝𝑐𝑢𝑡). This implies that demand response to historical maximum prices is greater or 

equal to price recoveries, which is greater or equal to price cuts. 

5.2. Estimated results for regional sample 

5.2.1. Result for Americas 

The results for the Americas’ industrial energy demand in Table 4 show that almost all 

estimated parameters are statistically significant. Precisely, only half of the contextual variables 

across the board are significant. The LR 𝜒2 restriction tests against the linear models suggest 

that the estimated hierarchical models are better-fit than nonhierarchically models while 

modelling Americas’ industrial energy demand. Again, the non-rejection of 𝛾𝐷 = 0 across the 

board indicates that the American industrial energy demand is characterised only by 

endogenous nonlinear factors. The insignificant of the coefficients of 𝜎𝑣
2 suggests that changes 

in within-country energy demand is less likely to be affected by country differences. This result 

is supported by the average value of the ICC (0.37) suggesting that more than one-third of 

unobserved variations in industrial energy use is traceable to within-country differences.  

[Please insert Table 4 here] 

The results of T-test of restriction of equality of the decomposed prices 𝑝𝑚𝑎𝑥=𝑝𝑟𝑒𝑐=𝑝𝑐𝑢𝑡 

support modelling the entire Americas as well as the manufacturing industrial energy demand 

with asymmetric price responses. However, the Americas’ service sector energy demand is 

characterised by symmetric price response as the tests fail to reject any of the null hypotheses 

of the equality of the decomposed prices. The non-rejection of H0-1 and H0-2 suggests that 

service providers respond equally to price rises and price cuts. This result is supported by the 

similar values of the long-run price elasticities for 𝑝𝑚𝑎𝑥 (–0.39), 𝑝𝑟𝑒𝑐 (–0.36) and 𝑝𝑐𝑢𝑡 (–0.34) 

of the service sector. Generally, all estimated long-run elasticities are inelastic and statistically 

significant. The income elasticities for the whole and service sectors (0.45 and 0.43, 

respectively) are similar, while income elasticity for the service sector (0.54) is relatively 
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bigger. The average elasticity of industry energy demand with respect to economic activity is 

0.47. The average elasticity for 𝑝𝑟𝑒𝑐 (–0.36) is relatively big compared to average elasticities 

of 𝑝𝑚𝑎𝑥 (–0.24) and 𝑝𝑐𝑢𝑡 (–0.31). On average, the results suggest that producers respond much 

stronger to price recoveries than to price maximum or price cuts.  

5.2.2. Results for Asia-Pacific 

[Please insert Table 5 here] 

Results in Table 5 for the Asia-Pacific show that majority of the estimated variables are 

statistically significant and somewhat similar to the Americas’ results in terms of the 

insignificant of 𝜎𝑣
2 across the board. The ICC (46%) for the whole sector suggests that industry 

differences account for about half of the unexplained variations in Asian-Pacific energy 

demand. However, this is not the case for sector types as industry differences account for just 

above one-third (ICC, 0.37) and less than one-third (ICC, 0.27) of unexplained variations in 

energy demand for the manufacturing and service sectors respectively. Similar to the above 

results, the LR test also shows preference for our hierarchical models over the non-hierarchical 

models. Again, the restriction test of no exogenous underlying forces cannot be rejected across 

the board, suggesting that the Asian-Pacific industrial energy demand is characterised by 

endogenous factors induced by price effects. 

The T-test of restriction of symmetry responses (𝑝𝑚𝑎𝑥=𝑝𝑟𝑒𝑐=𝑝𝑐𝑢𝑡) is rejected across the 

board, suggesting that the Asian-Pacific industrial energy demand is characterised by 

asymmetric price responses over the period of study. For the special types of symmetry test, 

results in Table 5 shows that H0-1 can be rejected across the board, while H0-1 cannot be 

rejected for the sectors as a whole and the service sector. These results suggest that energy 

demand respond more strongly to price maxima than price recoveries and cuts, while the 

responses to price recoveries and price cuts are equal. All estimated long-run elasticities are 

statistically significant and inelastic. The long-run elasticities for the manufacturing sector are 

relatively big compared to elasticities for the sectors as a whole and service sectors, suggesting 

that manufacturers are more sensitive to changes in economic activity and energy prices. The 

results support firms’ practices as producers tend to consume more energy when there is 

positive output growth.  On the other hand, as manufacturing is more energy intensive, thus 

producers tend to be more sensitive to changes in energy prices by reducing their energy 

consumption via e.g., improvement in energy efficiency and structural changes. 
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The average elasticity of industrial energy demand with respect to economic activity is 0.52, 

while the average elasticities for price maxima, price recoveries and price cuts are –0.68, –0.36 

and –0.31 respectively. The results align to the above that producers’ responses to historical 

maximum prices is at least as price recoveries, which is at least as price cuts. 

5.2.3. Results for Europe 

The results for the European industrial energy demand reported in Table 6 are similar to that 

of the total sample as all estimated parameters are statistically significant with expected signs.  

