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Abstract: Motivated by the rapid upsurge of COVID-19 cases in the United States beginning
March 2020, we forecast the disease spread and assess the effectiveness of containment strategies
by using an estalished network-driven epidemic dynamic model. Our model is initialized using the
daily counts of active and confirmed COVID-19 cases across the US. Based on our model
predictions for the March 14-16 timeframe, the national epidemic peak could be expected to arrive
by early June, corresponding to a daily active count of =~ 7% of the US population, if no
containment plans are implemented. Epidemic peaks are expected to arrive in the states of
Washington and New York by May 21 and 25, respectively. With a modest 25% reduction in
COVID-19 transmissibility via community-level interventions, the epidemic progression could be
delayed by up to 34 days. Wholesale interstate traffic restriction is ineffective in delaying the
epidemic outbreak, but it does desynchronize the arrival of state-wise epidemic peaks, which could
potentially alleviate the burden on limited available medical resources. In addition to forecasting
the arrival timeline of the state-wise epidemic peaks, we attempt at informing the optimal timing
necessary to enforce community-level interventions. Our findings underscore the pressing need
for preparedness and timely interventions in states with a large fraction of the vulnerable uninsured
and liquid-asset-poverty populations.

Forecast website: https://sites.qgoogle.com/view/covid19forecast

Main Text: In December 2019, a novel coronavirus named SARS-CoV-2 began infecting
residents of Wuhan, China (1-3). SARS-CoV-2 causes moderate to severe respiratory symptoms
that can progress to severe pneumonia (coronavirus disease 2019, COVID-19) with an overall
case-fatality rate of 2.3%, with 49.0% of cases becoming critical (4). Despite the quick responses
and extreme disease containment measures taken in China (5), COVID-19 has spread rapidly to
numerous countries and evolved into a global pandemic (1, 3). On January 30, 2020, the World
Health Organization declared a “public health emergency of international concern” (6), and on the
following day the United States Department of Health and Human Services declared a public
health state of emergency (7).

During the week of February 23, 2020 the US Centers for Disease Control (CDC) reported new
confirmed cases of COVID-19 in California, Oregon, and Washington, indicating the onset of
“community spread” across the US (7). Until March 2, the total number of confirmed active
COVID-19 cases in the US were 33, with new cases emerging in states of Texas, Arizona,
Wisconsin, Illinois, Florida, New York, Rhode Island, and Massachuseets (8). In the following
two weeks, this number has rapidly increased to 527 confirmed cases on March 9, and then to
4,216 cases on March 16; Altogether 49 US states, along with Washington DC and Puerto Rico,
have already been seeded with COVID-19 patients (8). State of California and New York have
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respectively declared state emergency on March 4 and 7 (9, 10). The White House declared
national emergency on March 13 (/7). Thus, major outbreak of COVID-19 epidemic across the
US is inevitable.

Here, we forecast the spread of COVID-19 in the US beginning March 2020 using a network-
driven epidemic dynamics model that accounts for domestic interstate mobility across the country
(Figure 1). The effectiveness of disease transmissibility reduction and interstate traffic restrictions
are individually investigated. Risks posed by COVID-19 are analyzed state-wise with respect to
the parameters: urgency, local uninsured populations, liquid assets poverty rate, and age weighted
mortality rate.

(Figure 1)

