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Abstract

Addressing the large energy consumption of hotels requires an under-
standing of the factors that drive this consumption. This enquiry is crucial
for South Africa which has experienced significant strain in meeting its
domestic energy demand. This has occurred alongside increases in inter-
national tourists, adding to the pressure on already strained resources.
This paper tests hypotheses on drivers of energy consumption in hotels
using a novel panel dataset which presents daily consumption data for
22 hotels across South Africa. Findings from various specifications of the
Dynamic Random Effects Model suggest that the number of rooms in a
hotel, the services and facilities offered, and climatic conditions are strong
drivers of consumption. While the role of occupancy could not be robustly
ascertained due to severe data limitations, findings indicate that price reg-
ulation plays a significant role in curtailing electricity consumption, even
in high-end hotels. Results further suggest that in the design of guidelines
for energy efficiency in South African hotels, the energy consumption of
the facilities and services offered should be the first point of call, and the
strenuous impact of extreme weather conditions on energy consumption
needs to be factored in at the phase of building design and construction.

JEL codes: Q01, Q41, Q56
Keywords: Energy consumption, Hotels, Panel Data, Dynamic Ran-

dom Effects, Tourism

1 Introduction

Energy — its consumption, production, and distribution — has attracted a lot of
attention in the global literature, especially as it relates to sustainable develop-
ment and the heightened threat of global warming. For developing countries,
this energy concern is more pertinent as their energy sectors are crippled by
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limits in their production and distribution framework. This research is moti-
vated by the current (2015) energy constraints in South Africa. Within the
last decade, the nation has experienced severe energy challenges. Not long af-
ter a major crisis in 2008, the nation experienced a severe energy crisis which
generated widespread attention as the electricity public utility, Eskom, strug-
gled to meet the energy demand of South Africa’s population (Inglesi & Pouris,
2010; Nicolson, 2014; Longmann, 2015; SAnews.gov, 2015; The Times Editor-
ial, 2015). To adequately address this challenge from the demand side, a proper
investigation into the drivers of energy consumption is crucial.

Various studies have been done in the past to understand resource con-
sumption of residential, commercial and industrial buildings. These focused on
ways of improving building construction and design in line with more sustain-
able frameworks, also assessing where human activities can be modified with
or without building renovations and modifications (see Eichen & Tukel, 1982;
Santamouris, Dascalaki, Balaras, Argiriou & Gaglia, 1994; Crawley, Lawrie,
Winkelmann, Buhl, Huang, Pedersen, Strand, Liesen, Fisher, Witte & Glazer,
2001; Palanichamy & Sundar Babu, 2005; Xuchao, 2007; Petersen, Shunturov,
Janda, Platt & Weinberger, 2007; Pérez-Lombard, Ortiz & Pout, 2008; Rodgers
& Bartram, 2011; Crous, 2012; Delmas & Lessem, 2014; Lü, Lu, Kibert &
Viljanen, 2015). Research targeted at resource consumption in tourist accom-
modation establishments is, however, sparse. This is not satisfactory given that
these establishments are high resource consumers, with tourism accommodation
having one of the highest environmental impacts of all subsectors in the tourism
sector (Gössling, 2002; UNWTO-UNEP-WTO, 2008; Perch-Nielsen, Sesartic &
Stucki, 2010). In South Africa especially, the tourism sector as a whole has
experienced a significant growth surge since 1994, with an increase in foreign
visitors arrivals from about 3 million in 1993 to over 10.3 million at the end of
2010 (National Department of Tourism, 2011). This figure is forecast to reach
at least 11.75 million by 2017 (PwC, 2013). While this growth has positive
implications for the economy in terms of national income and job creation, the
attendant implications for the already stressed resources of the country cannot
be ignored.

This study investigates hotel energy consumption using a novel panel dataset
which presents daily energy consumption data for hotels across South Africa.
The data is an unbalanced panel, made up of actual consumption figures for
certain hotels in South Africa for periods ranging from four months to sixty-six
months. Specifically, the paper estimates the role of building characteristics,
geography and climatic conditions in determining consumption, and attempts
to model the relationship between occupancy and consumption.

The rest of the paper is structured as follows: the second section explores ex-
tant literature on energy consumption in tourist accommodation establishments.
The key drivers of energy consumption in these establishments as identified in
the global body of literature are indicated and discussed, locating the objectives
and findings of this paper within the overarching global knowledge landscape.
The details of the dataset used statistical characteristics of hotels in the dataset
are discussed in the Sections 3 and 4, while the hypothesis tested and analysis
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techniques used are discussed in Section 5. The results of empirical analysis are
detailed and discussed in Sections 6 and 7, and based on the findings, conclu-
sions and policy recommendations on the focus of energy saving and efficiency
activities are made in Section 8.

2 Drivers of hotel energy consumption as iden-

tified in the literature

Various researchers have in the past attempted to quantitatively isolate the fac-
tors that drive energy consumption in hotels and other tourist accommodation
establishments (see Table 1 for a list of such literature). For some researchers
this objective was pursued as a primary objective, for others, it was as ancillary
objective. The majority of these studies were conducted after the year 2000,
with only four studies carried out prior to 2000 as identified from a detailed
search of existing literature. This search, however, revealed that studies into
the quantitative profiling of hotels’ energy consumption are sparse and widely
spaced in terms of location and time (year).

The earliest identifiable inquiry into energy consumption in hotels was a
survey carried out by Lawson (1983) for the United Kingdom Energy Efficiency
Office, as cited by (Becken, Frampton & Simmons, 2001). The other three
studies carried out prior to 2000 were by Chow and Chan (1993), Zmeureanu
et al. (1994) and Santamouris et al. (1996). Studies carried out since 2000
are listed in Table 1 in the order of the year in which they were published.
Of key interest in this table is the column indicating the potential drivers of
energy consumption identified in the individual studies, and those found to be
significant.

A preview of the literature presented in Table 1 shows no consistency in the
factors evaluated. The method of analysis used varied between simple statistical
summaries, statistical testing and static regression analysis. The energy drivers
most frequently analysed in the literature, and found to be significant are 1)
Hotel Gross Floor Area, 2) Outdoor Weather Conditions, and 3) Occupancy.
The findings of the surveyed literature for each of the identified drivers are
discussed below.

