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Objectives: The aim of this study was to assess how different social determinants of health (SDoH) may be related to variability in
coronavirus disease 2019 (COVID-19) rates in cities and towns in Massachusetts (MA).

Methods: Data about the total number of cases, tests, and rates of COVID-19 as of June 10, 2020 were obtained for cities and towns in
MA. The data on COVID-19 were matched with data on various SDoH variables at the city and town level from the American Commu-
nity Survey. These variables included information about income, poverty, employment, renting, and insurance coverage. We com-
pared COVID-19 rates according to these SDoH variables.

Results: There were clear gradients in the rates of COVID-19 according to SDoH variables. Communities with more poverty, lower in-
come, lower insurance coverage, more unemployment, and a higher percentage of the workforce employed in essential services, in-
cluding healthcare, had higher rates of COVID-19. Most of these differences were not accounted for by different rates of testing in
these cities and towns.

Conclusions: SDoH variables may explain some of the variability in the risk of COVID-19 across cities and towns in MA. Data about
SDoH should be part of the standard surveillance for COVID-19. Efforts should be made to address social factors that may be putting
communities at an elevated risk.
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est rate as of April 7, 2020) is more than 20 times higher than
that of West Virginia (the state with the lowest rate) [1]. Find-

INTRODUCTION

It is clear that not everyone is equally impacted by the coro-
navirus disease 2019 (COVID-19) pandemic. In the United
States, there are wide differences in the rates of confirmed
cases. The rate of disease in New York (the state with the high-
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ings have also emerged that racial and ethnic minorities may
be at a particularly elevated risk for contracting COVID-19, be-
ing hospitalized, and dying from the disease [2,3]. Healthcare
workers and other essential workers [4], a group that is dispro-
portionally composed of people of color [5], are also likely to
bear a disproportionate share of the burden of COVID-19.
There have also been reports of homeless people being par-
ticularly vulnerable to contracting COVID-19 [6,7].

The role that other social factors may play in explaining
these differences deserves further attention. Unfortunately,
limited data are available about COVID-19 cases and social fac-
tors. This lack of data about social determinants of health
(SDoH) in United States data is a longstanding issue [8]. One
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method to deal with this problem is to use area-based mea-
sures of socioeconomic status [9]. Such measures can be ap-
plied to different geographic areas (cities/towns, zip codes,
census tracts, etc.) to examine whether geographic variation
in health outcomes may also be associated with geographic
variation in SDoH.

Previous research has demonstrated that some of the geo-
graphic variability in COVID-19 may be related to socioeconom-
ic factors. For example, a study conducted in New York City found
that the most socioeconomically disadvantaged boroughs with
respect to poverty and education had the highest rates of CO-
VID-19 hospitalizations and deaths [10]. Additional research
has found that county-level variation in COVID-19 cases across
the United States and changes in all-cause mortality rates in
Massachusetts (MA) zip codes were associated with poverty
and household crowding [11,12].

In April 2020, MA began publishing data about confirmed
cases of COVID-19 and the number of people tested for COV-
ID-19 in cities and towns in MA [13]. This study sought to de-
termine whether variations in the rates and trends in cases of
COVID-19 and the percentage of positive tests for COVID-19
were associated with a variety of social factors including pov-
erty, median income, employment in the health care and trans-
portation industries and healthcare support and service occu-
pations, rented accommaodations, unemployment, and lack of
insurance.

METHODS

The cases of COVID-19 used in this study were based on the
cumulative number of laboratory-confirmed cases of COV-
ID-19 occurring in MA between January 1, 2020 and June 10,
2020. Cases were excluded from this analysis if they occurred

Variables -

First
Residents below the poverty line (%) 0.0-4.7
Median income (US$) 0-58 465
Employment in healthcare and social assistance industry (%) 0.00-13.09
Employment in transportation industry (%) 0.00-1.53
Employment in service occupations (%) 0.0-13.6
Employment in healthcare support occupations (%) 0.00-1.47
Residents who rented (%) 0.0-23.1
Residents who were uninsured (%) 00-12

Unemployment (%) 0.0-36

Social Determinants of COVID-19

in residents of towns with between 1 case and 4 cases (due to
cell size suppression rules), had unknown data about the city
and town where they occurred, or if we were unable to match
the city/town to data about socioeconomic factors. MA pro-
vides estimates of the rates per 100 000 people in its cities and
towns based on population estimates from the University of
UMass Donahue Institute [13].

