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Abstract
Amid government lockdown policies and fear of contagion, populations have adjusted their day-to-day schedules in response to the COVID-19 pandemic. We investigate the changes in mobility patterns of European populations using fixed effects regression models. We then show that new cases of the virus within each country and stringency of government policy response are key factors that influence mobility. We find that the marginal effect of policy stringency on mobility decreases over time, suggesting “quarantine fatigue” may limit the effectiveness of mobility-reducing policy to about 140 days. Similarly, we find the marginal effects of new cases of COVID-19 on mobility disappear within 80 days but begin to increase again near the end of the observation period. This suggests that rising numbers of new cases may have a “second wave” effect in reducing population mobility. 
1. Introduction 
After the novel coronavirus began to spread rapidly outside the borders of China, the World Health Organization declared Europe the new epicenter of the virus. As businesses and individuals scramble to define “the new normal” in the face of rapidly changing government response policy, the mobility patterns of country populations reflect profound changes in day-to-day movement. To curb the spread of the virus, governments have adopted various non-pharmaceutical interventions, or lockdown policy measures, such as banning public gatherings, closing schools, and implementing travel restrictions. A key problem for government policymakers is figuring out what effects implemented policies will have on the population. In this paper, we explore the factors that affect the public response to the COVID-19 threat by investigating the effects on mobility patterns of policy stringency and reported cases. 
There is a growing body of literature addressing the impact of population mobility on the spread of the virus. Askitas, Tatsiramos, and Verheyden examine the effects of different policy measures on population mobility and spread of COVID-19 in 135 countries. The authors find that lockdown policy measures tend to reduce time outside the home and contribute significantly to reducing the spread of the virus. Government policies that cancelled public events and restricted public gatherings were found to be most effective in limiting the spread of the virus, followed by stay-at-home requirements. Each of these policies were found to have significant negative impacts on mobility outside the home (non-residential mobility), while leading to an increase in time spent in the home (residential mobility). The authors observe that some government restrictions, such as public event and transportation restrictions, have a diminishing effect on mobility over a 35-day observation period. We expand the window of observation beyond 35 days to investigate the long-term effects of policy measures on mobility. Askitas, Tatsiramos and Verheyden suggest that mobility data can be interpreted “as a measure of compliance to the policies introduced” and as a “mediator between policies and the spread of disease.” We build upon this work by investigating the relationship between policies and mobility in our fixed effect regression models. 
Badr, Du and Marshall author a paper which examines the second part of the relationship: the link between mobility and the spread of disease. Using cell phone mobility data from the United States, their paper finds results in line with the existing research, concluding that “decreased mobility has a significant, positive relationship with reduced case growth.” These papers represent a growing literature establishing the relationships between policy stringency, mobility, and cases. 
This paper aims to address the long-term effects of policy stringency and case counts on population mobility. Namely, we attempt to answer the questions: (i) how does the stringency of government policy response to the COVID-19 threat affect population mobility over time? (ii) how does mobility respond to the change in reported cases over time? To address question (i) we use a panel dataset of 36 countries to construct a fixed effects model to estimate the impact of policy stringency on population mobility over time, while controlling for new cases per million. We hypothesize that the relative impact of policy stringency on mobility will lessen over time, as populations may experience “quarantine fatigue” that would cause adherence to lockdown policy guidelines to decline over time. To address question (ii) we tweak the first fixed effects model to estimate the impact of new cases per million on mobility while controlling for policy stringency. We hypothesize that higher new case numbers will lead to mobility decreases, as they may generate a more immediate perceived threat that should prompt stricter adherence to lockdown policies. However, a decrease in population mobility reduces the number of potential COVID-19-spreading interactions among the population, which implies that mobility patterns are jointly determined with the number of COVID-19 cases. 
This paper builds the aforementioned models using reliable datasets from Our World in Data (OWID) containing country-wide information on COVID-19 cases, deaths, testing, and population distribution statistics. The OWID dataset includes a measure for policy stringency determined by the Oxford COVID-19 Government Response Tracker. We obtain estimates for population mobility in each country from Google’s COVID-19 Community Mobility Report. 
The remainder of the paper adheres to the following structure. Section 2 describes the datasets used for the analysis. Section 3 details the regressions estimated to determine the effect of population mobility on viral spread. In Section 4, we describe the findings of the study, and concluding remarks are presented to the reader in Section 5. 

