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Abstract

With a dataset of testing and case counts from over 1,400 institutions of higher education

(IHEs) in the United States, we analyze the number of infections and deaths from SARS-

CoV-2 in the counties surrounding these IHEs during the Fall 2020 semester (August to

December, 2020). We find that counties with IHEs that remained primarily online experi-

enced fewer cases and deaths during the Fall 2020 semester; whereas before and after the

semester, these two groups had almost identical COVID-19 incidence. Additionally, we see

fewer cases and deaths in counties with IHEs that reported conducting any on-campus test-

ing compared to those that reported none. To perform these two comparisons, we used a

matching procedure designed to create well-balanced groups of counties that are aligned as

much as possible along age, race, income, population, and urban/rural categories—demo-

graphic variables that have been shown to be correlated with COVID-19 outcomes. We con-

clude with a case study of IHEs in Massachusetts—a state with especially high detail in our

dataset—which further highlights the importance of IHE-affiliated testing for the broader

community. The results in this work suggest that campus testing can itself be thought of as a

mitigation policy and that allocating additional resources to IHEs to support efforts to regu-

larly test students and staff would be beneficial to mitigating the spread of COVID-19 in a

pre-vaccine environment.
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Author summary

The ongoing COVID-19 pandemic has upended personal, public, and institutional life

and has forced many to make decisions with limited data on how to best protect them-

selves and their communities. In particular, institutes of higher education (IHEs) have

had to make difficult choices regarding campus COVID-19 policy without extensive data

to inform their decisions. To better understand the relationship between IHE policy and

COVID-19 mitigation, we collected data on testing, cases, and campus policy from over

1,400 IHEs in the United States and analyzed the number of COVID-19 infections and

deaths in the counties surrounding these IHEs. Our study found that counties with IHEs

that remained primarily online experienced fewer cases and deaths during the Fall 2020

semester—controlling for age, race, income, population, and urban/rural designation.

Among counties with IHEs that did return in-person, we see fewer deaths in counties

with IHEs that reported conducting any on-campus testing compared to those that

reported none. Our study suggests that campus testing can be seen as another useful miti-

gation policy and that allocating additional resources to IHEs to support efforts to regu-

larly test students and staff would be beneficial to controlling the spread of COVID-19 in

the general population.

Introduction

Younger adults account for a large share of SARS-CoV-2 infections in the United States, but

they are less likely to become hospitalized and/or die after becoming infected [1–5]. Mitigating

transmission among this population could have a substantial impact on the trajectory of the

COVID-19 pandemic [2]; younger adults typically have more daily contacts with others [6–8],

are less likely to practice COVID-19 mitigation behaviors [9, 10], are more likely to have have

jobs in offices or settings with more contacts with colleagues [11], and travel at higher rates

[12–14]. Additionally, in the United States, over 19.6 million people attend institutes of higher

education (IHEs; i.e., colleges, universities, trade schools, etc.) [15], where students often live

in highly clustered housing (e.g. dorms), attend in-person classes and events, and gather for

parties, sporting events, and other high-attendance events.

Because of this, the COVID-19 pandemic presented a particular challenge for IHEs during

the Fall 2020 semester [16–21]. On the one hand, bringing students back for on-campus and

in-person education introduced the risk that an IHE would contribute to or exacerbate large

regional outbreaks [22–30]; on the other hand, postponing students’ return to campus may

bring economic or social hardship to the communities in which the IHEs are embedded [31–

34], since IHEs are often large sources of employment for counties across the United States. As

a result, IHEs instituted a variety of “reopening” strategies during the Fall 2020 semester [35–

44]. Among IHEs that brought students and employees back to campus—either primarily in

person or in a “hybrid” manner—we see different approaches to regularly conducting (and

reporting) COVID-19 diagnostic testing for students, faculty, and staff throughout the

semester.

Most of these policies were designed to minimize spread within the campus population as

well as between the IHE and the broader community. These policies include testing of asymp-

tomatic students and staff, isolating infectious students, quarantining those who were poten-

tially exposed through contact tracing, extensive cleaning, ventilation, mask requirements,

daily self-reported health assessments, temperature checks, and more [45, 46]. As with much
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of the COVID-19 pandemic [47], these policies were often instituted in a heterogeneous man-

ner, with varying levels of severity [37], which makes studying their effects both important and

challenging. Studying the various differences between these policies is made even more diffi-

cult because of the lack of a centralized data source and standardized reporting style. On top of

that, counties with IHEs represent a wide range of demographics (age, income, race, etc.) [48],

which must be accounted for when comparing any policies, since these factors have known

associations with an individual’s likelihood of hospitalization or death [49, 50].

