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I. Introduction 

The COVID-19 pandemic in the U.S. saw a remarkable behavioral response through 

physical mobility. Figure 1 shows this for the U.S. by graphing mobility responses over time by 

type of activity.2 The top line shows the percentage change in the time spent at home 

(“residential”) relative to that immediately before the pandemic, while the lower lines relate to 

non-residential activities. We see a sharp contraction in non-residential mobility in the first half 

of 2020—over 40-50% declines relative to the pre-pandemic levels—which then dissipated over 

time as the pre-pandemic patterns started to be restored, though with smaller contractions in each 

of the two winters. Residential mobility had returned to something close to pre-pandemic levels 

by mid-2022, although mobility for work activities remained around 20% lower than just prior to 

the pandemic.  

Whose mobility are we talking about here? An important role has been played by 

individual choices related to physical mobility, especially in the early stages when 

pharmaceutical interventions were not yet available. The individual choices comprised both 

personal actions (such as choosing to shop online rather than in person, and compliance with 

local policies) as well as efforts to influence the actions of others (advocating local “stay-at-

home” mandates, for example). Those choices were undoubtedly influenced by the 

socioeconomic characteristics of people and communities. We can thus ask about the 

socioeconomic incidence of the mobility response.3 Depending on that incidence, the pandemic 

may come to reflect, and possibly reinforce, antecedent socioeconomic inequalities.  

To study the socioeconomic incidence of the dramatic behavioral responses evident in 

Figure 1, we merge the Google Mobility Reports across the 3,000 U.S. counties with 

socioeconomic characteristics as well as (more standard) covariates suggested by the 

epidemiological literature.4 We use these data to try to understand the joint epidemiological and 

                                                 
2 This is based on the Google mobility reports, as found here. Later the paper discusses these data in more detail. 
3 We use the term “incidence” to refer to how the conditional mean of the random variable of interest—in this case, 

the physical mobility response 𝑀—varies with the observed indicators one is conditioning on, 𝑋, allowing for 

random (additive, zero mean) variation in 𝑀 at a given 𝑋. This can be measured by the regression function, 𝐸(𝑀|𝑋).  
4 The classic epidemiological models of the spread of infections have assumed homogeneous populations in a given 

context. For example, the word “poverty” does not appear in the classic epidemiological texts by Anderson and May 

(1991) and Gordis (2013), nor in the latest (6th) edition of Gordis; see Celentano and Szklo (2019). There has been 

greater awareness of socioeconomic factors in the spread of infectious diseases with the recent emergence of the 

sub-field of social epidemiology (Honjo, 2004). On the need to incorporate human behavior into epidemiological 

models see Ferguson (2007), Fenichel et al. (2011) and Fenichel (2013). 

https://www.gstatic.com/covid19/mobility/2022-08-13_US_Mobility_Report_en.pdf
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socioeconomic covariates of the mobility responses across counties, and how these changed over 

the course of the pandemic.  

Once we recognize that social distancing is, in part at least, an income-constrained 

behavioral response, new questions emerge about how exactly incomes influence those 

responses—questions that this paper tries to answer for the U.S. The literature has pointed to 

various ways that low income can curtail the ability to avoid infection through social distancing, 

while wealth enhances that ability. (Later we review the literature.) For example, the type of 

work done by richer households may be more amenable to being relocated to their homes. The 

(financial and physical) assets of such households may also facilitate their protection. The 

welfare loss to a richer household from infection may also be lower given pre-existing 

inequalities in health status.  

These observations suggest a positive income effect on social distancing. There may also 

be costs of adjusting mobility, working in the opposite direction to the positive income effect. 

People cannot quickly and fully adjust to a substantially lower level of socioeconomic interaction 

when an infection threatens. More affluent areas are likely to have more social and economic 

interactions in both production and consumption. If the adjustment costs are high enough then 

we may well see less social distancing in more affluent areas.  

There are also various ways that inequality within a county might be expected to 

influence aggregate mobility responses. Intuitively, one might expect that more unequal counties 

will tend to have more people who are unable to protect themselves through social distancing. 

However, as we will argue, this is not guaranteed to hold. Local employment effects provide an 

example of how higher inequality can come with more social distancing. High inequality areas 

tend to have more services for high income families, with those services largely supplied by 

workers from low and middle-income families. If, in response to the pandemic, the relatively 

rich within a county no longer go to restaurants or entertainment venues, or schools close, then 

this essentially forces the workers to also socially distance by staying at home (employed or not). 

Inequality can also influence the existence and enforcement of prosocial norms and local policies 

relevant to social distancing. The locally rich and powerful appear often to influence policy 

making beyond their numbers; it is an open question as to whether this would encourage or 

discourage social distancing.  
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Separately to these effects of local inequality, the large income disparities between U.S. 

counties—with median household income in the richest county over five times higher than the 

poorest—suggest that inequality between areas might play a role in aggregate social distancing. 

That depends on how the marginal effects on mobility of income gains vary with average 

incomes across counties. If a given income gain has a larger impact on local social distancing in 

a poorer (richer) area then the geographic inequality will reduce (increase) overall social 

distancing ceteris paribus.   

Inter-county differences in income poverty can also matter. The interpretation of the 

effect of this covariate depends crucially on what else one controls for. Once we control for 

average income, the interpretation of the regression coefficient on the poverty rate changes since 

it then reflects relative distribution. Maybe it is not a high incidence of poverty in a county that 

diminishes social distancing but rather a low average income. Controlling for inequality also 

affects the interpretation of the poverty effect. As we will argue, controlling for both average 

income and income inequality still leaves important ways in which poverty can impact social 

distancing, including the (ironic) fact that social exclusion among some poor families may make 

their mobility adjustment easier.  

These effects may be expected to vary over the course of the pandemic. A key factor is 

going to be the availability of protective pharmaceutical options to social distancing, notably 

vaccines. It is thus important to distinguish the pre-pharmaceutical stage from the post-

pharmaceutical stage. The socioeconomic incidence may well differ.  

The following section reviews the relevant literature. Section III outlines a simple 

theoretical model to help motivate our empirics addressing the issues raised above. Sections IV 

and V describe our data and econometric methods respectively. Section VI presents our 

empirical results for the initial, pre-pharmaceutical, phase while Section VII looks at the re-

adjustment to mobility in the more recent stages of the pandemic. Section VIII concludes.  

II. Insights and puzzles from the literature 

  America is of special interest in this context for a number of reasons. The country’s high 

inequality combined with the fact that the cumulative COVID-19 death rate (per capita) in the 

U.S. was one of the highest among rich countries points to the interest in better understanding the 



5 
 

link between inequality and protective responses to the pandemic, including social distancing.5 

Yet from what we know, we cannot say how the income distribution in the United States impacts 

aggregate social distancing. Framing social distancing behavior as an income-constrained choice 

is especially salient in the case of the U.S., where many citizens and some political leaders 

resisted the stricter policies found elsewhere, such as lockdowns, and relied more on essentially 

voluntary compliance with at most mild directives.6  

  The COVID literature has pointed to a number of socioeconomic factors with bearing on 

the social distancing outcomes in the U.S. While poverty has not been a prominent causative 

factor in traditional epidemiological models, the literature in the social sciences has pointed to 

ways in which poverty might be expected to increase vulnerability to infection, which would 

influence social distancing, albeit in constrained and ambiguous ways.  