2. Data
For this study, data were compiled from various sources on the daily number of infections, population mobility patterns, and the stringency of government policy response to the pandemic. The data were combined into one panel dataset with 36 countries (listed in the appendix) over the period from February 15th to August 14th of the year 2020.  A complete list of variables and descriptions is outlined in Table 1, with accompanying summary statistics in Table 2. 

2.1 COVID-19 Data
For our cross-country analysis, we collected data on total and daily confirmed cases from the Our World in Data (OWID) COVID-19 Dataset. The OWID COVID-19 Dataset combines virus statistics from the European Center for Disease Prevention and Control with data collected from official sources including governments, health ministries and centers for disease control. Drawbacks to using the number of confirmed cases include known test kit shortages that have led many countries to restrict testing to cases with stronger symptoms. Therefore, some of the early counts of confirmed cases may underrepresent the true number of cases, and the testing rates are not identical across countries. Since our model estimates the effects of new case numbers on mobility, which is a human behavioral response determined by perceived threat, we assume that the public’s perception of the pandemic is based on reported case numbers and not actual case numbers. This assumption allows us to essentially ignore the inconsistencies in testing and reporting among countries. A graph showing the trends in new cases of COVID-19 per million is detailed in Figure 2. The figure shows a rise in new cases per million that peaks around 45 days elapsed since the start of the epidemic and a subsequent fall cases bottoms out around 100 elapsed days and begins to rise again after that. This indicates that overall, European countries experienced two waves of new reported cases of COVID-19 within the time period of our sample.

2.2 Google’s Mobility Report
Google’s COVID-19 Community Mobility Report (GMR) was used to approximate daily population mobility changes throughout the period of interest. The GMR data are collected from the devices of those who have opted to turn on the Location History setting by anonymous location tracking. The GMR reports the percentage change in traffic to locations that fall into one of six categories: retail and recreation, grocery and pharmacy transit stations, parks, workplaces, and residential areas. Traffic is computed based on the number of visitors and/or time spent in each category of place, and percentage change is reported in reference to the median value of traffic from the period between January 3rd and February 6th. Since the GMR reports relative changes in time spent in each space, we should be aware that residential mobility will show smaller relative changes in mobility compared with non-residential mobility due to the fact that many more hours are spent at home relative to the other spaces. 
The GMR has occasional gaps in the data when information collected does not surpass a minimum threshold. Since the dataset compares mobility information collected to a baseline period in January, seasonal changes in behavior may bias the data. In particular, the parks sector shows the greatest increase in mobility, despite lockdown policy measures. We observe that over the observation period, the weather has become more favorable to time spent outside relative to the baseline period in January, which is wintertime for all of the countries in the sample. We also may observe this increase in park mobility because individuals in affected areas could choose to spend recreation time in parks instead of indoors, as the perceived threat of virus transmission is lower for outdoor spaces. In addition, regions may have local differences in the data which could bias comparisons of different areas. Despite potential biases, these data are useful because they offer insight into the response of the population to lockdown policy guidelines and perceived threat of the virus. 
Graphs showing mobility trends over time are detailed in the appendix; see Figure 3. From the graph of the change in residential mobility, which represents the percent change in time spent at home relative to the pre-pandemic baseline period, we observe a sharp increase in mobility that peaks around 20% around 40 days after the start of the epidemic. This slowly drifts back down to 0%, indicating that residential mobility returns to baseline around 100 days after the start of the epidemic. We observe similar but opposite trends in non-residential mobility. Mobility in the retail and recreation and transit station sections show distinct drops to below 50% of pre-pandemic levels around 40 days, and slowly rise to near-baseline levels around 120 days. Transit station mobility remains about 20% below baseline level. Workplace mobility mirrors that of retail and transit until 110 days, where it appears to peak at 15% below baseline and sink back down to 25% below baseline. This phenomenon may reflect fears of rising case numbers corresponding to a “second wave” experienced by some countries. It may also reflect workplace adjustments to the work from home model or may be impacted by changing employment rates. Grocery and pharmacy sector mobility reflects the same pattern to a lesser degree. This makes intuitive sense, as groceries and pharmacies are essential businesses which sell goods with an inelastic demand and have generally remained open during the duration of the pandemic. The mobility trends for parks notably deviate from the other trends, maintaining baseline mobility until 50 days and rising steadily until 150 days. This reflects that mobility in outdoor public spaces was much less impacted by COVID-19, and we hypothesize that the rise in park mobility reflects a seasonal bias, as parks are better attended in summer months than in the January baseline period. 

