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ABSTRACT
While non-pharmaceutical interventions (NPIs) such as stay-athome, shelter-in-place, and school closures are considered the most
effective ways to limit the spread of infectious diseases, their use
is generally controversial given the political, ethical, and socioeconomic issues they raise. Part of the challenge is the non-obvious
link between the level of compliance with such measures and their
effectiveness.
In this paper, we argue that users’ demand on networked services
can act as a proxy for the social distancing behavior of communities,
offering a new approach to evaluate these measures’ effectiveness.
We leverage the vantage point of one of the largest worldwide
CDNs together with publicly available datasets of mobile users’
behavior, to examine the relationship between changes in user
demand on the CDN and different interventions including stayat-home/shelter-in-place, mask mandates, and school closures. As
networked systems become integral parts of our everyday lives,
they can act as witnesses of our individual and collective actions.
Our study illustrates the potential value of this new role.
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INTRODUCTION

The COVID-19 pandemic caused by infection of SARS-CoV-2 has
radically altered daily life. Starting in the early weeks of 2020 the
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virus rapidly spread around the world, triggering a number of largescale interventions to control this, starting with the full lockdown
of Wuhan, China, where the virus was first reported [15]. Countries
around the world quickly followed with measures that range from
school closures to large-scale lock-downs [28].
In the US, the first confirmed case was reported on January 20,
2020, in Snohomish County, Washington State. By March 23rd,
every state had reported cases of the virus [21]. By early April
of 2020, several state, city, and county governments had started
to adopt similar social-distancing interventions, including shelterat-home and temporary closing of non-essential businesses and
schools, although with variable levels of enforcement [53].
Social distancing measures aim, through a variety of means,
to decrease or interrupt virus transmission by minimizing contact
between individuals or population groups [31]. Non-pharmaceutical
interventions such as these are considered the most effective way
to limit the spread of infectious diseases like COVID-19 [45, 60,
63]. Indeed, even when or if vaccines become globally available and only 32.7% of the world population has been vaccinated as of
September 2021 [40] - recent studies suggest this alone will not be
sufficient to end the pandemic [16].
Despite their benefits, the use of NPIs is generally contentious
given the political, ethical, and socioeconomic issues they raise [6].
Part of the challenge is the non-obvious link between the level of
compliance with such measures and their effectiveness [49, 68],
particularly when the severity of the illness associated with the
infection renders controlled-human infection studies controversial [22].
We argue that users’ demand for networked services can serve as
a proxy for the social distancing behavior of communities, offering
a new approach to evaluate these measures’ effectiveness.
The Internet is the fastest growing and more transformative
technology of our times. In just over 50 years, Internet penetration has grown to surpass 60% of the globe, connecting nearly 5
billion people [34]. The networked systems we have built over it,
from search engines to social networks and content distribution
networks (CDNs), have become an integral part of our lives and
witnesses to our individual and community actions. Our work is
motivated by a simple observation – as people comply with social
distancing measures, one would expect to see a significant change
in networked systems’ demand as people attend to their education,
work, and entertainment remotely.
In this paper, we leverage the vantage point of one of the largest
worldwide CDNs to study the relationship between user demand
on networked systems, social distancing, school closures, and the
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rate of COVID-19 cases, and to extend a prior study on the positive
impact of mask mandates.
We focus our study in several counties1 in the US, where the
highly variable mitigation response and its enforcement, and the
varying intensity of the outbreak, challenge the analysis of these
responses’ effectiveness.
We first use Google’s Community Mobility Reports (CMR) [32]
together with logs of resource demand on the CDN (CDN demand),
to characterize the relationship between user mobility across different counties in the US and user demand on the CDN. Google CMR
provides the percentage change in activity at each of six location
categories (such as retail and recreation, workplaces, and residential) compared to that of a baseline days before the outbreak. We use
this to define a metric of mobility as a proxy for social distancing,
on the basis of the assumption that when individuals make fewer
trips, they physically interact less. This usage aligns with prior
work on epidemiology and public health (e.g., [2, 4, 11, 43, 59]). We
demonstrate that changes in CDN demand are positively correlated
with this metric. For 20 of the top US counties based on population
density and Internet penetration, the average distance correlation
is 0.54 (max = 0.74).
We then employ CDN demand to examine the relationship between social distancing and the growth rate of COVID-19 infections
in different counties in the US. Following Badr et al. [4], we focus
on the 25 counties with the highest number of reported cases by
April 2020. Our analysis shows that CDN demand is strongly correlated with lower COVID-19 case growth rates for the most affected
counties in the US, with distance correlations over 0.65 for 20 out
of the 25 counties (avg. 0.71).
Some social distancing NPIs, such as shelter-at-home and closing
of non-essential businesses, result in changes to intra-region or
intra-county mobility which are well captured by the Google CMR
and its categories. University campus closures, another commonly
adopted NPI, should have a very different relationship to demand.
As campuses close and people relocate outside the region, one would
expect to see a correlated drop in CDN demand. To understand the
applicability of CDN demand as a proxy of social distancing for
interventions that result in inter-region mobility, we use university
campus closures in the 20 largest college towns in the US [29]. Our
analysis shows a strong correlation (0.71) between decreasing CDN
demand, as students move away from school, and the incidence
of COVID-19 cases in the respective counties, providing further
evidence of the effectiveness of this mitigation strategy.
Besides social distancing, one of the most popular if contentious
NPIs is mask-wearing [1, 47]. A key factor fueling the debate has
been the relatively limited direct evidence on how much widespread
community use would affect the spread of COVID-19 [30]. In the
HHS and CDC weekly report of November 27, 2020, Van Dyke et
al. [67] provided some of the needed evidence with a study comparing trends in county-level incidence of COVID-19 in counties with
and without a mask mandate in the state of Kansas. Their analysis
shows that the increasing trends of infection reverse in mandated
counties, after the mandate became effective on July 3, 2020.
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While the study provides evidence that mask-wearing decreases
the spread of COVID-19, the authors point to the absence of social
distancing information, a confounding factor, as one of the main
limitations of their work. We use CDN demand as a proxy of social
distancing to address this limitation, extending their study to explore the combined effects of social distancing and mask mandates.
Our analysis shows the clear benefits of the combined interventions.
The combination of mandated use of masks and increased social
distancing resulted in a clear decrease in COVID-19 incidence (incidence case trend with a slope of -0.71) for these counties, compared
with counties with only mask mandates (slope of 0.05) and those
counties with neither mask mandates nor social distancing (slope
of 0.19).
Our findings are subject to several limitations (§8), including
the following. First, while we control for known confounding factors using natural experiment designs [8, 20, 23, 44], there may be
additional confounding factors for which we have not accounted.
Second, the data we rely on does not include sociodemographic
information and it might not representatively capture all groups,
such as low-income groups for whom Internet access may be hard
to afford. Despite this, the consistency of our findings with those
of prior work (e.g., [4, 67]) increases confidence in our approach.
Third, our analysis is limited to counties in the US and relies on the
perspective of a single CDN. The US presents an interesting and
challenging case study. The varied response to the pandemic across
the country, combined with different progression and intensity of
outbreaks, complicates the already challenging task of evaluating
the effectiveness of different NPIs [67]. In total, our study focuses
on 163 counties across 21 states. The CDN we rely on is one of the
largest in the world, operating more than 240,000 servers in over
1,700 networks, serving nearly 3 trillion HTTP requests daily. In
addition, our analysis is descriptive – looking at the association between mobility, CDN demand, and COVID-19 transmission across
different datasets from different sources. Deriving statistical models
that could be used for prediction is left as future work [4].

