Environmental and Resource Economics (2020) 76:885-900
https://doi.org/10.1007/s10640-020-00467-4

®

Check for
updates

Real-Time Estimation of the Short-Run Impact of COVID-19
on Economic Activity Using Electricity Market Data

Carlo Fezzi'*® - Valeria Fanghella'

Accepted: 9 July 2020 / Published online: 4 August 2020
© The Author(s) 2020

Abstract

In response to the COVID-19 emergency, many countries have introduced a series of
social-distancing measures including lockdowns and businesses’ shutdowns, in an attempt
to curb the spread of the infection. Accordingly, the pandemic has been generating
unprecedented disruption on practically every aspect of society. This paper demonstrates
that high-frequency electricity market data can be used to estimate the causal, short-run
impacts of COVID-19 on the economy, providing information that is essential for shaping
future lockdown policy. Unlike official statistics, which are published with a delay of a few
months, our approach permits almost real-time monitoring of the economic impact of the
containment policies and the financial stimuli introduced to address the crisis. We illustrate
our methodology using daily data for the Italian day-ahead power market. We estimate that
the 3 weeks of most severe lockdown reduced the corresponding Italian Gross Domestic
Product (GDP) by roughly 30%. Such negative impacts are now progressively declining
but, at the end of June 2020, GDP is still about 8.5% lower than it would have been without
the outbreak.
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1 Introduction

COVID-19, the disease caused by Severe Acute Respiratory Syndrome Coronavirus 2
(SARS-COV-2), first struck in China’s Hubei Province at the end of 2019 (Zhu et al. 2020).
It quickly spread across the globe and was recognized by the World Health Organization
(WHO) as a pandemic on the 11th of March 2020 (WHO 2020). At the time of writing, at
the beginning of July 2020, the pandemic has resulted in excess of 11 million confirmed
cases and more than 500,000 deaths. In order to reduce the pace of the infection, most
countries introduced a variety of containment strategies, such as lockdowns, international
and national travel restrictions, social-distancing and shutdowns of non-essential busi-
nesses, schools and public offices. These measures have saved lives by reducing the conta-
gion and alleviating the burden on health care systems (e.g. Anderson et al. 2020). How-
ever, they have also generated substantial disruption on practically every aspect of social
and economic life.

Preliminary studies indicate that the reduction in economic activity has been extremely
significant. According to the most recent estimates (Eurostat 2020a, b; Organization for
Cooperation and Development (OECD) 2020), practically all developed economies have
experienced a contraction in the first quarter of year 2020. Furthermore, the prospect of
an international recession much deeper than the financial crisis of 2008-2009 is extremely
likely (International Monetary Fund (IMF) 2020).

Albeit informative, official statistics have two main drawbacks. First, they are typically
released with a delay of at least 3 months.! Second, in the context of the present pandemic,
they simply provide an overall picture of the status of the economy, but fail to disentangle
the impact of COVID-19 from those of all other factors affecting production and consump-
tion. In other words, they do not offer any causal estimates of the impact that the virus and
the related containment measures are having on economic activities. However, in this time
of uncertainty and economic downturn, policy makers urgently require timely indicators to
(1) monitor in real-time the impact of COVID-19 on the economy and (2) understand the
causal impact of the policies designed to respond to the COVID-19 pandemic, including
both those implemented to contain the virus and those developed to stimulate production
and consumption after restrictions are lifted.

This paper shows how high-frequency electricity market data can provide both types
of information. Electricity is traded on hourly (or even half-hourly) bases in most devel-
oped countries across the world and up-to-date information on consumption is publicly
accessible via the system operators’ websites. In developed countries, electricity contrib-
utes to virtually every human activity and the relationship between electricity consump-
tion (often indicated by the term “load”) and economic development is well established in
the energy economics literature (e.g. Kraft and Kraft 1978; Chen et al. 2007; Stern 2018).
By taking advantage of this strong link, satellite data on night lights are used to provide
geographically disaggregated GDP estimates (Henderson et al. 2012) and even to forecast
economic growth (Galimberti 2020). The relationship between electricity consumption and
economic activities is particularly strong in the short-run. For example, significant drops
in load occur during nighttime, weekends and public holidays when many businesses are
shut down, creating the characteristic multi-level (daily, weekly and annual) seasonality

' As an example, economic assessments for the fourth quarter of 2019 were available only in April 2020
for both the European Union (Eurostat 2020b) and the United States (Bureau of Economic Analysis, BEA
2020).
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of electricity markets’ time-series (Bunn and Farmer 1985). This paper develops a meth-
odology to harness the wealth of information contained in electricity market data in order
to monitor in real-time the state of the economy and to estimate the causal impact of the
pandemic.

We illustrate our approach using daily data from the Italian day-ahead power market.
Italy was the first European country to experience the outbreak of COVID-19 and, there-
fore, the one with the longest history of coping with the virus. It was also the first European
country to implement a series of nation-wide restrictions on social and economic activities
in an attempt to reduce the spread of the pandemic. Since the Italian Government intro-
duced (and then lifted) a variety of measures of gradually increasing severity, our daily
information allows us to separately estimate the short-run economic impact of each of the
different restrictions. For all these reasons, Italy is a highly informative case-study regard-
ing both the impact of containment strategies and the possible path of economic recov-
ery. Taking into consideration the appropriate caveats, our estimates also provide valuable
insights on how economic activities may react to future restrictions.