Modelling the Network-Driven Epidemic Dyamics of COVID-19. We simulated the COVID-
19 epidemic spread in the United States using a Susceptible-Exposed-Infected-Recovered (SEIR)
model (1, 2, 12, 13) coupled with network-driven dynamics (14-16) accounting for the domestic
air traffic taking place amongst the 50 US states, Washington DC, and Puerto Rico (hereafter
generically denoted as states). In the SEIR model, fractions of susceptible (s,), exposed (e,),
infected (j,,), and recovered (r;,) individuals are tracked within a state n per the kinetics of mass
action; The interstate exchange of passengers is captured with a matrix of B, quantifying the
probability that an individual leaving state n ends up in m (14). The governing equations can be
expressed as a set of first-order differential equations with respect to time (t):
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Here, Ry, Dg, and D; represent the basic reproduction ratio, mean incubation period, and mean
infectious period, respectively, of COVID-19 (1, 2, 17); ¢ is the daily passenger flux of the entire
air traffic network, and Q represents the total US population (14, 18). The ratio ¢/Q can be
regarded as an interstate mobility parameter. Equation (1) was integrated numerically with a
discrete t that increment in units of one day. Our integration involved dynamically updating ¢ and
P, Which are monthly resolved dataset, per changing t. The resulting j,, (t) was next used to
calculate the fraction of infected population on a national level, j, . (t):
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Here, N, is the state-wise population data, and M=52 is the total number of locale (50 states,
Washington DC, and Puerto Rico). It was assumed in our model that the interstate exchange of
passengers is predominately via air traffic since volume of ground-based exchange is negligible
(see Supplementary Materials (19)). We further assumed that the long term international
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importation of individual infected with COVID-19 is minimal, under the travel restrictions
enforced on international passengers that arrive from countries and regions where COVID-19 is
widespread (20,21, 22). The control of COVID-19 transmissibility and interstate mobility were
realized by adjusting the values of R, and ¢, respectively (2). For example, a 25% reduction in
transmissibility of COVID-19 can be built in the model by substituting R, in Eq. (1) with Ry =
0.75R,. Similar treatment was done on ¢ when the influence of reduced interstate mobility on
epidemic dynamics was investigated.

Forecasts have been performed in the timeframe between March 2 and 16. For each forecast, the
SEIR model was initialized with the daily confirmed active cases of COVID-19 in the US (Refer
to Table S2 in Supplementary materials (19)), which were acquired from a web-based dashboard
for real-time epidemic tracking published by Johns Hopkins University (8). The matrices of P,,,
(hereafter P) and ¢ were calculated using the latest monthly aviation data (between September
2018 and August 2019) released by the United States Bureau of Transportation Statistics (23) (The
calculation of P and ¢ is detailed in Supplementary Materials (19)). The state-wise population N,,
was acquired from database of United States Census Bureau (24). The R, Dy, and D; of COVID-
19 were assumed to be 2.68, 6 days, and 2.4 days, respectively, per the values recommended in
Ref. (2).

The COVID-19 Epidemic Dynamics Without Intervention. Figure 2 shows forecast of SEIR
model initialized on March 16 under a status quo condition. Panel (a) shows the dynamics of
COVID-19 spread in the US, highlighting the temporal evolution of infected population j,, (t)
state-by-state sorted by the earliness of the arrival of local epidemic peak. Panel (b) maps the
spread pattern of COVID-19 by showing a time series of continental US map wherein each state
is colored according to the local infected fraction. Among the earliest outbreaks along the pacific
west region, epidemics in Washington will reach a local peak by May 21. Immediately followed
is the state of New York, wherein a local epidemic peak is expected to arrive by May 25. Alaska
will experience a rapid increase in local infected fraction, which will peak around May 29, because
of its frequent air traffic commuting from and to Washington. Similar trend is observed for Hawaii,
where the local epidemic is estimated to peak on June 3, under the influence of high passenger
flux emanating from California whose local epidemic peak will arrive around June 1. The local
epidemics in Massachusetts, Washington DC, Colorado, and New Jersey will peak by the end of
May, which is followed by Illinois, Georgia, and Florida, where the local epidemic peaks are
expected to arrive by early June. The majority of states will experience epidemic peaks during the
first week of June. The daily active COVID-19 cases at the epidemic peak (hereafter, epidemic
peak magnitude), is uniform across each state with a median value ~ 7.59% of the state-wise
population. The national epidemic peak is estimated to arrive on June 3, with an daily active cases
~ 7.16% of total US population.