1.1

Contributions

This work makes the following contributions:
• We demonstrate the strong relationship between CDN demand and user mobility as a proxy of social distancing (§4).
• Relying on CDN demand as a new proxy of social distancing,
we show the strong correlation between demand and the
growth rate of COVID-19 cases in a selected set of counties
in the US (§5).
• We investigate the effectiveness of school closures as an
NPI by exploring the relation between inter-region mobility,
CDN demand, and the incidence of COVID-19 infections
before and after university campus closures (§6).
• Finally, we extend prior work studying the effectiveness of
mask mandates by using CDN demand to show the combined
values of social distancing and mask-mandates (§7).

1 A county in the US is an administrative or political subdivision of a state that consists

1.2

of a geographic region with specific boundaries and usually some level of governmental
authority [10].

This work does not raise any ethical issues.

Ethical Considerations
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BACKGROUND AND MOTIVATION

Non-pharmaceutical interventions have been proven effective in
reducing the spread of infectious diseases including COVID-19 [45,
60, 63]. NPIs such as physical distancing, school closures, stay-athome or shelter-at-home orders, travel restrictions, and the use of
masks in public spaces, have been put in place around the world to
reduce the transmission of the virus. As new and potentially more
infectious strains of the virus continue to appear, many countries
have reinstated these large-scale interventions or were considering
doing so by May 2021, well over a year after the beginning of the
pandemic [26, 39].
Even if vaccines were to become widely available, there is a
growing consensus that these social distancing interventions as
well as the mandated use of masks should remain in place [5]. While
multiple effective COVID-19 vaccines have been under production,
vaccination varies widely around the world with only 2% of the
population in low-income countries having received at least one
vaccine dose compared with about two-thirds (65%) in high-income
countries as of September 2021 [49, 51, 57]. As the virus continues to
circulate in these countries, new variants will emerge, threatening
the world and slowing global economic recovery.
Social distancing, while generally considered one of the most
effective public health measures to limit the spread of infectious
diseases, remain controversial partially due to the non-obvious link
between the level of compliance with these measures and their
effectiveness [6]. Webster et al. [68] argues that adherence to these
measures is mainly influenced by the knowledge people had about
the disease and the measure itself, social norms, perceived benefits
of the intervention, and perceived risk of the disease, among other
factors. These measures are effective if adherence to them results
in large-scale behavioral changes that reduce the close contacts
and mobility patterns that facilitate the spread of the disease, but
quantifying these effects, particularly on the spatial, temporal, and
population scales to inform public health responses, is challenging [33, 43].
Prior work [4, 15, 42, 54] has proposed the use of mobility as captured by anonymized mobile user data to generate social distancing
metrics and relies on this, together with epidemiological data, to
evaluate how social distancing affects the rate of new infections.
The use of mobile phone data for evaluating COVID-19 responses
has raised issues with the potential sources and implications of
selection bias in mobile phone data [33]. The aggregated view of
networked system demand offers a promising alternative.
Our work is motivated by a simple observation – as people comply with social distancing measures, one would expect to see a
significant change in networked systems’ demand as parents and
children work, study, and entertain themselves remotely. We explore the potential use of CDN demand as a proxy of social distancing, offering an alternative approach to evaluating the effectiveness
of certain NPIs, and rely on natural experiment designs to control
for known confounding factors [8, 18, 20, 44].
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DATASETS

In this section, we describe the three main datasets we rely on for
this study: COVID-19 infection data from the Johns Hopkins University CSSE real-time dashboard [21], mobility data from Google Community Mobility Reports [32], and aggregated data on requests issued or demand for resources hosted by a CDN. Additional datasets
are described as part of later sections.

3.1

JHU CSSE Dashboard

Since January 22, 2020, the Center for Systems Science and Engineering (CSSE) at Johns Hopkins University has been hosting
an interactive web-based dashboard and associated GitHub repository with the location and number of confirmed COVID-19 cases,
deaths, and recoveries for all affected countries. The dashboard
reports cases at the province level in China, county level in the
US, state level in Australia and Canada, and at the country level
otherwise.
Initially, the data was provided by DXY, an online platform run
by members of the Chinese medical community, and as the diseases
spread around the world, the data sources have correspondingly
expanded to include 10 aggregated data sources and nearly 200 at
the country, region level and, for the US, at the state or county/city
level, including county and state health departments and multiple
national government health departments.
We gathered the data for all counties in the US from the CSSE
COVID-19 repository [41] for our analysis. Throughout the paper,
we use different months of 2020 for different parts of the study, as
needed to address the question at hand. For the analysis on demand
and infection cases (§5) we use April and May 2020, for the study
on mask mandates that extends Van Dyke et al. [67] (§7) we use
June and July 2020, and for the analysis of campus closures (§6) we
use data for November 2020.