Hotel gross floor area: Six of the nine studies reviewed evaluate the im-
pact of the Gross Floor Area (GFA) occupied by the hotel as a driver of energy
consumption, and five find it to be a significant driver of energy consumption.
Deng and Burnett (2000) express difficulty in establishing a significant rela-
tionship. In all papers, GFA was used to capture the impact of hotel size on
its energy consumption, although Deng (2003) further explains that for their
sample of hotels in Hong Kong, this relationship is driven by the “hot water
heating” component. The paper rationalises implicitly that the higher the ho-
tel’s GFA, the more guest rooms it will have, and hence, the more hot water it
will require. According to the author, “electricity used for water heating may
take up to 40% of the total energy used in a hotel in Hong Kong” (Deng, 2003:
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783).
Outdoor weather conditions: In studies which evaluated the impact of

climate/weather conditions on the energy consumption of hotels, all the studies
made use of data on the outdoor temperature where a given hotel is located. In
all studies, energy consumption fluctuates significantly with the outdoor tem-
perature and this fluctuation was attributed to the air conditioning needs of the
hotels which vary with the outdoor weather conditions.

Occupancy: From the studies surveyed, occupancy was captured either as
the number of occupied rooms, number of guests, or the occupancy rate calcu-
lated as the number of occupied rooms/beds divided by the number of available
rooms/beds. However, the studies had varying conclusions on the significance
of occupancy as a driver of energy consumption in hotels, where some were
able to show its significance and others concluded that occupancy was an in-
significant contributor to energy consumption. Wang (2012) found that the
occupancy rate was significant in predicting the energy use intensity of four of
the 19 hotels in the dataset, and Becken et al. (2001) found visitor-nights to be
a significant predictor of total energy use in hotels and motels, but not in back-
packers, or campgrounds. Trung and Kumar (2005) found from their analysis
of energy and water resource use and waste management in Vietnamese hotels
that “as the occupancy rate increases, the specific consumption decreases and
vice versa” (2005: 110), indicating a significant relationship between occupancy
and consumption.

The other studies reviewed however found occupancy to be an insignificant
driver of energy consumption in the respective hotels evaluated. The insignifi-
cance of occupancy as a driver of energy consumption as found by some of these
studies might seem counter-intuitive given that tourist accommodation estab-
lishments exist solely to accommodate guests. The primary explanation for the
insignificance of occupancy as a driver of energy consumption in hotels is that
in the majority of the hotels evaluated guest rooms were left in almost the same
condition regardless of whether or not they were occupied (Deng & Burnett,
2000: 11; Priyadarsini, Xuchao & Eang, 2009: 1322; Yao, Zhuang & Gu, 2015:
1981). Some of the authors also postulated that the data used did not allow
them to make conclusive inferences on the relationship between occupancy and
consumption (Deng & Burnett, 2000; Yao et al., 2015).

The finding from the body of literature that exists on profiling hotel energy
consumption reveals a geographical gap in the quantitative evaluation of drivers
of hotel energy consumption. Prior to the year 2000, four studies were carried
out on hotel energy consumption: in Great Britain (Lawson, 1983), Hong Kong
(Chow & Chan, 1993), Ottawa (Zmeureanu et al., 1994), and Greece (Santa-
mouris et al., 1996); and from 2000, nine studies were conducted, seven in Asia,
and two in Europe. No study was however found that evaluated the drivers of
hotels’ energy consumption on the African continent as a whole.

This paper fills this gap by making use of daily energy consumption data
for 22 hotels across South Africa to evaluate the drivers of energy, and evalu-
ates some of the drivers identified in the literature, incorporating some other
variables not evaluated but which plausibly drive consumption. One improve-
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ment of this paper over existing studies is that it makes use of more advanced
econometric methods which cater to the issue of bias, consistency, and reliability
associated with the methods used in other studies.

3 The dataset

The study used an unbalanced panel with data on hotels’ real-time energy con-
sumption, disaggregated by consumption components; climate conditions per
hotel location; energy tariff rate; and occupancy, mostly captured daily for a
period ranging from 4 months to 4 years. The final dataset was made up of
data from different sources. The energy consumption component of data is gen-
erated from smart electricity meters distributed throughout different sections in
different hotels and stored in an online server. Climate information data (tem-
perature, humidity, and rainfall) was obtained from the South African Weather
Services for the surrounding area by relating the GPS locations of individual
hotels to their closest weather station using Google Earth, and using Euclid-
ian distances in a near-analysis technique within a GIS environment. Data
on energy tariff rates was obtained from the Power-Star Energy Intelligence’s
website.

Hotels self-select into the dataset by deciding whether to have the smart me-
ters installed or not. This decision is directly influenced by when they become
aware of the product, as well as whether they are willing to incur the additional
cost of obtaining and running the meter. This biases the sample, and so no case
can be made for their representivity. While this is a limitation, the information
provided by the longitudinal nature of the dataset still presents rich information
with relevant policy implications. The choice of installations is, however, inde-
pendent of the research project and was handled strictly in a business context
a long time prior to the conception of the research project. The self-selection
process also accounts for the unbalanced nature of the data.

4 Data description

The final dataset comprises 22 hotels, with record periods between 88 and 2,127
days. There is a total of 3,034 rooms, with an average of 145 rooms and a
standard deviation of 135.2 (the range is from 15 to 641 rooms). This indicates
that hotels in the dataset are very dissimilar when compared by size.

In the dataset, there are 8 five star, 4 four star, and 7 three star hotels, and
95 percent of all hotels have at least one restaurant, a spa, and conference facil-
ities, as is typical of quality hotels worldwide. This is expected given that they
fall into the top three star grades on the grading scheme. A two-tailed t-test
was carried out to assess if there are any statistically significant differences in
the energy consumption of the hotels based on their star category, and facili-
ties available. The result of this test indicates that the mean consumption of
respective groups is statistically and significantly different, which confirms that
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assessing the impact of each of these characteristics on electricity consumption
is valuable.

A plot of the data over time for each hotel in the dataset showed that there
exists some variation in the outside temperature and humidity levels of the
hotels. It is, however, expected that the weather data for certain locations will
overlap as they get their weather information from the same weather station (as
supplied by the South African weather services). This was found to be the case
for some of the hotels, albeit the plot of the data indicates that there is enough
variation that evaluating the impact of weather elements on energy consumption
would be worthwhile.

5 Analysis technique

To meet the stated objective of this research, and in consideration of the lon-
gitudinal characteristics of the available dataset, both descriptive analysis and
econometric models using panel data methods were employed using STATA sta-
tistical software. When data has both time and cross-section dimensions, as is
the case of this dataset, panel data techniques offer superior analysis as they
allow for the exploitation of both dimensions to eliminate unobserved hetero-
geneity in the data that might otherwise bias results (Asteriou & Hall, 2011:
416). Some of the drivers of energy consumption identified from the litera-
ture (i.e. occupancy, hotel size, and climatic conditions) are evaluated within a
hypothesis testing framework.