[Please insert Table 6 here] 

The LR test results shows preference for the estimated hierarchical models over the linear 

models across the board. The results also indicate that the European industrial energy demand 

is characterised only by endogenous factors given the non-rejection of 𝛾𝐷 = 0 in all models 

estimated. The average value of the ICC (0.33) suggests that one-third of unexplained 

variations in European industrial energy demand is traceable to between-industry differences. 

The results in Table 6 also suggests that the European industrial energy demand is influenced 

by asymmetric responses given the rejection of the equality of the decomposed prices in models 

estimated for the whole and manufacturing sectors. The results are reinforced by the rejection 

of the two special symmetric cases (H0-1 and H0-2). However, the results of the service sector 

suggest otherwise as the service sector is characterised by symmetric response because the 

restriction tests of equality of the decomposed prices and the two special types cannot be 

rejected.    

For the estimated long-run elasticities, the elasticity with respect to economic activity for 

the service sector is about 10% bigger than that of whole and manufacturing sector. The average 

income elasticity is 0.59, suggesting that a 1% increase in industrial output is associated with 

a 0.59% increase in industrial energy consumption. The 𝑝𝑚𝑎𝑥 elasticities across the board are 

similar with an average of –0.58. On the other hand, the 𝑝𝑟𝑒𝑐 elasticities for range between –

0.41 and –0.61, while 𝑝𝑐𝑢𝑡 elasticities range between –0.26 and –0.59. With the average 

elasticities for 𝑝𝑟𝑒𝑐 (–0.50) and 𝑝𝑐𝑢𝑡 (0.40) relatively small to that of 𝑝𝑚𝑎𝑥 (–0.58), it implies 

the results support that the price maxima elasticity is at least as that of price recoveries 

elasticity, which is at least of price cuts elasticity. 
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6. Further discussion on the results 

6.1. Responses of industrial energy demand   

The estimated results for total and regional samples in Tables 3–6 enable us to draw a number 

of intriguing insights into the asymmetric properties of the industrial energy demand. 

Specifically, the inclusion of the contextual variables offer good understanding on the 

relationship between aggregate and industrial activities. Moreover, we can draw important 

information about the producers’ reactions to changes in energy price and economic activity in 

the longer term from the estimated elasticities.  

To start with, the significance of the majority of the contextual variables in estimated 

models reinforces the argument that industries’ consumption behaviour with respect to energy 

use interrelates with the aggregate economic activities. This result is supported by the 

statistically significant of the LR 𝜒2 test across the board, suggesting that the estimated 

hierarchical models (which account for contextual variables and the hierarchical data structure) 

are preferred to the non-hierarchical models. These findings are important both in terms of 

modelling and policy implications. For modelling purposes, this can be interpreted as justifying 

the use of hierarchical database model that allows for modelling both the impacts of industry 

and aggregate activities in energy demand functions as argued in Sharimakin et al. (2018). For 

policy purposes, it reinforces the argument that the activities of the industries are closely tied 

to the aggregate economy; therefore, any macro-policy formulated is likely to influence the 

activities of the industries. 

Generally, the estimated models rejected the T-test for the equality of decomposed price in 

favour of symmetric demand response. The results are supported by the rejection of the two 

special types of symmetric response and indicate that demanders’ responses to price maxima 

is at least as responses to price recoveries, which is at least as responses to price cuts. These 

results are similar to Adeyemi and Hunt (2014). From an analytical point of view, the results 

support Dargay and Gately (1995) argument for accounting for the APR in energy demand 

model as failure to do so could lead to biased estimates and undermine a good understanding 

of the long-run properties of energy demand. In fact, it is difficult to have a full knowledge of 

the impacts of historical price changes without accounting for the asymmetric price responses. 

Moreover, the effects of price increases could be underestimated, whereas the effects of price 

cuts could be overestimated. Consequently, available information to guide the formulation of 

appropriate and effective policy could be misleading. 
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The non-rejection of the hypothesis that 𝛾𝐷=0 suggests that the underlying factors (e.g., 

technical progress, changes in industrial structure and changes in environmental regulations), 

which were not explicitly modelled are being captured endogenously by the APR rather than 

exogenous time dummies. By implication, this result suggests that the industrial energy 

demand of the America, Asia-pacific and Europe are characterised only by the endogenous 

price effects over the period of observation. These findings correspond to the arguments 

presented by Wirl (1993) and GS (2005) that improvement in technical progress is endogenous 

since it is induced by sustained price rises rather than exogenous factors as suggested by 

Adeyemi and Hunt (2014)34. One potential reason for the non-rejection of 𝛾𝐷=0 could be the 

relatively short span or perhaps the scope- of this study compared to studies like Hunt et al. 

(2003) and Adeyemi and Hunt (2014). These findings potentially call for further research to 

examine if it is necessary to separately model the APR and the exogenous underlying factors 

while modelling industrial energy demand using a relatively short time longitudinal data.  