Data about socioeconomic factors were derived from 5-year
estimates (2014-2018) from the American Community Survey
(ACS) in MA. The ACS is an annual survey that is conducted in
order to generate representative demographic information
about the United States population. Data were downloaded
from https://data.census.gov/. The specific measures used in
this analysis included median income; the percentage of resi-
dents who were uninsured, below the poverty line, unem-
ployed, and renters; and percentage of workers employed in
the transportation and healthcare and social assistance indus-
tries and in service and healthcare support occupations. For
each of these measures, cities and towns were categorized
into one of four categories according to the quartile of their
percentage for the distribution of a given variable. For each of
these quartiles, we calculated the number and percentage of
all cases, the number of cases per 100 000 residents, and the
percentage of those who were tested that tested positive. Ta-
ble 1 shows the quartile cut-offs that were used for each vari-
able. We also performed Poisson regression with a log-link us-
ing SAS version 9.3 (SAS Institute Inc., Cary, NC, USA) to calcu-
late rate ratios comparing the rates and the percentages of
positive tests in the quartiles. For rates of COVID-19, we con-
structed 3 models. In the first model, we only controlled for
social variables. Because the number of confirmed cases of
COVID-19in a city or town will be associated with the percent-
age of the population in that city or town that was tested, we

Quartile
Second Third Fourth
48-74 75-124 =125
58 466- 75 734 75735-95693 =95 694
13.10-15.99 16.00-18.56 >18.57
1.54-2.86 2.87-4.26 =477
13.7-17.2 17.3-21.4 =215
1.48-2.80 2.81-4.78 =479
23.2-32.8 329-459 =46.0
13-2.3 2.4-36 =37
3.7-5.1 52-6.4 =6.5


https://data.census.gov/
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controlled for the proportion of residents of each city or town
who were tested. In the final model, because of evidence that
the rate of COVID-19 varies according to age [14], we con-
trolled for the median age of the city or town. For the models
examining differences in the percentage of positive cases, we
constructed 2 models: the first examining only social variables,
and the second controlling for median age.

We also computed a composite risk score combining each
of the social variables. We summed the quartiles that each town
fell into for each variable. For median income, we provided the
quartiles in inverse order, because the lowest quartile was hy-
pothesized to represent higher risk. We then divided the risk
score into quartiles. We computed the cumulative number of
cases per 100 000 residents on May 27, June 3, and June 10,
2020 for each of these quartiles.

Because many of these variables are likely correlated with
each other, which might make it difficult to determine the ef-
fect of any particular variable on COVID-19 rates, we also con-
ducted Spearman rank correlation analysis between all of the
variables to assess the strength of any correlations.

Ethics Statement

This study used de-identified publicly available data, and
the study was therefore considered exempt from review by
the MCPHS University Institutional Review Board.

RESULTS

As of June 10, 2020, there were a total of 100 158 cumulative
cases of COVID-19 in MA, of which 275 cases were excluded
from this analysis because they did not have city or town in-
formation. An additional 12 627 cases were excluded because
they occurred in cities or towns with between 1 case and 4 cas-
es (n=67) or in cities or towns that did not have information
about social variables available from the ACS (n=12 560). Eigh-
teen towns were excluded because they had between 1 case
and 4 cases of COVID-19. Most of these were small towns in
western MA. The communities with missing ACS data varied
considerably in size, ranging from Billerica with a population
of 42 664 to Gosnold with a population of 62. These exclusions
resulted in a final sample of 87 256 cases of COVID-19 diagnosed in
MA through June 10, 2020, representing 87.1% of the total cas-
es diagnosed in MA. The number of cases per 100 000 people
for the cities and towns included in the analysis (1584.8) was
higher than that for the state overall (1437.7).