Additional potential drivers (i.e. hotel characteristics and tariff rate) are also
controlled for and tested to evaluate their impact on energy consumption. The
hotel characteristics evaluated are the presence of conference, spa and restau-
rant facilities. A priori expectations are that the presence of these facilities will
drive consumption up significantly. The star grading and number of rooms in a
hotel are also controlled for. It is expected that establishments with higher star
gradings will have to provide higher comfort levels that require more energy,
such as extra lighting and underfloor heating), and the higher the number of
rooms, the larger the establishment size, and hence the higher its energy con-
sumption. The impact of tariff rate on consumption is also evaluated because
establishments in the dataset, as well as across South Africa, face varying tariff
structures. Also, although guests do not take energy cost into consideration in
their energy consumption behaviour, the literature, as highlighted in Section 3a,
shows that consumption is not always primarily driven by guests, but by other
hotel characteristics and by the consumption habits of hoteliers. Consequently,
the following specific hypotheses were tested:

H0_A: Hotels’ characteristics do not drive hotel energy consumption.
H1_A: Hotels’ characteristics drive hotel energy consumption.
H0_B: Climatic conditions in the hotel surrounding areas do not drive hotel

energy consumption.
H1_B: Climatic conditions in the hotel surrounding areas drive hotel energy

consumption.

6



H0_C: Energy (electricity) tariff rates do not drive hotel energy consump-
tion.

H1_C: Energy (electricity) tariff rates drive hotel energy consumption.
H0_D: Consumer-based occupancy does not drive hotel energy consumption.
H1_D: Consumer-based occupancy drives hotel energy consumption.
To test these hypotheses, the following regression equation for hotel “h” in

time period “t” was estimated:

ECht = αXi,ht + γZht + εht (1)

where EC = energy consumption in hotel; Xi = primary independent vari-
ables of interest (hotel-customer occupancy, electricity tariff rate, hotel’s char-
acteristics and surrounding climatic conditions), Z = Hotel level controls that
independently affect energy consumption, and εht is the error term in the re-
gression.

The use of daily consumption data allows for the capturing of seasonal effects
in the model specifications run. Various panel model tests were run to determine
the model best suited for the data. Given the panel nature of the dataset, a
Hausman specification test was run to determine whether the Fixed Effects
(FE) or the Random Effects (RE) model was best suited for the data. In this
test, the null hypothesis tested is that both the FE and RE models are not
correlated with other independent variables and hence would give coefficients
that are similar and as such both are acceptable. Rejecting this null hypothesis
indicates that due to the assumption of orthogonality between the RE estimator
and the regressors of the RE model, which the FE model does not assume, the
RE estimates will be biased and inconsistent, while the FE model will remain
unbiased and consistent. A Hausman specification yielded a result of 0.9994,
indicating that the null hypothesis cannot be rejected. This implies that the
assumptions of the RE model will give more consistent results.

The acceptance of the Hausman test indicates that the RE model is more
consistent than the FE model, but does not indicate whether panel components
exist in the data (i.e. that the error term is auto-correlated and homoscedas-
tic). Where no panel component exists, both the simple Pooled Ordinary Least
Squares (POLS) model and the RE model will both be efficient. The POLS
model will, however, provide a better fit for the data as fewer degrees of free-
dom are lost (Wooldridge, 2010; Asteriou & Hall, 2011). To verify that panel
effects indeed exist in the model, the RE model specification provides a better
fit for the model, the Breusch-Pagan Lagrange Multiplier (BP-LM) test, a two-
tailed test of the strict exogeneity of the regressors, is run. The result of this test
is a P-Value of 0.0000, indicating that the null hypothesis of strict exogeneity
cannot be accepted and hence, the panel model is best suited for the data.

The high-frequency occurrence of the dataset makes it plausible that auto-
correlation might be present in the data (i.e. electricity consumption at time “t”
would be correlated with electricity consumption at time “t-1”). To verify this,
the Wooldridge (2002)-Drukker (2003) test for panel data auto-correlation was
run and yielded a P-Value of 0.0000, indicating that there exists high first-order
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serial correlation in the data. Given that auto-correlation in the data would ren-
der standard models inconsistent, a Dynamic RE First Order Auto Regressive
(AR(1)) model is run instead of a simple RE model. The standardised result of
various specifications of the AR(1) model is presented in Table 2.

Considering the high frequency of occurrence of the data points, it is plau-
sible that consumption in the current time period (day t) is highly dependent
on consumption in the preceding period (day t− 1). If this characteristic exists
in the data, the standard FE and RE models will yield biased and inconsistent
results due to serial correlation. Serial correlation was hence tested for and con-
firmed in the data. A dynamic panel model that takes care of first order serial
correlation (i.e. an AR(1) panel data model) is also run to yield more robust
results. Following from Equation 1, the AR (1) model correcting for first-order
serial correlation is as follows:

ECht = ECht−1 + αXi,ht + γZht + εht (2)

where ECht−1 is the first lag of energy consumption on itself, and other
variables remain as described a priori.

For panel datasets with long time dimensions where tis allowed to increase to
infinity, such as is the case with the dataset utilised in this study, the literature
strongly suggests that the stationarity and poolability of the data be investigated
(Hsiao, 2004; Baltagi, 2008; Eberhardt & Teal, 2008). Both the Im-Peraran-
Shin (IPS) and the Fisher-type panel unit root tests are run on the dataset
used in this study, as they both account for the unbalancedness in the dataset.
Results of both tests strongly suggest that the dataset is stationary and this
result is consistent for both four and seven lag-length specifications.

Another concern associated with panel datasets with long time dimensions
is that of poolability and cross-sectional dependence. The concern for poola-
bility of the various cross-sections has to do with the assumption of the homo-
geneity of the slope coefficients of each individual cross-section (Hsiao, 2004;
Baltagi, 2008), while the concern for cross-sectional dependence relates to the
assumption of independent distribution of omitted variable effects across cross-
sections (Hsiao, 2004). The properties of parameter estimates when the as-
sumption of homogeneity and/or cross-sectional independence is violated has
been widely studied, with various tests developed to verify these assumptions,
and alternative models suggested for cases where the violation holds. Testing
for homogeneity and cross-sectional independence in the data used in this pa-
per indicated that these assumptions were violated. Two of these models that
correct for these violations in panel data are the Common Correlated Effects
Mean Group (CCEMG) developed by Pesaran (2006) and the Augmented Mean
Group (AMG) model developed by Eberhardt & Teal (2010). Various chal-
lenges1 associated with applying these models to the data used in this paper

1 Running the CCEMG model yields highly insignificant long-run estimates with very large
standard errors. The firm specific results from the regression have mostly significant coefficient
estimates but the signs on the coefficients are mostly wrong. Running the AMG model returns
conformability errors. Correspondence with the author of the code and the AMG model, as
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necessitated that the Dynamic RE model stipulated above is used for empir-
ical analysis. The reliability of this model despite the questionability of the
homogeneity assumption is supported by Baltagi (2008) who, after reviewing
key studies on the poolability of panel time-series data, concludes that “the
consistent finding in all these studies is that homogenous panel data estimators
perform well in forecast performance mostly due to their simplicity, their parsi-
monious representation and the stability of the parameter estimates” (Baltagi,
2008: 224).Consequently, the Dynamic RE model, with correction for AR(1)
disturbances using the Durbin-Watson correction for Auto-Correlation, is used
for this study.