  The socioeconomic inequalities in health in America at the time the pandemic arrived are 

well documented, with a range of health outcomes found to be correlated with income, race and 

education.7 There is also evidence that the health of poorer Americans suffered more from 

COVID-19.8 There are a number of possible reasons, including the economic constraints facing 

poorer people in social distancing. Whether people can afford to shelter-in-place is likely to 

depend on their employment type, job security and savings. With little or no buffer of savings to 

fall back on, immobility is a costly proposition for low- and middle-income workers, especially 

when dependent on short-term, often casual, labor. Many low-paying jobs cannot be done from 

home, exposing poorer families to higher contact rates (Dingel and Neiman, 2020). Papageorge 

et al. (2021) find that higher income is associated with more self-protective behavioral responses, 

with poorer workers less able to practice social distancing, and less able to tele-work. Note that 

there are also socially excluded (largely non-working) poor families who are (in a sense) already 

socially distancing.9 Poverty has also been found to increase the odds of having diabetes and 

                                                 
5 On the COVID death rates among the Group of seven rich countries see Schellekens (2022). On income inequality 

and poverty measures among countries of the rich world see, for example, Morelli et al (2014). 
6 Some state governments made efforts, to varying degrees, to slow the spread of the virus, such as through “stay at 

home” mandates. The findings of Brzezinski et al. (2020) and Gupta et al. (2020) suggest that such efforts saw 

impacts.   
7 See, for example, Ettner (1996), Braveman et al. (2010) and Singh et al. (2017). 
8 Chen and Krieger (2021) estimate COVID-19 death rates (per capita) that are almost twice as high for places with 

poverty rates over 20% as for those under 5%. Schwandt et al. (2022) find that the pandemic’s negative effect on life 

expectancy in California was larger for areas (as defined by census tracts) with lower median household income. 
9 Survey evidence on this point (for Canada) can be found in Stewart et al. (2009). 
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heart disease (Gaskin et al. 2014; O’Connor and Wellenius 2012)—risk factors that would 

presumably encourage social distancing among vulnerable groups. Whether poor or not, those 

living in generally poorer areas can be expected to face tighter fiscal and administrative 

constraints on community and governmental effectiveness in promoting social distancing, 

reflecting both local revenues and the local stocks of relevant infrastructure.10  

These arguments can be dubbed “protection effects” since they mainly operate through 

the greater challenges facing poorer people in protecting themselves and their communities from 

infections. However, this is unlikely to be the whole story. Interpersonal interactions help 

maintain and expand the networks that facilitate the creation and spending of wealth.11 An 

income effect in the opposite direction can arise when places with higher average incomes have a 

higher customary (pre-pandemic) density of personal interactions in both production and 

consumption, including links to external sources of infection through travel (for work, shopping 

and leisure). Richer people may well be better connected in both work and leisure activities. In 

short, the costs of rapid attenuation to social and economic interactions (including with other 

locations where the virus is present) could well be higher in richer places. One expects these 

adjustment costs to be greater for some activities than others. 

In addition to the potential ambiguities in the direction of the effect of higher income on 

social distancing, overall income inequality may matter independently of poverty. The marginal 

costs and benefits of extra social distancing can vary in a systematic way with income levels, 

such that the distribution of income matters to the aggregate responses. Suppose that larger 

marginal gains in social distancing from extra income are found in poorer places where residents 

are more vulnerable to infection; by contrast rich places enjoy adequate protection and so see 

lower marginal gains. Then inequality increasing, but mean-preserving, redistributions of income 

from poor to rich areas will reduce aggregate social distancing. 

More general claims about how higher inequality impacts social distancing are hard to 

defend. To help fix ideas, suppose that some minimum income (𝑦𝑚𝑖𝑛) is needed to afford social 

distancing. This is not a poverty line, but the analogy can be used to draw on ideas from the 

                                                 
10 Brzezinski et al. (2020) discuss local governmental and community-based responses. Chiou and Tucker (2020) 

argue that the diffusion of high-speed internet—favouring better-off areas—encouraged more social distancing. 
11 For example, the 2018 Consumer Expenditure Survey shows that individuals in the top income quintile spend, on 

average, almost five times as much as people in the bottom quintile on food outside the home, and more than three 

times as much on entertainment. For details, see the U.S. Bureau of Labor Statistics site. 

https://www.bls.gov/cex/2018/combined/decile.pdf
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literature on poverty and inequality measurement.12 The population share not reaching 𝑦𝑚𝑖𝑛 is 

𝐹(𝑦𝑚𝑖𝑛) (analogous to the poverty headcount index). The mathematical relationship between 

𝐹(𝑦𝑚𝑖𝑛) and the Lorenz curve is given by 𝐿′[𝐹(𝑦𝑚𝑖𝑛)] = 𝑦𝑚𝑖𝑛/�̅� where 𝐿(𝑝) is the Lorenz 

curve (the income share of the poorest percentile, 𝑝, taken to be a smoothly increasing and 

convex function) and �̅� is mean income. A shift in the Lorenz curve implying a higher value of 

some inequality index (such as the popular Gini index) can yield either a higher or lower 

𝐹(𝑦𝑚𝑖𝑛), depending on how exactly the curve shifts (also allowing for intersecting Lorenz 

curves) and what happens to the mean.13  

The literature on social capital has bearing on understanding the scope for social 

distancing and how that is influenced by inequality. The key insight is that when people trust 

each other within communities they are more likely to attain cooperative, mutually-beneficial, 

outcomes.14 Then economic inequality is relevant, to the extent that it makes it harder to attain 

cooperative responses.15 However, here too, the theoretical argument is inconclusive in this 

context; relatively rich households in high-inequality areas may well lobby for social distancing, 

given the externalities involved.16 Politics is also in play. For the U.S., Allcott et al. (2020) find 

that local political affiliations—whether Democratic or Republican—have influenced local 

policy responses to the pandemic.  

Researchers have also pointed to race as a covariate of COVID-19 incidence and impacts 

in the U.S.17 The racial/ethnic composition of an area can influence mobility responses; for 

example, Egorov et al. (2021) find greater reductions in mobility in U.S. cities with higher ethnic 

fractionalization. However, poverty and race are correlated in America; the official poverty rate 

in 2018 was 21% for Black Americans versus 12% overall (Semega et al. 2019). An independent 

                                                 
12 A recent overview can be found in Ravallion (2022). 
13 Empirically, it is known that changes in the usual Gini index across developing countries tend to be positively 

correlated with changes in the absolute poverty rate but far from perfectly so, and there are cases in which they 

move in opposite directions. See Ravallion (2005). 
14 A large literature shows the positive impact of social capital on a range of health and economic outcomes; see, for 

example, Knack and Keefer (1997), Helliwell et al. (2017), and Thornton et al. (2019). In the context of infectious 

disease, McNeill (1977) provides examples from history.  
15 Arguments along these lines regarding the supply of public goods can be found in  Bardhan et al. (2000) and  

Bowles and Gintis (2002). 
16 Starting from a situation of unequal power and no enforcement of cooperative norms, enforcement by the more 

powerful agents can still emerge in equilibrium, as demonstrated by Anderlini et al. (2022). 
17 Brodeur et al. (2021) review the literature. For evidence on the gradient by race in COVID-19 death rates see 

Chen and Krieger (2020). Also, see McLaren (2021) and the commentary by Yancy (2020). 
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effect of the racial composition on social distancing cannot be ruled out, but it remains an open 

question as to whether the race effect persists when we control for poverty.  

Finally, the age composition may matter to social distancing responses, while also being 

correlated with other key covariates. It is well documented that once infected, older people are 

more likely to have severe symptoms leading to hospitalization, and possibly death.18 This may 

induce a stronger behavioral response for this demographic, to avoid contact with others. With 

higher retirement rates, the elderly (or at least the non-poor elderly) will face less economic 

pressure to be active outside the home. Time-use surveys for the U.S. indicate that elderly people 

have substantially lower contact rates in normal times (Cornwell 2010). We can think of this as a 

lower marginal cost of extra social distancing for the elderly.  

III.  An expository model of social distancing   

 The previous section’s review of the literature points to three main ways that inequality 

can influence the outcomes of the pandemic, via social distancing. The first relates to how 

behavioral responses to the viral threat were conditioned by pre-existing dimensions of 

inequality, including incomes; here we ask (for example) whether poorer families were less able 

to protect themselves. The second relates to specific ways that inequalities within geographic 

areas influence aggregate mobility and (hence) epidemiological outcomes; here we ask whether 

more unequal places saw more, or less, social distancing. The third is about how antecedent 

inequalities between counties influenced the outcomes for aggregate mobility responses; here the 

question is whether the geographic inequalities influenced aggregate social distancing.  

