
Annex Table 2.1.1 lists the data sources used in the analysis. The sample coverage for the 
different sections of the analysis is reported in Annex Table 2.2.2, with the selection of 
economies included in the analysis being driven by data availability. For the cross-country 
analysis, the sample varies between 22 and 52 countries based on data availability. In the case of 
the analysis relying on high-frequency indicators, the sample includes 22 countries when job 
postings are used and 128 countries when mobility is used. When subnational data on mobility is 
employed, the sample consists of 422 units for 15 G20 countries. Vodafone data is limited to 
Italy, Spain, and Portugal. Finally, the analysis of infections is based on a sample of 89 countries 
for which information on temperature, humidity, public information campaigns, testing, and 
contact tracing is available. At the subnational level, the sample consists of 373 units for G20 15 
countries. 

 



 

 



 
 

 

This annex provides technical details about the cross-country analysis presented in the 
chapter. Panel 1 of Figure 2.1 of the chapter displays the correlation between the average 
lockdown stringency and the GDP growth forecast error in the first half of 2020.1 The forecast 
error is defined as the deviation of real GDP growth from the January 2020 World Economic 
Outlook projections, which are the latest ones before the COVID-19 outbreak.2 The figure 
indicates that there is a clear negative correlation between the stringency of the lockdown 
measures and the real GDP growth forecast error, suggesting that countries with a tigher 
lockdown stringency experienced larger output losses. 

The analysis then looks at the correlation between lockdowns and economic activity more 
systematically. To do that, the following specification is estimated: 

𝑦 = α + 𝛽𝑙𝑜𝑐𝑘 + 𝛾𝑐𝑎𝑠𝑒𝑠 + 𝜀  (2.1) 

where 𝑦  is, alternatively, one of the following economic activity indicators for country 𝑖: the 
forecast error of real GDP, real consumption, and real investment in the first half of 2020;  the 
average growth of industrial production and retail sales; and the average change in the level of 
manufacturing purchasing manager index (PMI) and services PMI in the first three months after 
a country’s epidemic started; 𝑙𝑜𝑐𝑘  is the average lockdown stringency during the same period 
used for the 𝑦  variable; and 𝑐𝑎𝑠𝑒𝑠  is the log of per capita COVID-19 cases at the end of the 
period used for the 𝑦  variable. 

Annex Table 2.2.1 and panel 2 of Figure 2.1 of the chapter report the results of the 
estimations. To compare the lockdown estimates across economic activity indicators, the figure 
shows the coefficient 𝛽 multiplied by the ratio of the standard deviation of lockdowns to the 
standard deviation of the relevant economic activity indiciator. The results suggest that 
lockdown are associated with lower economic activity, and that the impact is significant whether 
or not the spread of the virus is controlled for.  

 
1 Data on lockdown stringency come from the Coronavirus Government Response Tracker of the University of Oxford. The lockdown 
stringency index is constructed as a simple average of nine sub-indexes built from ordinal indicators where policies are ranked on a numerical 
scale. These indicators measure school closures, workplace closures, cancellations of public events, gathering restrictions, public transportation 
closures, stay-at-home requirements, restrictions on internal movement, controls on international traveling, and public information campaigns. 
Since public information campaigns have a direct impact on voluntary distancing, the analysis constructs the stringency index excluding those.  

2 The real GDP growth forecast error for the first half of 2020 is calculated by first taking the sum of real GDP in the first two quarters of 
2020 and then calculating the growth of this sum relative to its counterpart a year ago. 



 

 

 



 
 

 

This annex describes the methodology to assess the impact of lockdowns on economic 
activity using high-frequency data. The first indicator to proxy economic activity is an average of 
the mobility indexes provided by Google.1 The advantage of this indicator is that it is available 
for over 130 countries (including many emerging market and developing economies) and at daily 
frequency since early February. The second indicator employed in the analysis is the number of 
job postings from the online platform Indeed, which is available for 22 countries, among which 
18 advanced economies and 4 emerging market and developing economies. 