(Figure 2)

Intervention Effectiveness. Figure 3 shows the influences of interstate mobility reduction and
disease transmissibility reduction on epidemic dynamics. These influences are quantitated with
respect to two factors — the delay of epidemic peak (panel (a) and (c)) and the reduction in peak
magnitude (panel (b) and (d)). In these series of plots, the forecasts of SEIR model initialized on
March 2 (symbols in red) and March 16 (Symbols in black) are overlaid, with box-and-whiskers
and circles representing state-wise and national statistics, respectively.
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Figure 3 (a) indicates that it is already too late (up to now, March 16, black symbols) for a
wholesale traffic restriction to be effective in containing the epidemic spread, since virtually all
US states have been seeded with COVID-19 patients. The previous modelling study on the
COVID-19 spread in mainland China (2) has also arrived at a similar conclusion regarding the
futility of mobility reduction in delaying epidemic spread. Nonetheless, it is worth noting that the
reduction in interstate mobility in the US could slightly desynchronize the state-wise epidemic
dynamics (i.e. the moderate broadening of the time window for the local epidemic peaks shown in
panel (a)). This desynchronization could potentially alleviate the burnden on the limited available
medical resources on a national level. The side-by-side comparison with the forecast made on
March 2 (red symbols) indicates that should an aggressive (c.a. 90% mobility reduction) traffic
restriction have been emplemented two weeks before, the national epidemic peak could have been
delayed substaintially. Panel (b) shows that 90% reduction of interstate mobility, if implemented
on March 2, could have reduced the epidemic peak magnitude by up to 30%. However, up to
March 16, the influence of mobility reduction on epidemic peak magnitude has dwindled to a
negligible level.

Figure 3 (c¢) and (d) show that till date reducing COVID-19 transmissibility remains to be an
effective intervention approach. A 25% reduction in transmissibility (R, reduced to 2.01) across
all states could delay the national epidemic peak by about 35 days and reduce its magnitude by
39%. A 50% reduction in transmissibility (R, reduced to 1.34) will contain the spread of COVID-
19 (with the national epidemic peak postponed to winter 2020 and the peak magnitude reduced to
1%). These observations agree with Ref. (2) wherein a forecast of epidemic dynamics in China
was made. The influence of transmissibility reduction on state-wise epidemic dynamics is uniform.
Reduction in disease transmissibility can be achieved via a variety of control measures. For
example, individual level measures include practices such as improving personal hygiene and
maintaining social distance. Studies of past epidemics have shown that individual-scale control
measures as simple as hand washing can reduce the risk of non-specific respiratory infection by
6%-44%, and was an effective method to control the transmissibility of SARS (25, 26). Another
frequently adopted individual level practice is the use of masks, however, till date no consensus
has been reached on its effectiveness (27-29). Community level interventions include strategies
such as contact tracing and quarantine, business and school closure, and restricting mass public
gatherings.

(Figure 3)

Figure 4 retrospectively shows the decay of intervention effectiveness over time. Panel (a) shows
that the amount of time we can buy (with interstate mobility reduction and transmissibility
reduction) decreases gradually and steadily during the first two weeks of March. Panel (b)
benchmarks the interventions with an effectiveness factor — defined as the normalized percent of
reduction in epidemic peak magnitude. The effectiveness of 90% interstate mobility reduction
rapidly decreases to a negligible level; Whereas the effectiveness of 25% transmissibility remains
constant. Again, we emphasize here that the opportunity window of containing COVID-19 via
aggressive traffic restriction has already been closed, and therefore the limited resources should
be directed towards reducing COVID-19 transmissibility on individual and community level.

(Figure 4)
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Timing to Implement Finite Time Intervention. Previous modeling studies have shown that
community level control measures are effective in reducing disease transmissibility, however,
prolonged closures of schools and businesses, as well as limited public gatherings have negative
socio-economic impacts that must be considered (30, 31). The negative socio-economic impacts
dictate that the community-level interventions can only last a finite amount of time. Therefore, it
is of utmost importance to understand when and for how long those interventions should be put
into effect, so as to maximize the net benefit. Figure 5(a) shows the output of the SEIR model
under a conditional 25% reduction in transmissibility within a time window defined with an
intervention start time, t;, and an end time, t; + t© (where 7 represents intervention duration).
Effectiveness of interventions (lasting for a variable ), which is quantified with the normalized
reduction of infected population at the national epidemic peak, is plotted in Fig. 5 (a) as a function
of implementation timing, which is quantified with number of weeks between ¢t; and the national
epidemic peak. The trends in Fig. 5 (a) show that unless the intervention could last indefinitely, a
premature implementation of a finite-time intervention plan could be counterproductive. Figure 5
(b) plots the best implementation timing, t*, as a function of 7, and a power-law relationship t* =
7985 is conceived. This empirical relationship informs the optimal timing to enforce community-
level interventions given a practically affordable intervention duration. The earliness of the state-
wise epidemic peaks are presented in Fig. 5 (c).

