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Abstract: The lockdown policies enacted in the spring of 2020, in response to the growing severe acute
respiratory syndrome coronavirus 2 (SARS-CoV-2) pandemic, have remained a contentious policy
tool due to the variability of outcomes they produced for some populations. While ongoing research
has illustrated the unequal impact of Coronavirus disease (COVID-19) on minority populations,
research in this area has been unable to fully explain the mechanisms that produce these findings.
To understand why some groups have been at greater risk of contracting COVID-19, we employ
structural inequality theory to better understand how inequality may impact disease transmission in
a pandemic. We used a novel approach that enabled us to focus on the microprocesses of structural
inequality at the zip code level to study the impact of stay-at-home pandemic policies on COVID-19
positive case rates in an urban setting across three periods of policy implementation. We then
analyzed data on traffic volume, income, race, occupation, and instances of COVID-19 positive cases
for each zip code in Salt Lake County, Utah (USA) between 17 February 2020 and 12 June 2020. We
found that higher income, percent white, and white-collar zip codes had a greater response to the
local stay-at-home order and reduced vehicular traffic by nearly 50% during lockdown. The least
affluent zip codes only showed a 15% traffic decrease and had COVID-19 rates nearly 10 times higher.
At this level of granularity, income and occupation were both associated with COVID-19 outcomes
across all three stages of policy implementation, while race was only predictive of outcomes after the
lockdown period. Our findings illuminate underlying mechanisms of structural inequality that may
have facilitated unequal COVID-19 incidence rates. This study illustrates the need for more granular
analyses in policy research and adds to the literature on how structural factors such as income, race,
and occupation contribute to disease transmission in a pandemic.

Keywords: COVID-19; social distancing; environmental justice; public health policy; traffic density;
pandemic policies; income; race; minority status; occupation

1. Introduction

The lockdown policies enacted in the spring of 2020, in response to the growing
severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) pandemic, have remained

COVID 2021, 1, 186–202. https://doi.org/10.3390/covid1010016 https://www.mdpi.com/journal/covid

https://www.mdpi.com/journal/covid
https://www.mdpi.com
https://orcid.org/0000-0002-7884-7362
https://orcid.org/0000-0001-5800-8919
https://orcid.org/0000-0003-0614-9626
https://orcid.org/0000-0001-9008-7557
https://orcid.org/0000-0002-0047-384X
https://doi.org/10.3390/covid1010016
https://doi.org/10.3390/covid1010016
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.3390/covid1010016
https://www.mdpi.com/journal/covid
https://www.mdpi.com/article/10.3390/covid1010016?type=check_update&version=1


COVID 2021, 1 187

a contentious policy tool due to the variability of outcomes they produced for some popu-
lations [1–3]. Many studies have been conducted to investigate the impacts of variations
in socioeconomic, demographic, racial, and geographical factors in the incidence of Coro-
navirus disease (COVID-19). While ongoing research has illustrated the unequal impact
of COVID-19 on minority populations [4–9], efforts in this area have been unable to fully
explain the mechanisms that produced these findings. A clear outcome from a number of
studies around the world is that racial and ethnic minority populations are experiencing
a disproportionate burden of COVID-19, which is only partially explained by structural
factors [10–16]. As research in this area relies on incomplete or suboptimal data aggregated
to the county, state, and national levels, uncertainty remains as to why these patterns
persist [17,18]. This study attempts to contribute to this growing body of research.

The influence of social, economic, and racial disparities on the spatial incidence and
mortality of COVID-19 has received increasing attention [19,20] and the findings are stark.
A national study spanning 3141 US counties found an association between racial/ethnic
population, economic inequality, and COVID-19 incidence and mortality [21]. For example,
an analysis of spatial determinants of COVID-19 transmission in the United States found
that African American populations in urban areas had the highest COVID-19 case and
death rates at the county and state level [22], even after controlling for age, sex, socio-
economic status, and comorbidities [23]. Additionally, emerging research on COVID-19
suggests a link between race, socioeconomic status, and virus prevalence [24–27]. Other
significant associations between COVID-19 incidence include percentage of foreign-born
population, percentage of households with no vehicle, and percentage of people over
65 years old [28].

To understand why some groups have been at greater risk of contracting COVID-
19, we employ structural inequality theory [29]. Structural inequality is a system of
privilege created by institutions (i.e., law, government, and media) and their related norms
(e.g., business practices) and policies (e.g., healthcare, education, land use, etc.) within
society. Research on structured inequality often studies the processes and consequences
of inequality found at the intersection of racial or ethnic minority status, class, income,
gender, education, and/or occupation, among others [30,31].

According to Sørensen (1996), there are two ways structure can promote inequality:
through structural effects on the individual (making them more or less productive in
society) or through the advantages and disadvantages of one’s position within the social
structure (giving individuals an unequal starting point) [32]. When the latter occurs,
properties of the individual’s position in society helps to determine their income and
other rewards, independently of the characteristics of the individual [32]. Together, these
structures create relational patterns that effectively socialize and dictate how individuals
see the world and their place in it. Inequality is considered structural when policies
produced by the system keep some groups from getting ahead, regardless of their actions.
This type of inequality is harmful to society more generally, as it is economically inefficient,
produces conflict within society, and creates a less productive workforce overall [29].