Many IHEs developed and maintained “COVID dashboards” [51] that update the campus

community about the number of COVID-19 cases reported/detected on campus and, if appli-

cable, the number of diagnostic tests conducted through the IHE. Here, we introduce a dataset

of testing and case counts from over 1,400 IHEs in the United States (Fig 1), and we use this

dataset to isolate and quantify the impact that various IHE-level policies may have on the

Fig 1. Description of the Campus COVID Dataset. Map of the 1,448 institutes of higher education included in the Campus COVID Dataset. The dataset includes

semester-long time series for 971 institutes of higher education (see S1 Text for several examples), in addition to 477 that have cumulative data only (i.e. one sum for the

total testing and/or case counts for the Fall 2020 semester). County and state boundary maps downloaded from the United States Census TIGER/Line Shapefiles [52].

https://doi.org/10.1371/journal.pdig.0000065.g001
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surrounding communities during the Fall 2020 semester (August to December, 2020). After a

matched analysis of statistically similar counties, we show that counties with IHEs that

reopened for primarily in-person education had a higher number of cases and deaths than

counties with IHEs that did not. Among IHEs that did allow students back on campus, we see

fewer cases and deaths on average if the county contains IHEs that conduct on-campus

COVID testing. We further examine this result by focusing on data from IHEs in Massachu-

setts, where we find that cities with IHEs that test more also have fewer average cases per cap-

ita. This pattern holds in spite of the number of cases detected among members of the campus

community. These results point to a benefit of large-scale, asymptomatic testing of the campus

community (students, faculty, staff, etc.), which can be especially important in regions without

(or with fewer) local mitigation policies in place.

Results

Throughout this section, we aim to make two broad comparisons. First, we look at different

approaches for how IHEs reopened for the Fall 2020 semester (early August through early

December, 2020). We compare COVID-19 outcomes between counties with IHEs where stu-

dents returned to fully or primarily in-person education and counties with IHEs that remained

fully or primarily online. IHE reopening status is based on data from [37]. We group the cate-

gories of “fully online” and “primarily online” into “primarily online” and do the same for

fully/primarily in-person; schools listed as “hybrid” are not included in this comparison but

present interesting avenues for future research. Second, we quantify the benefits of IHE-affili-

ated testing by comparing COVID-19 outcomes between counties with IHEs that reported any
campus testing and counties with IHEs that reported no campus testing. Testing data are from

the Campus COVID Dataset [53] (see Data & methods section) and were collected manually

through the COVID dashboards of over 1,400 IHEs. To perform the two main comparisons

above, we carefully match groups of counties in order to avoid potential confounding effects of

the underlying demographics of the counties’ populations.

Comparing counties with similar demographics

Constructing groups of counties. COVID-19 has had a disproportionate impact on older

populations, and we see especially high death rates in regions with more congregate senior liv-

ing and long-term care facilities [54, 55]. On the other hand, in regions with more young peo-

ple (i.e., “college towns”—or, here, college counties) experienced relatively fewer

hospitalizations and deaths [55]. This means that care should be taken when comparing aver-

ages between groups of counties, and prior to creating the groups, we must attempt to match

the underlying demographics of the groups as much as possible.

This becomes an optimization problem: there are over 1,238 different counties with IHEs

in our dataset. We want to separate them into two groups of counties, A and B, that are roughly

equivalent in size and that consist of counties with as similar distributions of demographics as

possible. For example, here we create a group of counties with IHEs that returned primarily

in-person (nA = 393 total) and a group of counties with IHEs that remained primarily online