3.2

Google Community Mobility Reports

Also in response to the COVID-19 outbreak, Google started to
release aggregated data collated from users accessing their applications from mobile and handheld devices who allow recording
of ‘location history’. These Community Mobility Reports (CMR)
show changes in activity and mobility at different location types,
compared to before the spread of COVID-19 [32].
To generate the reports, individual user presence and time spent
at specific location categories are collated to indicate activity. The
data is categorized into six discrete classes, which can be summarized as retail and recreation, parks, groceries and pharmacies,
workplaces, transport transit hubs and residential areas. CMR provides the percentage change in activity at each location category
compared to that on baseline days before the outbreak (January 3,
2020, to February 6, 2020). Baseline day figures are calculated for
each day of the week for each country and are calculated as the
median value. Daily activity changes are compared to the corresponding baseline figure day (i.e., data on a Monday is compared
with a baseline Monday) and thus represent the relative change in
percentages compared to baseline days, not the absolute number
of visitors. Missing values were returned if the activity was too
low upon a specific day and thus failed to achieve the anonymity
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threshold set by Google [25]. Increases in residential indicate decreased mobility, while the other categories are more indicative of
general mobility as they are related to activity around workplaces,
retail outlets, and the use of public transportation.
We use Google CMR to define a metric of mobility patterns
which we use as a proxy for social distancing. This is done on the
basis of the assumption that when individuals make fewer trips,
they physically interact less. This usage aligns with prior work on
epidemiology and public health (e.g., [2, 4, 11, 43]).

3.3

CDN Dataset

Our third dataset lets us observe changes in networked systems’
demand during the period of analysis. For this, we leverage the
vantage point of one of the largest worldwide content delivery
networks, which receives trillions of requests per day, and use
their resource demand aggregated by the client’s AS number and
location. The dataset combines the view from 17,878 autonomous
systems across 3,026 counties in all 50 states in the US. We utilize
the request logs of the CDN from January 1, 2020, to December 31,
2020, as hourly request counts (e.g. hits) of all combined CDN traffic.
These logs accumulate all requests received across the CDN’s entire
platform, covering all types of protocols and devices. To generate
this, all daily request statistics are aggregated by /24 subnets for
IPv4 and /48 subnets for IPv6. These requests are normalized across
the platform into unit-less Demand Units (DU). Demand Units are
normalized out of 100,000, with each DU representing 0.001% of
global request demand (i.e. 1,000DU = 1%).

4

USER MOBILITY AND CDN DEMAND

We first explore the association between CDN demand and user
mobility leveraging data on demand users impose on the CDN and
tbe Google’s Community Mobility Reports [32] of mobile users’
behavior (§3).
Google’s CMR captures the mobility of users of mobile and handheld devices. The data is presented as a percentage difference value
from a baseline day before the pandemic outbreak (the median
value of a 5 week period from January 3 - February 6, 2020) for
the different categories of locations. Hence, the data is meant to
show how the visitors mapping to categorized places change over
time as compared to pre-pandemic. For instance, the end of March
2020 sees a drop of almost 50% in the number of people visiting
workplaces, transit stations, and retail. Whereas, parks, and grocery
stores see a drop of more than 10% [56].
In our analysis, we determine the average mobility across parks,
transit, grocery, recreation, and workplace per day to quantify the
number of people moving outside their house (residence). This in
turn will allow us to gauge the degree of social distancing. Higher
values of mobility would mean lesser social distancing and vice
versa.
The formula for percentage difference of mobility is quoted below:

M jt =

par ks jt + t r ansit jt + дr ocery jt + r ecr eat ion tj + wor kpl ace jt
5
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Where M jt is the percentage difference of mobility in county j
on day t.
Our goal is to determine whether demand on a content delivery
network (CDN) - CDN demand - can be used as a proxy for the
social distancing behavior of communities.
We hypothesize that a decrease in user mobility from people
staying at homes such as in the case of lockdowns and work-fromhome, will result in an increase in demand. This may be because
those users are more likely to rely on the Internet more, for the purposes of communication, or entertainment because of restrictions
on other outdoor activities. Whereas, when user mobility increases
and people get out of the house more, we expect to see a decrease
in demand.
For this analysis, we normalize CDN demand by calculating the
percentage difference of demand with respect to the same baseline
period as Google’s CMR reports, using in this case the median value
of demand for a 5 week period between January 3 and February 6,
2020.
We employ distance correlation [61] to measure how well network demand witnesses human mobility and the spread of the
pandemic. Distance correlation measures the dependency between
two vectors, including both linear and non-linear association, and
is obtained by dividing their distance covariance by the product
of their distance standard deviations. Distance correlation has a
number of advantages over classical Pearson correlation coefficient
as it can detect nonlinear associations that are undetectable by
Pearson correlation, it is applicable to random variables of any dimension, and it is zero if and only if the variables are independent.
Given the non-linearity of the change in mobility and network demand, distance correlation is a better choice than classical Pearson
correlation for this analysis.
We focused our analysis in 20 US counties during the months of
April and May 2020. We concentrated on the top 20 counties with
the highest population density and Internet penetration according
to the US Census data [65]. To select this set, we started with the top
100 counties with highest density and the top 100 with the highest
Internet penetration and selected those with highest population
density if they are among the highest Internet penetration counties.
We found, perhaps not surprisingly, a high overlap between the
two sets.
Table 1 lists the correlation between percentage difference of
mobility and percentage difference of CDN demand across these
counties, in descending order. The results show that changes in
CDN demand are positively correlated (moderate and high) with
increasing social distancing with a median correlation of 0.56 and
a maximum correlation of 0.74.
We generate graphs for 30-day periods for the months of April
and May 2020 to visualize the trends of mobility and demand. Figure 1 highlights four counties, Fulton County in Georgia, Montgomery County in Pennsylvania, Fairfax County in Virginia, and
Suffolk County in New York (in bold in Table 1). We inverted the
mobility axis to better visualize the alignment of the trends.
Even in the case of Montgomery County, with 0.39 correlation,
the alignment of both curves is apparent with demand and mobility
following closely opposite trends. The timings of the peaks and
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troughs in both the trends are similar. The complete set of graphs
is included in Appendix A.1.
County
State
Correlations
Fulton
Georgia
0.74
Norfolk
Massachusetts
0.71
Bergen
New Jersey
0.7
Montgomery
Maryland
0.66
Fairfax
Virginia
0.61
Arlington
Virginia
0.59
Franklin
Ohio
0.58
Gwinnett
Georgia
0.58
Cobb
Georgia
0.57
Middlesex
Massachusetts
0.56
Delaware
Pennsylvania
0.54
Allegheny
Pennsylvania
0.53
Alameda
California
0.49
Macomb
Michigan
0.47
Suffolk
New York
0.43
Multnomah
Oregon
0.4
Hudson
New Jersey
0.4
Orange
California
0.39
Montgomery Pennsylvania
0.39
Nassau
New York
0.38
Table 1: Correlations between Percentage difference of mobility and Percentage difference of CDN demand, arranged
in descending order. The average correlation (StdDev) is 0.54
(0.1453). Figure 1 includes a graph for each of the highlighted counties; the full set of graphs can be found in the
Appendix.