Our identification strategy relies on a fixed-effect estimator and on daily electricity load
information for the years 2015-2020. We estimate the impact of COVID-19 on consump-
tion and then apply a simple and yet effective rescaling approach in order to derive the
implications for GDP. Our best estimate of the impact of the virus in the first quarter of
2020 in Italy is a 5.1% GDP reduction (with a 95% confidence interval between 3.8 and
6.4%), which is consistent with the official figures reporting a 5.3% drop (Eurostat 2020a,
b; OECD 2020). Of course, our data is considerably more chronologically disaggregated
and up-to-date and, therefore, we are not limited to the first quarter of 2020. On the con-
trary, we can distinguish the dynamic impacts of different policies and monitor the recov-
ery of the economy thus far. We find that each newly introduced restrictive measure is fol-
lowed by a significant reduction in economic activity. Not surprisingly, the strictest policies
cause the largest economic impacts. For example, we estimate that the 3 weeks of most
intense lockdown (with the temporary shutdown of a large number of factories) curtailed
the corresponding GDP by about 30%. In similar fashion, when Italy started the gradual
resumption of economic and social activities, our estimated impact gradually diminishes.
However, at the end of June 2020 load has not yet reached the level that it would have been
according to our counterfactual, signaling that the adverse impact of COVID-19 on the
economy is still significant and ongoing.

2 Electricity Market Data

The Italian electricity market opened in year 2004, which makes it one of the youngest
power markets in Europe. Most Italian electricity consumption pertains to three large sec-
tors: industry (39.6%), commercial and public services (32%) and residential (22.4%).
The remaining 5.9% is allocated to transport, agriculture, forestry and fishing. The overall
annual demand of about 300TWh is met by a mix of fossil fuels (about 65%), renewables
(21%) and imports (14%).

We calculate daily electricity load from the publicity-available, hourly information
provided by the Italian day-ahead electricity market system operator, Gestore dei Mercati

2 Source: International Energy Agency: https://www.iea.org/data-and-statistics.
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Fig. 1 Daily average electricity consumption in years 2019 and 2020

Energetici (GME).? Our dataset ranges from the 1st of January 2015 to the 30th of June
2020. To illustrate the key dynamics of electricity consumption and provide a first, visual
inspection of the impact of COVID-19, Fig. 1 compares the daily load for years 2019 and
2020. Considering 2019, represented by the gray line, weekly seasonality is pronounced,
with the reduced business activity in the weekends translating into roughly a 20% drop in
load. Similar sharp falls also characterize public holidays. While these features are com-
mon to all electricity markets across the world, in Italy the effect of economic activities on
load is also visible from the substantial reduction in consumption during the two central
weeks of August, which is when the majority of Italian businesses shut down for the sum-
mer break. We also observe a smoother, annual seasonality, which follows the path of tem-
perature, with peaks during winter and summer, when consumption for air-conditioning is
at the highest.

Electricity consumption in 2020, shown by the black line, follows virtually the same
path as in 2019 until the first week of March, when it diverges markedly. That is when the
Italian Government started introducing a series of social-distancing measures in order to
contain the escalating numbers of COVID-19 cases (a detailed timeline of the policies is
reported in Table A1 in the Appendix in Electronic Supplementary Material). On the 10th
of March the first national-level lockdown was implemented, quickly followed by the pro-
visional closure of all shops, including bars and restaurants.* The most restrictive measures
were introduced in the last week of March and enforced until the second week of April.
During this period, most factories were shut down and only supermarkets, pharmacies and
other essential services were allowed to operate, but with reduced opening hours.> Not sur-
prisingly, this is when the gap between the electricity loads of the 2 years is at the widest.
Production and consumption steadily recovered in the following weeks, with the gradual

3 GME historical data is available at: https://www.mercatoelettrico.org/En/Tools/Accessodati.aspx.

4 DPCM 9th of March, Official Gazette: https://www.gazzettaufficiale.it/eli/id/2020/03/09/20A01558/sg.

> DPCM 22nd of March, Official Gazette: https://www.gazzettaufficiale.it/eli/id/2020/03/22/20A01807/sg
and DPCM 25th of March, Official Gazette: https://www.gazzettaufficiale.it/eli/id/2020/03/25/20G00035/
sg.
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Fig.2 Average electricity consumption in each day of the week. Notes: For all years the “before lockdown”
period consists of weeks 5-9 (35 days in February and March), while the “during lockdown” period con-
sists of weeks 12—16 (35 days in March and April)

re-opening of the economy. However, at the end of June we can still observe a substantial
gap between the 2 years.

Figure 2 examines the impact of COVID-19 containment policies in more detail. It
compares the weekly seasonality across all years in our 2015-2020 sample, distinguishing
between two periods: (1) right before the 2020 lockdown dates (weeks 5-9 in February and
March) and (2) during the most restrictive 2020 lockdown times (weeks 12—-16 in March
and April). Prior to the lockdown the pattern of electricity consumption in 2020 appears
to be close to the average level of the previous 5 years, arguably a result of the slow GDP
growth and of increased energy-efficiency (e.g. Malinauskaitea et al. 2019). However, dur-
ing the lockdown weeks, the difference between 2020 and the previous years is remarkable.
In that period, consumption in the weekdays of 2020 is comparable to that of the weekends
of 2015-2019, while during the weekends of 2020 we observe an even lower load.

All these findings confirm the robust short-run relationship between the intensity of
economic activities and electricity consumption. As mentioned earlier, another important
determinant of load is air temperature. To represent this variable, we use an average of the
mean daily temperature in the two largest Italian cities: Rome and Milan. We download
this information up to the 13th of May 2020 from the University of Dayton archive.®

6 Source: http://academic.udayton.edu/kissock/http/Weather/default.htm. This website is not updated every
day and, therefore, for the most recent month (June 2020) we used temperature information from the moni-
toring stations of the National Oceanic and Atmospheric Administration (https://www.ncdc.noaa.gov/cdo-
web/).
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3 Modelling Approach

The visual inspection of the data given in the previous section highlighted that electricity
consumption in 2020 exhibited very similar patterns to those in the previous 5 years, at
least up to the day in which the first containment measures were introduced. Therefore,
the information in those earlier years can be used to construct a plausible counterfactual
for what electricity consumption would have been in year 2020 in the absence of the pan-
demic. This line of reasoning has been already used to show that, in most countries, official
figures greatly underestimate the real death toll of the outbreak (e.g., Ciminelli and Garcia-
Mandicé 2020).
Indicating with ¢ the daily steps of our time-series, our base model is:

2

6
=P+ Z ﬁjdjt + Z Budy + 1, + 7:/,2()20 +f(temp,) + U, (D
= =1

where y, is the natural logarithm of electricity load, d;, are six dummy variables identifying
the day of the week (with Monday as the baseline), d;,, are two dummy variables identify-
ing official public holidays and other observances, y,,=are week-of-the-year fixed effects,
Ywa2020" are week-of-the-year fixed effects interacted with a dummy variable identifying
year 2020, temp,=is the average air temperature and f{.) a non-linear functional form, fs
are the remaining a parameters to be estimated and , is the random component.”