To assess the dynamic response of mobility to the implementation of a lockdown, the 
analysis relies on local projections (Jordà, 2005). Specifically, the following panel regressions are 
estimated with data on 128 countries since early February until mid-July, 2020: 

𝑚𝑜𝑏 , = 𝛼 + 𝜏 + ∑ 𝛽 𝑙𝑛𝛥𝑐𝑎𝑠𝑒𝑠 , + ∑ 𝛿 𝑙𝑜𝑐𝑘 , + ∑ 𝜌 𝑚𝑜𝑏 , +

𝜀 ,  (2.3) 

where 𝑚𝑜𝑏 ,  denotes mobility for country 𝑖 at time 𝑡 + ℎ, with ℎ being the horizon; 
𝑙𝑛𝛥𝑐𝑎𝑠𝑒𝑠 ,  is the log of daily COVID-19 cases, which is used to track the stage of the 

pandemic, with 𝑝 being the lag length;2 and 𝑙𝑜𝑐𝑘 ,  is the index measuring lockdown 
stringency. The specification also features lags of the dependent variable to account for pre-
existing trends, and country and time fixed effects to control for country characteristics and 
global factors. The estimation includes a week worth of lags. Standard errors are clustered at the 
country level.3  

Lockdowns are generally imposed when the country’s epidemic is entering an acute phase. At 
that time, people are also more likely to voluntarily reduce social interactions because they fear 
being infected or infecting others. This complicates the assessment of the extent to which the 
decline in mobility after lockdowns is driven by government restrictions or by people’s 
behavioral changes. By controlling for the stage of the pandemic, the coefficient 𝛿  isolates the 
impact of lockdown measures. At the same time, for a given level of lockdown stringency, the 
coefficient 𝛽  should reveal the extent of voluntary social distancing. 

The results of the estimations are reported in Figure 2.2 of the chapter. As shown in panel 1, 
in response to a full lockdown, mobility declines after a week by almost 25 percent relative to the 
level prior to the lockdown. The effect dies off over a month, as restrictions are gradually eased 

 
1 The mobility index used in the analysis is constructed as the average of the mobility indexes for groceries and pharmacies, parks, retails and 

recreation, transit stations, and workplaces. In the case of China, the mobility index is based on data from Baidu. 

2 Replacing the log of daily COVID-19 cases with the log of daily COVID-19 deaths does not change the results. 

3 Similar results are obtained if the standard errors are corrected for cross-sectional dependence following Driscoll-Kraay (1998). 



 

 

as shown in Figure 2.3.1. Panel 2 of Figure 2.2 
of the chapter shows the impact of daily 
COVID-19 cases on mobility. A doubling of 
COVID-19 cases leads to a decline in mobility 
of about 2 percent after 30 days. The results are 
similar when COVID-19 cases are replaced with 
COVID-19 deaths. In this case, mobility 
declines by 28 percent a week after the 
introduction of a lockdown; and a doubling of 
COVID-19 deaths leads to a reduction in 
mobility by 1.2 percent after 30 days. 

The analysis also proposes an alternative 
identification strategy that takes advantage of 
the sub-national disaggregation of the mobility 
data from Google. Some countries imposed 
national lockdowns in reaction to localized 
outbreaks in highly affected regions. Therefore, 
these national lockdowns were largely exogenous 
to the conditions in regions with less COVID-19 
infections. Moreover, voluntary social distancing 
was likely weaker in regions with less COVID-19 
cases. Thus, by focusing on countries that 
adopted national lockdowns (instead of different 
measures for each region) and examining the 
impact on mobility in regions that were less 
affected by COVID-19, the analysis should 
uncover the causal effect of lockdowns in 
curbing mobility. 

Thus, to ensure the reliability of the results 
based on national data, the following 
specification is estimated on data for 422 
subnational units of 15 G20 countries:4 

𝑚𝑜𝑏 , = 𝛼 + 𝜏 +

∑ 𝛽 𝑙𝑛𝛥𝑐𝑎𝑠𝑒𝑠 , + ∑ 𝛿 𝑙𝑜𝑐𝑘 , +

∑ 𝜌 𝑚𝑜𝑏 , + 𝜀 ,  (2.4) 

where 𝑗 is the subnational unit, excluding the 
unit in each country with the largest number of 

 
4 For this exercise the sample is restricted to G20 countries for which subnational level data on mobility and COVID-19 cases are available. 

The level of geographical disaggregation is determined by Google mobility data and it varies across countries. For the US, state-level mobility 
data are available, but since policies are determined at the state level, all US observations are excluded from the sample. 
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cases. The analysis also excludes units that 
had more than 20 percent of the country’s 
total COVID-19 cases.  

The estimates reported in panel 1 of 
Figure 2.3.2 corroborate the negative effect 
of lockdowns on mobility. While the shape 
of the mobility response is similar to the 
one obtained with national data, the 
magnitude is about 10 percentage point 
larger. Yet, differences may be related to the 
sample coverage. Symmetrically, Panel 2 of 
Figure 2.3.2 shows the impact of COVID-
19 on mobility. The results are in line with 
the ones obtained at the national level: a 
doubling of COVID-19 cases leads to a 
contraction in mobility of 1.7 percent after 
30 days. 