We can bring all three together in the form of a simple model of social distancing, viewed 

as an economic choice. As we will see, even in this simple model, it is not obvious how 

inequality through any of these three channels would affect aggregate social distancing. We will 

emphasize two main sources of ambiguity: how the personal welfare loss from infection varies 

with income and how mobility in normal (pre-pandemic) times varies with income.  

We do not treat mobility as a direct source of utility but rather as a requirement for 

pursuing desirable activities. In an epidemic that cost includes the risk of infection. The model 

captures the potential trade-off between the expected loss from infection and costs of adjustment 

                                                 
18 On this, see CDC COVID-19 Response Team (2020) and Ioannidis et al. (2020). 
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to normal activities. The expected loss is the probability of infection (𝑝) times the loss (𝑙) if 

infected. (The loss is taken to be zero for the uninfected, although this can be relaxed.) Higher 

mobility (𝑚) outside the home increases the contact rate and (hence) the probability of infection, 

but it is assumed that it does so slowly at first, when starting from a state of little or no 

mobility.19 By contrast, when we get to high levels of mobility, the high contact rate means that 

decrements to the chance of infection can be considerable from even a small amount of social 

distancing. In short, we assume that the probability of infection is a strictly increasing and 

convex function of the chosen level of mobility.  

The extent of local inequality also matters to the infection rate, through its influence on 

the local public response to the pandemic. We can imagine that 𝑝 depends on mean mobility in 

the area, which depends in turn on the local distribution of income. We represent this by simply 

postulating a direct effect of local inequality (𝐺) giving 𝑝 = 𝑝(𝑚, 𝐺).20 Following the discussion 

in Section II, we remain open as to whether 𝑝 is increasing or decreasing in 𝐺. 

The loss from infection is taken to be strictly positive, and a function of own-income (𝑦). 

The direction of the income effect on the loss from infection is a key factor in the implications of 

the model. The absolute pecuniary loss may well be greater for higher-income people. However, 

this is a behavioral model, so the “loss” is more properly interpreted as the welfare loss. In 

keeping with the idea of a protection effect, the welfare loss could be expected to be larger for 

poorer people, while the economically well-off are able to protect themselves. Thus, our 

benchmark assumption is that the loss is decreasing in income. However, we recognize that this 

can be questioned, so we note some implications of relaxing the assumption.  

There is also an adjustment cost (𝑐), which is taken to be a strictly increasing and convex 

function of the extent of adjustment in response to the threat of infection, as given by the gap 

between the normal (pre-pandemic) level of mobility (𝑛) and the chosen level during the 

pandemic.21 We dub that gap the mobility response, which will be the key object for our 

empirical analysis. For our benchmark case, the normal level of mobility is taken to be a strictly 

increasing function of income although we also note some implications of relaxing that 

assumption. (For one special case we also assume that 𝑛 is concave in 𝑦.) In general equilibrium, 

                                                 
19 We treat “mobility” as a scalar, but this can be readily relaxed. 
20 “Inequality” is represented as a scalar, but this too can be relaxed. 
21 In this respect we follow standard economic models of adjustment costs as in the theory of investment decisions; 

see, for example, Nickell (1979, Chapter 3). 
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the normal activity levels can be expected to depend on the local income distribution, so we 

write 𝑛 = 𝑛(𝑦, 𝐺). 

Combining these assumptions, we can write the mobility response as: 

𝑀(𝑦, 𝐺) = 𝑚(𝑦, 𝐺) − 𝑛(𝑦, 𝐺)      (1)  

where the chosen level of mobility during the pandemic is:  

𝑚(𝑦, 𝐺) = arg min𝑚≥0[𝑝(𝑚, 𝐺)𝑙(𝑦) + 𝑐(−𝑀(𝑦, 𝐺))]   (2) 

This equates the marginal expected loss from mobility (𝑝𝑚(𝑚, 𝐺)𝑙(𝑦)) with the marginal cost of 

adjustment (𝑐′[𝑛(. ) − 𝑚(. )]).22 When we refer to the “income effect on mobility” we mean 

𝑚𝑦(. ) while the “income effect on the mobility response” is 𝑀𝑦(. ).  

Two remarks are notable. First, adjustment costs generate a continuing dependence on 

pre-pandemic mobility norms; absent adjustment costs, the chosen level of mobility is zero 

during the pre-pharmaceutical phase, fully decoupled from pre-pandemic levels. Second, as long 

as the probability of infection is convex in mobility (𝑝𝑚𝑚(. ) >0), any upward shift in the 

expected loss from infection (an increase in 𝑝𝑚(. ) or 𝑙(𝑦)) will reduce the preferred level of 

mobility. Similarly, the introduction of an effective pharmaceutical intervention that exogenously 

decreases 𝑙(𝑦) will increase mobility. 

The income effect on the mobility response—the first of the three roles played by income 

inequality in influencing aggregate social distancing—is given by:23 

𝑀𝑦(𝑦, 𝐺) =
−𝑝𝑚(.)𝑙′(𝑦)−𝑝𝑚𝑚(.)𝑙(𝑦)𝑛𝑦(.)

𝑝𝑚𝑚(.)𝑙(𝑦)+𝑐′′(.)
      (3)  

On noting that the denominator is positive, we see that: 

𝑀𝑦(𝑦, 𝐺) ≥ (≤) 0 as 
−𝑝𝑚(.)

  𝑝𝑚𝑚(.)
𝑙(𝑦) ≥ (≤) 𝑛𝑦(. )    (4) 

                                                 
22 Subscripts are used to denote partial derivatives and all functions are taken to be twice differentiable. The second-

order conditions for an interior optimum hold given that 𝑝(. ) and 𝑐(. ) are both convex functions of 𝑚. 
23 Here we apply the usual implicit function theorem to the first-order condition for the problem in (2), namely 

𝑝𝑚(𝑚, 𝐺)𝑙(𝑦) = 𝑐′(𝑛 − 𝑚) to derive 𝑚𝑦(. ) which we then substitute into 𝑀𝑦(. ) = 𝑚𝑦(. ) − 𝑛𝑦(. ). 
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where 𝑙(𝑦) ≡
𝑙′(𝑦)

𝑙(𝑦)
 is the proportionate welfare loss from infection as income rises. Consider the 

four combinations for the sign of 𝑙′(𝑦) and 𝑛𝑦(. ). The sign of 𝑀𝑦(𝑦, 𝐺) cannot be determined 

under our benchmark assumptions, including that the (welfare) loss from infection is higher at 

lower incomes (𝑙′(𝑦) < 0) and that there is a positive income effect on mobility in normal (pre-

pandemic) times (𝑛𝑦(. ) > 0). If the welfare loss is decreasing in income but so too is normal 

mobility then the mobility response will be increasing in income (𝑀𝑦(𝑦, 𝐺) > 0), i.e., richer 

counties will see less contraction in mobility in response to the pandemic. However, if the loss 

from infection is increasing in income (𝑙′(𝑦) > 0) and 𝑛𝑦(. ) > 0 then the mobility response will 

be unambiguously greater (more negative) at higher incomes (𝑀𝑦(𝑦, 𝐺) < 0). (The sign of 

𝑀𝑦(𝑦, 𝐺) cannot be determined in the remaining combination, with 𝑙′(𝑦) > 0 and 𝑛𝑦(. ) < 0.) 

 Turning to the second role, Equation (1) expresses how local inequality matters directly 

to the mobility responses, and it is readily verified that this effect is also ambiguous in this 

model. However, higher inequality can alter the aggregate mobility response even if it does not 

alter the infection rate or normal activities. That is the third role, which depends on the curvature 

of 𝑀(𝑦, 𝐺) in 𝑦.24 A special case offers a clearer view under the extra (simplifying) assumptions 

that: (i) both the loss and the adjustment cost functions are linear (𝑙′′(𝑦) = 0 and 𝑐′′(𝑦) = 0); 

and (ii) the infection probability function is locally quadratic (𝑝𝑚𝑚(. ) is a constant). Then, under 

our benchmark assumptions, the second derivative of the mobility response w.r.t. income takes 

the following, much simplified, form: 

𝑀𝑦𝑦(𝑦, 𝐺) = −2𝑚𝑦(. )𝑙(𝑦) − 𝑛𝑦𝑦(. ) > 0     (5) 

where 𝑚𝑦(. ) =
−𝑝𝑚(.)