2.3 Policy Stringency
The Oxford COVID-19 Government Response Tracker provides an index for the stringency of each government’s policy response to the virus (policy stringency). This index considers eight containment and closure measures, as well as 10 additional indicators of economic and health system responses. This composite index is updated for each country for each day, where 100 indicates the strictest response and 0 indicates no restrictions. This index comes from the OWID COVID-19 dataset. A graph displaying the policy stringency trends over time is presented in Figure 4. Policy stringency follows a similar trend to that displayed in the residential mobility graph, rising from an index of 20 to a peak around 80 about 45 days after the start of the epidemic. Policy stringency then falls gradually to an index of 45 by 110 days after the start, and it begins to taper off slightly after 150 days. The observed similarity between residential mobility and policy stringency trends informed our model construction. 

3. The model 
We estimate fixed effects models to determine the impacts of policy stringency and new cases per million on mobility over time. Our models control for country fixed effects and include a factor variable for calendar month to control for month fixed effects. Our dataset consisted of 36 countries for which complete data were available, and a list of countries used can be found in the appendix. 
3.1 Policy Stringency Effects on Mobility Over Time  
We estimate the following model, where the subscript c corresponds to the entry for a particular country and the subscript t corresponds to the number of elapsed days since the first day for which total cases per million for the given country exceeded two.
Model 3.1:
+ 

We regress our model on a mobility vector ( for the six mobility indices, which we estimate separately. We control for the log of new COVID-19 cases per million, the number of days since the start of the pandemic in each country (, and its square. We estimate the coefficients for policy stringency, and the interactions between policy stringency and days, and days squared. We control for calendar month and country fixed effects, and we use robust standard errors.

3.2 New Case Effects on Mobility Over Time 
We estimate a similar model to observe the effect of the number of new cases per million on mobility. This model is a variant of the model described in section 3.1; we have changed policy stringency to be the control and estimate the coefficients for new cases per million and its interaction with days and days squared. We once again control for calendar month and country fixed effects and use robust standard errors. 
Model 3.2: 
+ 


4. Results
This section details the results of the models split up into two subsections corresponding to the models presented above. 
4.1 Policy Stringency Effects on Mobility Over Time 
Table 3 presents the results from estimating Model 3.1 on residential mobility. We see that policy stringency has a significant positive effect on residential mobility, meaning that stricter policy leads to more time spent at home relative to the baseline period. This is consistent with the findings of Askitas, Tatsiramos and Verheyden. We also see a significant negative coefficient for the interaction between policy stringency and days elapsed, implying that for a constant level of policy stringency, the effect of that policy on residential mobility weakens over time. This is consistent with our hypothesis that populations experience “quarantine fatigue,” which is characterized by a resistance to follow lockdown guidelines that builds over time. We see that our controls for log of new cases per million and month fixed effects are significant in predicting residential mobility. 
	For non-residential mobility, our results indicate the corresponding opposite effects. For retail, transit, and workplace mobility, we find significant negative coefficients for policy stringency and significant positive coefficients for the interaction between policy stringency and days elapsed. These findings are consistent with the results of our residential mobility findings and imply that more stringent government policy leads to decreased out-of-home mobility, and that those effects weaken over time. For grocery and pharmacy mobility we find a significant negative coefficient for policy stringency, but an insignificant positive coefficient for the interaction between policy and days elapsed. This reflects that the effects of policy stringency on grocery and pharmacy sector mobility do not vary significantly with time. For mobility in parks we find no significant effect of policy stringency or any variables with the exception of the month factor variables, implying the changes in park mobility are primarily due to seasonal changes and not COVID-19 effects.
	We then present the marginal effects of policy stringency on residential mobility in Figure 5. Each coefficient corresponds to the marginal effect of policy stringency calculated every 20 days from the start of the epidemic in each country for 160 days. We see significant positive effects that lessen in magnitude over time, becoming insignificant between 120 and 140 days after the start of the pandemic.
For non-residential mobility, we find consistent opposite effects. For the retail and recreation sector we find significant effects at the 1% level up to 120 days, 5% level at 140 days, and insignificant effects after 160 days. For the grocery and pharmacy sector, the effect is significant at the 1% level up to 120 days, significant at the 10% level after 140 days, and insignificant after 160 days. For the transit sector the effect is significant at the 1% level up to 140 days and is significant at the 5% level after 160 days. This is consistent with the observation that transit mobility remains about 20% below baseline levels after 160 days (Figure 3). For the workplace sector we find that policy stringency has a significant negative effect at the 1% level 100 days after the start of the pandemic, an insignificant effect from 100-140 days, and a positive effect significant at the 10% level after 160 days. This is a curious finding that could be further explored with analysis of more recent data to investigate the persistence of the trend. It is unsurprising that the effect of policy stringency on park sector mobility is largely insignificant due to the results of Model 3.1. However, we observe a significant negative effect in the period between 80 and 120 days. This may be explained by observation that park mobility increased while policy stringency decreased overall during this time period.