This section presents several robustness 
exercises. First, to ensure that the results are 
not driven by the dynamics in mobility at 
specific locations, the analysis replaces the 
average mobility indicator in equation (2.3) 
with the mobility at retail and recreation, 
groceries and pharmacies, parks, transit 
stations, and workplaces.5 The results in 
Figure 2.3.3 suggest that the decline in 
mobility in response to a full lockdown and 
in response to a doubling of COVID-19 
cases are in line with the ones presented in 
panels 1 and 2 of Figure 2.2 of the chapter. 
That is, across all locations a full lockdown 
leads to a reduction in mobility between 23 
and 28 percent about a week after the 
introduction of the lockdown; and a 
doubling in COVID-19 cases leads to a 
decline in mobility between 1 and 2.8 
percent after 30 days. 

 
5 When the average mobility indicator is substituted with mobility observed at specific locations China drops from the sample. 
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Second, public information campaigns, 
contact tracing, and massive testing may lead 
people to re-assess the risk of getting infected 
(and infecting others) and therefore could 
contribute to a decline in mobility. The analysis 
estimates the specification in equation (2.3) 
including these controls (and their lags). The 
results presented in Figure 2.3.4 are consistent 
with the ones in panels 1 and 2 of Figure 2.2 of 
the chapter: a full lockdown reduces mobility 
by 24 percent after a week, and a doubling of 
COVID-19 cases leads to a reduction in 
mobility by 1.9 percent after 30 days. 

Third, there are several country 
characteristics that could potentially affect the 
magnitude of the impact of lockdowns on 
mobility. These include population density and 
governance variables such as rule of law, 
among others. The test if these factors 
determine the impact of lockdowns on 
mobility, the analysis estimates the following 
specification:  

𝑚𝑜𝑏 , = 𝛼 + 𝜏 +

∑ 𝛽 𝑙𝑛𝛥𝑐𝑎𝑠𝑒𝑠 , + ∑ 𝛿 𝑙𝑜𝑐𝑘 , + ∑ 𝛾 𝑙𝑜𝑐𝑘 , × 𝑥 , +

∑ 𝜌 𝑚𝑜𝑏 , + 𝜀 ,  (2.5) 

where 𝑥 ,  is, alternatively, population density as of 2019 or rule of law as of 2018. Similarly, 
social capital could change the impact of voluntary social distancing on mobility. The analysis 
then tests if trust and altruism affect the results by estimating the following specification: 

𝑚𝑜𝑏 , = 𝛼 + 𝜏 + ∑ 𝛽 𝑙𝑛𝛥𝑐𝑎𝑠𝑒𝑠 , + ∑ 𝛿 𝑙𝑜𝑐𝑘 , +

∑ 𝛾 𝑙𝑛∆𝑐𝑎𝑠𝑒𝑠 , × 𝑥 , + ∑ 𝜌 𝑚𝑜𝑏 , + 𝜀 ,  (2.6) 

where 𝑥 ,  now is, alternatively, an indicator of trust or altruism as of 2012. The results in 
Figure 2.3.5 and Figure 2.3.6 indicate that the impact of lockdowns and voluntary social 
distancing are not statistically different in countries with different population densities, strength 
of rule of law, and levels of trust and altruism. Thus, the results presented in the chapter extend 
to countries that are different in these characteristics. 
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The analysis decomposes the decline in mobility due to the tightening of lockdown measures 
and to voluntary distancing during the first 90 days of the pandemic. Lockdowns and voluntary 
distancing are likely to have a different impact depending on many factors, including the 
prevalence of teleworking, the share of people that do not depend on labor income (e.g., 
retirees), the presence of contactless delivery services, the amount of personal savings, among 
others. To capture some of these nuances, the specification in equation (2.3) is amended to allow 
the coefficients of the variables of interest (i.e., the lockdown stringency index and the stage of 
the pandemic) to depend on the country group:  

