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Objectives: We study how the state-wide shelter-in-place order affected social distancing and the number of cases and deaths in Texas.

Methods: We use daily data at the county level. The COVID-19 cases and fatalities data are from the New York Times. Social distancing measures are from SafeGraph. Both data are retrieved from the Unfolded Studio website. The county-level COVID-related policy responses are from the National Association of Counties. We use an event-study design and regression analysis to estimate the effect of the state-wide shelter-in-place order on social distancing and the number of cases and deaths.

Results: We find that the growth rate of cases and deaths is significantly lower during the policy period when the percentage of the population that stays at home is highest. The crucial question is whether the policy has a causal impact on the sheltering percentages. The fact that some counties in Texas adopted local restrictive policies well before the state-wide policy helps us address this question. We do not find evidence that this top-down restrictive policy increased the percentage of the population that exercised social distancing.

Discussion: Shelter-in-place policies are more effective at the local level and should go along with efforts to inform and update the public about the potential consequences of the disease and its current state in their localities.
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1. INTRODUCTION

The global pandemic of COVID-19 affected countries and communities around the globe with detrimental impacts on population health as well as economies. The tragic examples from countries such as Italy and Spain showed the importance of flatting the curve as sudden surges in hospitalization can easily strain even the well-functioning healthcare systems (1, 2). COVID-19 is thought to spread mainly through close contact from person-to-person1. Therefore, policymakers tried to control the spread of the disease and reduce the burden on the healthcare system by policies that encourage and sometimes force social distancing2. In the United States, the state-wide shelter-in-place policies are the most common of such policies. Shelter-in-place orders (SIPO) require residents to remain home for all but essential activities such as purchasing food or medicine, caring for others, exercise, or traveling for employment deemed essential. Between March 19 and April 20, 2020, 40 states and the District of Columbia adopted SIPOs (3).

A fast-growing body of literature explores the potential impacts of stay-at-home orders on various indicators from the COVID-19 hospitalizations, cases, and fatalities to their implications for mental health (4, 5), physical health (6, 7), and domestic violence (8–10). Some studies find that stay-at-home orders are associated with a slower growth rate of hospitalization (11, 12). Closer to our study are the ones that focus on COVID cases and deaths. (13) analyzes the US data from March 1, 2020, to April 27, 2020, and find that adoption of government-imposed social distancing measures reduced the daily growth rate by 5.4 percentage points after 1–5 days, 6.8 after 6–10 days, 8.2 after 11–15 days, and 9.1 after 16–20 days. Similarly, (3) work with data from all the states from March 8, 2020, to April 17, 2020. Using daily state-level social distancing data from SafeGraph and a difference-in-differences approach, they find that adoption of a shelter-in-place order (SIPO) is associated with a 5–10% increase in the rate at which state residents remained in their homes full-time. Also, using daily state-level coronavirus case data collected by the CDC, they find that approximately 3 weeks following the adoption of a SIPO, cumulative COVID-19 cases fell by 44%. Similar to our paper, (14) focus on a particular state, namely California, to estimate the impact of the state-wide SIPO on the COVID-19 cases and deaths.

We focus on a large state, Texas. Our data span almost 4 months, which allows us to see better the evolution of the pandemic during as well as after the expiry of the SIPO. The fact that Texas is one of the relatively early states to start the reopening and experiences a post-opening surge in the number of cases makes it an interesting case to study closely. We use daily data from March 1, 2020 to June 27, 2020, to study the evolution of the COVID-19 pandemic in 254 Texas counties. We analyze the impact of the statewide shelter-in-place order issued on April 2, 2020, on the measures of social distancing, and consequently, on the COVID-19 cases and deaths.



2. MATERIALS AND METHODS


2.1. Data

The data for this study comes from the Unfolded Studio website (https://covid19.unfolded.ai/). The website compiles data from various sources. The COVID-19 cases and fatalities data are from the New York Times3. Social distancing measures are from SafeGraph4. County-level population data are from the US Census. SafeGraph's social distancing data are generated using a panel of GPS pings from anonymous mobile devices. The data determine the common nighttime location of each device and call that location “home” (approximately a 153 by 153 m area). The shelter-in-place percentage reported in the Unfolded data shows the percentage of the population who stayed at home on a day. Finally, we use the National Association of Counties' (NACo) county explorer to get county-level COVID 19 related policy responses. Our dataset is daily and at the county level.