Due to severe limitations with the data on occupancy for the hotels, the
Dynamic RE model is not used to test the hypothesis on occupancy: simpler
models are used, and the limitations and model descriptions are discussed in
the results section. All empirical results are discussed in the next section.

6 Panel data results

The standardised results of running the Dynamic RE Auto Regressive Model
with one lag (AR1 Model) detailed above is presented in Table 2. To make
recommendations for policy and practice, it is necessary to compare the sizes
and significance of each of the dependent variables. The standardisation of the
results reported in Table 2 allows for comparability of the coefficients despite the
variance in their units of measurement (non-standardised results are reported
in Table A.1 of Appendix A). These results indicates that ceteris paribus, hotel
characteristics — captured by its star grading, number of rooms, and facilities
offered — are significantly the most important determinants of consumption in
hotels. This is followed by the electricity billing cost and characteristics, and
then by weather conditions. A detailed analysis of the regression results follows,
according to the variable of interest.

6.1 Climatic conditions and energy consumption

The role of climatic conditions in energy consumption in hotels is evaluated
for three variables: temperature, humidity and rainfall. A “seasons” variable
is constructed using the “month” variable in the dataset. South Africa is in
the southern hemisphere, where summer is between December and February.
However, “One finds disagreement on the starting dates of the seasons at both
the scientific and the lay level. There are however three basic ways in which
starting dates may be assigned. South Africa does not really experience four
distinct seasons. Throughout South Africa the transitional seasons of Autumn
and Spring tend to be very short. Most analysis of climate is done using the

well as the STATA codes for AMG and CCEMG models (Markus Eberhardt) has indicated
that the AMG and CCEMG models are not suitable for this dataset because the high frequency
of the data results in the problem of volatility clustering.
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assumption that January is mid-summer and July is mid-winter” (South Africa
Weather Services, 2015).

Based on the above, a four-season variable was constructed for analysis,
with autumn falling between March and May, winter between June and August,
spring between September and November, and summer between December and
February.

A two-season variable was also constructed by aggregating summer and
spring into one “summer” dummy, and autumn and Winter into one “winter”
dummy. In all panel regression specifications in Table 2 where a variable for
season is included (specifications 2 and 5), the variable capturing “seasons” is
significant for both the two-season and the four-season specifications, indicat-
ing that the energy consumption does vary by season. From specification 2,
the coefficient on the dummy season variable indicates that energy consump-
tion is significantly lower in winter than in summer, ceteris paribus. The four
season categorical variable in specification 5 indicates that energy consumption
is higher in summer than in autumn, and lower in winter and spring than in
autumn.

The regression results in Table 2 are further specified based on seasons.
While specification 1 (column 1) does not control for seasons, specifications 2
and 5 control for the dummy season and the categorical season variable respec-
tively. Specifications 3 and 4 report results for regressions restricted to the
dummy summer and winter seasons respectively. Specifications 6, 7, 8, and 9
similarly restrict the regressions to autumn only, winter only, spring only, and
summer only respectively.

Temperature and Energy Consumption: In the literature, results have
shown that the outdoor atmospheric temperature significantly affects a build-
ing’s energy consumption, primarily through Heating, Ventilation and Air Con-
ditioning (HVAC) (Shiming & Burnett, 2002; Priyadarsini et al., 2009). The
results of the repression of daily energy consumption (in kWh) on average daily
outdoor temperature (in

◦

C), as shown in Table 2, indicates that, holding all
else constant, increases in the average outdoor temperature has a highly signif-
icant causal impact on energy consumption in the hotels in the dataset. This
impact also varies highly with seasonality.

Results from specifications 1, 2, and 5 indicate that irrespective of the season,
temperature has a positive and significant causal effect on energy consumption
in the hotel buildings in the dataset, ceteris paribus. However, when the data is
restricted to specific seasons, the sign of the temperature effects become negative
but still significant in winter, irrespective of whether a two-season or four-season
control is used.

These results are consistent with anecdotal expectations given that it would
be expected that as temperature rises in summer, the air conditioning systems
in buildings will have to work harder to bring indoor temperatures down to
comfortable levels, hence the positive and significant result. In winter, however,
temperatures are generally low and hence buildings require the heating system
to increase the temperature to comfortable levels. Consequently, rising temper-
atures in winter mean that heating systems would not need to work as hard,
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leading to a decrease in energy consumption, hence the negative coefficients
observed in winter. The results for autumn and spring also follow anecdotal
expectations where it would be expected that the HVAC systems do not need
to work as hard as in the extreme seasons of winter and summer, as such,
the impact of temperature should be lower, if not minimal, compared with the
extremes.

Relative Humidity and Energy Consumption: Interpretation of the
coefficients of relative humidity must be done with care as the definition of
relative humidity is dependent on external factors. Mackintosh (2001) gives a
straightforward definition of relative humidity as “a measure of the water vapor
content of the air at a given temperature. The amount of moisture in the air
is compared with the maximum amount that the air could contain at the same
temperature and expressed as a percentage.”

Following this definition, it can be inferred that as the temperature goes
down, the relative humidity goes up, and vice versa, given that there is no
change in the moisture content (Hardwick Jones, Westra & Sharma, in press;
Mackintosh, 2001; Jenkins, 2005; Lawrence, 2005; Skilling, 2009). Anecdotal
evidence would suggest that the moister the air, the lower the evaporation rate,
and as such, the warmer the outdoor and indoor “temperature feel”. If this
is indeed the case, results of the regression of energy consumption on relative
humidity will be expected to follow the same pattern as that for temperature.
Specifications 6 to 9 in Table 1 show that this is indeed the case: the sea-
sonal coefficients of humidity and temperature have the same sign, although the
significance levels differ.