𝑚𝑜𝑏 , = 𝛼 + 𝜏 + ∑ 𝛽 𝑙𝑛𝛥𝑐𝑎𝑠𝑒𝑠 , + ∑ 𝛿 𝑙𝑜𝑐𝑘 ,  + 𝐴𝐸 ×

(∑ 𝛽 , 𝑙𝑛𝛥𝑐𝑎𝑠𝑒𝑠 , + ∑ 𝛿 , 𝑙𝑜𝑐𝑘 , ) + 𝐸𝑀 × (∑ 𝛽 , 𝑙𝑛𝛥𝑐𝑎𝑠𝑒𝑠 , +

∑ 𝛿 , 𝑙𝑜𝑐𝑘 , )  + ∑ 𝜌 𝑚𝑜𝑏 , + 𝜀 ,  (2.7) 

where 𝐴𝐸  and 𝐸𝑀  are dummy variables identifying advanced economies and emerging 
markets, respectively, with low-income countries being the omitted category. Thus, the impact 

of lockdowns on mobility for advanced economies can be obtained as 𝛿 + 𝛿 , , for emerging 

markets as 𝛿 + 𝛿 , , and for low-income countries as 𝛿 . 
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The contributions of lockdowns and voluntary distancing to the decline in mobility are then 
calculated as follows: 

𝐶 = 𝛤 , �̅�  (2.84) 

where 𝐶  is the contribution of variable 
𝑥 = {𝑙𝑛∆𝑐𝑎𝑠𝑒𝑠, 𝑙𝑜𝑐𝑘} to the decline in 
mobility observed in country 𝑖; 𝛤 ,  is the 
average coefficient over ℎ horizons of 
variable 𝑥 for country group 𝑔 =

{𝐴𝐸, 𝐸𝑀, 𝐿𝐼𝐶}, with 𝑖 ∈ 𝑔; and �̅�  is the 
average of the variable during the first 90 
days of the epidemic. Contributions are 
then averaged across countries. 

Panel 3 of Figure 2.2 of the chapter 
shows that lockdowns and voluntary 
social distancing played a similar role in 
reducing mobility. For the entire sample 
of 128 countries, the share of the decline 
attributed to lockdowns is comparable to 
the one attributed to voluntary distancing. 
The contribution of voluntary distancing 
is larger in advanced economies relative to 
emerging markets and low-income 
countries.  

The analysis also examines if the effect of lockdowns depends on the stage of the country’s 
epidemic by estimating a specification featuring an interaction term between the lockdown 
stringency index and the number of daily COVID-19 cases:  

𝑚𝑜𝑏 , = 𝛼 + 𝜏 + ∑ 𝛽 𝑙𝑛𝛥𝑐𝑎𝑠𝑒𝑠 , + ∑ 𝛿 𝑙𝑜𝑐𝑘 , +

∑ 𝛾 𝑙𝑛𝛥𝑐𝑎𝑠𝑒𝑠 , × 𝑙𝑜𝑐𝑘 , + ∑ 𝜌 𝑚𝑜𝑏 , + 𝜀 ,  (2.9) 

where 𝛾  reveals the differential effect of a lockdown conditional on a given number of daily 
cases. 

The results in panel 1 of Figure 2.3 of the chapter show that the impact of lockdowns on 
economic activity is smaller when cases are relatively higher. A possible interpretation is that, 
when cases are high, people’s behavior is predominantly influenced by the fear of the virus 
reducing the impact of lockdowns. Figure 2.3.7 shows that the difference between the effects of 
lockdowns with high and low cases is statistically significant. 

In some cases, people might be scrutinizing the spread of the virus at the global level, rather 
than at the domestic level. To account for that, the interaction term in equation (2.9) is replaced 
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with the interaction term of the lockdown 
stringency index with global cases. Results 
in panel 1 of Figure 2.3.8 corroborate the 
findings for which lockdowns have a 
weaker impact on mobility when cases are 
relatively higher. Panel 2 of Figure 2.3.8 
confirms that the interaction term is 
statistically significant. 

Finally, the analysis examines if the 
effects on mobility from tightening and 
loosening lockdown restrictions are 
symmetric. To address this question, the 
specification in equation (2.3) is modified 
to allow for an interaction term between 
the lockdown stringency index and a 
dummy variable identifying periods in 
which restrictions were eased: 

𝑚𝑜𝑏 , = 𝛼 + 𝜏 +

∑ 𝛽 𝑙𝑛𝛥𝑐𝑎𝑠𝑒𝑠 , +

∑ 𝛿 𝑙𝑜𝑐𝑘 , + 𝐷 , ×

∑ 𝜑 𝑙𝑜𝑐𝑘 , + ∑ 𝜃 𝐷 , +

∑ 𝜌 𝑚𝑜𝑏 , + 𝜀 ,  (2.10) 

where 𝐷 ,  is a dummy that takes value 
one if the seven-day moving average of the change in lockdown stringency is positive and zero 
otherwise. All periods without a change in stringency following a tightening (loosening) are 
considered a tightening (loosening) period.6 The impact of lifting restrictions can be obtained as 
𝛿 + 𝜑 . 