 𝑝𝑚𝑚(.)
𝑙(𝑦) > 0. On the RHS of (5) we see two positive effects (invoking our 

assumption that 𝑛(. ) is concave). While aggregate mobility could be either increasing or 

decreasing in income it will be a convex function of income (𝑀𝑦𝑦(. ) > 0), implying that 

inequality yields a lower (less negative) aggregate mobility response.  

                                                 
24 In what follows we are invoking a well-known result in mathematics called Jensen’s inequality, which says that if 

𝑓(𝑥) is a concave function and we compare any two values 𝑥1 and 𝑥2 then 𝑓(𝑤. 𝑥1 + (1 − 𝑤)𝑥2) ≥
 𝑤. 𝑓(𝑥1) + (1 − 𝑤)𝑓(𝑥2) for any 𝑤 ∈ (0,1), with the sign reversing if 𝑓(𝑥) is convex. 
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Our model also reveals that this is only one possible outcome. If, instead, the welfare loss 

is increasing in income (𝑙(𝑦) > 0) then 𝑀 could be either convex or concave in 𝑦 (though 

decreasing in 𝑦, as noted), implying that higher inequality has an ambiguous effect on the 

mobility response. This ambiguity stems from the difference in how inequality impacts aggregate 

mobility during the pandemic, as distinct from normal times. If we focus solely on mobility 

during the pandemic, then this will be reduced by higher inequality (𝑚(𝑦) is concave in 𝑦). 

However, that also holds for normal activities (𝑛(𝑦) is also concave in 𝑦). Hence the ambiguity.  

IV. Data and descriptive statistics  

 In measuring social distancing responses, we use Google’s COVID-19 Community 

Mobility Reports, which track changes in visits and the time spent at various activities relative to 

a baseline, given by the median value for the corresponding day of the week between January 3 

and February 6, 2020, prior to the onset of the epidemic in the U.S.25 Thus, we are measuring the 

mobility response to the pandemic, as in Equation (1). A negative (positive) value implies that 

mobility saw a contraction (expansion), relative to pre-pandemic levels.  

The data allow us to distinguish four groups of activities, namely residential, workplaces, 

recreation and shopping, and public transit. These are not, of course, independent. There are 

signs in Figure 1 of interlinkage in these activities; in particular, workplace mobility is in large 

part the mirror opposite of residential mobility, while transit and shopping/recreational co-move.   

We use the latest available Google mobility data at the time of writing, namely for 

August 2022. However, it is important to note that this includes two distinct sub-periods of the 

pandemic, namely the initial sharp attenuation to non-residential mobility in the first half of 2020 

and the longer subsequent period of reversal back toward normal levels, albeit with smaller 

seasonal contractions in non-residential mobility in the two Winters, as can be seen in Figure 1.  

We initially focus on the period up to mid-2020 when social distancing was a key 

preventative measure but there was limited (mostly state-level) effort in the U.S. to introduce or 

enforce social distancing, and pharmaceutical interventions (vaccines, home testing) were not yet 

                                                 
25 The Google data are generated using the location history of Google user accounts, and are reported for groceries 

and pharmacy, retail and recreation, transit stations, workplaces and residential locations. The data are expected to 

be representative of Google users, but naturally do not include information for those who opt out of the option of 

tracking their location history and/or do not have regular connectivity to the Google network. More information can 

be found at Google’s mobility website.  

https://www.google.com/covid19/mobility/
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available. We define the pre-pharmaceutical stage (the “initial phase”) of the epidemic as its first 

five months, up to mid-June 2020—essentially that first sharp dip in Figure 1. 

The top panel of Table 1 provides summary statistics. In the initial phase, we see a 

marked contraction in mobility to workplaces, transit and (less so) retail and recreational 

activities; only residential activities saw positive average gains. (Table 1 also provides summary 

statistics on mobility responses for the longer period; Section VII will examine more closely the 

rebound in mobility responses in the second phase.) 

We use three variables to describe the distribution of household income within each 

county, namely median income, the Gini index of inequality (G𝑖𝑗), and the poverty rate based on 

the official national poverty line. These are published by the U.S. Census Bureau, based on their 

household surveys.26 Given that incomes and their distribution during the pandemic are 

endogenous to mobility choices, we use their pre-pandemic values, for 2018. Descriptive 

statistics for these and other covariates of the mobility responses are shown in the bottom panel 

of Table 1. Median household incomes vary widely across counties, from $25,000 per year 

(Wilcox County, Alabama) to $140,000 (Loudoun County, Virginia). Gini indices also vary 

widely, from the lowest value of 0.25 in (aptly named?) Loving County, Texas, to a high of 0.66 

in East Carroll Parish, Louisiana. The high-inequality counties tend to have lower median 

income (r=-0.39). Overall, the poverty rate is 15%, ranging from 2.6% (Douglas County, 

Colorado) to 54% (Oglala Lakota County, South Dakota). The poverty rate is highly correlated 

with median income (r=-0.89). Note that, having controlled for the median, the poverty rate and 

the Gini index can be treated as measures of different aspects of inequality. They are not the 

same thing of course, and there is a large unexplained variance if one regresses the Gini index on 

the median and the poverty rate.27 Thus, the Gini index may still have extra explanatory power 

for mobility, related to changes in distribution above the poverty line. As noted in Section II, the 

poverty rate can influence social distancing even if neither the median income nor the Gini index 

changes.  

Population density has long been seen as a key predictor of the contact rate for an 

infectious disease and (hence) the spread of infection.28 However, we suggest that the more 

                                                 
26 To enhance precision, the Census Bureau augments survey-based measures using small-area estimation methods.  
27 Regressing the log of the Gini index on the log of the median and the log of the headcount index, the R2 is 0.31. 
28 See, for example, Anderson and May (1991) and Tarwater and Martin (2001).  

https://www.census.gov/srd/csrm/SmallArea.html
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relevant variable is population squared per unit area. To see why, note that in a county with 

population 𝑁, the potential number of contacts is 
𝑁(𝑁−1)

2
≅

𝑁2

2
 for large 𝑁. We call 𝑁2 per unit 

land area the “potential interaction density” (PID). We also allow for differing numbers of days 

since the first reported COVID case in the county. 

Given existing evidence on race and COVID-19, we also include the population share of 

Black Americans.29 Note that this may well be proxying for other unobserved factors; for 

example, Black Americans are more often in jobs considered essential, with greater exposure to 

the virus, such as health care, food preparation, and certain services.30 Race is also correlated 

with PID (r=0.41), the share of the population 65 years and older (-0.30) and poverty (0.36).  

We also control for the share of total voters in the county that voted for Donald Trump in 

the 2016 presidential election. We interpret this as an indicator of how political affiliations 

influence social distancing behaviour. 

Finally, as a measure of social capital, we use the Chetty et al. (2022) measure of 

“economic connectedness” (EC) at county level. EC is defined as the share of those deemed to 

have low socio-economic status who have Facebook “friends” of high socio-economic status. 

Our expectation is that higher EC will help promote social distancing by establishing and 

enforcing prosocial norms locally, such as by making local employers more willing to allow 

flexible working arrangements for their employees. However, the Chetty et al. estimates have the 

drawbacks in this context that they rely heavily on imputations and that they use Facebook data 

from the pandemic period, raising concerns about whether they can be treated as exogenous. We 

use the EC numbers for robustness checks but not in the core set of covariates.  