Limitations. Some of the limitations of this part of our study result from the datasets we rely on and possible confounders. Google
CMR only captures mobility information from users who have
access to smartphones and turn on their location settings, so the
data is a sample of Google Maps users which may or not be representative of the wider population. The CDN demand dataset only
captures users’ requests for resources hosted by the particular CDN
we rely on which. again, may not be a representative sample of the
user population.

5

DEMAND AND INFECTION CASES

In the previous section, we established that CDN demand can be
used as a proxy for social distancing. In this section we explore
the relationship between CDN demand and COVID-19 reported
cases. More specifically, we analyze whether there is a relationship
between CDN demand and cases, to what degree, and the optimum
lag of days after which the impact of people’s behavior on the
rate of confirmed COVID-19 cases is most apparent. We focus our
analysis on the US, where the absence of centralized policy and
highly variable outbreak mitigation responses challenges efforts at
assessing the effectiveness of NPIs.
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We model our analysis in this section after Badr et al. [4] where
the authors explore the association of mobility patterns and COVID19 infections from Jan 1 to April 20, 2020. They used epidemiological
data to compute the COVID-19 growth rate ratio per county/day
to evaluate how social distancing, measured by the relative change
in mobility (calculated based on aggregated and anonymized cell
phone data), affected the rate of new infections in counties in the
US.
We examined the relationship of CDN demand to the rate of
transmission using the same set of 25 US counties with the highest
number of cases by April 16, 2020, according to the JHU CSSE
dataset [21]. We note that five of these 25 counties are also among
the 20 counties included in the previous analysis on the relationship
between mobility and CDN demand (§4); the counties in both sets
are Nassau, Middlesex, Suffolk, Bergen, and Hudson.2
As in Badr et al. [4], we use daily new cases to derive growth rate
ratio (GR) [4] defined as the logarithmic rate of change (number
of newly reported cases) over the previous 3 days relative to the
logarithmic rate of change over the previous week. GR for any
county j on day t is as follows:
GR tj

Í
log( tt −2
=
Í
log( tt −6

C jt
3
C jt
7

)
)

where C tj is the number of new cases in county j on a day t
GR is a non-negative value and is defined only when the average
number of reported cases per day is greater than one over any
period (3-day or 7-day moving averages). It takes a value below 1 if
the growth rate during the last 3 days was lower than that of the
last week; a value greater than 1 represents a growth rate increase
in the last 3 days relative to the last week [66].
Determining Lag. As part of the analysis we determine the lag
which is the period separating the beginning of social distancing
and onset of case growth reduction [4]. We do this by finding out
when demand affects cases the most using cross-correlation.
We conduct the cross-correlation analysis separately for each
county because the lag value is dependent on a number of factors.
These include the incubation period (the period between exposure
to an infection and the appearance of the first symptoms) which can
be between 2 to 14 days [37], the day the subject decides to get tested,
and the number of days it takes for the test results to be generated.
A rapid test gives results within the hour where a common PCR-test
available at the time can take 72hrs and, depending on the backlogs,
up to 7 days. Although during April and May 2020, the availability
of testing across the US become high, states still varied substantially
in their testing times and eligibility criteria for tests [36], thereby
increasing the randomness associated with the return date of test
results.
We further cater to the randomness associated with the lags by
taking small windows of 15 days in the span of two months. This
prevents us from using a single value of lag for the duration of two
whole months. It should be noted here that we are not claiming that
we were able to completely eradicate the issue of the randomness
2 The

overall distance correlation between mobility and CDN demand of these 25
counties is slightly lower than that of the 20 counties with highest population density
and Internet penetration used in the previous section, ranging between 0.14 and 0.67.
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Figure 1: Four examples of the similarity between the trends of percentage difference of mobility and percentage difference
of demand for the month of April 2020 - Fulton County (Georgia) and Montgomery (Pennsylvania), and May 2020 - Fairfax
County (Virgina), and Suffolk County (New York). We use the best y-axis range that illustrates this similarity for each county.
trend back by days within the range of 0 and 20 and see which
lag gives the best negative Pearson correlation. We use Pearson
correlation for this purpose because it gives us both positive and
negative values, and we want a lag that gives a negative correlation
depicting opposing trends of GR and demand.
We determine four offsets for each of the 25 counties and plot
the distribution of these offsets in Figure 2. The distribution of lags
with an average of 10 days, is consistent with the incubation period
of the SARS-CoV-2 virus, plus the additional time it would take to
get the test results [58]. Furthermore, our mean offset rounds up
to the same lag as used by other studies when they measure the
correlation between mobility and cases [4]. A related study by Badr
et al. [4] uses a lag of 11 when determining the correlation between
mobility and GR of infection cases.
Figure 2: Distribution of lags. Mean=10.2 (Std Dev =5.6). Badr
et al. [4] estimates a 11-day lag.

associated, with each subject’s case on a particular day having likely
different days when they were infected. Reducing the window size
merely reduces the distribution of these lags, enabling us to observe
a better correlation at the mean lag. We use a 15-day window of
demand and growth rate ratio (GR) of cases, and cross correlate
it to find the lag. Cross correlation allows us to shift the demand