Rainfall and Energy Consumption: The impact of rainfall on energy
consumption in buildings would be expected to affect building energy consump-
tion via its impact on the outdoor moisture content, outdoor temperature, and
occupancy. Although the specifications in Table 2 do not control for build-
ing occupancy, the coefficient of rainfall in most specifications (1 to 5, 8, and
9) indicate that after controlling for the outdoor temperature and relative hu-
midity, rainfall has a positive and significant impact on energy consumption in
buildings.

6.2 Energy consumption and tariff rates

The energy (electricity) tariff rate in South Africa varies with the billing utility
in charge of the area in which an entity is located and the tariff scheme such an
entity faces. The tariff schemes are dependent on various factors, including, but
not restricted to, the property use (i.e. residential, commercial, industrial or
charity) and the average consumption of the property. The tariff rate faced by
an entity is typically broken down into a service charge, an energy charge, and a
demand charge. These fees change every 6 months. However, this categorisation
is not consistent across all tariff schemes: some tariff schemes apply all three
charges, some apply the service charge and the energy charge, while others
apply the demand charge and energy charge. This variation in the charge type
imposed exists in this dataset, as such only the cost figures for the energy charge
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is included in the regression specifications in Table 2. The energy charge is also
preferred for capture of the impact of cost because whereas the service charge
is a fixed charge payable per utility account (irrespective of consumption), and
the demand charge is a seasonally differentiated fee (based on the peak energy
demand registered during the month), the energy charge is a fixed charge directly
dependent on the consumption per month. It is thus a more direct reflection of
the direct cost of consumption. However, to capture the effect of the demand
charge and service charges, a dummy variable is created for each charge type,
and takes on the value of one if the establishment faces the charge type, and
zero if it does not.

The regression results in Table 2 indicate that the energy charge is a negative
and highly significant driver of consumption across all model specifications. It
also reflects that this effect is higher in summer when temperatures are high
and tourist inflow into the country is high, as opposed to winter. Table 2 also
shows that imposition of a demand charge to check peak consumption and load
of establishments is effective in driving down consumption. The service charge,
which does not vary with consumption, returns insignificant coefficients, as is
expected.

Some tariff schemes are billed on a time-of-use (TOU) basis and this is
captured by a dummy that equals one if the hotel faces a time-of-use tariff
scheme and zero otherwise. Typically, a TOU scheme implies that three different
tariff rates apply to the customer depending on the time of the day: peak, off-
peak and standard rates. The timing for these rates can vary with the billing
utility implementing them. A quarter (25%) of the hotels in the dataset are
billed on a TOU basis. In Table 2, the coefficient on the TOU variable is
negative and insignificant in all regression specifications, suggesting that this
system is not effective in curtailing consumption in hotels in this dataset.

6.3 Hotel characteristics and energy consumption

Hotel characteristics in the dataset are captured by the availability of spa, con-
ference, or restaurant facilities in the hotel, the star-grading of the hotel, and
the number of guest rooms. The coefficients on the facilities offered by the ho-
tel are highly significant in the majority of the regression specifications. The
results indicate that, as expected, the presence of a spa and conference facilities
increases the energy consumption of the hotel, ceteris paribus. The coefficient is,
however, negative for the variable capturing availability of a restaurant facility.
This result is puzzling, but the unexpected sign can be attributed to the fact
that in the dataset, only one of the hotels does not have a restaurant. Hence,
the 20:1 ratio biases the result and yields the implausible coefficient.

Similarly, the coefficient of the “number of guest rooms” variable follows
the expected sign in all regression specifications, indicating that holding all else
constant, the larger the hotel in terms of number of guest rooms, the larger its
electricity consumption. The coefficients on the star-grading categorical vari-
able, however, indicate that there is no significant difference between the energy
consumption of three- and four-star graded hotels, but five-star graded hotels
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consume significantly more electricity.

6.4 Energy consumption and occupancy rates

Anecdotally, it is assumed, by both stakeholders in tourism accommodation and
the layman, that guest occupancy of tourism accommodation will drive energy
consumption as the energy they utilise is on account of these guests. However,
as seen in the literature review, some studies in the past have indicated that
this might not be the case (Priyadarsini et al., 2009). Results of the empirical
regression of energy consumption in hotel buildings are presented in Table 4
in Appendix 1. The dataset used in these regressions differ from that used
in the regressions in Table 2 in that the number of hotels is limited to four
as opposed to 22 used in previous regressions. This data limitation is due to
hotels’ reluctance to release confidential “occupancy information”. Although
the dataset is a daily unbalanced panel, results of a Hausman Specifications
test and a Breusch-Pagan Lagrange multiplier test for panel effects suggest that
the dataset lacks enough characteristics to be analysed as a panel. This is due
to the homogeneity in the stations that provide the weather data for three of
the four hotels, resulting in very little variation in the climate variables. The
results of POLS regressions run on this data was hence highly inconsistent and
inconclusive.

To further investigate the impact of occupancy (in particular) on consump-
tion, separate model specifications (not shown or discussed here) using indi-
vidual time-series Autoregressive Distributed Lag (ARDL) models were run for
each of the four hotels, and the Granger causality of the occupancy, temperature,
and energy charge variables, respectively, were evaluated to ascertain the signifi-
cance/usefulness of each variable in predicting energy consumption. The results
are not very conclusive as in three of the four hotels, occupancy is a significant
predictor of consumption and in another three of the four hotels, temperature is
not significant in predicting consumption. The energy charge variable does not
vary for one of the hotels, and is hence omitted, but is significant in predicting
consumption in all but one of the three other hotels.

Furthermore, when an ARDL (1,0) model of energy consumption on oc-
cupancy, temperature, and energy charge is run for each individual hotel, the
occupancy variable returns a positive and significant coefficient in three of the
four hotels. In the fourth hotel, the coefficient is positive but insignificant.
When comparing the sizes of the independent variables run, the temperature
variable outperforms occupancy in all four hotels evaluated. The results of the
ARDL (1,0) model as well as the Granger Causality tests suggest that occu-
pancy can be a useful predictor of energy consumption in the majority of the
four hotels, and that the relationship between the two variables is positive.
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7 Discussion

Results of the data analysis indicates that hotel characteristics captured by star
grading, number of rooms, and facilities offered are significantly the most impor-
tant determinants of consumption in hotels. This is followed by the electricity
billing cost and characteristics, and then by weather conditions.