The results in panel 2 of Figure 2.3 of the chapter illustrate that tightening and loosening 
lockdown measures have asymmetric effects on mobility. While the introduction of a full 
lockdown leads to decline in in mobility of about 26 percent one week after the tightening, 
lifting restrictions boosts mobility only by about 18 percent over the same period. Figure 2.3.9 
confirms that the lockdown effects on mobility from tightening and loosening are statistically 
different from each other. 

To analyze the dynamic response of job postings to the adoption of lockdowns, the analysis 
relies on the same empirical approach used in Section 2.3. The empirical specification mimics 

 
6 The use of a moving average should reduce the chances of interpreting a small increase (decrease) in the lockdown stringency index as a 

tightening (loosening) during a loosening (tightening) phase. 
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equation (2.3), but in this case the 
dependent variable is the log of the stock 
of job postings instead of mobility. The 
impulse response functions are estimated 
with data for 22 countries from January 
1 to June 28, 2020. In line with the 
analysis of mobility, the specification 
includes 7 lags of the dependent and 
independent variables, and country and 
time fixed effects to control for time 
invariant country characteristics and 
global factors. Standard errors are 
clustered at the country level.7 The 
identification assumption is that the 
coefficient on the number of COVID-19 
cases captures the extent of voluntary 
social distancing, so that the coefficient 
on the index of lockdown stringency 
traces the effect of tighter lockdowns. 

Figure 2.4 of the chapter shows that 
lockdowns have a negative and 
significant effect on job postings. The estimates in panel 1 suggest that a full lockdown is 
associated with a decline in job postings of about 12 percent two weeks after the introduction of 
the lockdown. The negative effect is robust to dropping one country at the time, but the point 
estimate declines materially if New Zealand is excluded. Voluntary social distancing also plays a 
role. Doubling COVID-19 cases leads to a 2 percent decline in job postings after 30 days, as 
shown in panel 2. Following the procedure explained in Section 2.3, these estimates can be used 
to compute the contributions of each variable to the decline in job postings observed during the 
first 90 days of the countries’ epidemics. Panel 3 shows that both lockdowns and voluntary 
social distancing contributed to the drop in job postings. Consistent with the results based on 
mobility, the contribution of voluntary social distancing is particularly large since the sample is 
mostly based on advanced economies.  

To shed further light on the role played by lockdowns and voluntary social distancing, the 
analysis compares the dynamics of job postings in contact-intensive sectors—food, hospitality 
and personal care—to that of less-contact intensive ones—manufacturing. To do that, an event 
study around the time of the introduction of national-stay-at-home orders is implemented. The 
sample considers all countries that introduced national stay-at-home orders.  

 
7 The results are robust to correcting the standard errors for cross-sectional dependence via the Driscoll-Kraay (1998) procedure. 
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Figure 2.5 of the chapter presents the results of the event study. In panel 1, the stock of job 
postings is normalized to 100 forty days before the introduction of stay-at-home orders, and 
time zero denotes the introduction of stay-at-home orders. Job postings in contact-intensive 
sectors started to decline a few weeks before the introduction of stay-at-home orders, suggesting 
the importance of fear and hence of voluntary social distancing in these segments of the 
economy. The decline of job postings in the manufacturing sector coincided instead with the 
introduction of stay-at-home orders, suggesting that in less-contact intensive sectors lockdowns 
have been the driving force behind the decline in activity.8 

A second exercise focuses on the dynamics of job postings around the time of reopening. In 
panel 2, time zero denotes the time at which stay-at-orders are lifted. The chart shows that lifting 
lockdown restrictions led also to marginal recovery in job postings. This suggests that simply 
raising lockdown restrictions is unlikely to provide a sharp boost to the economy until the virus 
is successfully contained. 

 
8 Results are similar if the series are purged of the sector and country specific time-invariant characteristics. 



 

 

To test whether lockdowns have unequal effects across gender and age groups, a regression 
discontinuity (RD) approach is adopted in a similar spirit to Davis (2008), Anderson (2014), and 
Chetty et al. (2020). With respect to a standard cross-sectional RD setting, in this case the 
running variable is time, with the treatment date as threshold, making this approach akin to an 
event study exercise. As in more standard RDs, endogeneity is addressed by considering a 
narrow bandwidth (in this case a time window) around the introduction of the treatment. Within 
this interval, unobserved confounding factors affecting the outcome variable are likely to be 
similar.1 

The analysis studies the impact of lockdowns across gender by focusing on the mobility of 
people aged 25-44, since they are more likely to have young kids and hence be affected by 
schools’ closures. Specifically, the variable of interest is the share of Vodafone customers leaving 
their homes in a given day disaggregated by gender. The baseline analysis considers a window of 
30 days. The series are orthogonalized with respect to day-of-week and province fixed effects.  