Journal of
Preventive Medicine
Public Health

As shown in Table 2, for the 9 variables analyzed, there was
evidence of an association with cases of COVID-19. In particu-
lar, cities and towns with a higher percentage of residents liv-
ing in poverty and lower median incomes tended to have ele-
vated rates of COVID-19. With respect to employment, cities
and towns with more workers employed in the healthcare and
social assistance and transportation industries and in service
and healthcare support occupations also tended to have high-
er rates of COVID 19. Furthermore, communities with a higher
proportion of their population renting and uninsured had ele-
vated COVID-19 rates. These seemed to be a positive relation-
ship between the unemployment rate and rates of COVID-19;
however, the fourth quartile only had a slightly higher rate
than the third quartile.

In general, more tests were performed per 100 000 residents
in cities and towns with higher rates of COVID-19. When con-
trolling for the proportion of residents who were tested, the
rate ratios were generally attenuated. However, the above-de-
scribed general patterns in terms of differences in rates were
generally consistent, although the differences between quar-
tiles were not as drastic. For example, while the second quar-
tiles through fourth quartiles for employment in the health-
care and social assistance industry and service and healthcare
support occupations had significantly higher ratios than the
first quartile, they were not substantially different from each
other. Controlling for the median age in communities did not
have a substantial impact on the rate ratios (Table 2).

As is shown in Table 3, cities and towns with higher levels of
poverty, renting, and lack of insurance, lower median incomes,
and higher employment in the transportation industry and
service and healthcare support occupations tended to have a
higher percentage of positive tests. With the exception of the
findings for the percentage of residents who rented, these dif-
ferences were not substantially impacted when controlling for
the median age of cities and towns.

As is shown in Figure 1, across the 3 time periods, the high-
est rate of COVID-19 was found among the highest risk score
quartile and the lowest rate was found among the lowest risk
score quartile. Additionally, the percent change was highest in
the highest risk score quartile.

As is shown in Supplemental Material 1, of the 36 combina-
tions of variables, there was evidence for a moderate to strong
correlation in 11 of these relationships In particular, the per-
centage of residents living in poverty was moderately to
strongly associated with median income, employment in ser-
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Social variable n (%)

Percentage of residents in poverty

First quartile 6985 (8.0)
Second quartile 8819(10.1)
Third quartile 16 338 (18.7)
Fourth quartile 55114 (63.2)
Median income
Fourth quartile 8024 (9.2)
Third quartile 15709 (18.0)
Second quartile 28530(32.7)
First quartile 34993 (40.1)

Cases per 100 000
residents (95% Cl)

898.5(877.5, 919.6)
1104.6 (1081.6, 1127.6)
1311.9(1291.8, 1332.0)
2052.9 (2035.8, 2070.1)

882.9 (863.6, 902.2)
1312.6 (1292.1,1333.1)
1563.0 (1544.8, 1581.1)
2222.0(2198.7, 2245.3)

Employment in healthcare and social assistance industry

First quartile 5496 (10.5)
Second quartile 11169 (21.4)
Third quartile 12126 (23.3)
Fourth quartile 23311 (44.7)

Employment in transportation industry

First quartile 7939 (9.1)

Second quartile 12 269 (14.1)
Third quartile 42 371 (48.6)
Fourth quartile 24677 (28.3)

Employment in service occupations

First quartile 9688 (11.1)
Second quartile 11322 (13.0)
Third quartile 27609 (31.6)
Fourth quartile 38637 (44.3)

733.2(713.8, 752.6)

876.9 (860.6, 893.2)

931.5(915.0, 948.1)
1089.9(1075.9, 1103.9)

817.7(799.7, 835.6)
1123.4(1103.5, 1143.3)
1743.0 (1726.4, 1759.6)
2438.8 (2408.4, 2469.3)

877.0(859.5, 894.5)
1307.7 (1283.6, 1331.8)
1531.8(1513.7, 1549.8)
2229.6 (22074, 2251.9)

Employment in healthcare support occupations

First quartile 6563 (7.5)

Second quartile 14751 (16.9)
Third quartile 32926 (37.7)
Fourth quartile 33016 (37.8)

Percentage of residents who rented

First quartile 6533 (7.5)