To study the structural factors of inequality and how they impact disease transmission
in a pandemic, we use a novel approach that enables us to focus on the microprocesses
of structural inequality at the zip code level. For the greatest generalizability, this study
takes place in Salt Lake County (SLCo), Utah (USA), which is a diverse urban setting
with over 1.16 million inhabitants of varying income levels and a large immigrant popu-
lation. Most importantly, SLCo has a state-of-the-art traffic count network, which can be
used to study human behavior in a natural setting and at varying scales [33–38]. These
characteristics present a unique opportunity to better understand the structural factors
and unequal impacts of COVID-19 on low-income, minority, and occupation types on
COVID-19 transmission at the zip code level.

Despite the value of studying communities at the subcounty level, research at this
level of analysis is generally difficult to conduct as data sources of this granularity are
rarely available due to cost and feasibility. Therefore, efforts to collect, study, and improve
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available data on social-demographic factors at a fine resolution (i.e., the zip code level)
are still needed [16], but are expected to be fruitful. For instance, a recent study used
negative binomial regression models to investigate the association between zip code, racial
composition, and disparities in hospitalization and mortality for COVID-19, and found
that each 1% increase in a black population in a zip code was associated with a 3% increase
in COVID-19 cases [39]. Additionally, at the zip code level, household size, rather than
population density, was found to be the largest single driver behind variations in COVID-19
rates [40]. A zip code analysis of COVID-19 incidence rates in Illinois and New York City
also found that crowded households, high poverty, and racial differences yielded “stark
contrasts” to households that were less crowded, lower poverty and who that were less
racially diverse [41].

In addition, recent studies that attempt zip code level analysis have been foundational
for advancing structural inequality theory and extending our knowledge of COVID-19
outcomes. For instance, Harris (2020) shows that wealth and ethnicity are key factors
in COVID-19 mortality rates [42]. Likewise, Lan et al. (2020) illustrate the increased
risk of COVID-19 infection based on occupation in selected zip codes [43]. Vahidy et al.
(2020) applied a range of medical and demographic factors on COVID-19 outcomes using
hospital data, but only as it applies to Hispanic populations [44]. However, research in
this area largely assesses neighborhoods in terms of socioeconomic factors and resulting
disparities [45,46] and at times, key factors (i.e., income or occupation) are excluded and
only race is explored [47]. Since research at this level is important for confirming that the
intersectionality of several factors, not race alone, best explain COVID-19 outcomes and
why minorities are impacted more than white populations.

While the study of health disparities can be related to a range of compounding
factors [48–51], economically disadvantaged populations often face the highest levels of
health-related risk, which are confounded by structural factors such as minority status,
education, and occupation [52]. As essential workers have been especially impacted by
COVID-19 [53], we also consider the role of occupation in the transmission of disease.
We reasoned that individuals in lower income brackets are more likely to work in sectors
that are classified as essential or blue-collar and, therefore, would still be expected to
work during the study period. In contrast, individuals in higher income brackets are
more likely to work in occupations considered white-collar and, therefore, would have the
increased ability to work from home [54]. While it is widely recognized that occupation and
location jointly contribute to social stratification and inequality [55–57], occupation alone
is considered the most strongly correlated factor of social status and life opportunity [58].
As a result, we find it appropriate to further investigate how structural factors contribute
to the mechanisms of transmission risk that explain the unequal spread of COVID-19 in
urban settings.

To explore this area of research, we examine the impact of one type of social dis-
tancing policy, Utah’s “Stay Safe, Stay Home” (SSSH) directive (hereafter referred to as
“Lockdown”), on the cumulative incidence rate of COVID-19 positive cases (hereafter
“COVID-19 cases”) in SLCo. We aim to understand how structural factors may help to ex-
plain the variation in COVID-19 incidence rates in some zip codes of SLCo over others. To
understand the relationship between pandemic policies and structural factors of inequality,
we compare traffic counts, as a proxy for mobility, and COVID-19 cases by zip code over
three phases of policy implementation between 17 February and 12 June 2020. We also
overlay these findings with data on income, race, and occupation during this same period
to better understand the compounding role of demographic factors on the transmission
of COVID-19.

2. Materials and Methods

Our research explores three propositions about the relationship between lockdown
policies, structural factors of inequality, and COVID-19 positive case rates. First, we exam-
ine the impact of stay-at-home policies on traffic volume through three distinct periods of



COVID 2021, 1 189

policy implementation to determine if such patterns were equivalent across all neighbor-
hoods. Second, we explore if zip codes with higher rates of vulnerable populations (e.g.,
low-income, minority, or blue-collar workers) have equal traffic variability as populations
from less vulnerable zip codes (e.g., high income, white, or white-collar communities).
Third, we analyze whether traffic mobility is associated with COVID-19 cases and how
such patterns overlap with income, race, and occupation data, to understand what this
relationship might imply for policy and future research.