6.2. Long-run elasticities 

The estimated long-run elasticities as summarised in Table 7 indicate a considerable level of 

heterogeneity across all panel groups. Firstly, the estimated average long-run elasticities for 

total sample (0.53 for income, –0.54 for 𝑝𝑚𝑎𝑥, –0.39 for 𝑝𝑟𝑒𝑐 and –0.36 or 𝑝𝑐𝑢𝑡) are similar to 

estimated elasticities of Agnolucci (2010), but partially differ to those of Adeyemi and Hunt 

(2014), especially for price recoveries and price cuts 35. More specifically, the income and 𝑝𝑚𝑎𝑥 

elasticities for manufacturing and service sectors are very similar, but their 𝑝𝑟𝑒𝑐 and 𝑝𝑐𝑢𝑡 

elasticities markedly differ. Generally, the price elasticities for the manufacturing sector are 

bigger than that of the service sector. This is sensible, as one would expect energy intensive 

sector like manufacturing sector to be more sensitive to changes in energy price.    

For the regional results, the estimated long-run elasticities for the Americas appear to be 

relatively small compared to those of Asia-Pacific and Europe. By interpretations, the results 

suggest that the industrial energy demand for America is relatively less sensitive to changes in 

economic activity and energy price compared to Asia-Pacific and Europe. For specific sector 

                                                           
34 Although, Adeyemi and Hunt (2014) emphasised the need to allow for both APR and underlying exogenous 

factors since they could be a role for both when modelling energy demand, but at the same time clarified that this 

might not generally be the case across different datasets.   
35 Notwithstanding our stand, we advise that necessary cautious should be taken when comparing our results to 

those of Agnolucci (2010), and Adeyemi and Hunt (2014) due to some compelling factors (such as different 

methodologies used, type and scope of data) that might have possibly contributed to different outcomes.  
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income elasticity, our results show that the income elasticity for the Asian-Pacific 

manufacturing sector (0.73) is relatively large, suggesting that the industrial energy demand in 

Asia-Pacific is more responsive positively to changes in economic activity. This is an 

interesting result as this is likely to be the case given their rapid industrialisation and economic 

growth, which arguably has led to increase in their energy consumption in recent decades. In 

terms of sectoral price elasticities, on average, the manufacturing sector appears more 

responsive to changes in energy prices than the service sector. The average 𝑝𝑚𝑎𝑥, 𝑝𝑟𝑒𝑐 and 𝑝𝑐𝑢𝑡 

elasticities for manufacturing are –0.52, –0.49 and –0.42 respectively, while –0.52, –0.34 and 

–0.28 are respective elasticities for the service sector. As stated above, the results are in line 

with producers’ rational practices as they tend to respond more strongly to changes in energy 

prices than service producers because of their relatively high level of energy consumption.  

Following the presentation of the average long-run price elasticities for the entire sample 

and regional sample, it is found that the results align with the a priori expectation that in 

absolute terms the 𝑝𝑚𝑎𝑥 elasticity is at least as 𝑝𝑟𝑒𝑐 elasticity which is as least as 𝑝𝑐𝑢𝑡 elasticity. 

Considering all the average long-run price elasticities presented above, we can confirm that our 

estimates still fall within the estimated price elasticities of Agnolucci (2010).  

Generally, the results derived from the total and regional analyses suggest that the 

producers’ behaviour with respect to energy consumption is likely to be influenced by 

aggregate activities. Again, the results show that industrial energy consumption of Americas, 

Asian-Pacific and the Europe are not only characterised by asymmetric energy price responses 

and changes in economic activity, but as well as endogenous factors embedded in the 

asymmetric price effects. 

[Please insert Table 7 here] 

6. Summary and conclusions 

This paper employs a dynamic hierarchical model to analyse the asymmetric price responses 

of industrial energy demand using a relatively rich disaggregated industrial data across 34 

countries between 2000 and 2014. For in-depth analysis, a comparative analysis is carried out 

by classifying the data into three regions (Americas, Asia-Pacific and Europe) and their 

corresponding sector types (manufacturing and service). The empirical results emerged from 

this study do not only indicate a preference for hierarchical models over non-hierarchical 

models, but also suggest that industrial activities and aggregate economy activities are 
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intertwined. These results are supported by the statistical significant of the majority of country-

level variables and the evidence from the ICC results, suggesting that about one-third of the 

unobserved heterogeneity in industry energy demand is due to within-country differences. For 

modelling purposes, the results support the argument for controlling for the structure of the 

data while modelling industry-level energy demand. Therefore, in general, either modelling the 

traditional symmetric price responses or the asymmetric price responses, it is important to 

control for the hierarchical structure of the dataset while using disaggregated industry energy 

data, as failure to do so could lead to unreliable estimates.  

Across the board, the empirical results refute the argument for separately allowing for the 

underlying exogenous forces using the time dummies in energy demand model. These results 

are in line with a strand of the literature that argues that the underlying factors such as technical 

progress, changes in industrial structure and changes in environmental are being captured 

endogenously by the asymmetric price effects. In addition, the results support the arguments 

for asymmetric price responses against the traditional symmetric response of energy demand. 

In this regard, the empirical results are similar to Adeyemi and Hunt (2014). 