4.2 New Case Effects on Mobility Over Time 
Table 4 presents the results from estimating Model 3.2 on residential mobility. We find that the log of new cases per million has a significant positive on residential mobility, which implies that higher reported cases lead to populations spending more time at home. The coefficient for the interaction with days elapsed is significant and negative, indicating that this effect weakens over time; the coefficient of the interaction with the square of days elapsed is also significant and positive, indicating that the effect follows a parabolic shape. The controls for policy stringency and month fixed effects are also significant. 
	For non-residential mobility, we again observe the corresponding opposite effects. Every non-residential mobility index on which we regressed Model 3.2 yielded a negative coefficient for log of new cases per million, a positive coefficient for the interaction with days elapsed, and a negative coefficient for the interaction with the square of days elapsed. These coefficients were significant at the 5% level for the grocery and pharmacy sector, and significant at the 1% level for every other sector excluding parks (for which none of the coefficients with new cases were significant). The results indicate that our conclusion that higher new reported cases in a country lead to a decrease in population mobility, an effect which lessons over time, is robust to different measures of mobility. The exception of park mobility in these results provide further evidence that changes in park mobility are primarily due to seasonal changes and not COVID-19 effects.
	We then present the marginal effects of the log of new cases of COVID-19 on residential mobility in Figure 6. Each coefficient corresponds to the marginal effect of the log of new cases per million, which is calculated every 20 days from the start of the epidemic in each country for 160 days. Once again, we see significant positive effects that lessen over time, but which become insignificant earlier than policy stringency does. Although the positive marginal effect of new cases on residential mobility is significant at the 1% level until 60 days after the start of the pandemic, by 80 elapsed days the effect is insignificant. 
	For non-residential mobility, we begin by analyzing the marginal effect of new cases on retail mobility. We observe significant negative marginal effects at the 1% level until 60 elapsed days, which become insignificant from 80 through 140 days, and once again become significant at 160 elapsed days at the 10% level. This corresponds to the parabolic shape we observe in Figure 6 due to the significance of the interactions between new cases, days elapsed, and days elapsed squared. The secondary significance period likely represents renewed fear of the virus due to the second wave of rising case numbers observed in Figure 2. For the grocery and pharmacy sector, we observe a similar effect. The marginal effect of new cases is only significant at the 5% level through 20 elapsed days, and it once again becomes significant after 140 elapsed days. The negative marginal effects on transit mobility are significant for 60 elapsed days, and there are briefly significant positive marginal effects observed 100 days after the start of the pandemic. Once again we find significant negative marginal effects 160 days after the pandemic. The positive observed effect at 100 days is barely significant at the 5% level (p = .049), and due to the absence of significant positive marginal effects in other non-residential mobility sectors, we believe that this to be a fluke of the data and therefore does not have significant implications for our findings. The marginal effects of new cases on workplace mobility are significant and negative up until 60 elapsed days, but insignificant beyond that. None of the marginal effects on park mobility were significant. 