2.2. Methods


2.2.1. Theoretical Background

We provide a basic description of the theoretical foundations for the spread of the disease. Although the model of a pandemic is not strictly exponential, the exponential growth model may provide a good approximation at the beginning of the pandemic and is implicitly used in much of the literature.

The discrete-time version of the exponential growth model is described by the equation5:
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where ct denotes the total number of cases at time t, δ represents the growth rate, and c0 is the number of cases at time zero. The parameter of interest is δ, the rate of growth of the process, which can be interpreted as the number of infected individuals by one infected individual in a day. Rearranging Equation (1), we can write
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Given a sample {ct} of observations, we are interested in estimating the growth rate and the effect of a policy variable (Tt) on the growth rate. This can be done by estimating the equation
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where
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where yt is the growth rate, β1 is the estimated growth rate before the policy, and β1 + α1 represents the growth rate after the policy, with α1 being the effect of the policy.

The model we present provides a good approximation for the evolution of the number of cases. Fatalities, however, are much harder to model. Similar to cases, we analyze the growth rate of deaths to provide a complete picture. However, we are aware of the problems associated with fitting the same type of model for cases and fatalities. First, social distancing may have different effects on the growth of cases and deaths. In particular, social distancing measures are more likely to show a bigger and faster impact on the spread of the disease than the number (or growth rate) of fatalities. In addition, as medical researchers learn more about the disease, they will be able to reduce fatality rates, presumably, long before they find a definitive cure to completely eradicate it. Even though the disease keeps spreading, we may see lower rates of fatalities. This may even happen without any outside intervention if the virus evolves and becomes less fatal.

The analysis of the effects of the shelter-in-place order on social distancing and the number of cases and deaths was conducted at the state level and at the county level.



2.2.2. State-Level Analysis

For the state-level analysis, we aggregated the county data by summing up the daily values for all counties to get the state-level time series data. To estimate the effects of the SIPO, we divide the SIPO period into 4 weekly subperiods since we expect the SIPO to have a gradual impact on the spread of disease6. We estimate the following empirical model:
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where yt is either the growth rate of cases and fatalities, or the measure of social distancing. SIPO0 is the week the order was enacted, SIPO1 is the second, SIPO2 is the third week, and SIPO3 is the fourth and the last week that the policy was in effect. The model also includes a linear daily time trend. In addition, we estimate the effects of the SIPO on the growth rate of cases and fatalities controlling for social distancing to determine whether the policy had any effects other than its effect through social distancing.



2.2.3. County-Level Analysis

The state-level analysis indicates that the SIPO reduced the spread of the disease through its effect on social distancing (the percentage of the population sheltering in place). Therefore, we use the county-level analysis to further investigate the effect of the statewide SIPO on social distancing, while controlling for local policies.

First, we investigate the effect of the statewide SIPO on the larger counties which implemented local policies before the statewide SIPO (Harris, Dallas, Tarrant, Bexar, or Travis). In each of these counties, first, a public health emergency is declared, which is then followed by a local stay-at-home order, and this is later followed by the state-wide shelter-in-place order. We assume each policy replaces the former. For the analysis, we estimated the following equation:
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where yi,t is the sheltering percentages in county i on day t and Xi,t includes the county-level policies (local emergency or local shelter-in-place order). In addition, we control for a daily time trend and county fixed effects. The regressions are weighted by county-population and the standard errors are clustered at the county-level.

Next, we investigate the effect of the statewide SIPO on the counties that never had any type of local county-level policy. If the statewide SIPO is effective in increasing the percentage of the population that stays at home, one would expect counties without any restrictive local policies to catch up with other counties once the state-wide blanket policy is imposed. Therefore, we estimated the following equation including all the counties in the state:
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where yi,t is the sheltering percentages in county i on day t. The key variable, NoPolicy, is a dummy that takes the value of one if the county did not have any local policy prior to the statewide SIPO. We include day and county fixed-effects. The regressions are weighted by county population and the standard errors are clustered at the county-level.