2.1. Study Timeline

Our study focused on the three phases of policy implementation for the local stay-
at-home directive, which occurred during the early stages of the COVID-19 pandemic
in 2020. We define each phase in the following way. The Pre-Lockdown period, from
17 February–15 March, includes the four weeks prior to the start of the Lockdown policy.
The Lockdown period, from 16 March–26 April, is the lockdown phase of the policy where
Utahns were asked to remain at home. The final phase or Post-Lockdown period, from
1–28 May, includes the easing period following lockdown policy. We lag the COVID-19 case
count data by 14 days (until 11 June 2020) to account for the broadly accepted incubation
stage of the virus.

2.2. Data Sources

SLCo is composed of 38 zip codes with a population greater than zero. Of the 38 zip
codes, 34 were included in this study and 4 were excluded due to lack of data or other relevant
data availability issues. More detailed information on SLCo is provided in Appendix A.
Briefly speaking, COVID-19 daily case counts for the 34 remaining zip codes were obtained
from the Salt Lake County Department of Health’s COVID-19 dashboard [59]. The study
also uses sociodemographic data drawn from the “Healthy Salt Lake” dashboard [60], and
includes variables for total count and precents by each population type, percent white
population, average household size, occupational group, and median income by zip code.
Traffic count data was accessed through two data portals. The traffic counts for Utah roads
and highways are available through Automated Traffic System Performance Measures
(ATSPM) [35], and the counts for interstate traffic are obtained from the Performance Mea-
surement System (PeMS) [36]. This data is aggregated by zip code, and daily counts were
extracted from 4 March 2020 (when COVID-19 cases were first reported in Utah) to 11 June
2020 (two weeks following the study end date to account for the viral incubation period).

2.3. Statistical Methods

Change in traffic volume and COVID-19 cumulative incidence rates was derived
using medians of each category to determine the central tendency of the group. Medians
were the preferred statistic for comparison due to the varied lengths of the Pre-Lockdown,
Lockdown, and Post-Lockdown periods, the non-normal nature of sample data collected,
and inclusion of outliers in the dataset [61]. Means are not an appropriate tool for this
research, as taking a mean requires inclusion of those outliers, which could distort the
findings and provide false insights. Accordingly, median based, non-parametric methods
were used for data analysis for robustness. A Kruskal–Wallis rank sum test was performed
to quantify the difference in traffic volume and COVID-19 positive case rate change across
the structural factors and study periods: Pre-Lockdown to Lockdown, and Lockdown to
Post-Lockdown. We then used Dunn’s test, with the Bonferroni Correction, to identify
statistically significant pairs associated with each structural factor, and to adjust p-values
from running the risk of Type-I error in case of multiple statistical tests [62]. For both tests,
the null hypothesis would result in no statistically significant differences across groups.
Data processing and analysis was performed using Matlab Version R2019b [63] and R
Version 3.6.3 software [64].
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3. Results

Based on our analysis, the three main propositions we explore present a highly
nuanced view of the impact of lockdown policies at the neighborhood level. With this
granularity, several important patterns emerge that shed light on the unequal benefit the
policy produced. Specific factors of importance include (1) the impact of data aggregation
at the county, state, or regional levels on study outcomes; (2) disjunctions between human
mobility (voluntary or otherwise); (3) structural factors of inequality (e.g., income, race,
and occupation); and (4) the spread of disease. The following section reviews each research
question in detail.

3.1. Proposition 1: Do Social Distancing Policies Keep People at Home (or Impact Mobility)
as Intended?

Our first proposition studies the impact of the lockdown policy on COVID-19 out-
comes over the three periods of policy implementation. Figure 1 shows that the traffic
volume in SLCo decreased by 30–40% with the onset of the lockdown policy and rebounded
by 20–30% as these policies were slowly relaxed in the Post-Lockdown period. When all
major categories of the built environment are compared, they produce similar outcomes
across the study periods.
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When we move from the aggregate level to the zip code level, however, a much more
disparate pattern emerges. At this level, we find that the Pre-Lockdown median volume
of residential weekday traffic ranged from 54 to 1816 vehicles per hour (vph), as shown
in Appendix A, Table A1. In stage two of the implementation period, when the county
was under the lockdown directive, the median ranged from 42 to 1191 vph. In the Post-
Lockdown period, the median traffic volume ranged from 53 to 1487 vph. As the pandemic
was ongoing, it is unsurprising that the rebound remained below the initial vph values.
However, the variability found in the second and third period of policy implementation
suggests that lockdown directives may have had limited impact in some zip codes in
relation to others.

3.2. Proposition 2: Do Stay-at-Home Orders Benefit All Populations Equally?

Table 1 shows the relationship between changes in human activity that resulted from
the lockdown policy with traffic volumes grouped by structural factor (e.g., income, race,
and occupation) and ranging in groups from lowest (Group 1) to highest (Group 3).
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Table 1. Median traffic volume and percent change through the study period by structural factor.

