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“... we should all understand — everyone, everywhere — that we are at di↵erent points
in the same story; that in this pandemic we share the same timeline: some are a little further
ahead, some a little further back.” (Paolo Giordano - Financial Times, 27 March, 2020)

1.

Introduction

COVID-19 virus that first originated from Wuhan city of China quickly found its way to
the Western hemisphere wreaking havoc on people’s lives and massively depressing alreadyfragile economies. National governments responded in many di↵erent ways ranging from
closing workplaces and introducing full lockdowns to intervening in the economy via unprecedented monetary and fiscal measures (Hale, Petherick, Phillips, and Webster, 2020).
Due to the rapidly increasing number of cases and deaths in many countries, it has become
vital to be able to predict the future evolution of COVID-19-related outcomes. Although
such forecasting ability is crucial to be able to prepare for what’s coming in each country,
the massive uncertainties surrounding this new virus (such as its still unknown infection and
fatality rates) restricts our ability of foreseeing the path forward.
In this paper, I introduce a new method, namely Synthetic Forecasting Method (SFM),
that takes advantage of the fact that COVID-19 virus entered into di↵erent countries in
di↵erent points in time. Hence, assuming that each country is located in a di↵erent point
of an otherwise similar timeline, I e↵ectively use the information derived from the “leader”
countries to be able to forecast the future paths of the “follower” countries that were infected
by the virus at later stages of the pandemic. In order to produce a forecast for a follower
country, I first match it with a synthetic (i.e., weighted) combination of leader countries that
is best able to replicate its current outcome path. This part is done via the classic synthetic
control method (SCM) often employed in evaluation studies of past policies. Once the best
match and the resulting weights are calculated, I project these weights on the same countries
for the following period in order to obtain a synthetic forecast.
The main advantage of this new forecasting method is the fact that it is model-free to a
large extent and does not assume a certain functional form or make raw extrapolations from
the past data. Instead, it makes intuitive use of the already-realised outcomes of the leader
units in order to forecast an “average” outcome for the follower unit.
In the next section, I introduce SFM and apply it on the COVID-19-related death rates
in two countries, namely United Kingdom and Turkey. In Section 3, I briefly discuss several
areas where it could prove useful. The last section concludes.
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2.

Method & Application

2.1.

Synthetic Forecasting Method (SFM)