The general implication for policy is that in addressing electricity demand
and consumption management in hotels, especially quality hotels, focus should
first be directed at the facilities and services offered on the hotel’s premises.
The result in Table 2 indicates that a hotel with more rooms will consume
more electricity than a hotel of the same characteristics, but with fewer rooms.
Similarly, the presence of a spa, conference facilities or a restaurant significantly
increases the energy consumption of that hotel. The implication of this for
hotel managers and administrators is that conscious attention needs to be given
to the energy consumption activities of these facilities to assess opportunities
for consumption reduction. This could be in the form of the installation of
more energy-efficient devices in these facilities or behavioural modification in
the routine processes of these activities. An example would be the installation of
smaller stoves in restaurant kitchens which consume less energy. These smaller
stoves can be used when customer numbers are low as opposed to powering
up a big stove to service low customer numbers. Another example involving
behaviour change would be for a hotel that offers conference services to ensure
that the conference venue is not left in a constant ready state, but turned down
completely whenever it is not in use. This would apply mostly to establishments
which keep their conference venues in a ready state (with the lights and air
conditions in full swing) even at the close of day of a conference so that the
following day, minimal work needs to be done to ready the conference venue.

Evidence is also provided of the significance of tariff in curtailing consump-
tion at these hotels. While the role of electricity pricing on tourism accommoda-
tion energy consumption has not been adequately investigated in the literature,
the result of this paper is consistent with the findings in the household sector
where electricity tariff rates have been shown to be negatively associated with
energy consumption (Boonekamp, 2007). This indicates that the country’s en-
ergy utility can exploit electricity pricing to curtail the electricity consumption
habits of the industry. An example of this would be the implementation of price
discrimination based on energy use intensity. In such a situation, a higher energy
use intensity would attract a higher electricity tariff rate and vice versa. This
would encourage establishments to implement energy efficiency and conserva-
tion measures so as to be able to approach Eskom with indications of improved
energy use intensities in order to take advantage of lower tariff rates. This ex-
ample presupposes the existence of an industry energy consumption/efficiency
benchmark which can be developed in conjunction with the Tourism Grading
Council.

The role of weather was also investigated and although its impact on energy
consumption does not appear to be very pronounced, there is overwhelming evi-
dence of the variation in consumption by seasons, especially when comparing the
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seasonal extremes of winter and summer to the more ambient seasons of autumn
and spring. This suggests that in the design and construction of tourism ac-
commodation establishments, in addition to functionability and guest comfort,
owners and managers should take into consideration green building standards
that cater to the impact of extreme weather conditions (see Vierra (2014) for
details of various global green building standards). Also, the ARDL (1,0) model
used to evaluate the impact of occupancy provides useful insight into the role
of occupancy as a driver of energy consumption in hotels. While these results
have limited interpretations given the time-series nature of the dataset used,
they do indicate that occupancy can be a positive, significant driver of energy
consumption, although the outdoor temperature is often a stronger driver of
consumption.

8 Conclusions and recommendations

This study set out to provide an understanding of energy consumption in South
African hotels by profiling the factors that contribute to consumption using an
unbalanced panel dataset, made up of actual consumption figures for certain
hotels in South Africa for periods ranging from 4 months to 66 months. Specif-
ically, the paper intended to evaluate the role of building characteristics, elec-
tricity tariffs and climatic conditions in determining consumption, and model
the relationship between occupancy and consumption. The evaluation of re-
sults from a Standardised Dynamic Random Effects model following an AR(1)
process indicates that in policy and practice design for demand side manage-
ment of energy (especially electricity) resources at hotels, the details of the
energy consumption of the facilities and services offered at the hotel should be
the first point of call. Also, a hotel with more guest rooms will consume more
electricity than one with fewer.

Also of importance is the energy consumption during different seasons. The
variation in the results by season indicates that seasonality should be accounted
for in policies that aim to address energy consumption, even in a country such
as South Africa where the four seasons are not so distinct. The implication
for building design lies in the need to factor in the strain on energy resources
during extreme weather, at the phase of building design and construction. The
role of tariff rates in regulating consumption is also highlighted: price regulation
plays a significant role in curtailing consumption of electricity, even in high-end
hotels. The evaluation of the price elasticities in further studies will shed more
light on the role of prices, and also how such prices can be manipulated in policy
to maximise their impact of consumption behaviour.

Although severe data limitations with occupancy limit analysis of the role of
occupancy in the electricity consumption of the hotels in the dataset as robustly
as other variables, the findings from the models employed indicates that occu-
pancy can be a positive, significant driver of energy consumption, although the
outdoor temperature is often a stronger driver of consumption. However, given
that this occupancy hypothesis was unable to be fully and robustly tested, the
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ability to make conclusive inferences is limited. This however poses an oppor-
tunity for future research endeavours.
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Table 1: Literature on drivers of hotel energy consumption 
 

Author(s) Year of 
Publica

tion 

Location of 
Sample 

Method of Analysis Sample 
Size 

Drivers Evaluated Significant Drivers Identified 

Deng & 
Burnett  

2000 Hong-Kong Statistical Summaries 
and Multiple Regression 

16 Year of Construction, Occupancy, Gross Floor Area 
(GFA), Outdoor temperature, Hotel Class (i.e. Star 
Grading), No. of Guest Rooms, No. of Restaurants 

Outdoor temperature. 

Becken et al.  2001 New-Zealand ANOVA, Multiple 
Regression 

120 Floor space, visitor nights, capacity. Visitor Night, Capacity, and 
Floor Space (depending on 
accommodation type1). 

Shiming & 
Burnett  

2002 Hong-Kong Regression Analysis 16 Outdoor Temperature, No. of Guests, No. of Food 
covers. 

Outdoor Temperature, No. of 
Guests. 

Deng 2003 Hong-Kong Statistical Summaries 
and Regression Analysis 

36 GFA, No. of Guest Rooms, No. of Guests, No. of 
Food Covers.  

GFA 

Trung & 
Kumar  

2005 Vietnam Statistical Summaries 50 End Use Activities (i.e. Lighting, Heating, 
Ventilation and Air Conditioning (HVAC), Water 
Heating, Other). 

In order of contribution: 
HVAC, Lighting, Water 
Heating, Other. 

Bohdanowicz 
& Martinac  

2007 Hilton 
International and 
Scandic Hotels in 
Europe 

Multiple Regression 
Analysis 

184 Year of Construction, GFA, Services and Facilities 
(e.g. HVAC, Jacuzzi, Spa, Pool), Outdoor 
Temperature, Guest Room Occupancy (i.e. guest 
nights sold), In-house laundry load. 

GFA, Guest Room Occupancy, 
No. of Food Covers, Outdoor 
Temperature. 

Priyadarsini et 
al.  

2009 Singapore Regression Analysis, 
ANOVA, Pearson 
correlations 

29 GFA, Number of Guest Rooms, Outdoor 
Temperature and Humidity, Worker Density, 
Occupancy rate, Star Rating, Number of years after 
last retrofit, Number of Floors, Standard Guest 
Room size, Frequency of Energy Audit, Building 
Age, Building Management System (BMS) used. 