On combining the mobility data with survey-based incomes for 2018, we obtain Figure 2, 

which plots the mobility responses in the initial phase against pre-pandemic median household 

income. We see stronger social distancing through physical mobility as income rises. These 

                                                 
29 The share of Black Americans refers to the proportion of the population that identifies as Black only. Results were 

very similar if Hispanic was included, and the covariate was re-defined as “non-white.” Two possible functional 

forms were considered, namely the log of the population share and the log of the fractionalization index, where the 

fractionalization index is 2𝑠1(1 − 𝑠1) where 𝑠1 is the population share of group 1. In nested tests, the former 

dominated.  
30 Recent data from the Current Population Survey show that a majority of nursing and home health aides identify as 

Black/African American or Hispanic/Latino, as do a majority of those working in food preparation and most 

personal care and service occupations; see https://www.bls.gov/cps/cpsaat11.htm 

https://www.bls.gov/cps/cpsaat11.htm
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results are strongly indicative of an income-dependent mobility response to the pandemic. We 

will see next if this holds up when we introduce the socioeconomic/epidemiological covariates.  
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V. Econometric methods  

Using these data we can test whether summary statistics of household income distribution 

within areas help explain mobility responses. We can also see if inequality between areas matters 

to the observed mobility responses. For the latter purpose, we use flexible nonparametric 

methods to study the curvature across counties in the effect of higher average income, as well as 

the direction of that effect—to see whether there is a systematic pattern in how marginal impacts 

of higher income vary with the level of income across counties. 

We postulate that the mobility response for activity k—denoted 𝑀𝑖𝑗
𝑘  for county 𝑖 in state 

j—is given by the following function of covariates: 

𝑀𝑖𝑗
𝑘 = 𝛼𝑗

𝑘 + 𝑓𝑘(Y𝑖𝑗) +  𝛽1
𝑘𝑙𝑛T𝑖𝑗 + 𝜷2

𝑘𝐗𝑖𝑗 + 𝜀𝑖𝑗
𝑘    (𝑖 = 1, 𝑛;  𝑗 = 1, 𝑁; 𝑘 = 1, 𝐾 )  (6) 

The 𝛼𝑗
𝑘’s are state fixed effects, to pick up any unobserved inter-state differences in (inter alia) 

state policies in response to the pandemic, though we also provide estimates without these effects 

(i.e., a common intercept). Y𝑖𝑗 denotes median (pre-pandemic) household income, T𝑖𝑗 is the 

number of days since the first case, 𝐗𝑖𝑗 comprises other (epidemiological and socioeconomic) 

covariates of social distancing, the 𝛽’s are parameters to be estimated and 𝜀𝑖𝑗
𝑘  is an error term 

with a conditional mean of zero (𝐸(𝜀𝑖𝑗
𝑘 |𝛼𝑗

𝑘, 𝑓𝑘(. ), 𝑙𝑛T𝑖𝑗 , 𝐗𝑖𝑗) = 0). Given that the effects of the 

postulated covariates might change over time, as the epidemic spreads, we will also allow for 

interaction effects between T𝑖𝑗 and other covariates. 

As noted, given that the curvature of mobility adjustment relative to average income 

determines the contribution of inequality between counties, we are especially concerned with 

assuring flexibility in representing the functional form for the income term in (6). (Otherwise, 

our functional form assumptions may be determining the conclusion we reach on the effect of 

inequality on aggregate mobility responses.) In (6), we write this as some smooth, non-

parametric function, 𝑓𝑘(. ), with Y𝑖𝑗 continuous, which we estimate as a partial linear 

regression.31 For this purpose, we use Stata’s PLREG routine (Lokshin 2006). (For some 

computational purposes, we also approximate 𝑓𝑘(. ) by a cubic polynomial.)  

                                                 
31 For an exposition on partial linear regression see Yatchew (1998). 
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VI. Results for the pre-pharmaceutical period 

Table 2 provides our estimates of Equation (6) by activity for the initial period of the 

pandemic. Figure 3 shows the non-parametric sub-functions corresponding to Table 2, i.e., the 

PLREG estimates of 𝑓𝑘(Y𝑖𝑗) in (6) (with state fixed effects and setting controls at mean points). 

In discussing the results, we will focus more on workplace mobility, though noting general 

patterns and important differences with other activities. 

On including the extra covariates, we still find that higher median incomes are associated 

with greater mobility response for the non-residential activities (Figure 3). There is only modest 

attenuation to the income differences in mobility responses when we include the controls. At low 

incomes, the mobility response was small for all activities except workplaces. Ceteris paribus, 

people in higher-income counties tended to switch more out of the external activities, to spend 

more time at home. As can be seen in Figure 3, the effect is sizeable; for example, on going from 

the poorest county to the richest increases the workplace mobility response from about a 20% 

reduction to about 50% (relative to the pre-pandemic baseline).  

The income effects are very close to linear for all except transit (Figure 3). This suggests 

only modest impacts of between-county inequality. To get a sense of the magnitudes, we 

calculated mean-preserving counterfactual mobility responses in which Y𝑖𝑗 in (6) is replaced by 

its national mean. (For computational convenience, we took 𝑓𝑘(Y𝑖𝑗) to be a cubic polynomial.) 

On subtracting this counterfactual value from the observed values, and taking the overall mean, 

we then have an estimate of the contribution of the between-county component of inequality. 

Between-county disparities in the median implied only a 0.2-0.3 (depending on specification) 

percentage point reduction in workplace mobility, with a roughly similar increase in residential 

mobility. Inequality between counties reduced transit mobility by about one percentage point. 

(An Addendum provides further details.) 

By contrast, higher inequality within counties led to larger (more negative) attenuations 

to mobility outside the home, controlling for the median income and other covariates. More 

unequal counties were seeing more social distancing at a given median income. Based on the 

specification with state fixed effects, a one standard deviation increase in the (log) Gini index 

reduces the workplace mobility response (making it more negative) by 0.4 percentage points. 

Going from the lowest (log) Gini index to the highest reduces workplace mobility by 4.6 

https://www.dropbox.com/s/usaj8kyspcg2whx/Inequality%20and%20Social%20Distancing%20ADDENDUM.docx?dl=0
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percentage points. The reduction in transit mobility is very large; again, going from the lowest 

Gini index to the highest reduces transit mobility by 38 percentage points. The pattern in the 

regression results is consistent with a mobility response to an income gain that tends to be larger 

at higher incomes. (In terms of the model in Section III, 𝑀𝑦(. ) < 0 and 𝑀𝑦𝑦(. ) < 0.)  

Similarly, higher (pre-pandemic) poverty incidence is associated with larger mobility 

responses away from home ceteris paribus. Again, using the specification with state fixed 

effects, a one standard deviation increase in the (log) poverty rate reduces the workplace 

mobility response (making it more negative) by 1.4 percentage points. Going from the county 

with the highest poverty rate to the lowest reduces workplace mobility by a sizeable 10 

percentage points. 

Turning to the “non-income” covariates, higher PID is associated with greater mobility 

adjustments (more negative values) for activities outside the home. This holds with and without 

state fixed effects.  

We also see a strong positive effect of a higher share of elderly people on non-residential 

mobility responses. In other words, the curtailment to mobility was greater for those under 65. 

This may be surprising, given that the health of older people was more vulnerable to COVID-19. 

However, prior to the epidemic, the elderly were already less mobile than others, spending more 

time at home. So, the results are suggesting a convergence between “young” and “old” in their 

mobility.  

We find significant effects of a higher share of Black Americans controlling for incomes 

and their distribution. A one standard deviation increase in the log of the share of Black 

Americans attenuated the contraction in workplace mobility by 1.2 percentage points. The 

workplace response is consistent with the expectation that the burden of essential work fell more 

on Black Americans. 

A higher vote share for Donald Trump at county level in 2016 is associated with 

significantly less effort at social distancing. A one standard deviation increase in the log of the 

Trump vote share reduces the workplace mobility response by 2.4 percentage points, or about 

one third of a standard deviation. Going from the lowest vote share for Trump to the highest 

attenuated the mobility response for workplaces by a massive 24 percentage points. 