Second quartile 9603 (11.0)
Third quartile 18569 (21.3)
Fourth quartile 52 551 (60.2)

785.3(766.3, 804.3)
1213.1(1193.6, 1232.7)
1720.4(1701.8, 1738.9)
2143.7 (2120.5, 2166.8)

928.5(906.0, 951.0)
1152.2(1129.2, 1175.3)
1489.9 (1468.4, 1511.3)
1930.3(1913.8, 1946.8)

Percentage of residents who were uninsured

First quartile 5402 (6.2)
Second quartile 13129 (15.0)
Third quartile 22907 (26.3)
Fourth quartile 45 818 (52.5)
Unemployment rate
First quartile 7848 (9.0)
Second quartile 14 471 (16.6)
Third quartile 22 661 (26.0)
Fourth quartile 42 276 (48.5)
Total 87 256 (100)

902.3(878.3, 926.4)
1056.1(1038.0, 1074.1)
1597.3 (1576.6, 1618.0)
2054.8 (2036.0, 2073.6)

952.8(931.7, 973.9)
1200.0(1180.4, 1219.5)
1844.1(1820.1, 1868.1)
1881.1(1863.2, 1899.1)
1584.8 (1574.3, 1595.3)

Tests per 100 000
residents (95% CI)

7518.4 (7457 .4, 7579.3)

8138.0 (8075.5, 8200.6)

8720.6 (8668.8, 8772.5)
10990.1 (10 950.5, 11 029.8)

7164.5(7109, 7219.6)

9246.3(9191.8, 9300.7)

9310.7 (9266.5, 9355.0)
11515.2 (11 462.2, 11 568.1)

8389.1(8323.9, 8454.3)

9319.5(9267.8, 9371.3)

9679.7 (9636.4, 9723.0)
10289.3(10236.7, 10 341.9)

8093.1(8036.5, 8149.7)
8127.4(8073.9, 8180.8)
10 107.4 (10 067.5, 10 147.4)
11269.6 (11 204.2, 11 335.0)

8051.2 (7998.3, 8104.1)

8605.5 (8543.7, 8667.3)

9151.8(9107.6, 9195.9)
11464.6 (11 414.2,11 515.0)

7591.1 (7532.0, 7650.2)

8494.4 (8442.6, 8546.2)

9635.6 (9591.6, 9679.5)
11433.3(11 368.9, 11 475.7)

7496.9 (7432.9, 7560.9)

8440.3 (8378.0, 8502.7)

92276 (9174.3, 9280.9)
10614.4(10575.7, 10 653.1)

7135.3 (7067.6, 7202.9)

8652.1(8600.4, 8703.9)

9763.5(9712.4, 9814.6)
10618.4 (19 575.6, 10 661.2)

7887.2 (7826.5, 7947.8)
8779.6 (8746.6, 8852.5)
10 012.4 (9956.5, 10,068.3)
10 365.7 (10 323.6, 10 407.8)
9573.0(9547.2, 9589.9)

Model 1!

1.00 (reference)
1.23(1.19,1.27)
1.46(1.42, 1.50)
2.281(2.23,2.34)

1.00 (reference)
1.49(1.45, 1.53)
1.77(1.73, 1.82)
252 (2.46, 2.58)

1.00 (reference)
1.20(1.16, 1.24)
1.27(1.23,1.31)
1.49(1.44,1.53)

1.00 (reference)
1.37(1.34,1.41)
2.13(2.08, 2.18)
2.98(2.91, 3.06)

1.00 (reference)
1.49(1.45, 1.53)
1.75(1.71,1.79)
2.54(2.49, 2.60)

1.00 (reference)
1.54(1.50, 1.59)
2.19(2.13, 2.25)
2.73(2.66, 2.80)

1.00 (reference)
1.24(1.20, 1.28)
1.60 (1.56, 1.65)
2.08(2.03,1.13)

1.00 (reference)
1.17(1.13,1.21)
1.77(1.72,1.82)
2.28(2.21,2.34)

1.00 (reference)
1.26(1.23,1.29)
1.94(1.89, 1.99)
1.97(1.93,2.02)

Rate ratio (95% Cl)