Demand and Infection. Using the aforementioned metrics and
the determined lags, we evaluate if and how well demand affects
the rate of new infections in these 25 counties in the US, calculating
the distance correlations of GR and CDN demand. Table 2 lists these
correlations across the counties, in descending order. The results
show that changes in CDN demand are positively correlated (moderate and high) with increasing social distancing with correlation
ranging from 0.58 to 0.83, with an average correlation of 0.71.
We generate lineplots that show the trends of GR and demand
with the demand trend shifted during the observation period. Figures 3 highlights four counties, Wayne County in Michigan, Passain
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Figure 3: Four examples of the opposing trends of GR of Infection Cases and CDN demand for April and May 2020 for Wayne
County (Michigan), Passaic County (New Jersey), Miami-Dade County (Florida) and Middlesex (New Jersey).
County in New Jersey, Miami-Dade County in Florida, and Middlesex County in New Jersey. We highlighted these counties in Table 2.
Each plot has four 15 day windows with each window separated by
the black dotted line. This is to show that the offset was determined
for each window separately. Appendix A.2 includes the full set of
graphs.

Limitations. This part of our study has limitations, some inherited from the original study [4]. First, as we focus on the relationship
between CDN demand and case growth rate, our study does not
account for the role of other potentially mitigating factors (e.g.,
mask wearing and handwashing) that could have contributed to the
observed decline in cases. Second, changes in CDN demand data
do not differentiate the reasons for such changes (e.g., connectivity
problems, exercising or low-risk trips). Although these topics are
outside the scope of our work, they are critical to an understanding
of the risk of COVID-19 infections. Third, as Badr et al. [4] we use
GR as a representative metric of the degree of transmission among
local populations; future work should explore replacing this variable with other transmission indexes used in epidemiology. Fourth,
although the analysis focused on 25 counties, which might be a
biased sample of locations, we believe these locations accurately
capture the relationship between CDN demand and case growth
rates. The consistency of the correlations found at the state level
(counties in the same state) increases confidence in our results.

6

UNIVERSITY CAMPUS CLOSURES

Some social distancing NPI, such as shelter-at-home and closing
of non-essential businesses, results in changes to intra-region or
intra-county mobility which are well captured by the Google CMR
data and its categories (e.g., retail). We have shown that increased
social distancing, as captured by this mobility data, is correlated
with CDN demand (§4), and that CDN demand as a proxy of social
distancing is related to growth rates of infection (§5).
Despite some prior work on the effectiveness of school closures
in reducing the spread of viral respiratory illnesses (e.g., [3, 13]), the
value of this NPI is still disputed. In this section, we use university
campus closures in large college towns in the US3 , to understand
the applicability of CDN demand in evaluating the effectiveness of
interventions that result in inter-region mobility.
The closure of university campuses results in a different type of
mobility which, we expect will have a very different relationship
with demand. As campuses close and people potentially relocate
outside the region, one would expect to see a correlated drop in
demand (rather than an increase, as when people stay home). For
this analysis, we focus on the 20 biggest college towns [29] (and
their counties), with metro areas between 100,000 and 1 million
people, and under 100,000 people (we do not include towns with
over 1 million people, as large metro includes multiple schools).
The percentage of the population made up of students at these
3 College

towns are communities, often a separate town or city, where students make
up a significant share of the population [35].
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County
State
Average Correlation
Essex
New Jersey
0.83
Nassau
New York
0.83
Middlesex
Massachusetts
0.79
Suffolk
New York
0.78
Suffolk
Massachusetts
0.77
Cook
Illinois
0.75
Union
New Jersey
0.75
Bergen
New Jersey
0.75
New York
New York
0.72
Bronx
New York
0.72
Richmond
New York
0.7
Rockland
New York
0.7
Passaic
New Jersey
0.7
Wayne
Michigan
0.7
Hudson
New Jersey
0.7
Queens
New York
0.69
Fairfield
Connecticut
0.69
Los Angeles
California
0.67
Orange
New York
0.67
Miami-Dade Florida
0.66
Philadelphia
Pennsylvania
0.64
Essex
Massachusetts
0.63
Kings
New York
0.62
Middlesex
New Jersey
0.59
Westchester
New York
0.58
Table 2: Correlations between lagged demand and growth
rate ratio (GR), arranged in descending order. The average
correlation (StdDev) is 0.71 (0.179). Figure 3 includes a graph
for each of the highlighted counties; the full set of graphs
can be found in the Appendix.

places ranges between 21.4% (Alachua, FL) and 71.8% (Clay, SD).4
We excluded Vincennes University (Vincennes, IN) from the list as
we were not able to gather network data for its campus.
Following prior work on the analysis of the potential benefits
of school closure we use daily COVID-19 incidence per 100,000
residents in each county [3]. We estimate COVID-19 incidence
using publicly available data from the Johns Hopkins University
CSSE COVID-19 repository [41]. The denominator for the incidence measure was the county population from the 2018 American
Community Survey [65].
We focus on days before and after the second closing of university campuses, around the Thanksgiving holiday of November
26th, 2020. The first set of university campus closures happen very
early in the pandemic with the University of Washington, the first
university closing its campus in the US, announcing its move to
online classes on March 6th, 2020 [62]. Given that it was only by
the end of March that every state had reported COVID-19 infection
cases and that, at that point, the maximum number of confirmed
4 Although