Our results are generally robust to including the Chetty et al. (2022) measure of economic 

connectedness. The main exception is that the coefficient on the Gini index for workplace 
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mobility fell in size and is only significant at the 10% level when one includes EC as a regressor. 

(Full details can be found in the Addendum.) This is suggestive that county-level inequality may 

be picking up this aspect of social capital.    

To see if the effects of these covariates change systematically as the epidemic spreads 

over time, we re-estimated the regressions allowing interaction effects between the covariates 

and the number of days since the county’s first case. We could not reject the null of constant 

effects in most cases; the main exceptions were for transit activities, for which the interaction 

effects were significant for many covariates, and the share of elderly, for which greater mobility 

reductions were observed over time. Also, the effect of inequality on workplace mobility tended 

to rise as the number of days since the first case rose. The Addendum provides details.  

Given that these “non-income” covariates are correlated with incomes, inferences about 

the incidence of social distancing that ignore incomes and their distribution can be deceptive. To 

show just how deceptive, Table 3 gives the restricted form of Equation (6) dropping the income 

variables. The results suggest large biases for most of the non-income covariates. For example, 

the PID coefficient for workplace adjustment with state fixed effects is more than double the 

value in Table 2, while the coefficients for the population share of the elderly and that of Black 

Americans are overestimated by about 50%. 

VII. Mobility readjusts over the course of the pandemic 

 In terms of the behavioral model in Section III, the emergence of pharmaceutical 

protections (notably, but not only, vaccines) reduces case fatality rates and (hence) the potential 

welfare losses from infection. As noted in Section III, this would increase the preferred level of 

mobility and reduce the mobility response. Additionally, the accumulating adjustment costs may 

start to tilt the balance against the protection effects in determining the socio-economic 

incidence. By mid-2022, the time spent at home nationally had returned to a level not much 

above that of the immediate pre-pandemic period (Figure 1).32 Non-residential mobility was still 

attenuated but much less so. 

                                                 
32 Indeed, at mid-August 2022, the change in residential mobility relative to the pre-pandemic value was almost 

exactly zero. Workplace mobility was still about 10% lower than its pre-pandemic level; there was a large increase 

in visits to parks and other recreational facilities. (Based on Google mobility reports as accessed 16 August 2022.) 

https://www.dropbox.com/s/usaj8kyspcg2whx/Inequality%20and%20Social%20Distancing%20ADDENDUM.docx?dl=0
https://www.dropbox.com/s/usaj8kyspcg2whx/Inequality%20and%20Social%20Distancing%20ADDENDUM.docx?dl=0
https://www.gstatic.com/covid19/mobility/2022-08-13_US_Mobility_Report_en.pdf
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We can quantify this re-adjustment to mobility during the second phase by repeating the 

above analysis for the latest available Google mobility data at the time of writing (August 2022). 

Table 4 gives the coefficients on the linear covariates for the full period, while Figure 4 gives the 

corresponding estimate of the non-parametric function of median income. The patterns in these 

results are qualitatively similar to the initial phase (comparing Tables 2 and 4, and Figures 2 and 

3), but the quantitative magnitudes are generally attenuated, reflecting the rebound in mobility.  

Next we breakdown the mobility change between the two phases by median income of 

the county. Figure 5 gives the estimated non-parametric function for the change in mobility with 

respect to each activity, normalized by its baseline value and controlling for other covariates. By 

definition, 𝑀𝑖𝑗𝑡
𝑘 = (

𝑚𝑖𝑗𝑡
𝑘

𝑚𝑖𝑗0
𝑘 ) − 1 (where 𝑀𝑖𝑗𝑡

𝑘  is the mobility response for activity k, county i, state j, 

date t). (Recall that this is measured relative to a pre-pandemic baseline, 𝑚𝑖𝑗0
𝑘 .) Going forward to 

an endline 𝑡 + 𝜏, the dependent variable becomes 𝑀𝑖𝑗𝑡+𝜏
𝑘 − 𝑀𝑖𝑗𝑡

𝑘 = (
𝑚𝑖𝑗𝑡+𝜏

𝑘 −𝑚𝑖𝑗𝑡
𝑘

𝑚𝑖𝑗0
𝑘 ), i.e., the change 

in mobility normalized by the baseline value. A positive (negative) value in Figure 5 means that 

more (less) time was spent in that activity when compared to the initial phase of the pandemic.  

For residential, we see from Figure 5 that the change is near zero for the poorest counties, 

but rises (in absolute value) to around a 10 percentage point decrease for the richest. The “return 

to work”—the workplaces component of the mobility change—was positive but fairly flat over 

most of the range of median incomes. There is also a large variance in mobility changes for 

transit locations, for which we see markedly lower (higher) mobility responses among poor (rich) 

counties over the period as a whole compared to the initial phase but large mobility gains at 

higher incomes. Recreational and shopping mobility rebounds strongly in richer counties, but 

less so in poor ones. The generally positive non-residential mobility changes over the course of 

the pandemic came with marked reductions in time spent at home and the gap rose with 

income—undoing the marked increase in time spent at home in richer counties in the initial 

phase of the pandemic.  

Corresponding to Figure 5, Table 5 gives the coefficients on the other covariates for the 

PLREG estimates using the data for the whole period to track the change in mobility, comparing 
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the endline in August 2022 with the initial phase.33  We find a strongly negative (positive) effect 

of within-county income inequality on the changes in workplace (residential) mobility; higher 

inequality counties saw substantially lower workplace mobility by the endline, when compared 

to the initial phase. This distributional effect is absent for the poverty rate, which had a similar 

effect on mobility between the two phases of the pandemic.   

VIII. Conclusions  

We have pointed to theoretical ambiguities in the socioeconomic incidence of the 

mobility responses to the threat of infection. Among the socially excluded and largely non-

working poor (such as the elderly or disabled poor), social distancing may not be much of a 

burden. Yet the cost could be high among the working poor, since such families cannot easily 

maintain their consumption in isolation. The pre-pandemic levels of social and economic 

interaction are likely to be higher for wealthier people, and they face costs of adjusting quickly to 

a lower level of physical mobility. The marginal effects on social distancing of income 

differences may also vary with income across counties, though here too we have argued that the 

direction of this effect of between-county inequality on social distancing could go either way. 

We have then studied the mobility responses over the course of the pandemic, using 

county-level data for the U.S. Counties with a higher median income tended to experience 

greater reductions in mobility outside the home in the initial phase, though re-bounding 

substantially by mid-2022. This holds when we control for the poverty rate, suggesting that the 

effect is coming from the attenuated mobility of the non-poor in the early phase of the pandemic, 

alongside enhanced mobility in the subsequent re-adjustment. While pre-existing inequalities 

were reflected in social distancing in the pre-pharmaceutical phase, this was partly reversed later.    

Counties with a higher poverty rate and higher income inequality tended to see larger 

declines in non-residential mobility. (Since we are controlling for average income, these are 

relative distributional effects, rather than absolute.) Behavioral responses through physical 

mobility in the pre-pharmaceutical phase were more protective of those living in more affluent 

and unequal areas. The near-linearity of the median income effect across counties implies little 

or no trade-off between reducing geographic inequality and the aggregate mobility response to 

                                                 
33 Note that the regression coefficients in Table 5 are not simply the difference between those in Tables 2 and 4 since 

the PLREG estimation allows for a nonlinear (and non-parametric) sub-function. 
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the pandemic. The distributional effects are mainly through within-county channels, with only a 

small reduction in non-residential mobility attributable to between-county inequality.  

Our results are not consistent with the view that higher inequality undermines social 

distancing, such as by eroding local prosocial norms relevant to the chances of infection. The 

results are more suggestive of greater scope in high-inequality areas for enforcing such norms 

during the pandemic, possibly backed-up by local policies. By interpretation, the same desire 

among the rich (buttressed by their ability-to-pay) to protect themselves from infection by 

personal effort helped promote local public efforts for social distancing in high-inequality areas.  