(nB = 449 total) during the Fall 2020 semester. In our case, a key variable we will optimize over,

x, is the percent of county population enrolled at IHEs full-time. The reason for this is intui-

tive: we want to compare college counties, which we define based on the fraction of IHE stu-

dents among the total population. However, it is not necessarily obvious what value this

threshold x should take (e.g. is a college county one where x = 0.1% of the total population is a

full-time IHE student? 1.0%? 10%? etc.), so we use an optimization technique in order to select

the value for x.
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This procedure iteratively measures the Jensen-Shannon divergence (JSD) between the dis-

tributions of demographic variables between the two groups. The JSD between two distribu-

tions, P and Q, is JSDðPkQÞ ¼ 1

2
DðPkMÞ þ 1

2
DðQkMÞ, where M ¼ 1

2
ðP þ QÞ and D refers to

the Kullback-Leibler Divergence; higher JSD values indicate higher dissimilarity. As an exam-

ple, we know that age is a key variable in determining COVID-19 outcomes [1], and as such,

we want the average age (and distribution of ages) of the two groups to resemble one another

as much as possible (i.e., select grouping that minimizes JSD(Age1||Age2)). In total, we focus on

five county demographic variables: age, race, income, total population, and urban-rural code.

Since the JSD captures the extent to which pairs of distributions are different, we want to find

the value for x that minimizes the total JSD (see S1 Text for more details and Fig A in S1 Text

for the minima of the five variables).

Following this optimization procedure, we determined the threshold to be 3.68%. That is,

in order for a county to be included in the “primarily in-person” group (or, analogously, the

“primarily online” group), the total number of full-time students attending “primarily in per-

son” IHEs must exceed 3.68% of the total population. The specific value for this threshold may

appear ad hoc or arbitrary, but importantly, the two groups we are left with are highly similar

along our key variables of interest. See S1 Text where we describe this procedure in depth and

show how similar the distributions of demographic variables between the resulting groups are

(Figs B and C in S1 Text).

In summary, we create two groups of college counties—those with IHE students who

returned to the Fall 2020 semester primarily in-person and those with IHE students who

remained primarily online. To do this, we had to choose what constituted a “college county”—

we determined that this should be based on the percent of IHE students in a county’s total pop-

ulation, x. At the same time, we wanted to ensure statistical and demographic similarity

between the populations in each group. In the end, we selected x = 3.68%, the value that mini-

mized the total JSD between the distributions of interest between the two groups.

Fall 2020 reopening status: In-person vs. online education. With this grouping, we now

compare the average new cases and new deaths per 100,000 between the two groups (Fig 2). By

minimizing the demographic variability between the “in-person” counties and the “online”

counties, we get closer to addressing the questions surrounding the effects of IHE policy on

the broader community. In Fig 2a, we see that during July and August the number of new

cases per 100,000 was almost identical for the in-person and online counties. By the end of

August (i.e., the start of the Fall 2020 semester), we begin to see these two curves diverge; col-

lege counties with primarily in-person enrollment report more new cases per 100,000 on aver-

age for the remainder of 2020, a gap that narrows shortly after the Fall 2020 semester ends.

We see the same trend—but lagged by about four weeks—when comparing the average

new deaths per 100,000 between the two groups of counties. These analyses, even after control-

ling for several potentially confounding demographic variables, highlight clear differences in

COVID outcomes based on IHE reopening policy. In S1 Text, we also show how the matching

procedure used here excludes other potentially confounding spatial variables as well. For

example, counties that were hit early and hard by COVID-19 in March and April of 2020 (e.g.

counties in New York City, greater Boston area, etc.) are already not included in these averages

(see a visualization of the included counties in Fig C in S1 Text).

Quantifying the benefits of IHE-affiliated testing. The extent to which IHEs tested their

students and employees for COVID-19 varied substantially: some schools focused their limited

testing resources on only testing symptomatic individuals while others developed a strict and

massive testing program that required frequent (e.g. weekly) asymptomatic testing. Because of

this heterogeneity, we sought the simplest distinction for comparing groups of counties; we
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split the “primarily in person” counties from the Fall 2020 Reopening Status section into two

groups of counties: those with IHEs that reported conducting any COVID-19 tests on campus

and those that reported none. Of the n = 234 “primarily in person” counties from the previous

section, the Campus COVID Dataset includes data from n = 144 counties. Often, when IHEs

do not administer any on-campus tests, they have a form for students and staff to self-report

results from external testing providers (e.g. pharmacies, health clinics, etc.). In order to classify

an IHE as “non-testing” we sought out official documentation on the IHE’s websites, though a

key limitation of this approach is that an IHE could have been conducting testing without

posting updates to their websites.