the article was published in September 2016, we have manually validated
the reported figures. While population and enrollment numbers have changed, the
fraction of the county population corresponding to the student body remains similar.
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cases among the set of studied counties was only 8 [21], we do not
expect to see a significant impact of these measures [14].
For each campus, we separate demand originated from networks
belonging to the school from that of other networks, and related to
the number of confirmed COVID-19 cases in the county. Figure 4
uses the campuses of University of Illinois, Urbana-Champaign
(UIUC), Cornell University, the University of Michigan and Ohio
University, as examples. Note that different schools report either
the End of Fall term or End of In-Person Classes which we use to
label these figures.
UIUC is a public land-grant research university in Illinois, located
in the twin cities of Champaign and Urbana, with an enrollment of
over 44,000 students, representing ≈ 22% of the population for the
county. Cornell University is a private institution in New York state
with an enrollment of 24,000, representing ≈ 32% of the Tomkins
County population. The University of Michigan is another large
public institution with 76,000 students, representing ≈ 21% of the
population of Washtenaw County. The Ohio University, located in
Athens, Ohio, is a relatively small public university with a student
enrollment of 25,000, but comprising a large fraction of the total
county population, ≈ 38%.
As the figure shows, in all cases lagged school CDN demand is
closely related to the drop in confirmed COVID-19 cases, suggesting
the effectiveness of the measure at controlling the spread of the
infection. In the cases of UIUC, cases drop rapidly from a peak
right at the time of in-person class ending. At Tomkins County, the
number of confirmed COVID-19 cases increases up to the end of
the Fall term and drops, together with school network demand on
the CDN after closing of campus. Appendix A.3 shows the complete
set of plots for all 19 college-town campuses.
Table 3 shows the distance correlation between both school
(network) and non-school lagged demands and confirmed cases
of COVID-19 in the county (ordered by correlation with school
demand). Our results show a strong correlation between campus
closures, social distancing quantified by CDN demand, and reduction of COVID-19 incidence. Despite the rapidly increasing trend of
new COVID-19 cases in the US, as a whole, during the NovemberDecember 2020 period [50], COVID-19 incidence in most college
towns we analyzed show similar trends as that of UIUC.
There are three college campuses showing low correlation coefficients (<0.5) between school network demand and confirmed
COVID-19 cases: University of Mississippi, Blinn College, and Mississippi State University. We notice that the counties where these
universities are located show a sharp increase in confirmed cases
before and during the closing of their respective campuses.
Limitations. This part of our study has some specific limitations.
By comparing counties to themselves before and after the end of
term, we removed many potential confounding factors that could
skew the observed trends (e.g., timing of community mitigation measures, testing capabilities, infrastructure and strictness of testing
guidelines). Still, there may be additional factors we have not taken
into account. As discussed in the related analysis by Auger et al. [3],
it is impossible to totally isolate the effects of this or any single
non-pharmaceutical intervention as school closures were enacted
in close proximity to other measures (e.g., closing of nonessential
businesses and prohibiting large gatherings) and the dynamics of
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Figure 4: Four examples of school/non-school networks demands and confirmed cases at the University of Illinois, UrbanaChampaign (Champaign County), Cornell University, Ithaca (Tomkins County), University of Michigan (Washtenaw County)
and Ohio University (Athens County). Beginning dates on x-ticks correspond to Mondays.
the pandemic vary across counties and even within counties in
the US. We use COVID-19 incidence rate which is a function of
the population size of the county, but do not adjust to account for
people who may have left once the term ends or the campus closes.
We are unable to determine the fraction of the population who has
actually left the county, and the number of people with/without
the virus infection among those who left the area is unclear.

7

MASK MANDATES AND DEMAND

In previous sections, we explored the relationship between CDN demand, social distancing and the rate of COVID-19 infection. Social
distance measures, such as stay-at-home, school and non-essential
businesses closures, are some of the available NPIs. Numerous studies have suggested face masks or coverings as another NPI effective
at curbing the transmission of the virus (e.g., [1, 48, 67]), by preventing the spreading of respiratory droplets from when a person
talks, sneezes or coughs, and the inhalation of these droplets by the
wearer. Despite some of these studies showing a potential reduction in the infection rates across the US [48, 67] and Germany [52],
several US states have lifted their mask mandates, notwithstanding
the low vaccination rates among their population.

In the following paragraph we leverage CDN demand as a proxy
of social distancing to extend an often-cited study by Van Dyke
et al. on the positive impact of mask-wearing [67]. In a Morbidity
and Mortality Weekly Report by the US Department of Health and
Human Services (HHS) and the CDC [67], the authors investigate
trends in COVID-19 incidence in Kansas before and after a governor’s executive order requiring masks or other face coverings in
public spaces came into effect. Among the main limitations of their
study, the authors point to the absence of social distancing information, a clear confounding factor. We build on their work using
CDN demand to address this limitation, and explore the combined
effects of social distancing and mask mandates.
The governor of Kansas issued an executive order, effective as
of July 3, 2020, requiring the wearing of masks in public spaces. A
Kansas state law enacted just a month before (June 9, 2020) allows
counties to issue less strict public health policies as compared to the
ones issued by the state. Therefore, several counties chose to opt
out or partially opt out of this mandate. Van Dyke et al. [67] uses
the variations in mask mandate adoptions in the state of Kansas as
the basis of a natural experiment [18] to evaluate the effectiveness
of this NPI.
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Figure 5: Trends in 7-day average of new COVID-19 cases per 100,000 population among mask-mandated/non-mask-mandated
and high-demand/low-demand counties in Kansas. The plot includes cases before and after the governor’s executive order
requiring masks which took effect on July 3, 2020. Top-left figure shows mask-mandated counties with high-demand on the
CDN while bottom-right figure shows non-mask-mandated counties with low demand on the CDN.
School Name
School Non-school
University of Illinois
0.95
0.49
Indiana University
0.94
0.45
Texas A&M University-Kingsville
0.90
0.49
Ohio University
0.90
0.81
University of Michigan
0.88
0.94
South Plains College
0.88
0.8
Iowa State University
0.86
0.89
University of South Dakota
0.86
0.28
University of Missouri
0.82
0.71
Penn State
0.80
0.35
Virginia Tech
0.79
0.89
Cornell University
0.78
0.58
Washington State University
0.58
0.74
Texas A&M
0.56
0.66
University of Florida
0.55
0.62
University of Kansas
0.54
0.52
University of Mississippi
0.40
0.49
Blinn College
0.37
0.52
Mississippi State University
0.33
0.43
Table 3: Distance correlation coefficients between lagged demand (from school and non-school networks) and COVID19 incidence (lag is the same for both networks). Schools are
ordered by the correlation coefficient, in descending order.