Synthetic methods have been in use since the seminal paper by Abadie and Gardeazabal
(2003). Overall, SCM helps researchers evaluate the e↵ects of an idiosyncratic shock (treatment) introduced at a specific time point to a single unit in a panel. It achieves this by
creating a counterfactual outcome for the shocked unit by optimally combining the outcomes for non-shocked units. Optimality here refers to choosing such weights that minimize
the pre-shock distance in outcomes between the shocked and the weighted average of the
non-shocked units. These weights derived from the pre-shock term are carried forward to
post-shock period in order to represent the counterfactual outcome for the shocked unit. For
the sake of brevity and time, interested readers can refer to the related literature in order to
understand the process of matching between shocked and non-shocked units.1
Despite its widespread usage in comparative case-studies that analyse past outcomes,
synthetic approach has rarely been adopted to a forecasting setting. To the best of my
knowledge, previous literature has not yet delved into this potentially useful line of research
in a way that I will describe below.2 On the other hand, there could be several advantages
in employing a synthetic approach in forecasting:
1. Given the unknown characteristics of a new shock (in this case the unknown infection
and fatality rates of a new virus, namely COVID-19), SFM can help researchers quickly
learn from the information gained from other countries which received the same shock at an
earlier time-point.
2. Instead of assuming a certain functional form or trend-fitting (see Linton, 2020), SFM
can generate more realistic forecasts by directly basing its estimates on the realised outcomes
of other comparable units.
3. SFM is flexible in terms of generating di↵erent forecasts based on di↵erent preconditions in the shocked unit. For instance, one could forecast the evolution of the COVID19-related death toll in a country by explicitly assuming a certain policy stance (lenient or
1
See, among many others, Abadie, Diamond, and Hainmueller (2010) as well as Abadie, Diamond, and
Hainmueller (2015).
2
Two exceptions are Meyersson (2018) who kindly shared with me his work on synthetically forecasting
Turkish macro outcomes after 2018 currency crisis and Klößner and Pfeifer (2018) who use the lagged
versions of the outcome variable to create a donor pool in order to extrapolate from the past outcomes to the
future. The SFM method I propose below di↵ers from the former in the way that it chooses its shock: while
Meyersson (2018) chooses past currency crises in history to match with that of recent Turkey, I consistently
use the exact same shock (i.e., COVID-19) only entering into di↵erent countries at similar but slightly
di↵erent time points, thus reducing the chance of time-dependent heterogeneity across comparable country
cases. SFM also diverges from the latter as its fundamental tenet is to replicate from realised outcomes
rather than extrapolating from past observations.
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strict) and only including such countries in the control group.
In a standard synthetic control method, there is usually a country (i.e., unit) that receives
the treatment at a certain point in calendar time. A weighted average of the untreated
countries is then matched with the treated country before that time point and then compared
to the realised outcomes of the treated country after that time point in order to infer the
causal impact of the treatment. The Synthetic Forecast Method instead does not work with
the usual calendar time. It assumes a starting point with the introduction of a shock and
tracks all countries alongside this new timeline.
For example, Figure 1 shows the trends in COVID-19-related death toll since the day
cumulative number reached a total of 10 for the first time in a country, according to the data
extracted from the European Centre for Disease Prevention and Control (ECDC). As as of
13 April 2020, it is clearly visible that di↵erent countries are in di↵erent stages of the same
pandemic and there are many countries showing similarities and sharing common trends in
di↵erent parts of this new timeline.
Some countries in Figure 1 are more likely to be leaders and some are followers seeing
their numbers increasing only recently. Thus, the fundamental logic of the SFM builds on
this very point that the future evolution of the outcomes in the follower countries can be
forecasted by replicating their current outcomes with the early experiences of the leader
countries. Once a weighted average of the leaders is chosen, these weights can be carried
forward on the same timeline in order to predict what is likely to prevail in a follower country
in the immediate future.
An important point to note here is the fact once a country is chosen, the choice of
forecasting horizon depends very much on how many countries are leading the chosen country
in this timeline and by how much. Therefore, SFM becomes more difficult to apply in
countries that have contracted the virus earlier than others (such as China or Italy); however
these countries can still usefully act as a control group for the countries infected by the virus
at later stages.
In general, if the shock defining the new timeline is introduced only with small leads/lags
in di↵erent countries, this restricts the forecasting horizon for an average country in the
sample. However, the advantage of smaller leads/lags is the potential reduction in timedependent heterogeneity across di↵erent countries. If they had received the shocks in very
remote points in the calendar time, this might bring into question the comparability of the
cases that could be used as a control unit in a synthetic match.
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2.2.

Two applications: UK and Turkey

United Kingdom is one of those countries that received the virus at a relatively early stage,
making it more of a candidate to be a leader country in SFM setting rather than a follower.
Hence, in terms of forecasting power, we cannot expect to come up with a long horizon as
there will be very few countries more experienced than UK. Figure 2 illustrates where United
Kingdom currently stands with respect to its leader countries (i.e., China, Italy, Iran and
Spain) with a horizon choice of 8 days. If one was to extend this horizon by one more day,
this would lead Spain to drop from the figure and thus critically reducing the number of
potential cases that one could use in a synthetic match.
Another degree of freedom comes from the threshold value of total deaths that determines
where the timeline starts from. A lower threshold would naturally extend the length of the
timeline over which one can perform a synthetic match; however it is unlikely to change
the set of leader countries since this is somewhat predetermined by the (calendar) day on
which the virus arrived at the country. Choosing a longer timeline on the other hand may
increase the noise in the synthetic forecast by making the longer series of the follower harder
to match with the set of series of a few leader countries. In Figure 2, this threshold is set as
500 deaths.
Given the timeline in Figure 2, I compute the optimal weights that minimize the distance
between the natural logarithm of the current UK series and a weighted average of those of
the leader countries over the initial 18 days until 13th April.3 Projecting the same country
weights on to the next 8 days in the future and using the realised outcome values of the
same set of countries produces the synthetic forecast for UK which is illustrated in Figure 3.
As can be clearly seen, the forecast closely tracks the UK series over the initial period and
worryingly predicts a 50% increase in the total death toll in less than a week. Countries
with the largest weights in this synthetic forecast are Spain (56%) and Italy (40%), which is
not surprising at all given the similarity across country trajectories pictured in Figure 2.
A potential robustness check of the results could be undertaken by performing the same
exercise by excluding one country at a time from the pool of leader countries. Figure 4
presents the results when I re-compute the synthetic forecasts several times for di↵erent
pools. It is clear that results generally point to the same direction with similar trends,
except the case without Spain, which is sensible as this country enters the general synthetic
forecast with a large weight. However, even the exclusion of Spain does not change the
synthetic forecast to a large extent and its main prediction (50% increase at the end of the
next 8 days) seems to remain intact.
3