Metric Group Median

Traffic Counts (VPH) Traffic Change (%)

Pre-
Lockdown Lockdown Post-

Lockdown
Pre-Lockdown to

Lockdown
Lockdown to

Post-Lockdown

Income
(USD)

1 19,949 970 713 829 −29.32 17.84
2 27,570 1091 739 968 −35.86 30.00
3 37,033 794 477 698 −39.92 36.36

Percent
White

1 63.24% 830 591 704 −28.80 17.84
2 79.93% 1097 600 924 −40.36 26.35
3 89.63% 1036 633 843 −34.46 36.36

Percent
White
Collar

1 50.44% 970 757 856 −29.32 18.03
2 68.88% 1091 732 968 −38.25 31.80
3 76.78% 790 466 650 −39.92 35.91

Table 1 also shows the relationship between changes in human mobility when the
categories are grouped by the percent of white population (with lowest groups being
the least white). Table A2, found in the Appendix A, is analogous to Table 1, but uses
means instead of medians, with similar results. In the transition from the Lockdown to
Post-Lockdown period, Table 1 shows that the lowest income group has the lowest bounce
back in traffic (18%), while the highest income group has a markedly higher bounce back
in traffic with levels of more than double (36%) that of other groups. When traffic and
race are compared by zip code in the Pre-Lockdown period, the volume of traffic was
comparable across all groups with the middle group starting with slightly more traffic than
the others. When race is analyzed in the transition from Pre-Lockdown to Lockdown policy
periods, we found the reduction in traffic volumes followed a similar pattern as income;
however, the middle group showed the largest decrease. In a similar manner as the income
analysis, Group 3 (most white) had the largest increase in traffic following the shutdown,
with Group 1 showing less than half the increase.

Finally, Table 1 also shows the relationship between changes in human mobility and
categories that are grouped by percent of white-collar occupation (with highest groups
being the most white-collar). In the Pre-Lockdown stage, baseline traffic volumes are nearly
identical as when grouped by income. This seems to confirm the notion that income and
occupation are closely related. Similarly, the variation in traffic from Pre-Lockdown to
Lockdown to Post-Lockdown period shows similar patterns to the income analysis. Based
on these findings, our analysis seems to suggest that lower income, minority status groups,
and least white-collar workers have not equally benefitted from the lockdown policy either
during and/or following the lockdown period.

Table 2 illustrates the results of the Kruskal–Wallis rank sum test. Here, our null
hypothesis states that the traffic change was not statistically significant across structural
factors. Table 2 shows that one structural factor and time period combination was statisti-
cally significant at the p ≤ 0.001 level, two were statistically significantly different at the
p ≤ 0.01 level, and three were statistically significant at the p ≤ 0.05 level.

Table 2. Kruskal–Wallis rank sum test p-value results of traffic volume change through the study
period by structural factor. For statistically significant results: * = p ≤ 0.05; ** = p ≤ 0.01; *** = p ≤ 0.001.

Metric Pre-Lockdown to Lockdown
Traffic Change (%)

Lockdown to Post-Lockdown
Traffic Change (%)

Income 0.0147 * 6.23 × 10−3 **
Percent White 0.0155 * 4.45 × 10−4 ***

Percent White Collar 6.12 × 10−3 ** 0.0109 *

The pairwise comparisons of percent median traffic change among sociodemographic
groups for the different study time periods using Dunn’s test are shown in Table 3. There
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are four statistically significant results at the p ≤ 0.05 level: one each for the income
and percent white variables, and two for the percent white collar variable. Two of the
statistically significant results occurred from the Pre-Lockdown to Lockdown periods,
and two occurred from the Lockdown to Post-Lockdown periods. Additionally, there
are two statistically significant results at the p ≤ 0.01 level, which includes one for the
percent white variable in the Lockdown to Post-Lockdown period and the other for the
percent white-collar variable in the Pre-Lockdown to Lockdown period. Lastly, there is
one statistically significant result at the p ≤ 0.001 level for the percent white variable in the
Lockdown to Post-Lockdown period.

Table 3. Dunn’s test p-value results of traffic volume change through the study period by structural factor. For statistically
significant results: * = p ≤ 0.05; ** = p ≤ 0.01; ** = p ≤ 0.001.

Metric Pre-Lockdown to Lockdown Traffic Change (%) Lockdown to Post-Lockdown Traffic Change (%)

Income
Group 1 2 Group 1 2

2 0.254 - 2 0.0823 -
3 0.0115 * 0.658 3 5.72 × 10−3 ** 1.00

Percent White
Group 1 2 Group 1 2

2 0.0124 * - 2 0.239 -
3 0.249 0.818 3 2.68 × 10−4 *** 0.0735

Percent
White-Collar

Group 1 2 Group 1 2
2 0.0665 - 2 0.0328 * -
3 6.14 × 10−3 ** 1.00 3 0.0223 * 1.00