By exploring a single state in the study, the authors expect to
remove other potential variables that could skew the trends such
as weather [64], racial, and economic inequality [38], the timing
and extent of community mitigation measures, diagnostic testing
capacity and public health reporting practices [17]. We compared
the population density of mask mandated and nonmandated counties considering the importance of density in predicting cumulative
COVID-19 cases in the US [69]. While both mask-mandated and
nonmandated sets include high and low densely populated counties, most of the mask-mandated ones are among the top-30 most
densely populated counties in the state (14 out of 24), with less
than 20% of nonmandated counties making it to the list (16 out
of 81). Moreover, previous works, e.g. [55], suggest that temperature has an effect on the prevalence of COVID-19 which makes
it more suitable to compare two locations with similar average
temperatures.
In our analysis, we compare the time periods of June 1 to July 3,
2020 (when the state mask mandate became effective), with that of
July 4 to July 31, 2020. The counties are compared to themselves over
time thus avoiding the impact of confounding variables on the study,
e.g. income or population density. Following Van Dyke et al. [67], we
divide the counties between those with and without mask mandates,
that is counties that opted out of the state mandate and did not
adopt a mask mandate of their own as of August 11, 2020. We further
divide the counties in those with high CDN demand and those with
low CDN demand. For this, we calculate the percentage difference of
CDN demand from a baseline value in January; this yields a value in
the range of [-200,200] for each day, with a negative (positive) value

Networked Systems as Witnesses

IMC ’21, November 2–4, 2021, Virtual Event, USA

Counties
Before Mandate After Mandate
Mandated Counties in Kansas - High CDN demand
0.33
-0.71
Mandated Counties in Kansas- Low CDN demand
0.43
0.05
Nonmandated Counties in Kansas - High CDN demand
0.19
-0.1
Nonmandated Counties in Kansas- Low CDN demand
0.12
0.19
Table 4: The slopes of the trends of COVID-19 Incidence in mask-mandated and nonmdanted counties in Kansas, with high
and low CDN demand, before and after the state mask mandate became effective on July 3, 20202lhnm.

meaning a decrease (increase) in CDN demand usage compared
to the baseline period. We define high CDN demand as a positive
demand value (in (0 − 200]) and low CDN demand as a no-positive
(negative or zero) demand value (in [−200, 0]). We opted for this
discretization of CDN demand to better match the study we extend.
We obtained the data on county mask mandates from the Kansas
Health Institute. As in the previous section and consistent with
Van Dyke et al.[67], we use COVID-19 Incidence per county (daily
county-level cases per 100,000), from the JHU CSSE COVID-19
repository [41], and apply a rolling 7-day average on it.
Figure 5 presents trends in 7-day average of COVID-19 per
100,000 population. The figure, modeled after Van Dyke et al. [67],
gives a visual representation of the trend of cases before and after the mask mandate (July 3, 2020). July 3 is represented by the
black dotted line in the figure. We use segmented regression to find
changes in the trend of the pandemic before and after the mask
mandate. The slopes of the regression lines are mentioned in Table 4.
The figure shows a steep drop in the trend of COVID-19 incidence
for the mask-mandated counties that have high demand, quantified
by the slope of -0.71 obtained through regression. This compared
to -0.1 for nonmandated counties with high demand shows the
impact that masks have on reducing the spread of the pandemic.
Counties with no mask mandates and low demand have the highest
Covid Incidence slope of 0.19 for the month of July. The analysis
suggests that, while mask mandates can help reduce the rate of
infection (top-right figure), the combined interventions (top-left)
are clearly effective at significantly reducing the spread. Besides
further illustrating the potential value of CDN demand as a proxy
of social distancing, the analysis may help explain, at least in part,
some of the variability observed in the correlation between CDN
demand and infections cases in the previous sections.

Limitations. We inherit some of the limitations of the study we
extend. As Van Dyke et al. [67], the experimental design and the
limited information on the implementation of the mandates and
community mask-wearing behaviors limit the ability to determine
the extent to which the mask mandates accounted for the observed
declines in COVID-19 incidence. Second, although the design limits
potential confounding from constant county-related characteristics,
the findings are conditional on the absence of some time-varying
factors, such as access to testing, within counties around the effective date of the mandate. Nonetheless, as Van Dyke et al. [67] we
find that, while testing rates were observed to increase overall over
time, these studies observed decreases in COVID-19 incidence in
mandated and high CDN demand counties after July 3.
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LIMITATIONS

We acknowledge several limitations of this study, to help put our
findings in perspective.
• While we control for known confounding factors using natural experiment designs [8, 20, 23, 44], there may be additional
confounding factors for which we have not accounted (e.g.,
party affiliation). Despite this, the consistency of our findings with those of prior work increases confidence in our
approach.
• In addition, we would expect that, over time, the introduction of other pharmaceutical and non-pharmaceutical interventions, changes in the level of compliance with different
measures, and the growing fraction of people with active
immunity (vaccine-induced or through infection with the actual disease) will further complicate this and similar studies.
• Our analysis is limited to counties in the US. Beyond the
challenges of analyzing such complex interactions across
countries (with different political systems, health infrastructure, cultural norms, etc.), the distributed decision-making
process resulted in a highly variable mitigation response
which, combined with variable enforcement, challenges this
type of analysis while, at the same time, offering the opportunity for natural experiments, as otherwise similar counties
opted for diametrically different responses [67].
• The data we rely on does not include sociodemographic information and it might not representatively capture all groups,
such as older adults, individuals with chronic diseases, or
low-income groups for whom social distancing might be
difficult to maintain or Internet access hard to afford.
• In addition, the completeness and accuracy of the JHU database with respect to COVID-19 incidence has not been established. This database aggregates publicly available data
whose accuracy may vary from state to state. As with limitations in testing, inconsistencies in reporting are unavoidable
limitations of all COVID-19 US population-based studies.
• Finally our analysis is descriptive looking at the association between mobility, CDN demand, and COVID-19 transmission. Deriving statistical models that could be used for
prediction is left as future work [4].
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RELATED WORK