GFA, Star Rating, Outdoor 
Temperature Worker Density, 
Number of years after last 
retrofit, Number of Floors, 
Standard Guest Room size, 
Frequency of Energy Audit. 

Wang  2012 Taiwan Multiple Regression, 
Pearson Correlation, 

19 GFA, Room Rate, Occupancy rate, No. of floors, 
Total Revenue, No. of Rooms, Year of Construction, 
Average Room Rate, Hotel Location 

GFA, No. of guest rooms, 
Occupancy, Average Room 
Rate. 

Yao et al. 2015 Shanghai Summary Statistics and 
descriptive analysis 

45 Hotel Class, Outdoor temperature, Occupancy. Outdoor temperature. 

 
  

                                                           
1 For hotels, only Visitor Nights and floor space were found to be significant.  
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Table 2: Standardised AR1 Regressions for All Hotels 
 No control for 

seasons 
Two Seasons 
 Dummy 

Summer  
Dummy 

Winter  
Dummy 

Four Seasons  
Variable 

Autumn only Winter only Spring only Summer only 

Average Temperature in °C  0.00 0.00 -0.01 0.01 0.00 0.02 -0.00 0.00 -0.01 
 (3.06)*** (2.94)*** (3.37)*** (6.37)*** (2.88)*** (7.33)*** (1.10) (1.52) (6.39)*** 
Relative Humidity in %  0.00 0.00 -0.00 0.00 0.00 0.00 0.00 0.00 -0.00 
 (0.71) (0.76) (1.66)* (2.32)** (0.79) (1.60) (0.98) (0.15) (2.03)** 
Rainfall in mm  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.00 
 (4.14)*** (4.18)*** (4.26)*** (1.71)* (4.18)*** (1.14) (1.06) (3.06)*** (2.82)*** 
Energy Charge in C/kWh  -0.10 -0.10 -0.13 -0.10 -0.10 -0.12 -0.10 -0.14 -0.12 
 (6.18)*** (6.31)*** (5.84)*** (4.85)*** (6.41)*** (3.47)*** (4.12)*** (5.69)*** (3.75)*** 
Time of Use Dummy  -0.14 -0.14 -0.17 -0.13 -0.14 -0.17 -0.12 -0.10 -0.14 
 (1.24) (1.23) (1.48) (1.18) (1.24) (1.35) (1.09) (0.88) (1.13) 
Service Charge Dummy  -0.03 -0.03 -0.04 -0.03 -0.03 -0.04 -0.02 -0.06 -0.03 
 (0.24) (0.24) (0.32) (0.22) (0.24) (0.29) (0.19) (0.48) (0.29) 
Demand Charge Dummy  -0.06 -0.06 -0.13 -0.06 -0.07 -0.11 -0.05 -0.14 -0.10 
 (2.58)*** (2.60)*** (2.51)** (2.07)** (2.66)*** (1.68)* (1.79)* (2.67)*** (1.24) 
Conference Facility Dummy  0.28 0.28 0.29 0.29 0.28 0.32 0.28 0.22 0.28 
 (1.92)* (1.92)* (2.01)** (1.92)* (1.92)* (2.00)** (1.91)* (1.52) (1.88)* 
Spa Facility Dummy  0.24 0.24 0.23 0.25 0.24 0.27 0.24 0.22 0.23 
 (2.32)** (2.32)** (2.26)** (2.37)** (2.31)** (2.41)** (2.39)** (1.98)** (2.24)** 
Restaurant Dummy  -0.13 -0.13 -0.12 -0.13 -0.13 -0.13 -0.13 -0.09 -0.12 
          
Star Grading:    (Omitted)      
Three-Star  (2.09)** (2.08)** (2.06)** (2.10)** (2.08)** (2.10)** (2.13)** (1.53) (2.02)** 
Four-Star -0.22 -0.22 -0.21 -0.21 -0.22 -0.23 -0.22 -0.18 -0.21 
 (0.73) (0.73) (0.71) (0.70) (0.73) (0.71) (0.74) (0.52) (0.70) 
Five-Star 0.79 0.79 0.76 0.81 0.79 0.82 0.78 0.45 0.76 
 (3.03)*** (3.03)*** (2.98)*** (3.05)*** (3.03)*** (2.95)*** (3.05)*** (1.61) (2.93)*** 
Number of Rooms  0.40 0.40 0.41 0.39 0.40 0.40 0.39 0.55 0.40 
 (2.96)*** (2.96)*** (3.10)*** (2.87)*** (2.97)*** (2.77)*** (2.93)*** (3.94)*** (2.96)*** 
0 if Summer; 1 if Winter  0.02        
  (4.19)***        
Season:          
Autumn    (Omitted)      
Winter     -0.02     
     (2.58)**     
Spring     -0.04     
     (4.74)***     
Summer     -0.04     

     (4.10)***     
Constant -0.45 -0.46 -0.45 -0.45 -0.43 -0.43 -0.44 -0.33 -0.46 
 (2.07)** (2.12)** (2.15)** (2.02)** (1.96)** (1.88)* (2.09)** (1.37) (2.13)** 
N 20,845 20,845 10,194 10,651 20,845 5,593 5,058 4,867 5,327 

* p<0.1; ** p<0.05; *** p<0.01; Standard errors in parentheses. 
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APPENDIX A: Further Regression Results 
 