Based on this analysis, we find that when traffic and income levels are compared
by zip code in the Pre-Lockdown policy implementation stage, the volume of traffic was
comparable in all three groups, but the highest income group (Group 3) notably began
with less traffic than the others. In the transition to the lockdown period, we found the
reduction in traffic to be lowest in Group 1 (−29%) and highest in Group 3 (−40%). These
differences were found to be statistically significant and are shown in Table 3. Likewise,
in the transition from the Lockdown to Post-Lockdown period, the lowest income group
shows the lowest bounce back in traffic, while the highest income group has a markedly
higher bounce back in traffic with levels of more than double that of other groups. Thus,
the reduction in traffic from Pre-Lockdown to Lockdown to Post-Lockdown periods are
closely patterned on income with higher income groups, reducing mobility in response to
the lockdown policy and lower income groups, less so. As illustrated in Table 3, we found
statistically significant differences between Group 1 and 3, and Group 1 and 2 for white
collar populations.

3.3. Proposition 3: Do All Groups Have Similar COVID-19 Incidence Rates?

As an association has been demonstrated between income level, race, occupation,
and traffic patterns following the three policy periods of this study, we then compared
these factors with COVID-19 cases by zip code (Figure 2 and Appendix A, Figure A1). The
analyses and figures refer to cumulative positive case counts.

For this proposition, the null hypothesis is that there is no difference in the change of
positive COVID-19 case rates across structural factors. We found all three structural factors
were statistically significantly associated with the COVID-19 case count changes from the
Pre-Lockdown to Lockdown period, but not those from the Lockdown to Post-Lockdown
period (Table 4).

The pairwise comparisons of COVID-19 positive case change among structural fac-
tors for the different study time periods using Dunn’s test are shown in Table 5. There
is one statistically significant result at the p ≤ 0.05 level, three at the p ≤ 0.01 level, and
one at the p ≤ 0.001 level. One of these statistically significant results belongs to the
percent white-collar variable, and two each belong to the income and percent white vari-
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ables. As in Table 4, the statistically significant results are only present when comparing
the Pre-Lockdown to Lockdown periods. All comparisons between zip codes belong-
ing to the most vulnerable populations (Group 1) to the least challenged (Group 3) are
statistically significant.
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cent change through the study period by structural factor. For statistically significant results:
*** = p ≤ 0.001.

Metric Pre-Lockdown to Lockdown
Positive Case Change (%)

Lockdown to Post-Lockdown
Positive Case Change (%)

Income 3.61 × 10−5 *** 0.976
Percent White 6.15 × 10−4 *** 0.792

Percent White-Collar 1.72 × 10−5 *** 0.279

Table 5. Dunn’s test p-value results of COVID-19 positive case outcome percent change through the study period by
structural factor. For statistically significant results: * = p ≤ 0.05; ** = p ≤ 0.01; *** = p ≤ 0.001.

Metric Pre-Lockdown to Lockdown COVID-19 Positive
Case Outcome Change (%)

Lockdown to Post-Lockdown COVID-19 Positive
Case Outcome Change (%)

Income
Group 1 2 Group 1 2

2 0.370 - 2 1.00 -
3 2.66 × 10−5 *** 8.17 × 10−3 ** 3 1.00 1.00

Percent White
Group 1 2 Group 1 2

2 7.47 × 10−3 ** - 2 1.00 -
3 1.01 × 10−3 ** 1.00 3 1.00 1.00

Percent
White-Collar

Group 1 2 Group 1 2
2 0.123 - 2 0.377 -
3 9.14 × 10−6 *** 0.0193 * 3 0.716 1.00

As shown in Figure 2 and Appendix A, Figure A1, based on this analysis, we find
that, overwhelmingly, lower income, minority populations, and least percent white-collar
zip codes had higher COVID-19 cases. The lowest income zip code (84104) of Salt Lake
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County had the lowest percent white population (50.13%) and the highest rate of COVID-
19 positive cases (1214.64 positive cases per 100,000). In contrast, the highest income zip
code (84108: USD 43,068) had the thirteenth highest percent white population (85.77%)
and second lowest rate (138.19 positive cases per 100,000). Additionally, lower income
(Figure 2), lower percent white (Appendix A, Figure A1a), and lower percent white-collar
(Appendix A, Figure A1b) zip codes show greater growth in positive COVID-19 case rates
throughout all policy phases. The difference in COVID-19 case growth is most clearly
visible in the Pre-Lockdown to Lockdown period for all structural factors (Table 5).

It is important to note that, the clear difference in COVID-19 incidence rates between
Groups 1 and 3 notwithstanding, the incidence rate was high for all groups. Therefore, one
could reasonably conclude that though the lockdown policy helped bring down incidence
rates, it did not do as adequately as policy makers and scientists alike had hoped. However,
as COVID-19 incidence rates were higher after the Lockdown period, it is likely that the
rates could have been markedly higher had lockdown policies not been implemented.