This is performed through the usual optimization technique employed in the standard synthetic control
method. See Abadie et al. (2015).
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An additional check on the performance of synthetic forecasts could be undertaken by
restricting the timeline over which the synthetic match is determined. In this way, one could
compare the out-of-sample forecasts generated by the method to the realised values for the
same country and evaluate how much they may deviate from reality. In order to track the
performance of the synthetic forecasts in April, I include in the optimization window only
those observations experienced in March (i.e., the first 5 days). Thus, I can compare the
forecasts generated only with the information available in March to see how accurately they
may predict the real experience in April.
Figure 5 illustrates that, despite the extremely short estimation window (5 days), forecasts generated by SFM is able to closely predict the real number of cumulative COVID19-related deaths in UK since the beginning of April. Notice that the forecasts slightly
overshoot the real values from time to time but they re-converge towards the end of the
13-day horizon. This finding is somewhat reassuring in terms of the forecasting power of the
model in the medium-run.
The fact that COVID-19 virus entered into UK at an early stage restricts our forecasting
horizon as discussed above. To evaluate how SFM may perform in a longer horizon (2 weeks),
I pick a country, namely Turkey, that received the virus at a relatively later stage. This can
help me forecast further ahead as Turkey is likely to have more leader countries that are
more advanced in the COVID-19 timeline than itself. Figure 6 shows the results when I
estimate the synthetic forecasts by starting the timeline from the first day on which the
death toll in Turkey reached a total of 50.4 As visually confirmed, the model is fitted to the
data quite well during the estimation window (initial 19 days till 13th April) and predicts
that the death toll may double in the next 2 weeks.
China plays a huge role in Turkey’s synthetic forecast with a weighting above 95%. Thus,
Figure 7 evaluates the robustness of these forecasts to the one-by-one exclusion of a leader
country in the comparison group. The forecasts have similar directions; however they rise
more rapidly if one was to drop China from the synthetic matching process. They also seem
to get noisier at the long end of the horizon. This observation is not so surprising given
the small number of comparable countries to establish the matching and longer forecasting
window. Alternatively, this analysis can help policymakers qualitatively assess the future
path of Turkey by incorporating their subjective assessments of which countries Turkey is
mostly likely to resemble to given its current policy path and level of government interventions. Since the country’s stance has so far been strict, keeping the countries that had more
4

Lower threshold in this case is necessary to retain a similar number of days (19 in this case) in the
estimation window since the total number of deaths in Turkey are currently much lower than that of United
Kingdom.
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interventionary approaches (i.e., China) in the control group could generate better forecasts,
for instance.5
Finally, Figure 8 shows the prediction performance of the method during April in Turkey
similar to what I did with UK numbers in Figure 5. Likewise, the forecasts seem to do well
on average prediction and direction of the real trends despite the fact that the model is fitted
with only 6 observations in March.

3.

Discussion

Synthetic Forecasting Method (SFM) could be a useful tool especially for “live forecasting”
the immediate horizon during crisis events of a new nature as in pandemics. It can be useful
not only in terms of predicting the health-related outcomes but also estimating secondary
variables, such as demand in hospital beds or domestic violence due to lockdowns, which
may be directly or indirectly impacted by the original shock.
Other than pandemics, one could use the method for the purpose of predicting the outcomes of a rare event. For instance, Meyersson (2018) applies a similar method in the context
of 2018 currency crisis in Turkey and forecasts the Turkish macro outcomes by synthetically
matching this period with periods in the past when other countries experienced similar currency crises. The same logic could be valid in predicting the outcomes of natural disasters
such as earthquakes or rare political shocks such as membership in the European Union.
A caveat of the method in the context of pandemics is that forecasts are bound to be very
short-term -and thus potentially less helpful- for countries that have started their experience
earlier than others. Such short-horizons may not be particularly useful for the policymakers
if they need more time in advance to prepare their response. However, it can still be useful
at least for some of the countries that are new to the pandemic and thus can learn from
the early experiences of others. SFM could then provide a systematic way to perform such
comparative analyses in a quick and robust fashion.
Another potential concern is the reliability of the statistics employed in synthetic forecasts. For instance, there have been several reports of some countries under-reporting their
COVID-19-related case and death statistics.6 If that is the case in many countries and the
extent of such reporting biases changes over time, it would be unavoidable to expect noisier
estimates from any forecasting method including SFM.
5