Counties with IHEs that reported conducting a nonzero number of tests saw, on average,

fewer reported cases and deaths (Fig 3). Notably, we see an increase in the number of cases per

100,000 on average in early September 2020 among counties with IHEs that do report testing

(i.e., the campus testing is working as designed—detecting cases in the campus population; Fig

3a); this same increase in reported cases does not appear among counties with IHEs that do not

report testing. This suggests that the return-to-campus surges that were being detected in IHEs

that report testing may have occurred but remained undetected or under-reported in counties

without IHE-affiliated testing. This suggestion is in part corroborated by the increase in deaths

in the middle of October among counties without IHE testing, which does not appear to follow

a commensurate increase in case counts (Fig 3b).

Importantly, while the two groups of counties used in this comparison were relatively bal-

anced with respect to demographic variables, they are not formed based on information about

differences in county-level mitigation policies that may have been active in the counties during

Fig 2. Counties with IHEs categorized as in-person vs. online for Fall 2020. Here, we compare the average (a) new cases and (b) new deaths per 100,000 in counties

with IHEs that were categorized as “primarily in-person” vs. “primarily online” for the Fall 2020 semester. IHEs classified with “hybrid” reopening strategy were not

included in this comparison as there is a great deal of heterogeneity in what constitutes a “hybrid” reopening. IHE reopening data is from [37]. (Ribbons: 95%

confidence interval).

https://doi.org/10.1371/journal.pdig.0000065.g002
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this time period; this is in part due to relatively sparse data around county-specific policies

(though there are data sets that report some county-level policies; see [56]). Perhaps more

importantly, however, we do not include these data here because of the difficulty in standardiz-

ing the implementation and enforcement of specific policies (e.g. see [47] to look at the impact

of heterogeneous policies across regions). Despite that, it is conceivable that IHEs that report

more campus testing are also embedded in counties with more stringent mitigation policies in

place; as such, even though we observe on average fewer cases and deaths in counties with

IHEs that report campus testing, it would be incomplete to assume that IHE testing is the only

reason for these differences. To get at addressing these points, we conducted additional analy-

ses in S1 Text where we used state-level policy data [57] to quantify the effect of IHE testing

policy while controlling for a number of county-level demographic variables as well as the

number of active mitigation policies in place. Here again, we see significantly fewer deaths per

100,000 in counties with IHEs that conduct campus testing (Table 1).

Lastly, the grouping selected here (no reported testing vs. any reported testing) does not

provide insights into the ideal amount of IHE testing needed to manage campus outbreaks.

However, we examine this question in the following section, where we group cities in Massa-

chusetts based on the amount of IHE testing, as opposed to simply whether they have IHE test-

ing or not. Future work will examine whether there are optimal trade-offs between testing

volume, cost of testing, levels of local transmission, and community demographics.

Case study: Higher education in Massachusetts

According to the data collected in this work, IHEs in Massachusetts administered more

COVID-19 tests to students and staff, on average, than most other states. As such, the Campus

Fig 3. Comparing counties with IHEs that reported any vs. zero COVID-19 tests. As in Fig 2, we compare the average (a) new cases and (b) new deaths per 100,000

in counties with IHEs reported conducting any COVID-19 tests vs. counties with IHEs that reported no tests. Note: if there are multiple IHEs in a single county, we sum

together the total number of tests between all IHEs. (Ribbons: 95% confidence interval).

https://doi.org/10.1371/journal.pdig.0000065.g003
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COVID Dataset includes time series data for 56 IHEs during both the Fall 2020 and Spring

2021 semesters. Additionally, the Massachusetts Department of Health releases weekly data

about testing and case counts at the city level (total of n = 351 cities instead of n = 15 counties)

[59]. In this section, we analyze Massachusetts as an informative case study about the role that

IHE-affiliated testing may play in a community’s response to COVID-19.

In February, 2021—at the start of the Spring semester—the University of Massachusetts,

Amherst (UMass Amherst) experienced a large COVID-19 outbreak among the campus com-

munity. Throughout the Fall 2020 semester, UMass Amherst followed a campus testing regi-

men that required frequent testing of on-campus students and staff; as a result, the city of

Amherst’s average number of tests per 1,000 residents was far higher than that of other cities

in Massachusetts (Fig 4c). After the Fall 2020 semester ended, the overall testing volume in

Amherst sharply declined since the number of students on campus decreases during Decem-

ber and January; the timing of this decline coincided with large increases in COVID-19 cases

both regionally and statewide (Fig 4b & 4c). However, as neighboring cities to Amherst began

to report a surge in cases during this period (Fig 4b), the city of Amherst did not report a com-

mensurate rise in cases. It is possible that there were simply not as many cases in Amherst dur-

ing December and January, but because there was such a large decrease in the amount of tests

conducted during that period, it is also possible that there were some infections that remained

undetected.