We point to two broader implications of our study. First, efforts to understand social 

distancing, and to respond through policy, cannot ignore the distribution of income. While 

voluntary social distancing can be a strongly protective response, it is a response that is firmly 

grounded in antecedent socio-economic inequalities. The behavioral response to the threat of 

infection can be highly heterogeneous across income strata and over time during the course of 

the pandemic. However, the specific pattern of such dependence is hard to predict on a priori 

grounds, and it is not (as we have shown) simply a situation in which inequality impedes 

collective social distancing—indeed, our results suggest the opposite.  

Second, there may be implications for social policies. Our findings suggest that, in the 

absence of enforced policies to support social distancing, it will be the poorer and yet relatively 

equal areas that are more vulnerable to the spread of infection. Self-protection is easier for those 

in relatively well-off and unequal areas. Our interpretation is that poorer families are less able to 

afford to protect themselves, which leads them to make different social-distancing choices. This 

suggests that there may be a role for antipoverty policies as a complement to more direct health-

policy measures in combating infectious disease, especially in the initial pre-pharmaceutical 

phase. Such policy implications beg for exploration in greater evaluative depth than the present 

paper has been able to provide. 
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Figure 1: Changes in physical mobility in the U.S. over the course of the Covid-19 

pandemic

 

Source: Google’s COVID-19 Mobility Reports up to August 8, 2022 (accessed August 16). 

  

https://www.google.com/covid19/mobility/
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Figure 2: Mobility responses in the initial phase of the pandemic plotted against pre-

pandemic median household income 

 

Note: Median household income is annual. Lowess smoothed scatter plots.  
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Figure 3: Non-parametric sub-functions of median household income in the partial linear 

regression for the initial phase 

 
Note: The vertical axis is the estimated non-parametric sub-function of median income (𝑓𝑘(. ) in Equation 6) using 

PLREG with state fixed effects from Table 2. 
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Figure 4: Non-parametric sub-functions of median household income in the partial linear 

regression for the full period up to August 2022 

 
Note: The vertical axis is the estimated non-parametric sub-function of median income (𝑓𝑘(. ) in Equation 6) using 

PLREG with state fixed effects from Table 4 and estimated on the full period up to 8th August 2022. 
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Figure 5: Rebound in mobility responses comparing full period with initial phase 

 
Note: The vertical axis gives the estimated non-parametric sub-functions using the change in mobility (normalized 

by baseline mobility) between the end of the first phase and the endline as the dependent variable, using PLREG 

with state fixed effects; the coefficients on the linear controls are in Table (5). 
 
 

 

  



32 
 

Table 1: Summary statistics 

 

  N Mean Std. dev. Min Max 

Mobility: percentage change from the pre-pandemic baseline 

Until June 2020      

Residential  1,380 7.936 3.840 0 28 

Workplaces 2,736 -26.682 7.717 -70 -4 

Transit stations 988 -3.617 25.298 -90 103 

Retail and recreation 1,633 -0.383 15.878 -73 130 

Until August 2022      

Residential  1,743 4.483 1.996 -4 15 

Workplaces 2,696 -19.260 10.681 -62 66 

Transit stations 950 2.774 37.007 -75 230 

Retail and recreation 1,549 6.507 20.842 -46 273 

Covariates      

Days 3,143 72.53 22.94 0.00 143.00 

Days, log 3,143 4.10 0.97 0.00 4.97 

Population 3,142 104,127 333,486 88 10,100,000 

Population, log 3,142 10.27 1.49 4.48 16.13 

Population density  3,143 670.97 4465.49 0.11 179922.30 

Potential interaction density, log 3,142 15.00 3.14 3.67 26.40 

Population share 65+ 3,142 19.27 4.71 4.83 57.59 

Population share 65+, log 3,142 2.93 0.25 1.57 4.05 

Median income 3,141 52,794.41 13,880.12 25,385.00 140,382.00 

Median income, log 3,141 10.84 0.24 10.14 11.85 

Poverty rate  3,141 15.16 6.13 2.60 54.00 

Poverty rate, log 3,141 2.64 0.40 0.96 3.99 

Gini index  3,128 44.55 3.65 25.67 66.47 

Gini index, log 3,128 -0.81 0.08 -1.36 -0.41 

Share of Black Americans 3,142 9.34 14.47 0.00 86.07 

Share of Black Americans, log 3,142 1.61 1.14 0.00 4.47 

Share voted for Trump 2016 3,114 0.63 0.16 0.04 0.96 

Share voted for Trump 2016, log 3,114 -0.50 0.32 -3.20 -0.04 

 

Notes:  

Mobility: Data come from Google’s COVID-19 Mobility Reports up to i) 18th of June 2020 and ii) 8th of August 

2022. The data measure the change in movement and time spent at each location type relative to the baseline, which 

is the median value for the corresponding day during a 5-week period beginning in early January. A positive value 

implies that movement has increased in the places falling under each category relative to the baseline. Retail and 

recreation include places like restaurants, cafes, shopping centres, theatres, libraries and museums; transit stations 

include public transportation hubs such as subway, bus, and train stations. N is the number of counties for which we 

have observations.  

Covariates: Days are the number of days since the first case confirmed. Demographic variables are drawn primarily 

from the U.S. Census Bureau and the CDC. County population density is from this (public) GitHub page. Share of 

Black American refers to the share of the county population that identify as Black or African American only. 

Potential interaction density is defined as squared population per square kilometer. The poverty rate for the U.S. is 

based on the official poverty line. All income variables are pre-pandemic, defined as 2018. Share voted for Trump 

2016 refers to the proportion of the county that voted for Donald Trump in the 2016 presidential election.  

https://github.com/camillol/cs424p3/blob/master/data/Population-Density%20By%20County.csv
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Table 2: Partial linear regressions for mobility adjustment in response to the pandemic  

 

  Residential Workplaces Transit stations Retail and recreation 

 (1) (2) (3) (4) (5) (6) (7) (8) 

Population 

interaction  

density (PID) 

0.45*** 0.29*** -1.02*** -0.60*** -2.69*** -3.48*** -0.25 -1.11* 

(0.08) (0.09) (0.13) (0.17) (0.91) (1.20) (0.46) (0.57) 

Population -0.01 0.21 0.31 -0.40 0.41 3.18 -1.44 0.81 

 (0.16) (0.18) (0.25) (0.33) (1.78) (2.31) (0.94) (1.13) 

Days since first 

case 

-1.91** -0.44 0.19 0.39* 8.55*** 7.73*** 1.00 0.74 

(0.77) (0.68) (0.23) (0.23) (2.38) (2.26) (3.49) (3.19) 

Share 65 and older -1.81*** -3.01*** 6.18*** 6.56*** 3.78 17.22*** 5.24*** 14.63*** 

 (0.32) (0.32) (0.56) (0.59) (3.90) (4.54) (1.97) (2.08) 

Gini index 1.73 2.63** -3.52* -4.79*** -50.30*** -39.92*** -22.42*** -35.30*** 

 (1.23) (1.12) (1.85) (1.82) (13.84) (14.10) (7.51) (7.26) 

Poverty rate 1.36*** 1.16*** -4.35*** -3.37*** -7.52 -0.57 -14.15*** -4.72* 

 (0.46) (0.42) (0.79) (0.80) (5.80) (6.01) (2.97) (2.86) 

Share of Black  

Americans 

0.20** -0.36*** 0.95*** 1.01*** 1.10 2.81** -0.98** -0.28 

(0.08) (0.09) (0.12) (0.16) (0.93) (1.18) (0.49) (0.59) 

Share voted for  

Donald Trump 2016 

-3.13*** -3.47*** 6.79*** 7.63*** 20.62*** 22.89*** 10.94*** 8.13*** 

(0.24) (0.26) (0.41) (0.49) (2.77) (3.12) (1.51) (1.71) 

State fixed effects No Yes No Yes No Yes No Yes 

N 1368 1368 2715 2715 980 980 1620 1620 

f(median income)  
13.18*** 13.14*** 7.87*** 7.65*** 0.21 1.48* 2.30** 2.63*** 

test statistic 

 