This specification is designed to capture all the peculiar features of electricity con-
sumption and so isolate the causal impact of COVID-19. The week-of-the-year fixed
effects y,, encompass the slow-moving yearly seasonality of electricity load connected to
both weather and cultural habits, such as the distinctive drop in consumption in the cen-
tral 2 weeks of August that we mentioned in the previous section. The non-linear effect
of the short-term variation in temperature is represented by f{.), which we specify as joint
piecewise linear function as 6,temp + 6,(temp, — k)d,,, where k is the threshold in which the
relationship between temperature and load reverts and §;, 6, are the parameters to be esti-
mated. This flexible specification generates a V-shaped function. We set k to 62 °F (about
16.5 °C) by visually inspecting the scatterplot of the data (see Figure A1l in the Appendix
in Electronic Supplementary Material). Furthermore, the effects of the weekly seasonality
and the public holiday effects are captured by the corresponding dummy variables.

Our model does not include electricity price. In fact, a peculiar characteristic of electricity
markets is that the demand function can be considered as completely inelastic in the short-
run, since the majority of final consumers do not purchase on the wholesale exchange but,
rather, are supplied by utility companies at fixed tariffs (e.g., Fezzi and Bunn 2010). These
companies operate on the day-ahead market, but are required to fulfill their orders to the final
consumers and, therefore, cannot respond to price variation. Because of this feature, short-run
electricity load forecasting models do not typically include price information (e.g. Taylor et al.
2006) and, practically, all short-run price forecasting methods treat quantity as exogenous (e.g.

7 Regarding the week-of-the-year fixed effects, we tested two alternative definitions. In the first one we
used calendar weeks. With this approach, in different years the days covered by each fixed-effects do not
correspond and the number of days represented by the first week can vary across years. In the second
approach, we defined the fixed effects as groups of 7 days, always starting from the 1st of January of each
year. Therefore, the only difference across years is caused by leap years. This second method provided a
slightly superior fit and, therefore, is the one we adopt in the all our models.
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Weron 2014; Fezzi and Mosetti 2020). In line with this long-standing literature, therefore, we
exclude price effects from our short-run analysis of electricity consumption.

The key-parameters for our study are the coefficients y,,53,0*, which measure the impact
of COVID-19. These interaction effects capture the differences between each week of year
2020 and the average of the corresponding week in the previous 5 years which cannot be
explained by any of the other observed factors. If our model is correctly specified, the
Yw2020" Parameters corresponding to the weeks before the outbreak (i.e. during January
and February) should be not significantly different from zero. Of course, we still include
these parameters in our model because they serve as implicit in-time placebo tests for our
modelling assumptions. On the other contrary, we expect to estimate highly significant and
negative y,, 500" parameters when the COVID-19 containment measures are introduced,
i.e. roughly from the second week of March 2020.

If the error component u, is independently and identically distributed (iid), our model
can be consistently estimated with ordinary least squares (OLS). A possible concern with
this estimator is that the iid assumption may not be satisfied, since the unobserved fac-
tors represented by the stochastic component may be autocorrelated. This situation can be
generated by autocorrelated measurement errors. For example, the average temperature in
Milan and Rome is unlikely to perfectly represent the weather profile of the entire coun-
try and, therefore, some remaining demand variation is undoubtedly present in the error
term. Since weather shocks are typically autocorrelated, this missing variation is likely
to generate autocorrelation in the residuals of our model. Possible omitted variables (e.g.
special events or dynamic adjustments in residential and commercial load to temperature
variations) are also plausible causes of residual autocorrelation. We investigate this issue
through two distinct approaches. In the first one, we apply to the OLS covariance matrix
the heteroscedasticity and autocorrelation consistent (HAC) correction proposed by Newey
and West (1987). By setting the maximum lag for the correlation weights at seven we also
attempt to capture any remaining weekly seasonality. In the second approach, we impose
an autoregressive AR(1) specification for the random component (i.e. u,=¢u,_;) and esti-
mate the resulting model with maximum likelihood. As a further check of the robustness of
our findings, we re-estimate the base model after removing the piecewise function of tem-
perature from the equation, in order to evaluate the susceptibly of our estimates to omit-
ted variable bias. As shown in the next section, none of these alternative specifications
alter our estimates of the effect of COVID-19 lockdown in any significant way. We run our
analyses in R (R Development Core Team 2006), using the packages Imtest (Hothorn et al.
2019), MASS (Ripley et al. 2013), nlme (Pinheiro et al. 2017) and sandwich (Zeileis 2004).

If our model is correctly specified and passes the time-placebo test discussed above,
the coefficients y,,,050™ from week 11 to week 22 can be interpreted as the causal impact
of COVID-19 on electricity load. Therefore, we can estimate the impact of the pandemic
and lockdown by comparing daily in-sample predictions obtained by (1) the full model and
(2) a model in which such coefficients are set to zero. Indicating these two predictions (on
the original scale of the variable) respectively with ¥, and f’;“, we can write the percentage
impact of COVID-19 on electricity load as:

l,=100(Y, - ¥7)/¥7, 2
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and derive appropriate confidence intervals via Monte Carlo simulations.®

Ideally, in order to translate electricity load reductions into GDP impacts we would want
to employ detailed information, disaggregated by industry type, on changes in electricity
consumption, value added and amenability to distance-working solutions. Unsurprisingly,
this wealth of data is not available, particularly at the daily time-scale of our analysis. As
a second-best solution, we employ some deliberately simple and intuitive assumptions to
transform our estimates of electricity load changes into GDP impacts.