5. Conclusion
Population mobility during the COVID-19 pandemic has been influenced by a variety of factors. A key task for policymakers during this time is to figure out a clear picture of the effects of policy stringency on population behavior and, through that, the spread of the virus. Previous studies have already established that lower population mobility reduces the spread of the virus. This paper contributes answering aiding the policymakers’ task by presenting a model of the marginal effects of policy stringency and new cases on mobility measures over time. Our findings establish that there is a critical window after policy implementation where marginal effects are strongest, and they weaken as time goes on until they become insignificant after a period of about 140 days. This is consistent with the theory that populations experience “quarantine fatigue” in which the desire to restrict mobility lessens over time. We also found that the responsiveness of population mobility to number of new cases is strongest at the beginning of the pandemic, dwindles until it is no longer significant after a period of about 80 days, and rises again after about 160 days. The findings are consistent with the hypothesis that mobility is a function of fear, and higher case reports incite more fear of contagion that leads to a reduction in population mobility. We observe the marginal effect of new cases per million on mobility appears to rise and fall with the number of new cases observed.
If, as Askitas, Tatsiramos and Verheyden suggest, mobility data can be interpreted “as a measure of compliance to the policies introduced,” then we can interpret our findings as evidence that compliance with lockdown policy measures weakens over time. Our findings concerning the marginal effects of reported cases imply that rising European case counts in July and August are already causing a statistically significant reduction in population mobility. We discovered that population responsiveness to government policy was highest at the start of the epidemic. Further research may compare viral spread in countries that implemented stringent policy at the start of a “second wave” of the pandemic to those that did not.
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Tables
Table 1: Variables
Notations: is a vector of time-varying country measures of virus spread,  is a vector of the time-varying change in 6 mobility measures for each country, Asterisk * indicates variables which have been logged.
	Variable
	Vector
	Description

	COVID-19 Variable
	
	

	*New cases per million
	
	Continuous, logged value of new COVID-19 cases reported for day t

	Mobility Variables
	
	
	
	

	Retail mobility
	
	Continuous, daily change in traffic at retail and recreation businesses from GMR
	
	

	Grocery mobility
	
	Continuous, daily change in traffic at grocery and pharmacy businesses from GMR
	
	

	Park mobility
	
	Continuous, daily change in traffic in parks from GMR
	
	

	Transit mobility
	
	Continuous, daily change in traffic in transit stations from GMR
	
	

	Workplace mobility 
	
	Continuous, daily change in traffic at the workplace from GMR
	
	

	Residential mobility
	
	Continuous, daily change in traffic at home from GMR
	
	

	Other Variables
	
	
	
	

	Days elapsed
	
	Discrete, days since onset of virus, which is determined to be the first day with more than 2 cases per million
	
	

	Policy Stringency
	
	Continuous, daily measures stringency of government policy responses to the virus as calculated by the Oxford Coronavirus Government Response Tracker 
	
	



Table 2: Summary Statistics
Summary statistics of data for which residential mobility, total cases, and policy stringency are available, restricted to days after total cases per million initially surpassed two. Asterisk * indicates variables which have been logged.
	Variable
	Mean
	Sd
	Min
	Max
	N

	COVID-19 Variable
	
	
	
	
	

	*New cases per million
	1.61
	3.60
	-13.82
	5.92
	5492

	Mobility Variables
	
	
	
	
	

	Retail mobility
	-29.52
	28.97
	-97
	42
	5492

	Grocery mobility
	-8.95
	21.54
	-97
	84
	5487

	Park mobility
	46.04
	80.88
	-91
	517
	5492

	Transit mobility
	-33.98
	22.64
	-93
	48
	5492

	Workplace mobility 
	-31.49
	21.31
	-92
	80
	5492

	Residential mobility
	9.44
	9.67
	-35
	46
	5492

	Other Variables
	
	
	
	
	