3. RESULTS


3.1. State-Level Results

Figure 1 shows the total cases and fatalities by day in Texas as well as the growth rates of those. We estimate Equation (5) for the growth rate of cases and fatalities. The results in Table 1 show that the growth rates of cases are 0.07–0.084 points lower during the SIPO period. Given that the mean growth rate of cases is about 0.1 outside the period, these numbers imply large drops in the growth rates of cases during the period. Similarly, the growth rate of deaths is 0.105–0.131 points lower during the SIPO, the largest decreases happening in the third week of the policy.


[image: Figure 1]
FIGURE 1. COVID-19 cases and fatalities in Texas. (A) Cumulative cases. (B) Cumulative fatalities. (C) Daily cases growth. (D) Daily fatalities growth. This figure shows the cumulative cases and fatalities, as well as their growth rates over the time in Texas. The solid and dashed vertical lines show the beginning (April 2, 2020) and the end of the state-wide shelter-in-place order (May 1, 2020).



Table 1. The growth of COVID-19 cases and fatalities.
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We also analyze the impact of the policy on social distancing measures. In particular, we look at the percentage of population sheltering in place created by SafeGraph. Figure 2 shows the percentage of the population that shelters in place. Table 2 reports the regression results we get from estimating Equation (5) for the sheltering percentages7. Both the table and figure indicate the percentage of the population that shelters in place is, on average, higher during the SIPO period. The highest rate of sheltering corresponds to the first week of the SIPO, and the sheltering percentage gradually goes down even when the SIPO was still in effect. Compared to the sheltering percentage outside the policy period (25%), the share of sheltering population is about 9–41% higher during the SIPO period.


[image: Figure 2]
FIGURE 2. Sheltering population. (A) Sheltering %. (B) Sheltering % weighted by population. This figure shows the average percentage of the population that stays at home in Texas over time. The solid and dashed vertical lines show the beginning (April 2, 2020) and the end of the statewide shelter-in-place order (May 1, 2020). For the right panel, the counties' sheltering percentages are weighted by the counties' populations, and then aggregated at the state level.



Table 2. Sheltering population and the SIPO.
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Table 3 shows the impact of the SIPO on the growth of cases and fatalities when we control for lagged sheltering percentages. Because of the nature of the disease, social distancing measures show impact only after a while. We estimate Equation (5) using the 14-day lagged sheltering percentages in addition to the SIPO indicators and time trends8. The table reveals that the SIPO dummies are statistically insignificant once the sheltering population is controlled for. These results suggest the SIPO may slow down the spread of the disease through its effect on the percentage of people sheltering in place. The policy itself is not significant once we control for this percentage.


Table 3. The growth rates controlling for lagged sheltering percentages.

[image: Table 3]

The state-level analysis shows one thing is clear: Social distancing slows down the growth of cases9. The important question remaining is whether the state-wide SIPO had a causal impact on social distancing as measured by shelter-in-place percentages. We address this question in the next section.



3.2. County-Level Results

Figure 2 shows that the shelter-in-place percentages started to increase well before the state-level SIPO order. According to NACo, many counties adopted local policies such as public health emergency and safer-at-home declarations days or weeks before the state-wide policy. Overall, 70 counties in Texas have at least one type of policy, emergency or county-level shelter-in-place order, while 30 have both. The adoption of these policies is unlikely to be random. In particular, the size of the population and the number of cases are positively correlated with the likelihood of restrictive policies. This is particularly true for county-level stay-at-home orders. Several counties declared a health emergency early on when the cases were few. As the cases went up, the counties with higher numbers of cases adopted shelter-in-place orders.

We take a close look at the county-level trends in the most populated five counties: Harris, Dallas, Tarrant, Bexar, and Travis. These span the majority of the four biggest cities in Texas: Houston (Harris), Dallas (Dallas and Tarrant), San Antonio (Bexar), and Austin (Travis). These five counties make about 44% of the total Texas population, while the remaining 249 counties make up the rest. Perhaps not surprisingly, the earliest COVID-19 cases emerged in these five counties. And, all of these counties ordered a county-level stay-at-home policy before the state-wide SIPO. They also declared a county-wide emergency even before the sheltering policies10.

Figure 3 shows the percentage of the populations sheltering in place in each of these counties. Table 4 shows the results from estimating Equation (6). The results reveal that the initial pronounced increase in sheltering percentages corresponds to the declaration of county-wide emergency and shelter-in-place orders.