We assume that, in the short run and at the national level, GDP changes are proportional
to the changes in electricity consumption by all productive sectors (i.e. all sectors but the
residential one). In order to evaluate this claim, we run a back-of-the-envelope calculation
on GDP and electricity consumption information for Italy for the years 1990-2018.° Both
variables are non-stationary and, therefore, we compute a correlation analysis on the first
differences (in percentage) in order to avoid measuring a spurious relation. We estimate
a correlation coefficient of 0.88, indicating an extremely strong linear covariation in the
long-run. We believe this relationship to be even stronger in the short-run, justifying the
simple assumption of a 1:1 relationship in our calculations (the plot is reported in Figure
A2 in the Appendix in Electronic Supplementary Material).

In order to derive the impact of COVID-19 on the electricity consumption of the pro-
ductive sectors we need to rescale our estimates, which are calculated on the total load. We
compare two simple approaches. In the first one, we assume that residential consumption
has remained unaffected by the restrictions and, therefore, all the reduction in electricity
load due to the COVID-19 can be traced back to the other sectors. In the second one, we
follow recent International Energy Agency’s estimates (IEA 2020) reporting that residen-
tial consumption has increased by 40% during the lockdown, and rescale our calculations
accordingly. The percentage GDP impacts following these two methods can be written as:

GDP,, =1,100/(100—r), and 3)

GDP,, = 1,100/(100—1.4r), )

where r represents the percentage of consumption of the residential sector, which in Italy
corresponds to 22.4% according to the most up-to-date IEA estimates (footnote 3). While
for transparency we report both measures, we believe that (4) should be the preferred esti-
mate during the lockdown months (March and April) while (3) should be more accurate for
the post-lockdown period, i.e. from the month of May onward. Although extremely simple,
the next section shows that these assumptions provide results that are remarkably close to
the official estimates of the GDP changes during the first quarter of 2020. Of course, our
results extend well beyond the first quarter and provide an up-to-date assessment of the sta-
tus of the economic disruption caused by the pandemic.

8 Because of Jensen’s inequality (e.g. Silva and Tenreyro 2006), the predictions on the original variable’s
scale are not simply the exponent of the predictions on the log, but actually depend on the distribution of
the random component. The practical significance of this inequality is influenced by the magnitude of the
residuals, i.e. by the noise-vs-signal ratio. In our specific case the difference is negligible since all our speci-
fications present extremely high fit (all R? are higher than 0.92) and, therefore, for simplicity we employ the
Gaussian assumption, i.e. we use Y, =exp{[log(y)]+ (s*/2)}, with s indicating the estimated standard devia-
tion of the error component.

® Source: IEA, https://www.iea.org/data-and-statistics and The World Bank, https://data.worldbank.org/.
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Table 1 Electricity load equation estimates

Model 1 Model 2 Model 3

Base No temperature Autocorrelation
Intercept 10.47#5%* 0.03 10,3835 0.07 10.42%3%#* 0.02
Tue 4,045 0.29 4.10%%* 0.31 4,09 0.18
Wed 4778wk 0.29 4.85%#* 0.31 4.88s## 0.23
Thu 4.65%* 0.29 47740k 0.31 4778k 0.25
Fri 3.75%% 0.29 3715 0.31 3.70%% 0.25
Sat — 11.91%:#* 0.29 — 11.92%%:k% 0.31 — 11.85%s#* 0.23
Sun — 23.66%#* 0.29 — 23.66%#* 0.31 — 23.70%%* 0.18
doligay1 — 21.35%s#% 0.50 — 2127 0.53 — 18.59%s#:# 0.33
hotiday2 — 543 1.04 — 547 1.11 —0.40 0.68
Temp — 0.2] k% 0.03 - - —0.08* 0.03
(Temp-62)dg, 0.8 1k 0.05 - - .37k 0.06
Week 5059 0.97 1.44 1.40 1.53 1.76 2.32
week; 029 2.13 1.44 3.08% 1.53 2.99 247
Week; 5029 2.32 1.44 2.28 1.53 2.48 247
Week, 5000 2.09 1.44 1.60 1.53 1.16 247
Weeks 5020 0.93 1.44 - 0.06 1.53 0.49 2.48
Week 5029 0.31 1.44 0.06 1.53 -0.22 2.48
Week; 5029 0.10 1.44 —-0.47 1.53 -0.18 2.48
Weekg 2020 -0.25 1.44 —0.86 1.53 -0.78 2.48
Weeky 5029 - 1.19 1.44 - 1.60 1.53 - 1.52 248
Week 5020 -0.01 1.44 0.11 1.53 —2.55 2.48
Week | 5020 — 8.15%#* 1.44 — 848wk 1.53 — 9.45%s#k 2.48
Week 5 5020 — 18.70%#* 1.44 — 18.36%#* 1.53 — 16.32%%* 248
Week 3 5020 — 23845k 1.45 — 22.66%#* 1.54 — 21.95%#:# 2.48
Week 42020 — 225k 1.44 — 21624 1.53 — 2144k 2.48
Week 5 5020 — 2557 1.46 — 25.67%%* 1.56 — 24.26%** 2.48
Week 6 5020 — 18.3 ] 1.44 — 18.350%s## 1.54 — 16.25%#* 2.48
Week 75000 — 10.83%%#* 1.44 — 11.40%%* 1.53 — 14.33%%% 2.48
Week 5 5020 — 11.38%s#% 1.44 — 12.03%:#* 1.53 — 11.04%%* 2.48
Week g 5020 — 10.85%s#* 1.44 — 11.00%:#* 1.53 — 11.40%#* 2.49
Weeks 2000 — 9.097ksk:# 1.45 — 7340k 1.53 — 845k 2.49
Weeks | 5020 — 7.26%%* 1.45 — 5.16%%* 1.53 — 7.18%%* 2.53
Weeky; 5020 — 7.68%%* 1.44 — 9.7k 1.53 — 8,19k 2.83
Weeky; 5020 — 5.3k 1.45 — 7.89ksk:k 1.53 — 6.58%* 2.48
Weekoy, 2020 — 4.24%% 1.46 — 827wk 1.53 — 6.38% 2.49
Weekys 20 — 571 1.45 — 8.0] %k 1.53 — 6.53%* 2.50
Weekos 2020 — 6.68%## 1.44 — 6.58 %k 1.53 — 7.33%% 2.62
Weekly FE YES YES YES
¢ NO NO 0.67
R? 0.940 0.932 0.926
Log-likelihood 3945.54 3815.62 4323.199
AIC —7711.09 — 7455.25 — 8464.38