Model 2

1.00 (reference)
1.14(1.10,1.17)
1.24(1.21,1.28)
1.49(1.45, 1.53)
1.00 (reference)
1.17(1.14,1.21)
1.33(1.29, 1.36)
1.47 (1.44,1.51)

1.00 (reference)
1.38(1.34, 1.41)
1.43(1.40, 1.47)
1.47 (1.43, 1.50)
1.00 (reference)
1.54(1.50, 1.59)
1.90(1.86, 1.95)
2.14(2.09, 2.20)

1.00 (reference)
1.44(1.40, 1.48)
1.60(1.56, 1.63)
1.66(1.62, 1.70)
1.00 (reference)
1.41(1.37,1.45)
1.70(1.68, 1.75)
1.70(1.65, 1.75)

1.00 (reference)
1.11(1.07, 1.14)
1.27(1.24,1.31)
1.38(1.34,1.41)

1.00 (reference)
0.96 (0.93, 0.99)
1.28(1.24,1.32)
1.47(1.42,1.51)

.00 (reference)
.06 (1.03, 1.09)
40 (1.36, 1.43)

1
1
1
1.44(1.41,1.48)

Model 1: social variables only; Model 2: social variables and proportion tested; Model 3: social variables and median age of city or town.

Cl, confidence interval.

Social Determinants of COVID-19

Model 3

1.00 (reference)
1.26(1.22, 1.30)
1.39(1.35, 1.43)
1.96(1.91, 2.02)

1.00 (reference)
1.41(1.37, 1.45)
1.57 (153, 1.61)
2.19(2.14, 2.25)

1.00 (reference)
1.52(1.48, 1.56)
1.51(1.48, 1.55)
1.71(1.67,1.75)

1.00 (reference)
1.43(1.39, 1.47)
1.91(1.86, 1.96)
2.99(2.91, 3.06)

1.00 (reference)
1.59(1.55, 1.64)
1.63(1.60, 1.67)
2.36(2.31,2.42)

1.00 (reference)
1.64(1.59, 1.69)
2.03(1.98, 2.09)
2.55(2.48, 2.62)

1.00 (reference)
1.20(1.16, 1.24)
1.44(1.40, 1.48)
1.56 (1.52, 1.61)

1.00 (reference)
1.09(1.05, 1.12)
1.55(1.50, 1.60)
1.87(1.82,1.93)

1.00 (reference)
1.15(1.12,1.18)
1.74(1.70, 1.79)
1.54(1.50, 1.58)
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Table 3. Percent positive rates and rate ratios of coronavirus
disease 2019 (COVID-19) in Massachusetts according to social

variables, June 10, 2020

Social variables

Positive rate,
% (95% CI)

Rate ratio (95% Cl)

Model 1

Model 2

Percentage of residents in poverty

First quartile
Second quartile
Third quartile
Fourth quartile
Median income
Fourth quartile
Third quartile
Second quartile
First quartile

12.0(11.7,12.2)
13.6(13.3,13.9)
15.0(14.8, 15.3)
18.7(18.5, 18.8)

12.3(12.1,12.6)
14.2(14.0,14.4)
16.8(16.6, 17.0)
19.3(19.1,19.5)

1.00 (reference)
1.14(1.10,1.17)
1.26(1.22,1.29)
1.56 (1.52, 1.60)

1.00 (reference)
1.15(1.12, 1.18)
1.36 (1.33, 1.40)
1.57 (1.53, 1.60)

Employment in healthcare and social assistance industry

First quartile
Second quartile
Third quartile
Fourth quartile

Employment in transportation industry

First quartile
Second quartile
Third quartile
Fourth quartile

13.1(12.8,13.2)
15.8(15.6, 16.1)
17.3(17.1,17.5)
17.7(17.5,18.0)

10.1(9.9,10.3)
13.8(13.6, 14.1)
17.2(17.1,17.4)

21.6(21.4,21.9)

Employment in service occupations

First quartile
Second quartile
Third quartile
Fourth quartile

10.9(10.7,11.1)
15.2(14.9, 15.5)
16.7(16.5, 16.9)
19.4(19.3, 19.6)