The Covid-19 government response tracker compiled by Hale et al. (2020) shows that Turkish government has so far been quite strict in its management of the pandemic with an average intervention index of
95% for the period covered in my synthetic estimations above.
6
See, for instance, the following report in CNN: https://edition.cnn.com/2020/04/07/uk/coronavirusuk-deaths-intl-gbr/index.html
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Lastly, a more general caveat -as it is the case in all synthetic models- is the fact that
SFM can be sensitive to model specification such as number of countries in the comparison
group, length/duration of the estimation period or the inclusion/omission of the potential
covariates.7 Even though the restrictive context of a pandemic setting is likely to exacerbate
some of these problems, the flexible nature of the synthetic method also provides opportunities for coming up with various robustness checks as I have done in the previous section of
this paper.

4.

Conclusion

In this paper, I propose a synthetic forecasting method (SFM) in order to estimate the
future path of virus-related outcomes in a country in the context of a new pandemic. The
method takes advantage of the fact that the recent COVID-19 virus entered into di↵erent
countries in slightly di↵erent points in time. An application to the cumulative virus-related
death toll (as of 13 April 2020) shows that the total numbers may increase by 50% in a week
in UK and may double in two weeks in Turkey. The method carries great potential and is
open to applications in many di↵erent contexts where the outcomes of rare events could be
forecasted.
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See Ferman, Pinto, and Possebom (forthcoming) for a list of the potential empirical concerns with
synthetic control models.
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Fig. 1. Evolution of cumulative COVID-19-related deaths since the first day the
total number reached 10 in a country. Source: Author’s calculations as of 13 April
2020 with the data provided by the European Centre for Disease Prevention and Control
(ECDC).
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Fig. 2. Evolution of cumulative COVID-19-related deaths since the first day the
total number reached 500 in a country. Red line represents the most recent
situation in United Kingdom. Source: Author’s calculations as of 13 April 2020 with
the data provided by the European Centre for Disease Prevention and Control (ECDC).
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Fig. 3. Synthetic forecast for cumulative COVID-19-related deaths in United
Kingdom for the next 8 days. Source: Author’s calculations as of 13 April 2020 with
the data provided by the European Centre for Disease Prevention and Control (ECDC).
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Fig. 4. Synthetic forecast for cumulative COVID-19-related deaths in United
Kingdom for the next 8 days: Exclude one leader at a time. Source: Author’s
calculations as of 13 April 2020 with the data provided by the European Centre for Disease
Prevention and Control (ECDC).
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Fig. 5. Synthetic forecast for cumulative COVID-19-related deaths in United
Kingdom for the next 8 days: Estimated only over 5 days in March. Source:
Author’s calculations as of 13 April 2020 with the data provided by the European Centre
for Disease Prevention and Control (ECDC).
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Fig. 6. Synthetic forecast for cumulative COVID-19-related deaths in Turkey for
the next 14 days. Source: Author’s calculations as of 13 April 2020 with the data provided
by the European Centre for Disease Prevention and Control (ECDC).
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Fig. 7. Synthetic forecast for cumulative COVID-19-related deaths in Turkey for
the next 14 days: Exclude one leader at a time. Source: Author’s calculations as of
13 April 2020 with the data provided by the European Centre for Disease Prevention and
Control (ECDC).
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Fig. 8. Synthetic forecast for cumulative COVID-19-related deaths in Turkey for
the next 8 days: Estimated only over 6 days in March. Source: Author’s calculations
as of 13 April 2020 with the data provided by the European Centre for Disease Prevention
and Control (ECDC).
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