All parameters except the intercept multiplied by 100 to improve readability. In italics we report param-
eters’ standard errors. Significance levels are *0.05, **0.01 and ***0.001. Model 1 and 2 estimated with
OLS (HAC standard errors returned slightly smaller intervals and, therefore, we report the original OLS
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Table 1 (continued)

standard errors for conservative inference), while Model 3 is estimated with maximum likelihood. Variables
holigay1 and dpgjigay> indicate dummy variables for (1) public holidays and (2) observances, while the temp
terms represent the piecewise linear function of temperature, ¢ is the error-term autocorrelation parameter.
All models include 52 weekly fixed effects (weekly FE). N=1979

4 Results

Table 1 presents the parameter estimates of our electricity load specifications. All three
models provide an impressive fit to the data with R? statistics higher than 0.92. In the first
column we report our base model (1). All parameters have the anticipated signs and mag-
nitudes. The temperature parameters estimate an asymmetric V-shaped relationship, with
one degree higher than the threshold of 62 °F increasing electricity load roughly as much
as three degrees below, reflecting the demand for cooling and heating respectively. A pos-
sible explanation for this asymmetric response is that, in Italy, a significant share of heating
is generated directly by natural gas and, therefore, does not impact on electricity consump-
tion. Day-of-the-week and public-holidays dummy variables indicate that consumption
drops significantly during weekends and festivities. It is worth mentioning that directly
interpreting these coefficients as semi-elasticities is incorrect since the derivative of a func-
tion with respect to a dichotomous variable does not exist. Nevertheless, semi-elasticities
can be computed by a simple rescaling operation, which depends on both the sign and the
magnitude of the coefficient (e.g. Halvorsen and Palmquist 1980). For example, the coef-
ficient of Sundays is — 0.237. The appropriate decrease in load compared to Mondays (the
baseline category) is 21.1% and not 23.7%.'°

The focus of our analysis are the parameters y,,50*, i.€. the coefficients of the inter-
action terms between year 2020 and the weekly dummy variables, reported in the rows
from week 5059 t0 Weekyg 5020 The parameters of the first 10 weeks are all non-signifi-
cant, indicating that until the beginning of March there were no unobserved factors dis-
tinguishing the pattern of electricity load in year 2020 from the weekly averages of the
previous 5 years. Therefore, our specification passes the in-time placebo test. We interpret
this result as supporting the causal interpretation of our estimates. More specifically, the
impacts estimated by the parameters y,,,0,0™ from the 11th week onwards can be traced
back to COVID-19 and not to any unobserved factors. All these parameters are negatively
signed and strongly significant, in line with our expectations that the containment policies
caused significant reductions in electricity load. The strongest reductions happened during
the 3 weeks of most intense restrictions (weeks 13—15), where we estimate a causal effect
of about — 20% on electricity load.

In the second column, we report the specification in which we removed temperature in
order to examine if our results are affected by the omission of relevant explanatory vari-
ables. The coefficient of the 2nd week of year 2020 is now significant at the 5% level,
signaling that this model does not capture some of the distinctive features of electricity

10 Semi-elasticities & can be obtained using the following rescaling equation: £=100(exp{c} — 1), where
¢ indicates the coefficient of the dummy variable (Halvorsen and Palmquist 1980). This equation assumes
that the coefficients is known, while in reality it is a random variable. The correct formula depends on the
distribution of the error term (van Garderen and Shah 2002) but, in most cases, makes little difference, par-
ticularly when the parameters are highly significant. We tested different approximations but none changed
our results in a meaningful way and, therefore, we opted for the above equation for simplicity.
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Table 2 Estimated monthly impacts of COVID-19

Electricity (%) GDP, (%) GDP, (%)
March —10.6 [-7.9; — 13.2] —13.7[-10.2; — 17.0] —15.4 [- 11.5; 19.3]
April —16.8 [ 14.3; — 19.3] —21.7[- 18.4; — 24.9] — 24.5 [ 20.8; 28.1]
May —88[—6.1;—11.4] —11.3[- 7.8; — 14.6] — 12.8 [— 8.8; 16.6]
June —6.6[—3.5;-94] — 8.5[-4.6; — 12.1] —-9.6[-5.2;13.7]

Results according to Model 3 in Table 1. Electricity indicates the estimated impact on electricity load,
GDP, indicate the impact on GDP assuming that residential consumption has not changed, while GDP,
indicates the impact on GDP assuming that residential consumption increased by 40%. The square brackets
report 95% confidence intervals calculated via 5000 Monte Carlo simulations. In bold we highlight our pre-
ferred GDP-change estimates

consumption during the current year and, therefore, fails the in-time placebo test. Here the
reason is obviously the omitted temperature: the 2nd week of 2020 was, in fact, markedly
colder than the average of the previous 5 years and the corresponding dummy variable is
capturing this discrepancy. Incidentally, this result confirms that our in-time placebo test
is powerful enough to detect unobserved factors. Despite the temperature omission, the
Yw2020™ coefficients measuring the impact of COVID-19 (i.e. weeks 11-26) remain remark-
ably stable and, therefore, our results are essentially unaffected by this misspecification.