In this section, we examine prior work on COVID-19 with a focus on
the interaction between human behavior during the pandemic and
the networked systems they use. More specifically, we review prior
efforts from the networking community exploring changes in user
mobility and networks’ and systems’ demand during the pandemic.
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We also review work from the health sciences that leverages mobile
user data to evaluate the effectiveness of different NPIs.
Previous studies have looked at how changes in people’s social
behavior due to the pandemic have also changed their network
usage patterns. The pandemic has lead to unprecedented changes
in social interaction and increased pressure on the Internet. Lutu et
al. [46] describe how different aspects of network usage, including
cellular data volume and average radio load, have changed since
the pandemic started. Feldmann et al. [27] present an analysis of
the impact of the COVID-19 pandemic from a large and diverse set
of vantage points. Boettger et al. [9] explore this effect from the
vantage point of a global social network.
Several efforts, particularly in epidemiology and public health,
have relied on aggregated and anonymized cell phone data to estimate the degree of social distancing [2, 4, 43] and the effectiveness of
related interventions [11, 59]. Asweto et al. [2] use Google CMR data
to estimate the level of transmission reduction in 26 African countries as a result of different NPIs aimed at containing the disease,
finding that both mobility changes in public spaces and residential
are significant predictors of COVID-19 cases. Kephart et al. [43] use
aggregated mobile phone location data, confirmed COVID-19 cases,
and features of urban and social environments to analyze population mobility and COVID-19 incidence at the sub-city level among
314 cities in Argentina, Brazil, Colombia, Guatemala, and Mexico.
Among their findings, the authors report that a 10% lower weekly
mobility was associated with 8.6% lower incidence of COVID-19
in the following week. Badr et al. [4] rely on anonymized mobility
data to study the correlation between the growth rate of infection
and mobility, finding that mobility patterns are strongly correlated
with decreased COVID-19 case growth rates for the most affected
counties in the USA, with Pearson correlation coefficients above 0.7
for 20 of the 25 counties evaluated. Two closely related studies show
that public interest in COVID-19, as captured by relative search
popularity in Google Trends, Instagram, and Twitter, can be used
in the assessment of social distancing measures [70] and correlates
with the number of newly reported COVID-19 cases [24].
Others have suggested the idea of networked systems as witnesses of large-scale global events. Cardona et al. [12] describe the
correlation between traffic demand and weather conditions. Bischof
et al. [7] explore how the popularity of a peer-to-peer system like
BitTorrent is impacted by events like natural disasters (2011 earthquake and tsunami in Tohoku, Japan). Dainotti et al. [19] use BGP
routing data, traceroute measurements, and Internet Background
Radiation (IBR) traffic to understand how large-scale censorship
events took place.
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CONCLUSION

We argued that the pervasiveness of networked systems in daily life
gives them a unique perspective on our individual and collective
actions. We leveraged this perspective by studying the relationships
between user mobility, content demand and the spread of COVID-19.
We used publicly available datasets of user mobility to demonstrate
that changes in CDN demand are strongly correlated with social
distancing behavior. We then built on this, using CDN demand as a
proxy of social distancing, to show that increased social distancing
is strongly correlated with decreasing growth rates of infection.

S. Asif et al.
We used university campus closures to explore the relationship
between inter-region mobility, CDN demand, and the incidence
of COVID-19 infections. Last, we extended prior work studying
the effectiveness of mask mandates and show the combined benefits of social distancing and mask mandates. Demonstrating the
effectiveness of non-pharmaceutical interventions requires a better
understanding of compliance with such measures. The use of mobile phone data for evaluating COVID-19 responses raises issues
with the potential sources and implications of selection bias in mobile phone data [33]. The aggregated view of networked system
demand offers a promising alternative.
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ADDITIONAL RESULTS

This appendix presents the complete list of graphs for the results
discussed in previous sections, including those illustrating the relationship between CDN demand and mobility for 20 of the top
US counties based on population density and Internet penetration
(§A.1), between demand and growth rate of infection for the 25
counties with the highest number of reported COVID-19 cases by
April 2020 (§A.2), and between demand and incidence of COVID-19
cases before and after campus closing in college towns around the
US (§A.3).

A.1

Demand and Mobility

Figures 6 and 7 show the correlation between human mobility
(Google CMR) and CDN demand during April and May 2020. See
Sec. 4 for a discussion of the results.

A.2

Demand and infection GR

Figure 8 shows the correlation between CDN demand and Infection GR in 25 US counties. The reader is referred to Sec. 5 for the
discussion of key findings.

A.3

Demand and infection ratio in college
towns

Figure 9 shows the correlation between CDN demand and COVID19 incidence. Table 5 lists the different campuses and student enrollments, their college town (county) and their population, as well
as the population ratio [29]. The reader is referred to Sec. 6 for the
discussion of key findings.
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School Name

Region

University of Illinois
Texas A&M University-Kingsville
Ohio University
Iowa State University
University of Michigan
University of South Dakota
Texas A&M
Penn State
Indiana University
Cornell University
South Plains College
University of Missouri
Washington State University
University of Kansas
Blinn College
Virginia Tech
University of Mississippi
University of Florida
Mississippi State University

Champaign, IL
Kleberg, TX
Athens, OH
Story, IA
Washtenaw, MI
Clay, SD
Brazos, TX
Centre, PA
Monroe, IN
Tompkins, NY
Hockley, TX
Boone, MO
Whitman, WA
Douglas, KS
Washington, TX
Montgomery, VA
Lafayette, MS
Alachua, FL
Oktibbeha, MS

Enrollment

Population

Ratio

51,660
11,619
24,358
32,998
76,448
9,998
60,137
47,823
44,564
33,451
8,534
41,057
25,823
29,512
17,707
45,150
21,482
58,453
18,159

237,199
32,593
64,702
94,035
356,823
13,921
242,884
158,728
164,233
104,606
23,577
172,703
46,808
116,559
34,437
181,555
52,921
273,365
49,403

21.8%
35.7%
37.6%
35.1%
21.4%
71.8%
24.8%
30.1%
27.1%
32.0%
36.2%
23.8%
55.2%
25.3%
51.4%
24.9%
40.6%
21.4%
36.8%

Table 5: College town (county) and population ratio [29] of 19 of the largest college towns in the US.
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Figure 6: Correlation between CDN demand and mobility derived from Google’s CMR for the top 20 counties with the highest
Internet penetration and population density (April 2020).
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Figure 7: Correlation between CDN demand and mobility derived from Google’s CMR for the top 20 counties with the highest
Internet penetration and population density (May 2020).
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Figure 8: Correlation between CDN demand and COVID-19 infection Growth rate ratio in the 25 US counties with the highest
number of cases by April 16, 2020.
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Figure 9: Correlation between CDN demand (school or non-school networks) and the number of confirmed COVID-19 cases
per 100,000 in 19 of the largest college towns in the US, before and after the second campus closure in November 2020.