Panel 1 of Figure 2.6 of the chapter reports a binned scatterplot where each dot represents 
the mean of the data calculated within 20 equally sized bins and the treatment is the introduction 
of national stay-at-home orders. The fitted lines are obtained for each group in the pre and post 
stay-at-home periods. The results suggest that the introduction of national-stay-at-home orders 
led to a sharp drop in the share of people moving both for men and women. Yet, the share of 
women moving dropped by a larger extent, with the difference being as large as 2 percent.   

To test whether the difference in the mobility drop between men and women is statistically 
significant, the analysis uses the following local linear regression based on Anderson (2014):  

𝑃𝑒𝑟𝑐𝑃𝑒𝑜𝑝𝑙𝑒𝑀𝑜𝑣 = 𝛼 + 𝜏 + 𝛽𝑆𝑡𝑎𝑦𝐻𝑜𝑚𝑒 + 𝛾𝐷𝑎𝑡𝑒 + 𝜃𝑆𝑡𝑎𝑦𝐻𝑜𝑚𝑒 ∗  𝐷𝑎𝑡𝑒 +

𝜙𝐹𝑒𝑚𝑎𝑙𝑒 + 𝜆𝐹𝑒𝑚𝑎𝑙𝑒 ∗ 𝑆𝑡𝑎𝑦𝐻𝑜𝑚𝑒 + 𝜈𝐷𝑎𝑡𝑒 ∗ 𝑆𝑡𝑎𝑦𝐻𝑜𝑚𝑒 + 𝜓𝐹𝑒𝑚𝑎𝑙𝑒 ∗ 𝐷𝑎𝑡𝑒 + 𝜀  (2.11) 

where 𝑃𝑒𝑟𝑐𝑃𝑒𝑜𝑝𝑙𝑒𝑀𝑜𝑣  is the percent of people moving in the age group 25-44 in province 
p, in country c, for gender g, at time t; 𝑆𝑡𝑎𝑦𝐻𝑜𝑚𝑒  is the treatment variable, equal to one when 
the national stay-at-home orders are in place; 𝐷𝑎𝑡𝑒  is the number of days since the beginning 
of the stay-at-home-order; and 𝛼  and 𝜏  are province and days of the week fixed effects. The 
coefficient 𝛽 captures the effect for men, while 𝜆 + 𝛽 traces the effect for women. Standard 
errors are clustered at the province level.  

Table 2.4.1 reports the results for the baseline model in Column (1). Consistent with the 
graphical evidence, mobility of women drops by 2 percent more than men, and the difference is 
statistically significant. The rest of Table 2.4.1 presents some robustness exercises. In Column 
(2), the estimation is restricted to the age group 45-64, which includes individuals that are less 
likely to have young kids. The effect is still significant, but smaller—equal to about 1 percent. In 

 
1 For a comprehensive review of RD in time see Hausman and Rapson (2018). 



 
 

 

Column (3), the sample is restricted to Italy and Spain and the difference between men and 
women is equal to 3 percent. Finally, changing the bandwidth around the treatment to 20 days 
does not affect the results, as shown in Column (4).   

 

The analysis then re-examines the difference in mobility between men and women by 
restricting the sample to five northern Italian regions where local schools closed before stay-at-
home orders. Panel 2 of Figure 2.6 of the chapter presents the results of this exercise, where the 
first discontinuity is set on February 23rd, the date of the local schools’ closure, and the second 
one on March 10th, when the national lockdown is implemented. The divergence in mobility 
between men and women starts to appear around the time of school closures, consistent with 
the idea that women carry a greater share of childcare responsibilities.  