Furthermore, when these same demographic factors are laid out geographically on
COVID-19 positive case rates by zip code, as illustrated in Figure 3, income and percent
white-collar rates of COVID-19 are almost identical. As noted by the red color, the most
socioeconomically challenged groups are basically invariant across all three factors when
grouped by zip code. In contrast, the middle and least challenged groups (green and blue)
show some variability across the same factors, while always remaining in a more affluent
category than the first group.
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These findings seem to suggest that high percent minority populations are a good
indicator of least white-collar and lower income jobs in this urban area, while the inverse is
not necessarily true. This reflects the fact that the SLCo area has a majority white population
that spans a wide range of income levels and occupations, making this case especially
interesting, as it demonstrates the compounding impact of socioeconomic status regardless
of race. As Utah has some of the largest household sizes in the United States, the overall
per capita income is much lower than presented here, which implies that our findings are
likely further understated in the less affluent categories.

Likewise, while SLCo offered free and plentiful testing from the onset of the pandemic,
due to concerns over selection bias in our sample resulting from intentionally suppressed
testing, under testing, and unequal access to testing for reasons outside of availability [65],
we tracked positivity rates by zip code over the study period. Based on these efforts, we
found that positivity rates (e.g., percent positive cases/total tests) were consistently higher
for less affluent communities, as expected. For example, over the study period, the lowest
income neighborhood (84104: USD 14,533) has a positive rate of about 21%, while the
most affluent neighborhood in our sample (84108: USD 43,068) has a positivity rate of
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only 13% [59]. This suggests that the findings presented here may be understated when
compared at the zip code level.

4. Discussion

While emerging research suggests that pandemic policies have not resulted in equal
outcomes for all populations, this research illustrates how improvements in data quality
and granularity have been fruitful for advancing understanding in this area. For instance,
we found that zip code level analysis of the impact of the lockdown policy on disease out-
comes was effective at strengthening the discussion from previous research by illustrating
the microprocesses at play in the spread of COVID-19. Similar to previous studies, we
found that some zip codes responded to the stay-at-home directive at a greater magnitude
than others, and this change persisted across all three policy periods. However, at the zip
code level, we were able to show that income and occupation, not race, were the greatest
factors of interest in this case. Thus, structural factors in tandem are more likely the cause
of variability in COVID-19 outcomes. Furthermore, we found the zip code level analysis
was critical in exposing these patterns. When aggregated, these findings seem to have
been obscured, and critical policy impacts might otherwise go unidentified, thus further
harming unfairly affected groups within society.

Considering prior works, our focus on COVID-19 outcomes by income, race, and
occupation, revealed an even starker pattern. For example, based on this analysis, we
can conclude that the lockdown policy had a greater benefit on higher income, white
population, and white-collar workers throughout the policy periods. Here, race was not a
strong determinate of outcomes. However, upon easing of the policy, higher income, low
minority status communities showed a rapid resurgence to activity, while lower income,
high minority status communities, which had not seen a decline in activity across the
policy implementation stage, showed a smaller rebound in activity. We attribute this
to the ability of affluent communities to shelter at home, avoid the harms of COVID-
19 (physically, mentally, and economically), and then return to their normal activities
following the lockdown period. This is a much more nuanced pattern than has been
previously presented in the literature.

4.1. Implications

The most important finding of this research is the clear, but complex relationship
between traffic volume, race, income, occupation, and COVID-19 outcomes at this level
of granularity. The increased variability found in the second and third period of policy
implementation suggests that lockdown directives may have had limited impacts on the
most vulnerable groups. Thus, we add to the literature on structural factors of inequality,
and specifically how these factors interact with public health, public policy, and disease
transmission. Such findings help explain the underlying mechanisms that produced
unequal COVID-19 incidence rates. It may also help inform future policy solutions, as
stay-at-home and lockdown policies will need to be redesigned to address the variability
in effectiveness and to prevent additional harm if they are to be used again going forward.

4.2. Limitations

Some limitations in the data and methodology warrant mention. This paper reports
on the impacts of COVID policies on some aspects of society. However, determining the
causes of COVID incidence rates was out of the scope of this research. The associations
found in this study suggest a number of relationships, but definitive causal relationships
are not attempted. As a result, we only present key findings of strong significance in the
observed changes at certain COVID-19 incidence rate inflection points, which are very
important in terms of structural inequality. In addition, issues with data availability and
quality may also cause limitations for this research. COVID-19 cases may be under-reported
or geographically biased due to differing testing rates. Additionally, a disproportionate
number of deaths from CoV-SARS-2 occurred in long-term care facilities and other clustered
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communities, which may be more consequential in future studies. However, as income,
race, and occupation share some similar patterns, and sometimes mirror the incidence of
disease, it seems less likely that these variables impact internal validity in a similar manner
to produce these outcomes. This may also reflect the very real issue of structural inequality,
a concept that has been difficult to trace with such detail in the past.