The third column reports the maximum likelihood estimates of the model with an
AR(1) error term. In this specification the R? cannot be directly compared with those of the
previous regressions, since this index does not take into account the parameter of random
component. Instead, we can compare the Akaike’s Information Criteria and the log-likeli-
hood. Both values clearly indicate that the performance of Model 3 is superior to the two
alternatives. The ¢ coefficient is about 0.67, signaling substantial autocorrelation in the
error component. The standard errors of this model are somewhat larger than those of the
previous specification. This feature suggests that OLS (and also the HAC standard errors)
slightly underestimate the uncertainty of our findings. Apart from this difference, all the
parameters appear to be consistent with those of the simpler specifications.

Table 2 summarizes the estimated impact of the lockdown and social-distancing meas-
ures on electricity load, calculated as illustrated by Eq. (2), and on GDP, calculated using
both the approaches described by Eqs. (3) and (4). In order to preserve space, we report
only the results according to our best-fitting specification (Model 3). In bold we indicate
what we believe is the preferred method to calculate GDP impacts for each month, taking
into account that residential electricity consumption increased during the lockdown (IEA
2020) but should have reverted to its usual level when the restrictions limiting people’s
movements were lifted (i.e. at the beginning of May 2020). In March our best estimate
concludes that the pandemic caused a 15.4% drop in GDP which, rescaled to the entire first
quarter, leads to a 5.1% overall reduction, with the 95% confidence interval being from a
3.8% to a 6.4% fall in GDP. Our mean value is remarkably close to the recession of 5.3%
projected by Eurostat (2020a, b) and the OECD (2020). However, it is worth mentioning
that the interpretation of our results is different from those of the official statistics. They
estimate the variation of GDP from the previous quarter, while our model isolates, ceteris
paribus, the impact of COVID-19. Nevertheless, in our case-study the two measures are
not likely to differ substantially given the sluggish growth of the Italian economy prior to
the pandemic. Comparing results over time, the most affected month is April 2020, with
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Fig. 3 Estimated impact of COVID-19. Notes: The bold solid line is the estimated impact of COVID-19 on
electricity load (top figure) and GDP (bottom figure) according to our preferred specification (Model 3) and
the dashed line are the 95% confidence intervals calculated via 5000 Monte Carlo repetitions. GDP impacts
are calculated according the Eq. (4) for the lockdown weeks and to Eq. (3) for all other periods

a GDP reduction of roughly 25%. On the other hand, we start witnessing some signs of
recovery in May, for which estimate an average reduction of 11%, and in June, in which we
register a decrease of 8.5%.

These dynamics are represented more in detail in Fig. 3. In line with our parameter
estimates, impacts on both electricity load (top image) and GDP (bottom image) are non-
significant for all the weeks before the outbreak. Starting from the introduction of the
first lockdown measures in the second week of March 2020, each incremental constraint
(once again, see Table Al for the timeline of the lockdown policies in Italy) is followed
by a significant drop in electricity consumption. In a similar fashion, the loosening of the
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restrictions, which started on the 3rd week of April 2020, prompted a resumption of eco-
nomic activities and, therefore, our estimated negative impact steadily diminishes.

GDP dynamics follow roughly the same pattern but are somewhat amplified, with the
strictest policies causing roughly a temporary 30% drop in GDP. Our method allows us
to track impacts in real-time and, therefore, we report estimates until literally a few days
before the final submission of this article, i.e. until the end of June 2020. To date, the Ital-
ian Government has lifted the strictest restrictions, but social-distancing requirements still
constrain many economic activities. For example, shops and restaurants are open with
reduced capacity, while the tourism sector is experiencing significant losses. Figure 3 indi-
cates that the GDP recovery that started in the last week of April (and persisted in May)
has, unfortunately, reached a plateau in June, in which we register a roughly constant 8.5%
reduction compared to the counterfactual level. Therefore, at the time of writing we do not
detect a full comeback of the economy, or even just a temporary rebound triggered by the
rescheduling of the industrial processes halted by the 3-weeks shutdown in the months of
March and April.

An important issue, which needs to be kept in mind when interpreting our most recent
estimates, is international spillover effects. The production (Backus and Kehoe 1992), con-
sumption (Cavaliere et al. 2008) and financial assets (Forbes and Rigobon 2002) of one
country do not exist in isolation, but are inextricably connected to the economic conditions
of the rest of the word. Since Italy was the first European country to introduce strict lock-
down policies, we believe that our estimates correspond to the short-run causal impact of
such early restrictions. However, by mid-April 2020 the crisis had spread across much of
the world and, therefore, our estimates for the tail end of our data go beyond the impact of
national policies and need to be interpreted by taking into account the global recession and
the disruption of international supply-chains caused by the pandemic (e.g. Baldwin and
Weder di Mauro 2020).

5 Conclusions and Caveats

We develop a simple and practical methodology for estimating the short-term impact of
COVID-19 on the economy by analyzing high-frequency electricity market data. The main
advantage of our approach lies in its real-time nature. While official statistics (e.g. Eurostat
2020a, b; OECD 2020) are typically published with a delay of about 3 months, our method
provides updated estimates of the economic impact of the pandemic on a weekly (or even
daily) basis. In the current uncertain economic environment, timeliness is of essence for
policy makers seeking to understand the current state of the economy and the impact of
their policies. Our approach can be used to monitor in real-time the extent of the disruption
caused by the pandemic. It can also be used to assess the effectiveness of the monetary and
fiscal stimuli that many countries have introduced in order to address the crisis. A further
strength of our empirical strategy is that it is widely applicable. It only requires data on
electricity load and temperature, and such information is publicly available for virtually all
developed economies in the world.