Although, the empirical results show a considerable heterogeneity in the long-run impacts 

of economic activity and energy price on energy consumption across the board, but, the 

estimated elasticities indicate that producers’ response to price decreases is relatively small to 

when price increases in general. These results conform to the expectations that in absolute 

terms the 𝑝𝑚𝑎𝑥 elasticity is at least as 𝑝𝑟𝑒𝑐 elasticity which is as least as 𝑝𝑐𝑢𝑡 elasticity. 

Generally, as expected, the sectoral results show that the energy intensive manufacturing sector 

responds more to changes in economic activity and energy prices than the service sector. More 

specifically, the regional results indicate that the Asia-Pacific are more sensitive to changes in 

economic activity and prices than Americas and Europe with respect to industrial energy 

demand. Potentially, the heterogeneity in the estimated long-run elasticities in different panel 

estimations indicates the differences in the capacity of the sectors/regions in response to 

changes in economic activities and prices. The different level in capacity to respond to changes 

in economic activities and energy prices could be traced to differences in institutions, 

government policies, technological advancement, and structural characteristics. For modelling 

purposes, these findings outline the consequences of hiding under the assumption of 

homogeneity of coefficients across sectors/ regions, which is often the case for panel data 

studies, and specifically advocates against masking the differences in production settings. In 

general, the estimated averages long-run elasticities derived from our empirical estimation are 
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comparable to those of Agnolucci (2010), indicating the reliability of our estimated long-run 

price and income elasticities while using them for policy-making.  

For policy implications, the industry-aggregate economy relationship suggests that any 

macroeconomic policy implemented is more likely to influence the activities of the industries.  

Moreover, the estimated long-run elasticities derived from the sectoral analysis provide 

insightful information in formulating sector specific energy policies, especially in the wake of 

the recent changes in energy prices and the effort to combat industrial CO2 emission. On the 

other hand, the regional estimated elasticities can serve as benchmarks for individual industry 

operating within a countries/regions. Further, the estimated elasticities could be used as a 

benchmark for international comparisons in terms of making appropriate predictions about 

energy security and energy related policies. The heterogeneity in the estimated long-run 

elasticities, especially in the price elasticities reinforces the importance for separating the long-

run impacts of different phases of energy price. This is to prevent formulating energy related 

policies on incomplete information resulting from masking the impacts of long-run impacts of 

different phases of energy price. Otherwise, there is a potential pronounced long-run impact in 

energy consumption that is not observable from a perfectly reversible consumption patterns. 

As for further study, future research can explore the estimation of APR of industrial subsectors 

energy demand at regional levels, and perhaps use an alternative price decomposition method 

different from the one adopted in this paper.       
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Table 1: Summary of previous studies on asymmetric price responses of industrial energy demand 

Study Country Model Sample period Price elasticity Income 

elasticity 

Adeyemi and 

Hunt (2007) 

15 OCED 

countries 

STSM with 

asymmetric 

price 

1962 – 2003  Price-max = –0.52 

Price-rec =   –0.68 

Price-cut =   –0.30 

 0.78 

Agnolucci 

(2010) 

UK STSM with 

asymmetric 

price 

1973 – 2005  Price-max = –0.55 

Price-rec =   –0.47 

Price-cut =   –0.37 

 0.48 

Adeyemi and 

Hunt (2014) 

15 OECD 

countries 

STSM with 

asymmetric 

price 

1962 – 2010  Price-max=  

       –0.06 to –1.22 

Price-rec =  

         0.00 to –0.27 

Price-cut =  

         0.00 to –0.18 

 0.34 to 0.96 

 

 

 

 

 

 

Table 2: Descriptive statistics  

Variable Description Obs. Mean Std. Dev 

   e Energy consumption  in TJ 26,445 219700.4 1515708 

   y Real output in millions of US$  26,455 155824.1 1125682 

   p Real energy price in US$/ per TJ 26,455 2.12 6.67 
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Table 3: Estimated results of industrial energy demand for total sample 

Variable   Whole  Manufacturing  Service 

𝐶𝑜𝑛𝑠𝑡𝑎𝑛𝑡    3.035***      [0.284]    2.955***     [0.363]   2.882***     [0.394] 

 𝑦   0.390***      [0.007]    0.384***     [0.009]   0.408***     [0.011] 

 𝑝𝑚𝑎𝑥  –0.338***      [0.008]  –0.389***     [0.011] –0.423***     [0.012] 

 𝑝𝑟𝑒𝑐 –0.295***      [0.012]  –0.334***     [0.018]   0.252***     [0.016] 

 𝑝𝑐𝑢𝑡  –0.256***      [0.009]  –0.306***     [0.014] –0.219***     [0.013] 

𝑒𝑖−1    0.262***      [0.006]    0.282***     [0.008]   0.247***     [0.009] 

 𝑦𝑐   0.428***      [0.026]    0.423***     [0.034]   0.454***     [0.036] 

 𝑝𝑚𝑎𝑥
𝑐   –0.272***      [0.038]  –0.233***     [0.048] –0.286***     [0.052] 

 𝑝𝑟𝑒𝑐
𝑐    –0.529***      [0.085]  –0.533***     [0.116] –0.562***     [0.122] 