	Days elapsed
	80.92
	45.32
	1
	170
	5492

	Policy Stringency
	59.38
	21.27
	0
	100
	5492



Table 3. Results from Model 3.1 
	 
	(1)
	(2)
	(3)
	(4)
	(5)
	(6)

	VARIABLES
	gmr_residential
	gmr_retail
	gmr_grocery
	gmr_transit
	gmr_workplace
	gmr_parks

	 
	 
	 
	 
	 
	 
	 

	lnnew_cases_per_mln
	0.091**
	-0.201*
	-0.134
	-0.103
	-0.170
	-0.328

	
	(0.039)
	(0.100)
	(0.103)
	(0.079)
	(0.152)
	(0.587)

	days_elasped 
	0.131*
	-0.249*
	-0.021
	-0.493***
	-0.164
	0.081

	
	(0.071)
	(0.147)
	(0.131)
	(0.106)
	(0.147)
	(0.744)

	days_elapsed_sq
	-0.001
	0.001
	-0.001
	0.002***
	-0.001
	0.009

	
	(0.001)
	(0.001)
	(0.001)
	(0.001)
	(0.001)
	(0.006)

	policy_stringency
	0.374***
	-1.131***
	-0.700***
	-1.099***
	-0.944***
	-0.424

	
	(0.022)
	(0.075)
	(0.069)
	(0.059)
	(0.046)
	(0.265)

	policy_stringency *
days_elapsed
	-0.003***
	0.007**
	0.003
	0.011***
	0.006**
	0.001

	
	(0.001)
	(0.002)
	(0.003)
	(0.002)
	(0.002)
	(0.011)

	policy_stringency *
days_elapsed_sq
	0.000
	0.000
	0.000
	-0.000**
	0.000
	-0.000

	
	(0.000)
	(0.000)
	(0.000)
	(0.000)
	(0.000)
	(0.000)

	3.month
	16.909***
	-57.538***
	-35.276***
	-45.939***
	-36.353***
	-73.974***

	
	(0.963)
	(2.855)
	(2.584)
	(2.398)
	(1.929)
	(7.648)

	4.month
	18.484***
	-60.013***
	-37.631***
	-49.438***
	-42.859***
	-71.725***

	
	(1.647)
	(3.868)
	(3.711)
	(3.393)
	(2.826)
	(12.308)

	5.month
	16.365***
	-54.539***
	-34.743***
	-44.298***
	-37.261***
	-69.821***

	
	(2.239)
	(4.950)
	(5.014)
	(4.634)
	(3.787)
	(16.191)

	6.month
	15.089***
	-48.216***
	-34.754***
	-39.003***
	-35.542***
	-75.360***

	
	(2.256)
	(5.757)
	(5.342)
	(4.719)
	(4.146)
	(18.155)

	7.month
	16.274***
	-48.219***
	-35.790***
	-38.770***
	-39.436***
	-86.208***

	
	(1.927)
	(5.465)
	(5.235)
	(4.468)
	(4.198)
	(17.128)

	8.month
	16.980***
	-51.998***
	-36.887***
	-39.641***
	-38.903***
	-101.189***

	
	(1.497)
	(5.080)
	(5.011)
	(3.965)
	(3.569)
	(16.441)

	Constant
	-23.763***
	76.834***
	58.922***
	64.511***
	55.173***
	83.219***

	
	(1.366)
	(4.884)
	(4.511)
	(3.838)
	(2.983)
	(16.131)

	
	
	
	
	
	
	

	Observations
	5,492
	5,494
	5,489
	5,494
	5,494
	5,494

	R-squared
	0.682
	0.821
	0.414
	0.797
	0.443
	0.631

	Number of countries
	36
	36
	36
	36
	36
	36



Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1




Table 4. Results from Model 3.2  
	 
	(1)
	(2)
	(3)
	(4)
	(5)
	(6)

	VARIABLES
	gmr_residential
	gmr_retail
	gmr_grocery
	gmr_transit
	gmr_workplace
	gmr_parks

	 
	 
	 
	 
	 
	 
	 

	policy_stringency
	-0.563**
	-0.785***
	-0.519***
	-0.694***
	-0.588***
	-0.563**