We illustrated our methodology using daily information from the day-ahead Italian
electricity market. Italy was the first European country to both experience the outbreak of
COVID-19 and to implement a series of nation-wide restrictions on social and economic
activities in an attempt to curb the spread of the infection. Aggregating our weekly results
(robust to different specifications and to in-time placebo testing), we estimate that these
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restrictions reduced Italian GDP by 5.1% during the 1st quarter of 2020, which is remark-
ably close to the preliminary figures published by Eurostat (2020a, b) and the OECD
(2020). Of course, our approach produces estimates which are significantly more up-to-
date and disaggregated. We estimate that the most severe impacts were registered during
the 3 weeks of March and April 2020 when all non-necessary economic activities were
required to halt production. Our preferred modelling specification estimates a 30% GDP
reduction during this period. We also detect a gradual recovery right after, such that, by
the end of June, economic activity was “only” 8.5% lower than what it would have been
had the pandemic not occurred. This remaining recession is hardly surprising given that
social-distancing requirements are still constraining economic activities, particularly in the
cultural, catering and hospitality sectors. Our model can be routinely updated over time in
order to monitor GDP dynamics and to track the status of the economy well ahead of the
official statistics.

A number of comments and caveats need to be made when interpreting our findings.
First, our analysis concerns only short-run effects. Over time the impacts of different
national policies tend to overlap with each other, and spillover effects from other coun-
tries become gradually more important. Economic shocks are not limited by frontiers but,
rather, reverberate across countries almost like a further form of contagion. These have
consequences for both real (e.g. Backus and Kehoe 1992) and financial markets (Forbes
and Rigobon 2002). This issue is likely to be negligible for our estimated GDP impacts in
the initial weeks of restrictions, since Italy was the first country in Europe to grapple with
the pandemic and implement lockdown policies. However, as the pandemic subsequently
spread internationally, so our findings should progressively be interpreted as the general
effect of the pandemic, rather than solely the response to a specific national policy. Despite
these confounding factors and knock-on effects, the validity of our approach for monitoring
the real-time status of the economy still stands.

Second, while we believe that at the national level postulating a 1:1 relationship between
electricity load change (excluding residential users) and GDP change is satisfactory in the
very short-run, our approach does not disentangle the heterogeneous impacts of the pan-
demic across sectors. Some activities, such as wholesale and retail food supply, as well
as e-commerce, are likely to have experienced an increase in turnover, while small and
medium companies in the manufacturing, hospitality and personal services have been the
most adversely affected.!!

Finally, our approach does not take into account the possibility of adaptation strategies
such as a switch to home working. As companies become more adept at such modes of
working, so the effect of future lockdown restrictions may become less severe. This con-
sideration has to be balanced against the potential for long-term and repeated lockdowns
exerting cumulative and progressively more adverse economic effects, including through
the impacts on human wellbeing.

Acknowledgements Open access funding provided by Universita degli Studi di Trento within the CRUI-
CARE Agreement. We are thankful to Ian Bateman for his useful comments on a previous draft of this
paper. All errors are, of course, our sole responsibility.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International License,
which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long

' OECD statistics: http://www.oecd.org/sdd/business-stats/statistical-insights-small-medium-and-vulne
rable.htm.

@ Springer


http://www.oecd.org/sdd/business-stats/statistical-insights-small-medium-and-vulnerable.htm
http://www.oecd.org/sdd/business-stats/statistical-insights-small-medium-and-vulnerable.htm

Real-Time Estimation of the Short-Run Impact of COVID-19 on... 899

as you give appropriate credit to the original author(s) and the source, provide a link to the Creative Com-
mons licence, and indicate if changes were made. The images or other third party material in this article
are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly
from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

Anderson RM, Heesterbeek H, Klinkenberg D, Hollingsworth TD (2020) How will country-based miti-
gation measures influence the course of the COVID-19 epidemic? Lancet 395:931-934

Backus DK, Kehoe PJ (1992) International evidence on the historical properties of business cycles. Am
Econ Rev 82:864-888

Baldwin R, Weder di Mauro B (2020) Economics in the time of COVID-19. Centre for Economic Policy
Research (CEPR) Press, London

Bunn D, Farmer ED (1985) Comparative models for electrical load forecasting. Wiley, New York

Bureau of Economic Analysis (BEA) (2020) Gross domestic product, fourth quarter and year 2019
(third estimate); corporate profits, fourth quarter and year 2019. Available at https://www.bea.gov/
news/2020/gross-domestic-product-fourth-quarter-and-year-2019-thirdestimate-corporate-profits

Cavaliere G, Fanelli L, Gardini A (2008) International dynamic risk sharing. J Appl Econom 23(1):1-16

Chen ST, Kuo HI, Chen CC (2007) The relationship between GDP and electricity consumption in 10
Asian countries. Energy Policy 35(4):2611-2621

Ciminelli G, Garcia-Mandicé S (2020) Mitigation policies and emergency care management in Europe’s
ground zero for COVID-19. Available at SSRN 3604688

Development Core Team R (2006) R: A language and environment for statistical computing. R Founda-
tion for Statistical Computing, Vienna. ISBN 3-900051-00-3

Eurostat (2020a) GDP down by 3.6% and employment down by 0.2% in the euro area. Available at https
://ec.europa.eu/eurostat/en/web/products-press-releases/-/2-09062020-AP

Eurostat (2020b) Quarterly national accounts - GDP and employment. Available at https://ec.europa.eu/
eurostat/statistics-explained/index.php?title=Quarterly_national_accounts_-_GDP_and_emplo
yment

Fezzi C, Bunn D (2010) Structural analysis of electricity demand and supply interactions. Oxf Bull Econ
Stat 72(6):827-856