Either way, when students returned to campus in January, they returned to a city with a

testing rate that was lower than it had been in late November, 2020. During the first few weeks

of the Spring 2021 semester, UMass Amherst reported almost 1,000 new infections among stu-

dents and staff, one of the largest outbreaks in the country at that time [60]. It is difficult to

know whether the UMass Amherst outbreaks were primarily the result of importation from

Table 1. Generalized Linear Model (GLM) Regression: Predicting COVID-19 deaths, at t + 38 days. Regression table under a Negative Binomial model. See Table C

and Fig D in S1 Text for descriptions of variables. Standard errors were adjusted for clustering at the county level. Coefficients in bold are statistically significant at the 95%

confidence level.

Dep. Variable: new deaths per 100k, at t + 38 days No. Observations: 55842

Model: GLM Df Residuals: 55830

Model Family: NegativeBinomial Df Model: 11

Link Function: log Scale: 1.0000

Method: IRLS Log-Likelihood: -62440.

No. Iterations: 8 Deviance: 31331.

Covariance Type cluster (county) Pearson chi2: 4.09e+04

coef std err z P>|z| [0.025 0.975]

average temperature (˚Celsius) -0.0391 0.003 -14.917 0.000 -0.044 -0.034

urban/rural code (1 if ∈ {4, 5, 6} else 0) 0.1014 0.070 1.442 0.149 -0.036 0.239

log(population density) -0.0168 0.033 -0.513 0.608 -0.081 0.047

log(median income) -0.4722 0.121 -3.908 0.000 -0.709 -0.235

2020 voting behavior (% two-party vote) 0.0124 0.003 3.860 0.000 0.006 0.019

log(population over 60 per 100k) 0.4896 0.121 4.042 0.000 0.252 0.727

log(IHE fulltime enrollment per 100k) -0.1028 0.049 -2.084 0.037 -0.199 -0.006

log(IHE fulltime enrollment per 100k (online)) 0.0088 0.010 0.890 0.374 -0.011 0.028

log(IHE fulltime enrollment per 100k (in person)) 0.0120 0.009 1.283 0.199 -0.006 0.030

stringency index (OxCGRT) -0.0178 0.004 -4.171 0.000 -0.026 -0.009

log(county new tests per 100k) 0.2663 0.046 5.823 0.000 0.177 0.356

log(IHE new tests per 100k) -0.0382 0.015 -2.558 0.011 -0.068 -0.009

https://doi.org/10.1371/journal.pdig.0000065.t001
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different areas following students’ return to campus or whether the returning students instead

became infected following interactions with Amherst residents (or both). Regardless the

source of these cases in Amherst, what happened after the February surge highlights the role

that IHEs can have in local mitigation; testing volume in Amherst increased dramatically dur-

ing the Spring 2021 semester, students who tested positive were strictly isolated, and on-cam-

pus restrictions of activities were put in place [61]. There indeed was a large outbreak, but

Fig 4. Case Study: COVID-19 in Massachusetts college cities. Top: Highlighting testing and case counts in and around Amherst, Massachusetts. (a) Map of

Massachusetts cities; in this map, the city of Amherst is red and the surrounding cities are colored blue. (b) Time series of weekly new cases per 1,000 in: Amherst, the

surrounding cities, and the rest of Massachusetts. (c) Time series of weekly new tests per 1,000 in: Amherst, the surrounding cities, and the rest of Massachusetts. Bottom:

Comparing outcomes of cities and IHEs with more/less IHE-affiliated testing. (d) City-level average weekly new cases per 1,000, grouped by cities with IHEs that test

students on average fewer than once a month, between one and three times a month, and over three times a month (Note: we sought out city-level data for COVID-19

deaths, but the state does not report these). (e) IHE-level average weekly new cases, grouped by IHEs that test students on average fewer than once a month, between one

and three times a month, and over three times a month. Municipality boundary map downloaded from MassGIS (Bureau of Geographic Information) [58].

https://doi.org/10.1371/journal.pdig.0000065.g004
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without a robust on-campus testing protocol, the scale of this citywide outbreak might have

grown even larger.