 𝑝𝑐𝑢𝑡
𝑐      –0.518***      [0.057]  –0.494***     [0.076] –0.549***     [0.081] 

Random residual    

 𝜎𝑣
2    0.345*          [0.092]     0.396*         [0.109]   0.529*         [0.139] 

 𝜎𝑢
2   0.803*          [0.034]           0.664*         [0.042]   0.635*         [0.039] 

 𝜎𝜀
2    0.897*          [0.008]         0.886*         [0.012]   0.908*         [0.012] 

Intraclass coefficient   0.39    0.34    0.30  

Restriction test    

LR test 𝜒2(linear model)   𝜒2(3) = 4833.63 

  (0.00)*** 

  𝜒2(3) = 2289.00 

  (0.00)*** 

  𝜒2(3) = 2661.23 

  (0.00)*** 

H0: No underlying forces 

i.e. 𝛾𝐷  = 0 

  𝜒2(13) = 3.15 

  (0.99) 

  𝜒2(13) =8.85 

  (0.78) 

  𝜒2(13) = 135.65 

  (0.79) 

Symmetric price responses: 

H0:  𝑝𝑚𝑎𝑥=  𝑝𝑟𝑒𝑐= 𝑝𝑐𝑢𝑡 

  𝜒2(3) = 198.83 

  (0.00)*** 

  𝜒2(3) = 92.38 

  (0.00)*** 

  𝜒2(3) = 212.76 

  (0.00)*** 

Specific types of asymmetry    

H0-1: 𝑝𝑚𝑎𝑥 =  𝑝𝑟𝑒𝑐    𝜒2(1) = 52.03 

  (0.00)*** 

  𝜒2(1) = 7.95 

  (0.00)*** 

  𝜒2(1) = 89.82 

  (0.00)*** 

H0-2: 𝑝𝑟𝑒𝑐 =  𝑝𝑐𝑢𝑡    𝜒2(1) =26.37 

  (0.00)*** 

  𝜒2(1) =3.70 

  (0.05)** 

  𝜒2(1) =12.71 

  (0.00)*** 

Long-run elasticities    

 Income    0.53***   0.53***   0.54*** 

 Price-max –0.53*** –0.54*** –0.56*** 

 Price-rec –0.39*** –0.46*** –0.33*** 

 Price-cut –0.35*** –0.43*** –0.29*** 

Notes: i. […] indicates standard errors, with ***, ** and * representing significance levels at 0.1%, 1% and 5% 

respectively.   

ii. Intraclass coefficient is calculated as = 𝜎𝑢
2 ( 𝜎𝑣

2 + 𝜎𝑢
2 + 𝜎𝜀

2)⁄  

iii. The long-run elasticities are calculated as = 𝛾𝑥/(1 − 𝑒𝑖−1), where x = 𝑦, 𝑝𝑚𝑎𝑥 , 𝑝𝑟𝑒𝑐  and 𝑝𝑐𝑢𝑡  respectively. 
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Table 4: Estimated results of industrial energy demand for Americas 

Variable   Whole   Manufacturing   Service 

𝐶𝑜𝑛𝑠𝑡𝑎𝑛𝑡    4.081***        [1.118]   6.643***       [0.608] –0.674            [1.555] 

 𝑦   0.400***        [0.034]   0.389***       [0.046]   0.487***      [0.052] 

 𝑝𝑚𝑎𝑥  –0.173***        [0.032] –0.126***       [0.039] –0.356***      [0.059] 

 𝑝𝑟𝑒𝑐 –0.323***        [0.039] –0.336***       [0.054] –0.320***      [0.061] 

 𝑝𝑐𝑢𝑡  –0.271***        [0.032] –0.257***       [0.042] –0.305***      [0.052] 

𝑒𝑖−1    0.103***        [0.018]   0.102***       [0.023]   0.101***      [0.023] 

 𝑦𝑐   0.615***        [0.088]   0.456***       [0.122]   0.936***      [0.123] 

 𝑝𝑚𝑎𝑥
𝑐   –0.075              [0.099] –0.146             [0.138] –0.389***      [0.139] 

 𝑝𝑟𝑒𝑐
𝑐      0.186              [0.251] –0.091             [0.349] –0.713*          [0.361] 

 𝑝𝑐𝑢𝑡
𝑐      –0.189              [0.169]   0.538*           [0.233] –0.510*          [0.246] 

Random residual    

 𝜎𝑣
2    0.000              [0.000]              0.000             [0.000]              0.000            [0.000] 

 𝜎𝑢
2   1.259*            [0.154]   1.189*           [0.208]           0.992*          [0.185] 

 𝜎𝜀
2    1.944*            [0.054]   1.941*           [0.075]   1.933*          [0.078] 

Intraclass coefficient   0.39    0.38    0.34  

Restriction test    

LR test 𝜒2(linear model)   𝜒2(3) = 427.55 

  (0.00)*** 

  𝜒2(3) = 199.69 

  (0.00)*** 

  𝜒2(3) = 176.47 

  (0.00)*** 

H0: No underlying forces 

i.e. 𝛾𝐷  = 0 

  𝜒2(13) = 3.17 

  (0.99) 