4.3. Implications for Future Research

This research has at least three important implications. First, this research has implica-
tions for vulnerable and communal populations (e.g., populations experiencing homeless-
ness, refugees, multi-generational families, etc.) that are especially susceptible to harm as
they are more likely to interact with individuals in the lower income groups, work in high
exposure occupations, must report to work or risk losing their jobs, or who live with others
who share social support circles with other high-risk populations. They are also more likely
to lack appropriate information, health care, or have an existing health deficit due to other
compounding factors (e.g., language, culture, or socioeconomic barriers). As work-related
spread continues throughout the pandemic, understanding impacts to workers may be
especially important.

Second, these findings have important policy implications. Based on our analysis,
shelter-in-place and stay-at-home policies were not equally effective for all populations.
Additional policies should be considered and used in tandem with such directives to
offset the regressive nature of such policies. Inclusion of confounding factors into social
distancing policies could also improve the overall policy performance, improve public
health outcomes, ensure the long-term sustainability of such policies, reduce pandemic
related risks for all citizens, and better protect all people equally in society.

Finally, this research has important implications for air quality research and regulation.
If air quality is compounding health risks for essential workers, it is now more critical than
ever to press for clean air regulation. While pollution levels generally decreased during
lockdowns, air quality can vary within a city, with increases in particulate matter found in
residential areas and decreases in commercial areas [66]. Despite this, efforts at the federal
level have been relaxed or rolled back during the pandemic, and this may be exponentially
harmful to all Americans due to the possible relationship between COVID-19 impacts and
air pollution exposure.

5. Conclusions

While government policies to prevent the spread of COVID-19 have remained a
much-debated policy tool, variability in human behavior in reaction to these policies
likely influenced the reasons some areas of SLCo experienced higher rates of COVID-19
than others. To understand this relationship, we compared traffic counts, income, race,
occupation, and COVID-19 cases by zip code during three key inflection points representing
various stages of policy implementation during the early stages of the pandemic. We
examined the impact of these policies on traffic density and found substantial decreases
during the lockdown period followed by an equally notable rebound once the lockdown
ended. These changes were directly related to income groups with wealthier (or higher
percentage white population or white-collar workers) zip codes, showing a greater decrease
in traffic during the lockdown than less wealthy (or lower percentage white population or
white-collar worker) zip codes. Such findings help clarify how social demographics and
behavioral factors may play an important role in explaining the prevalence of COVID-19 in
some communities and subgroups over others.

Although the impact of the pandemic is still unraveling worldwide, lockdown and
stay-at-home directives may be used again due to the ongoing emergence of variants of
concern and the threat of future pandemics. Thus, these preliminary findings may help to
inform future research and policy design in this area. Government efforts to prevent the
spread of COVID-19 led to variability in human mobility as a result of this policy. This,
in turn, may have influenced the emerging disease patterns that led some areas of SLCo
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to experience higher rates of COVID-19 than others. As vaccination efforts continue, an
important consideration is whether they are distributed equitably or even focused on the
populations that are most vulnerable and affected. Furthermore, as some employment
sectors shift to remote work and work from home formats permanently, these populations
face different risk levels for disease exposure. Such changes to the work force may further
impact the outcomes produced by lockdown policies in the future.

By exploring these compounding factors at the zip code level, we have illustrated how
variation in human mobility resulting from pandemic policies affected epidemiological
transmission patterns that impacted some communities more than others. Such findings
help clarify how structural factors may play an important role in explaining the incidence
of COVID-19 case rates in some communities. Addressing confounding factors in pan-
demic policies could improve their efficacy and reduce transmission risks for vulnerable
populations, while improving public health outcome equity in society.
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Appendix A.

Appendix A.1. Zip Code Data

SLCo is composed of 38 zip codes with population greater than zero. Of the 38 zip
codes, 34 were utilized for this study and 4 were excluded for reasons described below.
The four zip codes that were removed from the data were lacking relevant data availability
for the following reasons. The sparsely populated zip code 84006 (Pop: 1041) did not
have a confirmed COVID-19 case throughout the study period and was removed from the
study [59]. Zip code 84009 was created in 2015 and there is no current sociodemographic
data, therefore it was also excluded from the study. Two zip codes (84112 and 84113)
belong to the University of Utah and reflect the student population in dormitories. As the
University moved to a completely online format in March 2020, and students were not in
the dorms, these zip codes were not reflective of the population in the study area and were
also removed from the study.

Appendix A.2. Sociodemographic Data

Sociodemographic information for study zip codes was retrieved from the SLCo’s
“Healthy Salt Lake” program dataset for 2020 [60]. The study variables used are popula-
tion, percent white population, average household size, median household income, and
employed civilian 16+ by occupation group. Per capita income was derived by dividing
median household income by average household size. As shown in Appendix A, Table A1,
the per capita income by zip code in SLCo varies from USD 14,534 to USD 43,068, percent
white population ranges from 50.13% to 92.55%, and percent white-collar workers ranges
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from 43.19% to 84.89%. To minimize noise in our analysis, the 34 Salt Lake County zip
codes were grouped into 3 zip code groups, with the two extreme groups being composed
of 11 zip codes and the middle group containing 12 zip codes.