The example of UMass Amherst is a useful case study for highlighting a broader trend

among Massachusetts cities with IHEs—a trend that largely mirrors the results in the previous

section on IHE testing. In Fig 4d we show the average new cases per 1,000 for cities with IHEs

that test their students an average of a) less than once per month, b) between 1–3 times per

month, and c) more than three times per month; on average, cities with IHEs that conduct

more tests also have fewer new cases. This pattern does not hold when only looking at on-cam-

pus cases from IHEs (as opposed to citywide cases); instead, we see that IHEs that test less also

report fewer cases (Fig 4e). This trend may emerge because low-testing IHEs are not conduct-

ing enough tests to detect the true number of cases on campus, though proving this definitively

is almost impossible without detailed contact tracing and/or retrospective antibody testing.

In the end, the resolution and completeness of the data for IHEs in Massachusetts give us

an even more detailed look at the relationship between campus testing and new infections in

the communities surrounding IHEs. Moving forward, improving the collection and reporting

of this data nationwide will be crucial for our continued response to the COVID-19 pandemic.

Discussion

The COVID-19 pandemic required governments and organizations to implement a variety of

non-pharmaceutical interventions (NPIs) often without a thorough understanding of their

effectiveness. Policy makers had to make difficult decisions about which policies to prioritize.

While a body of literature has emerged since the beginning of the pandemic about measuring

the effectiveness of NPIs [62–65], to date there have been no studies that attempt to measure

the effectiveness of campus testing systematically nation wide. This study sheds light on this

topic by directly measuring the impact of campus testing on county level COVID-19 out-

comes. We collected data from 1,448 colleges and universities across the United States, record-

ing the number of tests and cases reported during the Fall 2020 semester; by combining this

data with standardized information about each school’s reopening plan, we compared differ-

ences in counties’ COVID-19 cases and deaths, while controlling for a number of demographic

variables.

We used an entropy minimization approach to create two groups of counties that were as

similar to demographic variables of interest (e.g., age, income, ethnicity) as possible in order to

minimize confounding. The resulting groups had a similar number of counties per group,

were spatially heterogeneous, and did not ultimately include counties from regions that experi-

enced early surges in March, 2020 (e.g., counties in New York City, etc; see S1 Text), which

could have confounding effects. When looking at county COVID-19 outcomes, our results

shows that COVID-19 outcomes were worse in counties with IHEs that report no testing and

in counties where IHEs returned to primarily in-person instruction during the Fall 2020

semester. These findings support the CDC recommendation to implement universal entry

screening before the beginning of each semester and serial screening testing when capacity is

sufficient [66] and are in line with smaller scale, preliminary results from other studies [67,

68]. While this study does not look at optimal testing strategies, it offers evidence for the pro-

tective effect of campus testing in any form and reopening status on county COVID-19

outcomes.

The COVID-19 pandemic highlighted the importance of data standardization for under-

standing the impact of the virus but also in to inform response, resource allocation, and policy.

While much attention has been given to this topic for data reported by healthcare and public

health organizations, little attention has been given for COVID-19 case and testing data
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reported by IHEs. A significant portion of the effort undertaken by this study was spent com-

piling and standardizing the data across IHEs nationwide. In the cases where IHEs did report

campus testing data, the ease of access varied widely and oftentimes different metrics for cases

and testing were reported out. For example, some IHEs would report only active cases, cumu-

lative cases, or number of isolated individuals. Similarly, sometimes there would be no distinc-

tion between types of test given or temporal information on when the test was given. In their

campus testing guidance [66], the CDC should also include recommendations on data stan-

dards and reporting formats.