  𝜒2(13) =2.89 

  (0.00) 

  𝜒2(13) = 2.65 

  (0.99) 

Symmetric price responses: 

H0:  𝑝𝑚𝑎𝑥=  𝑝𝑟𝑒𝑐= 𝑝𝑐𝑢𝑡 

  𝜒2(3) = 11.13 

  (0.00)*** 

  𝜒2(3) = 12.59 

  (0.02)*** 

  𝜒2(3) = 1.03 

  (0.59) 

Specific types of asymmetry    

H0-1: 𝑝𝑚𝑎𝑥 =  𝑝𝑟𝑒𝑐    𝜒2(1) = 11.11 

  (0.43)*** 

  𝜒2(1) = 12.56 

  (0.00)*** 

  𝜒2(1) = 0.23 

  (0.063) 

H0-2: 𝑝𝑟𝑒𝑐 =  𝑝𝑐𝑢𝑡    𝜒2(1) =4.70 

  (0.03)* 

  𝜒2(1) =4.87 

  (0.03)* 

  𝜒2(1) =0.21 

  (0.64) 

Long-run elasticities    

 Income    0.45***   0.43***   0.54*** 

 Price-max –0.19*** –0.14*** –0.39*** 

 Price-rec –0.36*** –0.37*** –0.36*** 

 Price-cut –0.30*** –0.29*** –0.34*** 

Notes: i. […] indicates standard errors, with ***, ** and * representing significance levels at 0.1%, 1% and 5% 

respectively.   

ii. Intraclass coefficient is calculated as = 𝜎𝑢
2 ( 𝜎𝑣

2 + 𝜎𝑢
2 + 𝜎𝜀

2)⁄  

iii. The long-run elasticities are calculated as = 𝛾𝑥/(1 − 𝑒𝑖−1), where x = 𝑦, 𝑝𝑚𝑎𝑥 , 𝑝𝑟𝑒𝑐  and 𝑝𝑐𝑢𝑡  respectively. 
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Table 5: Estimated results of industrial energy demand for Asia-Pacific  

Variable    Whole   Manufacturing   Service 

𝐶𝑜𝑛𝑠𝑡𝑎𝑛𝑡    2.928***      [0.384]   10.151***    [0.379]   4.729***     [0.756] 

 𝑦   0.366***      [0.015]   0.526***      [0.024]   0.223***     [0.021] 

 𝑝𝑚𝑎𝑥  –0.502***      [0.019] –0.576***      [0.027] –0.361***     [0.029] 

 𝑝𝑟𝑒𝑐 –0.237***      [0.019] –0.367***      [0.032] –0.167***     [0.027] 

 𝑝𝑐𝑢𝑡  –0.222***      [0.016] –0.266***      [0.023] –0.168***     [0.022] 

𝑒𝑖−1    0.311***      [0.014]   0.281***      [0.019]   0.287***     [0.020] 

 𝑦𝑐   0.400***      [0.037]   0.551***      [0.051]   0.247***     [0.058] 

 𝑝𝑚𝑎𝑥
𝑐   –0.269***      [0.077] –0.145            [0.113] –0.054           [0.205] 

𝑝𝑟𝑒𝑐
𝑐      0.584***      [0.187] –0.758**        [0.255] –0.216           [0.221] 

 𝑝𝑐𝑢𝑡
𝑐      –0.429***      [0.080] –0.522***      [0.118] –0.407           [0.359] 

Random residual    

 𝜎𝑣
2    0.015            [0.021]   0.054            [0.055]   0.915           [0.639] 

 𝜎𝑢
2   0.685*          [0.077]   0.429*          [0.065]   0.669*         [0.102] 

 𝜎𝜀
2    0.782*          [0.018]    0.689*          [0.022]    0.839*         [0.028]  

Intraclass coefficient   0.46    0.37    0.28  

Restriction test    

LR test 𝜒2(linear model)   𝜒2(3) = 541.80 

  (0.00)*** 

  𝜒2(3) = 273.64 

  (0.00)*** 

  𝜒2(3) = 293.31 

  (0.00)*** 

H0: No underlying forces 

i.e. 𝛾𝐷  = 0 

  𝜒2(13) = 4.19 

  (0.99) 

  𝜒2(13) =9.15 

  (0.76) 

  𝜒2(13) = 7.28 

  (0.89) 

Symmetric price responses: 

H0:  𝑝𝑚𝑎𝑥=  𝑝𝑟𝑒𝑐= 𝑝𝑐𝑢𝑡 

  𝜒2(3) = 185.79 

  (0.00)*** 

  𝜒2(3) = 127.70 

  (0.00)*** 

  𝜒2(3) = 41.54 

  (0.00)*** 

Specific types of asymmetry    

H0-1: 𝑝𝑚𝑎𝑥 =  𝑝𝑟𝑒𝑐    𝜒2(1) = 104.84 

  (0.00)*** 

  𝜒2(1) = 27.12 

  (0.00)*** 

  𝜒2(1) = 29.63 

  (0.00)*** 

H0-2: 𝑝𝑟𝑒𝑐 =  𝑝𝑐𝑢𝑡    𝜒2(1) =1.96 

  (0.16) 