Table A.1: Non-Standardised AR1 Regressions for All Hotels 

 No control for 
seasons 

Two Season 
Dummy 

Summer 
Dummy 

Winter 
Dummy 

Four Seasons 
Variable 

Autumn only Winter only Spring only Summer only 

Average Temperature in °C  9.23 8.88 -11.70 31.12 8.68 54.53 -6.91 8.42 -28.32 
 (3.06)*** (2.94)*** (3.37)*** (6.37)*** (2.88)*** (7.33)*** (1.10) (1.52) (6.39)*** 
Relative Humidity in %  0.30 0.32 -0.80 1.62 0.33 1.87 0.78 0.11 -1.25 
 (0.71) (0.76) (1.66)* (2.32)** (0.79) (1.60) (0.98) (0.15) (2.03)** 
Rainfall in mm  3.50 3.53 3.82 2.57 3.54 4.05 1.54 4.30 3.25 
 (4.14)*** (4.18)*** (4.26)*** (1.71)* (4.18)*** (1.14) (1.06) (3.06)*** (2.82)*** 
Energy Charge in C/kWh  -30.45 -30.83 -40.48 -30.45 -31.11 -35.24 -29.56 -43.61 -37.70 
 (6.18)*** (6.31)*** (5.84)*** (4.85)*** (6.41)*** (3.47)*** (4.12)*** (5.69)*** (3.75)*** 
Time of Use Dummy  -3,038.01 -3,021.76 -3,677.56 -2,967.81 -3,035.51 -3,757.61 -2,634.34 -2,243.50 -3,145.53 
 (1.24) (1.23) (1.48) (1.18) (1.24) (1.35) (1.09) (0.88) (1.13) 
Service Charge Dummy  -1,127.94 -1,149.66 -1,470.39 -1,066.85 -1,139.77 -1,471.90 -889.01 -2,281.60 -1,365.20 
 (0.24) (0.24) (0.32) (0.22) (0.24) (0.29) (0.19) (0.48) (0.29) 
Demand Charge Dummy  -1,312.62 -1,317.07 -2,626.00 -1,255.68 -1,340.62 -2,256.22 -1,061.34 -2,922.02 -2,146.54 
 (2.58)*** (2.60)*** (2.51)** (2.07)** (2.66)*** (1.68)* (1.79)* (2.67)*** (1.24) 
Conference Facility Dummy  12,879.85 12,871.74 13,187.75 13,093.46 12,854.49 14,469.65 12,584.71 9,984.78 12,923.61 
 (1.92)* (1.92)* (2.01)** (1.92)* (1.92)* (2.00)** (1.91)* (1.52) (1.88)* 
Spa Facility Dummy  5,572.04 5,554.21 5,293.41 5,771.08 5,532.60 6,198.14 5,625.86 5,048.40 5,364.35 
 (2.32)** (2.32)** (2.26)** (2.37)** (2.31)** (2.41)** (2.39)** (1.98)** (2.24)** 
Restaurant Dummy  -14,590.85 -14,544.38 -14,035.99 -14,858.92 -14,491.17 -15,612.85 -14,635.61 -10,538.25 -14,159.34 
 (2.09)** (2.08)** (2.06)** (2.10)** (2.08)** (2.10)** (2.13)** (1.53) (2.02)** 
Star Grading:          
Three-Star     (Omitted)      
Four-Star -2,134.53 -2,135.33 -2,035.16 -2,082.28 -2,134.03 -2,236.99 -2,123.87 -1,739.00 -2,062.89 
 (0.73) (0.73) (0.71) (0.70) (0.73) (0.71) (0.74) (0.52) (0.70) 
Five-Star 7,707.36 7,712.22 7,391.79 7,887.23 7,715.79 8,015.28 7,609.94 4,400.06 7,418.66 
 24.29 24.33 24.77 23.92 24.37 24.16 23.51 33.32 24.13 
Number of Rooms  (2.96)*** (2.96)*** (3.10)*** (2.87)*** (2.97)*** (2.77)*** (2.93)*** (3.94)*** (2.96)*** 
 (3.03)*** (3.03)*** (2.98)*** (3.05)*** (3.03)*** (2.95)*** (3.05)*** (1.61) (2.93)*** 
0 if Summer; 1 if Winter  226.05        
  (4.19)***        
Season:          
Autumn    (Omitted)      
Winter     -200.96     
     (2.58)**     
Spring     -376.15     
     (4.74)***     
Summer     -354.18     
     (4.10)***     
Constant 5,808.04 5,706.37 7,526.73 5,219.39 6,046.79 5,516.19 6,011.44 7,059.70 7,525.08 
 (1.11) (1.09) (1.46) (0.98) (1.16) (0.97) (1.15) (1.30) (1.39) 
N 20,845 20,845 10,194 10,651 20,845 5,593 5,058 4,867 5,327 

* p<0.1; ** p<0.05; *** p<0.01; Standard Errors in Parentheses. 
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Table A.2: POLS Regressions for four hotels in the dataset 

 
No control 
for seasons  

Four 
Seasons 
Variable 

Two Season 
Dummy 

Summer 
Dummy 

Winter 
Dummy 

Autumn 
only 

Winter only Spring only Summer 
only 

Occupancy rate (%) -4.03 -4.03 -3.86 -13.58 3.56 0.36 6.92 -34.70 1.90 
 (2.71) (14.20) (15.85) (25.26) (8.28) (1.22) (5.63) (51.29) (3.58) 
Average Temperature 205.79 205.79 212.00 133.36 238.01 257.66 236.69 71.67 165.78 
 (23.84)*** (240.91) (207.49) (154.61) (220.83) (281.64) (297.54) (65.56) (203.99) 
Relative Humidity (%) 22.32 22.32 22.78 10.26 28.91 34.30 26.73 4.97 10.68 
 (3.89)*** (29.82) (27.92) (16.25) (34.90) (40.37) (34.70) (8.57) (17.12) 
Rainfall in mm -5.85 -5.85 -6.07 -3.40 -11.50 -49.32 -7.37 -9.44 3.14 
 (5.33) (6.64) (6.11) (4.76) (13.01) (67.14) (10.48) (8.98) (8.71) 
Energy charge(c/kWh) -46.17 -46.17 -46.00 -45.37 -45.81 -37.76 -52.62 -40.91 -46.24 
 (1.83)*** (23.49) (23.75) (21.79) (24.68) (23.82) (22.03) (14.98) (22.78) 
Time of use dummy -3,940.80 -3,940.80 -3,950.43 -3,678.25 -4,238.70 -5,106.33 -3,364.70 -3,685.86 -3,659.52 
 (79.71)*** (1,367.85) (1,333.53)* (1,274.87) (1,354.83)* (1,306.04)* (1,606.57) (994.04)* (1,439.67) 
Season:          
Autumn          
Winter -178.69 -178.69        
 (211.87) (981.71)        
Spring -246.16 -246.16        
 (150.05) (828.20)        
Summer -110.10 -110.10        
 (189.73) (1,045.33)        
0 if Summer; 1 if Winter   76.21       
   (361.82)       
Constant 8,258.70 8,258.70 7,929.35 10,603.49 6,670.94 6,008.93 6,692.44 13,341.53 9,038.07 
 (628.39)*** (3,338.04) (1,839.63)** (481.70)*** (3,399.31) (5,951.92) (4,350.50) (4,028.44)* (1,798.85)** 
R2 0.49 0.49 0.49 0.48 0.50 0.53 0.46 0.52 0.47 
N 4,307 4,307 4,307 2,161 2,146 1,136 1,010 1,069 1,092 
 

* p<0.1; ** p<0.05; *** p<0.01; Robust Standard Errors in Parentheses; All standard errors are clustered by hotel identity unless otherwise stated. 
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