While COVID-19 cases in the United States are lower than the peak in January 2021 and

2022, concerns remain around lingering outbreaks caused by new variants emerging, ongoing

transmission in the rest of the world, vaccine hesitancy, and the possibility of waning effective-

ness of the current vaccines [69, 70]. In regions like the Mountain West and South at the time

of writing, vaccination rates remain disproportionately low among younger adults and the

general population when compared to nation wide averages [71]. States in these same regions

are also disproportionately represented among the states with the lowest IHE testing in our

data set. Heterogeneity in vaccine uptake—and policy response broadly—makes it challenging

to disentangle the effectiveness of any one specific policy response. On the one hand, further

data collection on policy compliance (e.g. through online or traditional survey methods, digital

trace data collection, etc.) may help to elucidate specific effects of different policies. On the

other hand, because most of the current study focused on a period before widespread vaccine

availability (and little impact of more transmissible SARS-CoV-2 variants), the Fall 2020

semester may in fact have been an ideal time to pose the questions in this work. In sum, given

the number of younger adults enrolled in IHEs, the increased mobility and international

nature of this population, and the fact that this population is less likely to practice COVID-19

mitigation behaviors, campus testing represents another effective control policy that IHEs and

counties should consider to continue keeping COVID-19 incidence low.

Data & methods

Data collection and sources

County-level case data are from the COVID-19 Data Repository by the Center for Systems Sci-

ence and Engineering (CSSE) at Johns Hopkins University [72]. County-level population and

demographic data are from the 2018 American Community Survey (ACS) [73]. Weekly data

for testing and case counts in Massachusetts cities are from the Massachusetts Department of

Public Health [59]. Data about IHEs—including the number of full-time students and staff,

campus location, institution type, etc.—come from the Integrated Postsecondary Education

Data System (IPEDS) via the National Center for Education Statistics [74].

Data about individual IHEs’ plans for returning to campus (i.e., online only, in-person,

hybrid, etc.) come from the College Crisis Initiative at Davidson College [37]. This dataset clas-

sifies IHEs based on the following categories, which we use to create three broader categories

(in parentheses): “Fully in person” (primarily in-person), “Fully online, at least some students

allowed on campus” (primarily online), “Fully online, no students on campus” (primarily

online), “Hybrid or Hyflex teaching” (hybrid), “Primarily online, some courses in person” (pri-

marily online), “Primarily in person, some courses online” (primarily in person), “Primarily

online, with delayed transition to in-person instruction” (primarily online), “Professor’s

choice” (hybrid), “Simultaneous teaching” (hybrid), “Some of a variety of methods, non-spe-

cific plan” (hybrid). We did not include “hybrid” IHEs in our analyses here, but they remain

an interesting avenue for future research, which we strongly encourage using the Campus

COVID Dataset.
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The campus COVID dataset

The Campus COVID Dataset was collected through a combination of web scraping, manual

data entry, or communication with administrators at IHEs. In sum, the process involved col-

lecting thousands of URLs of the COVID-19 dashboards (or analogous website) of each of

over 4,000 IHEs, which we then used for manual data collection, inputting time series of case

counts and testing volume between August 1 and December 16, 2020. The data for each IHE is

stored in its own Google Sheet (indexed by a unique identifier, its ipeds_id), the URL of

which is accessible through a separate Reference sheet. For full details on the data collection

process, see S1 Text.

Statistical controls for mitigation policies

While the two groups of counties—the “primarily in-person” vs. “primarily online” counties—

are broadly similar across demographic categories (Fig B in S1 Text), there could still be under-

lying differences between the two groups that influence their different COVID-19 outcomes.

For example, this could happen if the two groups differed in the extent to which they enacted

mitigation policies (i.e., if there were a common variable influencing whether a given county

introduced mitigation policies as well as whether IHEs in the county remained primarily

online vs. in-person during the Fall 2020 semester). There are a number of possible sources of

this variability, ranging from differences in population density [75], to differences in messag-

ing from political leaders [76]. In the model below, we include the data about voting patterns

in the 2020 presidential election in order to control for potential biases arising from differences

in political behavior at the county level.

To control for potential biases arising from differences in local mitigation policies, we

assigned each county to an “active mitigation policies” score based on policy tracking data

from the Oxford COVID-19 Government Response Tracker [57]. These are daily time series

data indicating whether or not a number of different policies were active on each day for a

given state. Not only does this dataset list the presence or absence of a given policy, it also

includes information about the severity (e.g. restrictions on gatherings of 10 people vs. restric-

tions on gatherings of 100 people, or closing all non-essential workplaces vs. closing specific

industries, etc.). From these indicator variables, Hale et al. (2021) define a summary “strin-

gency index” that characterizes the daily intensity of the mitigation policies that a given region

is undergoing over time. We include this “stringency index” variable in an Generalized Linear

Model regression to quantify the extent to which this time series of policy measures—along

with data about IHE testing and enrollment policy, demographic data about the county itself,

and average temperature—predicts COVID-19-related deaths (Table 1). After controlling for

the variables above, we continue to see a significant negative association between the amount

of IHE testing conducted in a county and COVID-19-related deaths, with a 38-day lag. Model

specification and further details about the construction and interpretation of the model can be

found in S1 Text.