Finally, the analysis looks at the differential effects of lockdowns across age groups. Panel 3 
of Figure 2.6 in the chapter shows that the mobility of all age groups drops at the time of the 
national stay-at-home orders, however the drop for individuals aged 18-24 is particularly sharp. 
It also reveals that the mobility of individuals aged 65+ was already significantly lower prior to 
lockdowns. To test more formally the impact of lockdowns on age groups, the following 
specification is estimated separately for each age group, with standard errors clustered at the 
province level:  

𝑃𝑒𝑟𝑐𝑃𝑒𝑜𝑝𝑙𝑒𝑀𝑜𝑣 = 𝛼 + 𝜏 + 𝛽𝑆𝑡𝑎𝑦𝐻𝑜𝑚𝑒 + 𝜀  (2.12) 

The findings in Table 2.4.2confirm that people in the age group 18-24 experienced the largest 
drop in mobility because of lockdowns, close to 30 percent. People in both age groups 25-44 



 

 

and 45-64 also experienced declines in mobility as large as 20 percent, whereas people aged 65+ 
saw their mobility decline by 19 percent. The coefficient estimates on the treatment variable are 
also reported in Figure 2.4.1, which shows that the magnitude of the negative effect becomes 
smaller for older age groups. 
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The final section of the chapter examines if countries that adopted lockdown measures 
experienced less COVID-19 infections. Formally, the following specification is estimated with 
data for 77 countries since the beginning of January: 

𝑙𝑛𝑐𝑎𝑠𝑒𝑠 , − 𝑙𝑛𝑐𝑎𝑠𝑒𝑠 , = 𝛼 + 𝜏 + ∑ 𝛽 𝑋 , + ∑ 𝛿 𝑙𝑜𝑐𝑘 , +

∑ 𝜌 ∆𝑙𝑛𝑐𝑎𝑠𝑒𝑠 , + 𝑡𝑟𝑒𝑛𝑑 + 𝑡𝑟𝑒𝑛𝑑 , + 𝜀 ,  (2.13) 

where 𝑋 ,  is a vector of controls including the average temperature and humidity in the 
country, as well as indicators for whether public information campaigns are carried out and if 

massive testing and contact tracing policies are in place; and 𝑡𝑟𝑒𝑛𝑑  and 𝑡𝑟𝑒𝑛𝑑 ,  are the 
country-specific linear and quadratic trends. 

The results in panel 1 of Figure 2.7 of the chapter indicate that COVID-19 cases start 
declining 3 to 4 weeks after the adoption of a lockdown, relative to a no-lockdown scenario. 
This time lag between the tightening of the lockdown measures and the decline in cases is 
consistent with the incubation period, the testing, and the time needed to obtain and record the 
test results. After a month, cases are about 38 percent lower. 

To improve the identification of the impact of lockdowns, the analysis employs subnational 
data for 339 units in 15 G20 countries, 
mimicking the approach described for 
mobility:1 

𝑙𝑛𝑐𝑎𝑠𝑒𝑠 , − 𝑙𝑛𝑐𝑎𝑠𝑒𝑠 , = 𝛼 + 𝜏 +

∑ 𝛿 𝑙𝑜𝑐𝑘 , +

∑ 𝜌 ∆𝑙𝑛𝑐𝑎𝑠𝑒𝑠 , + 𝑡𝑟𝑒𝑛𝑑 +

𝑡𝑟𝑒𝑛𝑑 , + 𝜀 ,  (2.14) 

where controls are dropped as they are not 
available at the subnational level. It should 
be noted that, as in the analysis of mobility 
with subnational data, subnational units 
with the largest number of cases per 
country and those that had more than 20 
percent of the country’s total COVID-19 
cases are excluded from the sample. 

The results based on subnational-level 
data in Figure 2.5.1 corroborate the results 

 
1 The sample is restricted to G20 countries that adopted national lockdown measures and that provide regionally disaggregated data. The 

analysis considers only subnational entities that experienced at least one COVID-19 case.” 
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using national-level data, albeit estimates 
are larger. After a month since the 
adoption of a lockdown, COVID-19 
cases in subnational units under a 
national lockdown are 58 percent lower 
than in subnational units without a 
lockdown. 

From a policy perspective, it is 
relevant to understand if countries that 
adopted lockdown measures early in the 
pandemic managed to control the spread 
of the virus better than countries that 
waited until the number of cases was 
higher. To differentiate across early and 
late adopters, the analysis employs two 
alternative criteria. The first criterion 
looks at the number of days that went by 
since the country registered the first 
COVID-19 case until the moment in 
which the country reached its maximum 
lockdown stringency. The second 
criterion is based on the number of 
weekly cases at the time in which the 
maximum lockdown stringency was 
reached.  