[image: Figure 3]
FIGURE 3. Sheltering percentages in Texas counties. (A) Harris. (B) Dallas. (C) Tarrant. (D) Bexar. (E) Travis. This figure shows the percentage of the population that stays at home in the five most populated counties of Texas over time. The dotted line shows the emergency declaration date, the dashed line shows the county-wide SIPO, the solid lines mark the beginning and the end of the statewide SIPO.



Table 4. Sheltering percentages in most-populated Texas counties.
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Next, we take a look at the counties that never had any type of county-level policy. Figure 4 shows that there is a significant difference in terms of sheltering population in the biggest five counties vs. counties that never adopted any type of policy prior to the state-wide SIPO. The panel that shows the trends before the state SIPO reveals that in both groups of counties, the sheltering percentage increases over time. However, the gap widens over time. Interestingly, even after the implementation of the state SIPO, the gap persisted. The policy did not disproportionately affect the counties with no prior policies. Also, the gap carries on after the SIPO expires. The figure suggests that more people shelter in highly populated areas. This may still be a reflection of the fact that the perceived risk of catching the disease is higher in those areas, and the impact of fear is strong enough to keep more people at home.


[image: Figure 4]
FIGURE 4. Sheltering percentages. (A) Before SIPO. (B) Whole period. The figure shows the average sheltering percentages in two groups of counties: The most populated five (Harris, Dallas, Tarrant, Bexar, and Travis) and the counties that never adopted any county-level policy. The dotted line shows the earliest emergency declaration date among the largest five (March 11, 2020), the dashed line shows the earliest county-wide SIPO (March 23, 2020), the solid lines mark the beginning and the end of the statewide SIPO.


If the SIPO is effective in increasing the percentage of the population that stays at home, one would expect counties without any restrictive policies to catch up with others once the state-wide blanket policy is imposed. We estimate Equation (7) including all of the 254 counties. The results in Table 5 shows that the sheltering percentage is highest in the first week of the SIPO and gradually decreases, confirming our earlier results. However, there is no evidence that the sheltering percentage in the counties without any prior policy converges to the percentages in the counties with proactive policies. In contrast, there seems to be a gap between these groups of counties, which persists during the policy period.


Table 5. Sheltering percentages all Texas counties.
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4. CONCLUSION AND DISCUSSION

We analyze both state and county-level effects of the SIPO on the growth of cases and deaths. We find that growth and death rates are lower during the SIPO period. We also see that a significantly larger percentage of the population stays at home during this period. Thus, it is not surprising to see that the disease slows down in the period of the SIPO. The more interesting question is whether the SIPO caused stay at home percentages to increase. We find two pieces of evidence that goes against such causality. First, even though the highest sheltering corresponds to the first week of the SIPO, sheltering percentages steadily declined even though the policy was in effect (Figures 2, 3). This pattern might be very much a behavioral response to the emergence and the initial rapid spread of the disease. The fact that people start to see cases in their communities may create fear, and people respond by staying at home. However, as the duration of home stay gets longer, people might develop fatigue and start moving again. Second, we make use of the fact that some counties adopted local “safer at home” policies several days before the state-wide blanket policy. The sheltering percentages in these counties started to increase before the state-wide SIPO. However, we see a similar upward trend, albeit at a slower rate, in counties where there were no such policies. Also, we do not observe that these groups of counties converge to a similar sheltering percentage after the state-wide blanket policy. Instead, the counties without any policy (less populated counties with slower growth of cases) have a lower rate of sheltering than the other counties. There seems to be a gap in terms of sheltering percentages, and it persists during as well as after the policy period (Figure 4).

Our analyses show that the growth rate of COVID-19 cases and deaths decreases when a larger share of the population exercises social distancing by staying at home. However, we do not find evidence that the state-wide shelter-in-place order increased the percentage of the population that stays at home. The initial local conditions and county policies may have already encouraged people to stay at home. It may be a better strategy to reach out to the population and inform them about the current state of disease in their localities. On the other hand, policymakers also need to consider the fact that people may not be able to stay at home even if they want to if their employers ask them to get back to work in the absence of such policies. What we suggest is that imposing restrictive policies alone may not be enough to guarantee that people will exercise social distancing. Thus, such policies must take local conditions into account and be accompanied by the effort to inform and educate the public about the potential consequences of the disease and the situation in their communities.