  𝜒2(1) =14.55 

  (0.00)*** 

  𝜒2(1) =0.01 

  (0.94) 

Long-run elasticities    

 Income    0.53***   0.73***   0.31*** 

 Price-max –0.73*** –0.80*** –0.51*** 

 Price-rec –0.34*** –0.51*** –0.24*** 

 Price-cut –0.32*** –0.37*** –0.23*** 

Notes: i. […] indicates standard errors, with ***, ** and * representing significance levels at 1%, 5% and 10% 

respectively.   

ii. Intraclass coefficient is calculated as = 𝜎𝑢
2 ( 𝜎𝑣

2 + 𝜎𝑢
2 + 𝜎𝜀

2)⁄  

iii. The long-run elasticities are calculated as = 𝛾𝑥/(1 − 𝑒𝑖−1), where x = 𝑦, 𝑝𝑚𝑎𝑥 , 𝑝𝑟𝑒𝑐  and 𝑝𝑐𝑢𝑡  respectively. 
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Table 6: Estimated results of industrial energy demand for Europe  

Variable    Whole   Manufacturing   Service 

𝐶𝑜𝑛𝑠𝑡𝑎𝑛𝑡    2.380***      [0.411]   2.432***     [0.106]   2.173***     [0.558] 

 𝑦   0.391***      [0.008]   0.369***     [0.010]   0.469***     [0.012] 

 𝑝𝑚𝑎𝑥  –0.387***      [0.009] –0.398***     [0.013] –0.437***     [0.013] 

 𝑝𝑟𝑒𝑐 –0.321***      [0.017] –0.410***     [0.029] –0.298*         [0.021] 

 𝑝𝑐𝑢𝑡  –0.255***      [0.013] –0.399***     [0.021] –0.193***     [0.017] 

𝑒𝑖−1    0.296***      [0.007]   0.324***     [0.009]   0.272***     [0.009] 

 𝑦𝑐   0.449***      [0.039]   0.423***     [0.048]   0.497**       [0.053] 

 𝑝𝑚𝑎𝑥
𝑐   –0.304***      [0.039] –0.248***     [0.049] –0.328***     [0.055] 

 𝑝𝑟𝑒𝑐
𝑐    –0.741***      [0.008] –0.781***     [0.142] –0.745**       [0.148] 

 𝑝𝑐𝑢𝑡
𝑐      –0.709***      [0.066] –0.694***     [0.089] –0.728**       [0.094] 

Random residual    

 𝜎𝑣
2    0.408*         [0.131]   0.387*         [0.128]   0.643*         [0.208] 

 𝜎𝑢
2   0.699*         [0.035]   0.590*         [0.044]   0.515**       [0.038] 

 𝜎𝜀
2    0.732*         [0.047]    0.720*         [0.011]    0.731**       [0.012]  

Intraclass coefficient   0.38    0.35    0.27  

Restriction test    

LR test 𝜒2(linear model)   𝜒2(3) = 3759.17 

  (0.00)*** 

  𝜒2(3) = 1699.01 

  (0.00)*** 

  𝜒2(3) = 2087.51 

  (0.00)*** 

H0: No underlying forces 

i.e. 𝛾𝐷  = 0 

  𝜒2(13) = 4.94 

  (0.97) 

  𝜒2(13) = 8.37 

  (0.82) 

  𝜒2(13) = 11.74 

  (0.55) 

Symmetric price responses: 

H0:  𝑝𝑚𝑎𝑥=  𝑝𝑟𝑒𝑐= 𝑝𝑐𝑢𝑡 

  𝜒2(3) = 120.44 

  (0.00)*** 

  𝜒2(3) = 0.25 

  (0.88) 

  𝜒2(3) = 216.35 

  (0.00)*** 

Specific types of asymmetry    

H0-1: 𝑝𝑚𝑎𝑥 =  𝑝𝑟𝑒𝑐    𝜒2(1) = 13.37 

  (0.00)*** 

  𝜒2(1) = 0.16 

  (0.69) 

  𝜒2(1) = 32.32 

  (0.00)*** 

H0-2: 𝑝𝑟𝑒𝑐 =  𝑝𝑐𝑢𝑡    𝜒2(1) =26.42 

  (0.00)*** 

  𝜒2(1) = 0.24 

  (0.62) 

  𝜒2(1) =44.85 

  (0.48)*** 

Long-run elasticities    

 Income    0.56***   0.55***   0.65*** 

 Price-max –0.55*** –0.59*** –0.60*** 

 Price-rec –0.47*** –0.61*** –0.41*** 

 Price-cut –0.36*** –0.59*** –0.26*** 

Note: i. […] indicates standard errors, with ***, ** and * representing significance levels at 1%, 5% and 10% 

respectively.   