Notes: PLREG with median household income as the continuous variable in the non-parametric sub-function. Data 

for U.S. counties. The dependent variable comes from Google’s COVID-19 Mobility Reports and is of 18th of June 

2020. Given that the data are changes from the baseline, a larger negative number indicates more social distancing. 

All covariates are logged. Robust standard errors in parentheses. See notes to Table 1 for variable descriptions.  
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Table 3: Regressions for mobility responses ignoring household incomes and their 

distribution  
 

  Residential Workplaces Transit stations Retail and recreation 

  (1) (2) (3) (4) (5) (6) (7) (8) 

Population 

interaction density 

1.00*** 0.85*** -1.47*** -1.45*** -3.02*** -4.13*** -0.40 -1.12** 

(0.08) (0.10) (0.11) (0.16) (0.73) (1.02) (0.38) (0.49) 

Population -0.45*** -0.23 0.29 0.29 -1.00 1.95 -2.10*** 0.13 

 (0.18) (0.20) (0.23) (0.31) (1.46) (2.00) (0.79) (0.98) 

Days since first case 2.11** 3.24*** 0.01 0.06 9.94*** 9.27*** 1.00 0.68 

 
(0.83) (0.74) (0.21) (0.21) (1.98) (1.93) (2.93) (2.72) 

Share 65 and older -3.70*** -4.82*** 8.82*** 9.06*** 7.10** 13.92*** 10.59*** 15.96*** 

 (0.31) (0.31) (0.46) (0.49) (2.88) (3.37) (1.49) (1.57) 

Share of Black 

Americans 

-0.30*** -0.96*** 1.32*** 1.47*** 1.41** 3.78*** -1.67*** -0.28 

(0.07) (0.09) (0.09) (0.14) (0.69) (0.98) (0.36) (0.49) 

Share Donald Trump -3.48*** -3.19*** 8.49*** 7.93*** 24.96*** 24.30*** 15.51*** 13.00*** 

 
(0.23) (0.26) (0.34) (0.41) (1.94) (2.34) (1.12) (1.32) 

Constant -4.78 -4.72 -30.16*** -31.23*** 10.45 -25.79 7.88 -23.94* 

  (3.43) (3.24) (2.05) (2.42) (13.29) (16.80) (12.50) (12.44) 

State fixed effects No Yes No Yes No Yes No Yes 

R2 0.612 0.737 0.595 0.646 0.409 0.501 0.334 0.486 

R2 incl. incomes 0.782 0.855 0.681 0.720 0.440 0.518 0.386 0.516 

N 1377 1377 2725 2725 986 986 1629 1629 

 

Notes: OLS; robust standard errors in parentheses. All covariates are logged. The second R2 includes median 

incomes, the Gini index and the poverty rate. 
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Table 4: PLREG estimates for the coefficients on the covariates using the full period up to 

August 2022 

 
 Residential Workplaces Transit stations Retail and recreation 

  (1) (2) (3) (4) (5) (6) (7) (8) 

Density 0.63*** 0.15** -0.36 -0.26 -4.41*** -5.66*** -1.98*** -3.71*** 

 
(0.06) (0.07) (0.24) (0.32) (1.55) (2.08) (0.66) (0.86) 

Population -0.70*** 0.01 -1.35*** -1.63*** 1.34 2.98 -1.52 2.13 

 (0.12) (0.14) (0.48) (0.63) (3.00) (4.01) (1.36) (1.71) 

Days since first   

case 

-0.93** -0.20 1.14** 1.29*** 3.13 4.53 4.53 6.91 

(0.41) (0.35) (0.46) (0.45) (4.84) (4.69) (5.76) (5.60) 

Share 65 and older 0.37 -0.37 6.05*** 7.34*** 4.39 6.49 16.24*** 16.80*** 

 
(0.25) (0.25) (1.04) (1.12) (6.70) (7.89) (2.86) (3.21) 

Gini index -0.75 0.10 -14.16*** -12.83*** -36.69 -19.32 -17.97* -18.31* 

 (0.94) (0.86) (3.51) (3.51) (23.62) (24.46) (10.67) (10.88) 

Poverty rate 1.62*** 0.99*** -5.38*** -3.07** -5.30 -1.97 -15.15*** -6.81 

 (0.37) (0.33) (1.48) (1.51) (9.85) (10.39) (4.20) (4.30) 

Share of Black 

Americans 

0.13** -0.14** 0.89*** 0.74** -0.68 0.89 -3.12*** -2.31*** 

(0.06) (0.07) (0.23) (0.31) (1.61) (2.05) (0.71) (0.89) 

Share Donald Trump 0.10 -0.76*** 5.64*** 5.65*** 17.37*** 17.13*** -3.91* -0.53 

 (0.19) (0.21) (0.78) (0.93) (4.78) (5.42) (2.09) (2.52) 

State fixed effects No Yes No Yes No Yes No Yes 

N 1730 1730 2677 2677 943 943 1538 1538 

F  487.04 130.5 578.23 115.73 76.59 16.80 101.71 28.30 

 
Notes: PLREG with median household income as the continuous variable in the non-parametric sub-function. Data 

for U.S. counties. The dependent variable comes from Google’s COVID-19 Mobility Reports. Given that the data 

are changes from the baseline, a larger negative number indicates more social distancing. Robust standard errors in 

parentheses.   
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Table 5: PLREG estimates of the coefficients on the covariates using the change in mobility 

(mobility 2022-mobility 2020, normalized by baseline mobility) as the dependent variable  

 

  Residential Workplaces Transit stations Retail and recreation 

  (1) (2) (3) (4) (5) (6) (7) (8) 

Density 0.12 -0.09 0.63*** 0.33 -1.01 -1.04 -1.79*** -2.36*** 

 (0.08) (0.09) (0.22) (0.31) (1.57) (2.11) (0.50) (0.60) 

Population -0.58*** -0.31* -1.63*** -1.22** -0.89 -2.46 0.17 0.97 

 (0.16) (0.17) (0.45) (0.59) (3.05) (4.06) (1.02) (1.20) 

Days since first case 
-0.34 0.35 1.12*** 1.12*** 1.55 3.56 -0.05 1.84 

(0.79) (0.65) (0.43) (0.43) (4.93) (4.79) (4.34) (3.95) 

Share 65 and older 
2.09*** 2.63*** -0.30 0.78 7.05 -3.02 12.97*** 3.10 

(0.32) (0.31) (0.98) (1.06) (6.79) (8.08) (2.15) (2.26) 

Gini index -2.48** -1.94* -9.80*** -7.53** 5.98 9.55 4.17 15.37** 

 (1.25) (1.06) (3.28) (3.31) (23.97) (25.01) (8.01) (7.66) 

Poverty rate 0.34 -0.29 -1.12 0.25 3.27 0.87 0.26 -0.79 

 
(0.47) (0.40) (1.38) (1.42) (10.00) (10.68) (3.15) (3.03) 

Share of Black 

Americans 

-0.08 0.27*** -0.07 -0.29 -1.78 -2.35 -2.03*** -1.95*** 

(0.08) (0.08) (0.21) (0.29) (1.64) (2.13) (0.53) (0.63) 

Share Donald Trump 3.00*** 2.73*** -1.19 -1.98** -3.99 -6.84 -15.18*** -8.81*** 

 (0.25) (0.25) (0.72) (0.88) (4.83) (5.50) (1.57) (1.77) 

State fixed effects No Yes No Yes No Yes No Yes 

N 1367 1367 2674 2674 914 914 1528 1528 

F  106.78 42.06 7.35 6.79 2.02 3.08 44.98 17.22 

 
Notes: PLREG with median household income as the continuous variable in the non-parametric sub-function. Data 

for U.S. counties. The dependent variable is the change in mobility between the endline and the end of the initial 

phase, normalized by pre-pandemic levels. Robust standard errors in parentheses. 