Even though the current study has interesting policy implications, it has limitations. In particular, the results may not need to generalize to other states or countries. A similar evolution of the pandemic and similar policy rules may generate quite different behavioral responses from the public elsewhere. More local-level studies may be needed to check the generalizability of our conclusions.
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FOOTNOTES

1Centers for Disease Control and Prevention, (CDC) : https://www.cdc.gov/coronavirus/2019-ncov/faq.html#Spread.

2Social distancing, also called “physical distancing” is defined by the CDC as keeping a safe space (at least 6 feet) between yourself and other people who are not from your household.

3The data are consistent with the count of cases and fatalities from the CDC and John Hopkins University.

4Several studies rely on SafeGraph for social distancing measures. See (3, 14–17) among many others.

5The continuous-time version yields similar conclusions. We stick to the discrete version for expositional simplicity.

6According to the World Health Organization, the incubation period for COVID-19, which is the time between exposure to the virus (becoming infected) and symptom onset, is on average 5–6 days, however, can be up to 14 days: https://www.who.int/docs/default-source/coronaviruse/situation-reports/20200402-sitrep-73-covid-19.pdf?sfvrsn=5ae25bc7_6#:~:text=.

7Weather conditions also affect the sheltering percentages. More people are likely to stay at home during rainy or cold days than on sunny days. However, we are mainly interested in the effect of the SIPO on sheltering. As long as the weather is not correlated with the enactment of the policy, our estimates would still be unbiased (18).

8The fit of the regression (R2) is largest with 13–15 days lags, and we use 14 days.

9The Appendix shows we get similar results with county-level panel data.

10Harris county declared public health emergency on March 11, and stay at home order on March 24, which is 9 days prior to the state-wide policy. Similarly, Dallas county declared an emergency on March 12 and ordered residents to stay at home on March 23. Tarrant county's emergency declaration is on March 13, and the county-level SIPO date is March 24. Bexar county's declarations were on March 13 and March 23, respectively. For Travis county, the dates are March 17 and March 24, respectively.
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APPENDIX

Including all of the 254 Texas counties, we estimate the following regression:

[image: image]

where yi,t is the growth rate of cases and fatalities in county i at time t. We control for time and county fixed effects, and we cluster standard errors at the county-level. All estimations are weighted by county population.

Time captures days after the first case rather than calendar days. This way, we are comparing counties at the same point in the evolution of the disease's spread. If the spread of the disease were strictly exponential, this choice would not matter since the growth rate of cases would be the same regardless of whether a county has a few cases or many cases. Since we know the strict exponentiality is not realistic, our choice provides better estimates. The results in Table A1 shows that the growth rate of cases is 0.053–0.079 points lower during the SIPO period. The growth rates of fatalities are 0.032–0.058 point lower.


Table A1. The growth of COVID 19 cases and fatalities.

[image: Table ]

Next, we look at the relation between the percentage of the population that stays at home in each county and the state-wide shelter-in-place order. We estimate Equation (A1) where yi, t is the percentage of sheltering population. We control for county and time fixed-effects, cluster standard errors at the county level, and weight regressions by the counties' populations. The first column in Table A2 shows that the sheltering is 12.4 percentage points (almost 50%) higher in the first of the SIPO period. Even though the sheltering percentages are statistically larger in the following weeks as well, the margin decreases gradually. We also include dummies for 1 and 2 weeks before the SIPO to see how sheltering percentages look before the policy. The last two column reveals that the upward trend in sheltering percentages started even before the policy.


Table A2. Sheltering percentages and the SIPO.

[image: Table ]

The SIPO is expected to slow down the spread of the disease by increasing social distancing in the population. So, we expect it to influence the spread of disease via its effect on the number of people sheltering in place. Due to the nature of the disease, a change in sheltering behavior impacts the spread of the disease with a lag. We estimate Equation (A1) controlling for the sheltering percentage 14 days prior. The independent variable yi,t is the growth rate of cases or deaths. We include county and time dummies, and weigh regressions by county populations. Table A3 shows past sheltering percentages are statistically significant determinants of the current growth of cases and fatalities, while the SIPO dummies are no longer statistically significant.


Table A3. The Growth rates controlling for lagged sheltering percentages.
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