ii. Intraclass coefficient is calculated as = 𝜎𝑢
2 ( 𝜎𝑣

2 + 𝜎𝑢
2 + 𝜎𝜀

2)⁄  

iii. The long-run elasticities are calculated as = 𝛾𝑥/(1 − 𝑒𝑖−1), where x = 𝑦, 𝑝𝑚𝑎𝑥 , 𝑝𝑟𝑒𝑐  and 𝑝𝑐𝑢𝑡  respectively. 
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Table 7: Summary of estimated long-run elasticities 

Elasticity Total sample Americas Asia-Pacific Europe 

  Whole  Manufacturing Service Whole  Manufacturing Service Whole  Manufacturing Service Whole  Manufacturing Service 

Income   0.53        0.53   0.54   0.45        0.43   0.54   0.53         0.73   0.31   0.56         0.55   0.65 

Price-max –0.53      –0.54 –0.56 –0.19      –0.14 –0.39 –0.73       –0.80 –0.51 –0.55       –0.59 –0.60 

Price-rec –0.39      –0.46 –0.33   –0.36      –0.37 –0.36 –0.34       –0.51 –0.24 –0.47       –0.61 –0.41 

Price-cut –0.35      –0.43 –0.29 –0.30      –0.29 –0.34 –0.32       –0.37 –0.23 –0.36       –0.59 –0.26 

 

 

 

 

 

 

 

 

 

 

 

 



36 
 

Appendix  

 

Table A1: List of the selected 34 countries 

Australia Czech Republic Hungary  Malta Spain  

Austria Denmark  India Mexico  Sweden  

Belgium  Estonia Indonesia Netherlands Taiwan 

Brazil Finland  Ireland  Poland  Turkey  

Bulgaria France  Italy  Portugal  United Kingdom 

Canada Germany  Japan Romania  United States 

Cyprus  Greece  Korea  Russia   

Americas comprises- Brazil, Canada, Mexico and United States.  

Asia-Pacific comprises- Australia, India, Indonesia, Japan, Korea and Taiwan 

Europe comprises the rest of the countries in Table A1. 

 

 

 

 

Table A2: List of the sectors and their classification.  

S/N Description Sector 

1 A01 Crop and animal production, hunting and related service activities 

2 A02 Forestry and logging 

3 A03 Fishing and aquaculture 

4 B Mining and quarrying 

5 C10-C12 Manufacture of food products, beverages and tobacco products 

6 C13-C15 Manufacture of textiles, wearing apparel and leather products 

7 C16 Manufacture of wood and of products of wood and cork, except furniture; manufacture of 

articles of straw and plaiting materials 

8 C17 Manufacture of paper and paper products 

9 C18 Printing and reproduction of recorded media 

10 C19 Manufacture of coke and refined petroleum products  

11 C20 Manufacture of chemicals and chemical products  

12 C21 Manufacture of basic pharmaceutical products and pharmaceutical preparations 

13 C22 Manufacture of rubber and plastic products 

14 C23 Manufacture of other non-metallic mineral products 

15 C24 Manufacture of basic metals 

16 C25 Manufacture of fabricated metal products, except machinery and equipment 

17 C26 Manufacture of computer, electronic and optical products 

18 C27 Manufacture of electrical equipment 

19 C28 Manufacture of machinery and equipment n.e.c. 

20 C29 Manufacture of motor vehicles, trailers and semi-trailers 

21 C30 Manufacture of other transport equipment 

22 C31_C32 Manufacture of furniture; other manufacturing 

23 C33 Repair and installation of machinery and equipment 

24 D35 Electricity, gas, steam and air conditioning supply 

25 E36 Water collection, treatment and supply 

26 E37-E39 Sewerage; waste collection, treatment and disposal activities; materials recovery; 

remediation activities and other waste management services  
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27 F Construction 

28 G45 Wholesale and retail trade and repair of motor vehicles and motorcycles 

29 G46 Wholesale trade, except of motor vehicles and motorcycles 

30 G47 Retail trade, except of motor vehicles and motorcycles 

31 H49 Land transport and transport via pipelines 

32 H50 Water transport 

33 H51 Air transport 

34 H52 Warehousing and support activities for transportation 

35 H53 Postal and courier activities 

36 I Accommodation and food service activities 

37 J58 Publishing activities 

38 J59_J60 Motion picture, video and television programme production, sound recording and music 

publishing activities; programming and broadcasting activities 

39 J61 Telecommunications 

40 J62_J63 Computer programming, consultancy and related activities; information service activities 

41 K64 Financial service activities, except insurance and pension funding 

42 K65 Insurance, reinsurance and pension funding, except compulsory social security 

43 K66 Activities auxiliary to financial services and insurance activities 

44 L68 Real estate activities 

45 M69_M70 Legal and accounting activities; activities of head offices; management consultancy 

activities 

46 M71 Architectural and engineering activities; technical testing and analysis 

47 M72 Scientific research and development 

48 M73 Advertising and market research 

49 M74_M75 Other professional, scientific and technical activities; veterinary activities 

50 N Administrative and support service activities 

51 O84 Public administration and defence; compulsory social security 

52 P85 Education 

53 Q Human health and social work activities 

54 R_S Other service activities 

Notes: Based on the ISIC classification, manufacturing industry covers S/N 1 to 27 and service industry covers 

S/N 28 to 54. 
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