As shown in panel 1 of Figure 2.5.2, there is a large cross-country heterogeneity in terms of 
how quickly lockdown measures were tightened. One fourth of the countries tightened 
lockdown measures within 20 days and half of the countries within a month. It took between a 
month and a half and four months to tighten lockdown measures for the rest of the countries. 
However, this also reflects how quickly the virus spread in the population. Panel 2 of Figure 
2.5.2 shows that virtually all countries reached the maximum stringency before daily cases 
reached 0.1 cases per thousand people.  

The analysis then compares the epidemiological outcomes of early and late lockdown 
adopters 90 days after the first COVID-19 case, splitting the sample of countries with respect to 
the median of the distributions in Figure 2.5.2. The results in panels 2 and 3 of Figure 2.7 in the 
chapter indicate that countries that tightened lockdown measure early in the pandemic—both 
with respect of the time needed to reach the maximum stringency and the number of cases at 
the time in which maximum stringency was reached—had considerably less COVID-19 
infections per thousand people than countries that waited until the number of cases was higher 
to adopt lockdowns. 



 
 

 

The stringency index from the 
University of Oxford combines a broad 
range of measures, including school 
closures, workplace closures, stay-at-
home orders, public event cancellations, 
gathering restrictions, public 
transportation closures, internal 
movement restrictions, and international 
traveling controls. As shown in panel 1 
of Figure 2.8 in the chapter, these 
measures are often introduced in a rapid 
succession, and this complicates the 
assessment of the effectiveness of each 
individual measure due to collinearity.  

A regression specification that 
features all the lockdown measures as 
independent variables would generally 
capture the marginal effects of a measure 
conditional on those that have been 
adopted beforehand. For example, 
replacing the lockdown stringency index 
in equation (2.3) with the (rescaled) indices for each individual lockdown measure produces the 
results in Figure 2.6.1.1 As expected, measures that are introduced later (e.g., stay-at-home orders 
or transportation restrictions) display a smaller impact on mobility, while the measures that are 
introduced first (e.g., international movement restrictions or school closures) are associated with 
a larger impact.2 

The analysis proceeds to examine nonlinearities in the effects of lockdowns on mobility. This 
is done by introducing in equation (2.3) quadratic terms of the lockdown stringency: 

𝑚𝑜𝑏 , = 𝛼 + 𝜏 + ∑ 𝛽 𝑙𝑛𝛥𝑐𝑎𝑠𝑒𝑠 , + ∑ 𝛿 𝑙𝑜𝑐𝑘 , + ∑ 𝜔 𝑙𝑜𝑐𝑘 , +

∑ 𝜌 ∆𝑙𝑛𝑐𝑎𝑠𝑒𝑠 , + ∑ 𝜌 𝑚𝑜𝑏 , + 𝜀 ,  (2.15) 

The results shown in panel 2 of Figure 2.8 in the chapter suggest that introducing new 
lockdown measures (or tightening existing ones) when other measures are already in place has a 
weaker effect on mobility compared to introducing them when there are less (or looser) 

 
1 The indices of the lockdown measures provided by the Oxford COVID-19 Government Response Tracker are ordinal indicators where 

policies are ranked on a numerical scale. Since different indicators have different maximum values in their ordinal scales, each index is rescaled 
between zero and 100.  

2 This framework could in principle allow for interaction terms across all measures to better capture the impact on mobility of a given measure 
conditional on the others being in place or not. However, the regression becomes cumbersome and the results are inconclusive. 
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lockdown measures in place. The quadratic term is positive and statistically significant at various 
horizons. 

The analysis then examines the same question with respect to epidemiological outcomes. 
Equation (2.13) is modified to include the squared term of lockdown stringency: 

𝑙𝑛𝑐𝑎𝑠𝑒𝑠 , − 𝑙𝑛𝑐𝑎𝑠𝑒𝑠 , = 𝛼 + 𝜏 + ∑ 𝛽 𝑋 , + ∑ 𝛿 𝑙𝑜𝑐𝑘 , +

∑ 𝜔 𝑙𝑜𝑐𝑘 , + ∑ 𝜌 ∆𝑙𝑛𝑐𝑎𝑠𝑒𝑠 , + 𝑡𝑟𝑒𝑛𝑑 + 𝑡𝑟𝑒𝑛𝑑 , + 𝜀 ,  (2.16) 

The results presented in panel 3 of Figure 2.8 in the chapter indicate that lockdown measures 
have an impact on infections if they are introduced on top of existing ones. The quadratic term 
is negative and statistically significant at various horizons. 

Taken together, these results suggest that tighter lockdowns appear to entail modest 
additional economic costs while bringing considerable benefits in containing the virus.   