1.00 (reference)
1.21(1.18,2.14)
1.32(1.29, 1.35)
1.36(1.32, 1.39)

1.00 (reference)
1.37(1.33,1.41)
1.71(1.67, 1.75)
2.14(2.09, 2.20)

1.00 (reference)
1.40(1.36, 1.43)
1.54(1.50, 1.57)
1.79(1.75, 1.83)

Employment in healthcare support occupations

First quartile
Second quartile
Third quartile
Fourth quartile

10.3(10.1, 10.6)
14.3(14.1,14.5)
17.9(17.7,18.0)
18.8(18.6, 19.0)

Percentage of residents who rented

First quartile
Second quartile
Third quartile
Fourth quartile

12.4(12.1,12.7)
13.7(13.4,13.9)
16.1(15.9, 16.4)
18.2(18.0, 18.3)

1.00 (reference)
1.38(1.34, 1.42)
1.73(1.68, 1.77)
1.81(1.77, 1.86)

1.00 (reference)
1.10(1.07,1.14)
1.30(1.27,1.34)
1.47(1.43,1.51)

Percentage of residents who were uninsured

First quartile
Second quartile
Third quartile
Fourth quartile

Unemployment rate

First quartile

Second quartile

Third quartile

Fourth quartile
Total

12.6(12.3, 13.0)
12.2(12.0,12.4)
16.4(16.2, 16.6)
19.4(19.2,19.5)

12.1(11.8,12.3)
13.6(13.4,13.9)
18.4(18.2,18.7)
18.1(18.0, 18.3)
16.6 (16.4, 16.7)

1.00 (reference)
0.97(0.94, 1.00)
1.29(1.26, 1.33)
1.53(1.49, 1.57)

1.00 (reference)
1.13(1.10, 1.16)
1.52(1.49, 1.56)
1.50(1.47, 1.54)

1.00 (reference)
1.16(1.12, 1.20)
1.19(1.16, 1.22)
1.33(1.29, 1.36)

1.00 (reference)
1.09(1.06, 1.12)
1.23(1.20, 1.26)
1.40(1.36, 1.43)

1.00 (reference)
1.29(1.26, 1.33)
1.31(1.27,1.34)
1.36(1.33, 1.39)

1.00 (reference)
1.41(1.37, 1.45)
1.59(1.55, 1.63)
2.09(2.04,2.14)

1.00 (reference)
1.48(1.44,1.52)
1.47 (1.43,1.50)
1.79(1.66, 1.74)

1.00 (reference)
1.44(1.40, 1.49)
1.65(1.61, 1.69)
1.73(1.68, 1.77)

1.00 (reference)
1.06 (1.02, 1.09)
1.16(1.13, 1.20)
1.14(1.10, 1.17)

1.00 (reference)
0.91(0.88, 0.94)
1.17(1.13, 1.20)
1.32(1.28, 1.36)

1.00 (reference)
1.04(1.01,1.07)
1.38(1.35, 1.42)
1.25(1.22,1.28)

Model 1: social variables only; Model 2: social variables and median age of

city or town.

Cl, confidence interval.

224

2500 -
m May 27
® June 3
 June 10

2000
1500
1000

500

Cases per 100 000 residents

Third

Social risk score (quartile)

Fourth

First Second

Figure 1. Cases of coronavirus disease 2019 (COVID-19) per
100 000 residents according to social risk score in Massachu-
setts, May 27, 2020 through June 10, 2020.

vice occupations, the percentage of residents who rented, and
the percentage of residents who were uninsured. In addition
to the percentage of residents living in poverty, employment
in service occupations was also moderately to strongly corre-
lated with employment in healthcare support occupations
and the percentage of residents who rented or were unin-
sured.

DISCUSSION

The findings from this study highlight that the burden of
COVID-19 in MA is falling most heavily on communities with a
number of social vulnerabilities. These findings are suggestive
of factors that may be contributing to geographic differences
in COVID-19. Additionally, these findings suggest why some
communities may be more vulnerable both to the health and
financial impacts of the disease.