Appendix A.3. Traffic Count Data

Traffic count data were accessed through two data portals. The traffic counts for
Utah roads and highways are available through Automated Traffic System Performance
Measures (ATSPM) [35], and the counts for interstate traffic were obtained from the Per-
formance Measurement System (PeMS) [36]. We classified roads in SLCo into two groups:
residential (reflecting local traffic) and non-residential [67]. In some residential areas with
no available street data, a small state highway was used to represent residential traffic. The
non-residential category includes state and federal highways.

We compiled data for residential and non-residential traffic volume counts for each
zip code from 17 February to 28 May 2020. This time range accounts for the variation
in human mobility due to the three stages of the lockdown policy implementation (e.g.,
Pre-Lockdown, Post-Lockdown, etc. . . . ). For each traffic sensor location, we recorded
the count of cars traveling past the sensor per hour. For each zip code, we identified a
residential and a non-residential traffic sensor closest to the centroid to retrieve traffic
volume. We used traffic counting sites selected for their proximity to a point of interest
(n = 12) including hospitals, warehouse stores, downtown Salt Lake City, and the airport.

Appendix A.4. COVID-19 Confirmed Cases Data

The SLCo Health Department’s data dashboard provides a count of confirmed cases
of COVID-19 [59]. These data are aggregated by zip code, and daily counts were extracted
from 4 March 2020 (when the first reported COVID-19 case was reported in Utah) to 11 June
2020 (two weeks following the study end date to account for the viral incubation period).

Table A1. Median hourly traffic counts and per capita income by zip codes.

ZIP Code Income
Group

Per Capita
Income (Low to

High) (USD)

Percent
White
Group

Percent
White

Population

White-
Collar
Group

Percent
White-
Collar

Pre-Lockdown
Vehicles per
Hour (VPH)

Lockdown
Vehicle per
Hour (VPH)

Post-Lockdown
Vehicles per
Hour (VPH)

84104 1 14,534 1 50.13 1 43.19 1200 1020 1177
84116 1 16,302 1 50.65 1 44.21 1462 1012 1225
84119 1 18,911 1 58.27 1 46.19 361 241 284
84115 1 19,797 1 63.24 1 56.96 698 492 609
84120 1 19,807 1 57.93 1 47.85 1159 865 1021
84118 1 19,949 1 64.09 1 51.85 453 357 409
84044 1 20,443 1 74.48 1 50.44 970 757 856
84128 1 20,502 1 59.98 1 50.07 74 51 71
84111 1 23,069 1 75.00 2 68.99 669 342 380
84123 1 23,296 1 74.76 2 60.59 976 713 829
84088 1 23,611 2 78.79 1 59.91 1678 1186 1487
84129 2 23,834 1 74.48 1 56.46 830 591 704
84084 2 24,260 2 77.02 1 59.4 1816 1191 1235
84081 2 24,554 2 77.91 2 62.7 1413 994 1288
84107 2 25,396 2 79.40 2 63.11 1508 917 1196
84102 2 26,141 2 80.45 3 73.42 313 183 226
84047 2 26,417 2 75.83 2 65.36 54 42 53
84096 2 28,722 3 90.66 2 73.25 1125 851 1149
84070 2 28,849 2 82.41 2 66.24 1378 864 1093
84065 2 29,558 3 92.55 2 70.72 1143 845 1270
84094 2 30,528 3 87.73 2 72.48 1056 633 843
84101 2 30,600 2 77.67 2 68.77 870 419 564
84106 2 31,440 2 83.93 2 72.61 890 450 754
84095 3 33,995 3 89.28 3 77.48 790 466 650
84124 3 35,433 3 89.19 3 77.15 1036 679 971
84109 3 36,024 3 89.74 3 76.78 1036 679 971
84103 3 36,325 2 85.41 3 76.45 580 335 403
84020 3 36,443 3 88.78 3 79.33 876 619 832
84093 3 37,033 3 90.73 3 76.52 1386 885 1154
84121 3 37,328 3 89.63 3 74.85 478 275 375
84117 3 38,282 2 87.65 2 72.71 1304 750 1121
84092 3 39,177 3 90.84 3 77.12 425 298 405
84105 3 39,472 3 88.76 3 76.65 794 477 698
84108 3 43,068 2 85.77 3 84.89 380 127 136
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Table A2. Mean traffic volume and percent change through the study period by structural factor.

Metric Group Mean

Traffic Counts (VPH) Traffic Change (%)

Pre-
Lockdown Lockdown Post-

Lockdown
Pre-Lockdown
to Lockdown

Lockdown to
Post-Lockdown

Income
(USD)

1 20,020 882 640 759 −28.48 19.61
2 27,525 1033 665 865 −35.41 31.64
3 37,507 826 508 701 −39.91 35.07

Percent
White

1 63.91% 805 586 688 −28.43 19.04
2 81.02% 1015 622 796 −40.52 28.69
3 89.81% 922 610 847 −34.38 38.85

Percent
White
Collar

1 51.50% 973 706 825 −27.33 19.20
2 68.13% 1032 652 878 −36.54 34.18
3 77.33% 736 457 620 −39.82 32.71
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