Fezzi C, Mosetti L (2020) Size matters: Estimation sample length and electricity price forecasting accuracy.
Energy J. https://doi.org/10.5547/01956574.41.4.CFEZ

Forbes KJ, Rigobon R (2002) No contagion, only interdependence: measuring stock market comovements. J
Finance 57(5):2223-2261

Galimberti JK (2020) Forecasting GDP growth from outer space. Oxford Bulletin of Economics and Statis-
tics, 0305-9049

Halvorsen R, Palmquist R (1980) The interpretation of dummy variables in semilogarithmic equations. Am
Econ Rev 70(3):474-475

Henderson JV, Storeygard A, Weil DN (2012) Measuring economic growth from outer space. Am Econ Rev
102(2):994-1028

Hothorn T, Zeileis A, Farebrother RW, Cummins C, Millo G, Mitchell D, Zeileis MA (2019) Package
‘Imtest’

International Energy Agency (IEA) (2020) Global energy review (2020) IEA, Paris. Available at https:/
www.iea.org/reports/global-energy-review-2020

International Monetary Fund (IMF) (2020) World economic outlook, April 2020: the great lockdown. Avail-
able at https://www.imf.org/en/Publications/WEO/Issues/2020/04/14/weo-april-2020

Kraft J, Kraft A (1978) On the relationship between energy and GNP. J Energy Dev 3(2):401-403

Malinauskaitea J, Jouharab H, Ahmad L, Milanic M, Montorsic L, Venturelli M (2019) Energy efficiency in
industry: EU and national policies in Italy and the UK. Energy 172:255-269

Newey WK, West KD (1987) A simple, positive semi-definite, heteroskedasticity and autocorrelation con-
sistent covariance matrix. Econometrica 55(3):703-708

Organization for Cooperation and Development (OECD) (2020) OECD GDP growth quarterly national
accounts. Available at https://www.oecd.org/sdd/na/gdp-growth-first-quarter-2020-oecd.htm

Pinheiro J, Bates D, DebRoy S, Sarkar D, Heisterkamp S, Van Willigen B, Maintainer R (2017) Package
‘nlme’. Linear and nonlinear mixed effects models, version 3

@ Springer


http://creativecommons.org/licenses/by/4.0/
https://www.bea.gov/news/2020/gross-domestic-product-fourth-quarter-and-year-2019-thirdestimate-corporate-profits
https://www.bea.gov/news/2020/gross-domestic-product-fourth-quarter-and-year-2019-thirdestimate-corporate-profits
https://ec.europa.eu/eurostat/en/web/products-press-releases/-/2-09062020-AP
https://ec.europa.eu/eurostat/en/web/products-press-releases/-/2-09062020-AP
https://ec.europa.eu/eurostat/statistics-explained/index.php%3ftitle%3dQuarterly_national_accounts_-_GDP_and_employment
https://ec.europa.eu/eurostat/statistics-explained/index.php%3ftitle%3dQuarterly_national_accounts_-_GDP_and_employment
https://ec.europa.eu/eurostat/statistics-explained/index.php%3ftitle%3dQuarterly_national_accounts_-_GDP_and_employment
https://doi.org/10.5547/01956574.41.4.CFEZ
https://www.iea.org/reports/global-energy-review-2020
https://www.iea.org/reports/global-energy-review-2020
https://www.imf.org/en/Publications/WEO/Issues/2020/04/14/weo-april-2020
https://www.oecd.org/sdd/na/gdp-growth-first-quarter-2020-oecd.htm

900 C. Fezzi, V. Fanghella

Ripley B, Venables B, Bates DM, Hornik K, Gebhardt A, Firth D, Ripley MB (2013) Package ‘mass’. Cran
R 538

Silva JS, Tenreyro S (2006) The log of gravity. Rev Econ Stat 88(4):641-658

Stern DI (2018) Energy—GDP relationship. In: Macmillan Publishers Ltd (ed) The New Palgrave dictionary
of economics. Palgrave Macmillan, London

Taylor JW, De Menezes LM, McSharry PE (2006) A comparison of univariate methods for forecasting elec-
tricity demand up to a day ahead. Int J Forecast 22(1):1-16

van Garderen JK, Shah C (2002) Exact interpretation of dummy variables in semilogarithmic equations.
Econom J 5(1):149-159

Weron R (2014) Electricity price forecasting: a review of the state-of-the-art with a look into the future. Int
J Forecast 30(4):1030-1081

WHO (2020) WHO announces Covid-19 outbreak a pandemic. Available at http://www.euro.who.int/en/
health-topics/health-emergencies/coronavirus-covid-19/news/news/2020/3/who-announces-covid-19-
outbreak-a-pandemic. Accessed on 09 June 2020

Zeileis A (2004) Econometric computing with HC and HAC covariance matrix estimators. J Stat Softw
11(10):1-17

Zhu N, Zhang D, Wang W, Li X, Yang B, Song J, Zhao X, Huang B, Shi W, Lu R, Niu P (2020) A novel
coronavirus from patients with pneumonia in China, 2019. N Engl J Med 382(8):727-733

Publisher’s Note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

@ Springer


http://www.euro.who.int/en/health-topics/health-emergencies/coronavirus-covid-19/news/news/2020/3/who-announces-covid-19-outbreak-a-pandemic
http://www.euro.who.int/en/health-topics/health-emergencies/coronavirus-covid-19/news/news/2020/3/who-announces-covid-19-outbreak-a-pandemic
http://www.euro.who.int/en/health-topics/health-emergencies/coronavirus-covid-19/news/news/2020/3/who-announces-covid-19-outbreak-a-pandemic

	Real-Time Estimation of the Short-Run Impact of COVID-19 on Economic Activity Using Electricity Market Data
	Abstract
	1 Introduction
	2 Electricity Market Data
	3 Modelling Approach
	4 Results
	5 Conclusions and Caveats
	Acknowledgements 
	References