Previous research has demonstrated that rates of infectious
diseases tend to be associated with statewide poverty rates
[15-171. Such an association is concerning because poorer com-
munities are often less equipped to deal with the health and
financial consequences of COVID-19.

The findings with respect to employment in high-risk indus-
tries and occupations are not surprising. A number of previous
studies have demonstrated that healthcare workers are at an
elevated risk for COVID-19 [18-20]. When many workers are
practicing social distancing, it would be expected that essen-
tial industries that remain open would be a large driver of cas-
es of COVID-19. Some studies have found differential risks for
COVID-19 according to occupations outside of healthcare
[21,22]. These findings suggest that working in high-risk and
essential industries and occupations may be an important
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community-level determinant of the burden of COVID-19.

The fact that the burden of COVID-19 is higher in communi-
ties with higher rates of unemployment and lack of insurance
suggests that COVID-19 may further exacerbate financial chal-
lenges in these communities. Millions have already filed for
unemployment in the wake of the COVID-19 pandemic [23].
As the recession worsens, the health consequences of higher
baseline rates of lack of insurance and unemployment may
also make these communities vulnerable to the other health
consequences of poverty and inequality [24,25].

There are limitations to these findings. This analysis was only
done at the city and town level. Inferences cannot be made
about individual-level factors solely from these ecological as-
sociations. Furthermore, the number of cases in a city or town
is influenced by the accessibility and availability of testing for
the disease. Rates may be lower in some communities not be-
cause there is a lower risk of COVID-19 in those communities,
but because testing is less accessible. If such accessibility if dif-
ferential with respect to any of the variables examined, these
findings could be biased. Previous research in New York City
found that per capita income at the zip-code-level was not as-
sociated with the probability of testing. However, the results
of these tests did show that the percentage of positive COV-
ID-19 cases was higher in lower-income zip codes [26]. The
findings from the models presented here that controlled for
testing and the model examining the percentage of positive
cases suggest that testing explains some of the city-level and
town-level differences in MA, but differences still remained.

Deaths and hospitalizations may also be better measure-
ments of the true burden of COVID-19 in a particular commu-
nity. Further studies that examine hospitalizations and deaths
from COVID-19 according to the social factors examined here
will not be as strongly impacted by differences in testing.

Additionally, these findings do not consider variability with-
in cities and towns. For example, Boston was a city in this anal-
ysis, so the data for all the social variables analyzed here were
applied across all Boston communities. However, Boston is a
large and diverse city, and the values for many of the variables
analyzed here are expected to differ in various parts of the city
[27]. Performing a similar analysis with more granular data, for
example at the level of zip codes or census tracts, could ad-
dress this limitation. Unfortunately, city and town data are cur-
rently the most granular data available from MA.

Furthermore, the risk of COVID-19 is associated with age. Al-
though differences by age are most pronounced for deaths
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and hospitalizations, there still is variability in the rate of cases
by age [14]. We tested models that controlled for cities and
towns’ median age and found that doing so did not account
for much of the difference. However, this method did not con-
sider differences in age distributions within cities and towns. A
method that could account for these differences would be to
calculate age-standardized rates. Unfortunately, age-specific
counts of COVID-19 at the city and town level are not yet avail-
able for Massachusetts, which precludes performing such an
analysis.

The fact that we had to exclude 12.6% of all cases due to
missing data may have introduced bias to these findings. This
potential bias would be a particular concern if the relationship
between the social variables examined and COVID-19 differed
in these cities and towns compared to the cities and towns in-
cluded in the analysis. Unfortunately, since most of these cities
and towns were excluded because they lacked the ACS social
variable data, we cannot assess whether this was the case.

Despite these limitations, action should be taken to both
study and address disparities in COVID-19. Efforts should be
made to make sure that vulnerable communities have testing
and treatment available. At the same time, adequate protec-
tions should be provided for essential workers who face the
highest risk of contracting COVID-19. This protection includes
personal protective equipment, paid sick leave, and worker’s
compensation for those who contract the disease in the
course of their work. Finally, efforts should be made to con-
front the social inequities that are being made evident by this
current pandemic. Such efforts can help to prevent these com-
munities from bearing a disproportionate share of future
waves of COVID-19 and other disease outbreaks.
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