Citation diversity statement

Recent work has quantified bias in citation practices across various scientific fields; namely,

women and other minority scientists are often cited at a rate that is not proportional to their

contributions to the field [77–84]. In this work, we aim to be proactive about the research we

reference in a way that corresponds to the diversity of scholarship in public health and compu-

tational social science. To evaluate gender bias in the references used here, we obtained the

gender of the first/last authors of the papers cited here through either 1) the gender pronouns

used to refer to them in articles or biographies or 2) if none were available, we used a database
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of common name-gender combinations across a variety of languages and ethnicities. By this

measure (excluding citations to datasets/organizations, citations included in this section, and

self-citations to the first/last authors of this manuscript), our references contain 12% woman

(first)-woman(last), 21% woman-man, 22% man-woman, 38% man-man, 0% nonbinary, 4%

man solo-author, 3% woman solo-author. This method is limited in that an author’s pronouns

may not be consistent across time or environment, and no database of common name-gender

pairings is complete or fully accurate.

Supporting information

S1 Text. Supporting information. Table A: Current status of the Campus COVID Dataset.

In total, the Campus COVID Dataset includes data about more than 1,400 IHEs. To collect

these data, we searched among over 2,719 IHEs; approximately 40% of these are IHEs with

data that we could not find (because the IHE does not collect self-reported positive tests and/

or does not conduct campus testing, etc.) or with data that we believe exists but was not being

shared publicly by the IHE. There are over 971 IHEs with time series of testing and/or case

counts for the Fall 2020 semester. If an IHE reported only cumulative testing or case counts,

we classify it as “cumulative only”. Table B: Example template for inputting data. Each IHEs

in the Campus COVID Dataset has a unique URL that leads to a dataframe with this structure.

For each date that the IHE reports a number of new cases (“positive_tests” above) or new tests

administered (“total_tests” above), we input that value in its corresponding row. For IHEs that

report testing and case counts weekly, we insert the data at the first collection date, which

makes for more accurate smoothing when performing 7-day averages. If the IHE only reports

cumulative cases or tests for the Fall 2020 semester, we leave the “total_tests” and “positive_t-

ests” columns blank and report the “cumulative_tests” and “cumulative_cases” in the “notes”

column, which we extract later in the analyses. Table C: Description of variables in Table 1.

Where appropriate, we use the “per 100k” designation—the variable’s value divided by county

population, multiplied by 100,000. Here “log” refers to the natural log, which we apply to vari-

ables that follow heavy-tailed distributions (e.g. income and population density). Fig A: JSD

between distributions of demographic variables. As we vary the threshold for inclusion into

the two groups—counties with IHEs that returned primarily in-person for Fall 2020 and coun-

ties with IHEs that remained primarily online—the Jensen-Shannon Divergence also changes.

We want to select the value for this threshold based on whatever minimizes the Jensen-Shan-

non divergence, on average. Fig B: Comparison of county-level demographics between

groups. Here, we compare the two groups—counties with IHEs that returned primarily in-

person for Fall 2020 and counties with IHEs that remained primarily online—based on distri-

butions of (a) age, (b) race, (c) income, and (d) urban-rural designation. Error bars: 95% con-

fidence intervals. Fig C: Map of counties included in matched analysis. With the exception

of California, which includes many primarily online IHEs, there are very few regions where

the counties are clustered based on campus reopening strategy. County and state boundary

maps downloaded from the United States Census TIGER/Line Shapefiles [52]. Fig D: Distri-

butions of the variables used in the regression in Table 1. Fig E: Example data: Northeast-

ern University. Fig F: Example data: North Carolina State University. Fig G: Example data:

University of California-Los Angeles. Fig H: Example data: Purdue University. Fig I:

Example data: University of Miami. Fig J: Example data: Georgia Institute of Technology.

Fig K: Example data: Duke University. Fig L: Example data: Ohio State University.

(PDF)
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