	
	(0.236)
	(0.056)
	(0.036)
	(0.039)
	(0.043)
	(0.236)

	days_elapsed
	0.066
	0.041
	0.100
	-0.010
	0.080
	0.066

	
	(0.365)
	(0.135)
	(0.118)
	(0.118)
	(0.121)
	(0.365)

	days_elapsed_sq
	0.007***
	0.000
	-0.000
	0.000
	-0.001
	0.007***

	
	(0.002)
	(0.001)
	(0.001)
	(0.001)
	(0.001)
	(0.002)

	lnnew_cases_per_mln
	-1.978
	-2.114***
	-1.000**
	-2.321***
	-2.584***
	-1.978

	
	(1.523)
	(0.510)
	(0.430)
	(0.486)
	(0.547)
	(1.523)

	lnnew_cases_per_mln *
days_elapsed
	0.056
	0.038***
	0.023**
	0.048***
	0.053***
	0.056

	
	(0.037)
	(0.011)
	(0.009)
	(0.011)
	(0.013)
	(0.037)

	lnnew_cases_per_mln *
days_elapsed_sq
	-0.000
	-0.000***
	-0.000***
	-0.000***
	-0.000***
	-0.000

	
	(0.000)
	(0.000)
	(0.000)
	(0.000)
	(0.000)
	(0.000)

	3.month
	-76.161***
	-48.876***
	-31.012***
	-35.917***
	-27.224***
	-76.161***

	
	(7.896)
	(2.708)
	(2.113)
	(2.023)
	(1.789)
	(7.896)

	4.month
	-72.730***
	-50.782***
	-33.454***
	-37.653***
	-33.488***
	-72.730***

	
	(11.276)
	(3.683)
	(3.369)
	(3.323)
	(2.880)
	(11.276)

	5.month
	-74.756***
	-40.958***
	-27.801***
	-28.440***
	-23.222***
	-74.756***

	
	(15.924)
	(5.005)
	(4.777)
	(4.529)
	(4.043)
	(15.924)

	6.month
	-81.265***
	-34.776***
	-27.747***
	-24.408***
	-21.316***
	-81.265***

	
	(18.127)
	(5.973)
	(5.389)
	(4.509)
	(4.342)
	(18.127)

	7.month
	-91.562***
	-35.689***
	-29.532***
	-24.897***
	-26.363***
	-91.562***

	
	(18.238)
	(5.414)
	(5.161)
	(3.978)
	(4.049)
	(18.238)

	8.month
	-106.620***
	-38.043***
	-29.886***
	-23.827***
	-24.386***
	-106.620***

	
	(18.594)
	(4.775)
	(4.765)
	(3.406)
	(3.174)
	(18.594)

	Constant
	96.085***
	52.412***
	46.106***
	36.635***
	30.312***
	96.085***

	
	(13.837)
	(3.259)
	(2.137)
	(2.277)
	(2.380)
	(13.837)

	
	
	
	
	
	
	

	Observations
	5,494
	5,494
	5,489
	5,494
	5,494
	5,494

	R-squared
	0.628
	0.791
	0.395
	0.758
	0.386
	0.628

	Number of countries
	36
	36
	36
	36
	36
	36



Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1



Figures

Figure 1. The Start of the Epidemic for Each Country in Sample (first day with greater than 2 cases per million)
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Figure 2: Change in New Cases per Million Over Time
[image: ]
Figure 3: Change in Mobility Indices Over Time, Estimated Quartic Polynomial Fit
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Figure 4: Change in Policy Stringency Over Time 
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Figure 5. Marginal Effects of Policy Stringency on Mobility Over Time 
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Figure 5. Marginal Effects of Log of New Cases per Million on Mobility Over Time 
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Appendix: 

Regression estimated on data from the following countries:

Austria, Belarus, Belgium, Bosnia and Herzegovina, Bulgaria, Croatia, Czech Republic, Denmark, Estonia, Finland, France, Georgia, Germany, Greece, Hungary, Ireland, Israel, Italy, Latvia, Lithuania, Luxembourg, Moldova, Netherlands, Norway, Poland, Portugal, Romania, Serbia, Slovakia, Slovenia, Spain, Sweden, Switzerland, Turkey, Ukraine, United Kingdom 
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