(Figure 5)

State-wise Risk Assessment. Figure 6 shows an assessment of the vulnerability of each state
against COVID-19 epidemics. Our assessment was done on four core factors, (a) urgency, (b)
percent of uninsured local population, (c) local liquid-asset-poverty rate, and (d) age-weighted
mortality rate of the infected patients. Urgency is quantitated as the date of a local epidemic peak
per the SEIR model; it identifies how much time is left for the local policy makers and disease
control professionals to design and implement effective interventions. The percent of uninsured
population is negatively related to the overall willingness of the local resident to seek out diagnosis
and quarantine as and when the early symptoms of COVID-19 arise (32). The percent of liquid-
asset-poverty is the fraction of local households that lack savings to sustain above poverty level
for three-months (33). The implication of lengthy societal shutdown is catastrophical to these
households or individuals because of the potential disruption in their income. The age-weighted
mortality rate quantifies the magnitude of consequence should every intervention on disease
containment fail and the situation evolve to disrest. A summary report (4) of the COVID-19 cases
by Chinese Center for Disease Control and Prevention has identified that the case-fatality rate
strongly correlates with patients’ age. The overall fatality rate for all confirmed cases in China is
2.3% (1023 of 44672 cases) (4); however, patients aged > 80 years and 70-79 years have case
fatality rate of 14.8% (208 of 1408 cases) and 8.0% (312 of 3918 cases), respectively. In our
analysis, the age-weighted mortality rate for a state was calculated using age-specific fatality rate
reported in Ref. (4) in conjunction with state-wise demographic composition (19).

Figure 6 (a) shows how each state is expected to be affected with regard to the percent of uninsured
population and the liquid-asset-poverty rate. A positive correlation can be observed in the dataset,
since the individuals who live on paycheck-by-paycheck are less likely to be enrolled in medical
insurance. The states scattered in qudrant Il, such as Texas, Georgia, Oklahoma, Florida, and
Mississippi, are vulnerable to the impact of COVID-19 due to their high liquid asset poverty rate.
Among these states, Texas is especially notable because of the sheer amount of uninsured
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population. Figure 6 (b) plots each state according to date of local epidemic peak and the age-
weighted mortality rate. The situation in Washington is considerably urgent, followed by New
York, Washington DC, Massachusetts, Alaska, Louisiana, Colorado, and Vermont wherein the
local epidemic peaks are expected to strike much earlier compared to the rest of the country. States
with large populations, such as Florida, Pennsylvania, Arizona, and New York, would face an
above-average mortality rates because of their higher degree of local population aging.

(Figure 6)

Conclusion. In this work, we performed a modelling study on the COVID-19 epidemic spread
across the US using the epidemiological parameters observed from China. Our prognosis suggests
that in the absence of disease control interventions and traffic restrictions, the nation-wide infected
fraction could reach ~7% when the epidemic hits its peak by early June. If the transmissibility of
COVID is reduced by 25% with respect to its baseline, the national epidemic peak could be delayed
by about 34 days, along with a 39% reduction in peak magnitude. The COVID-19 epidemic in the
US would fade out if a 50% reduction in disease transmissibility could be achieved across all
states. Interstate mobility reduction is shown to be ineffective on delaying epidemic outbreak, but
a wholesale interstate traffic restrictions slightly desynchronizes the arrival of state-wise local
epidemic peaks, which could potentially alleviate burdens on medical resources. The timing of
implementation of large scale disease control intervention is crucial, especially when the local
population cannot withstand a lengthy society shutdown. State-by-state analysis shows that the
state of Washington, New York, Washington DC, Massachusetts, Alaska, Louisiana, Colorado,
and Vermont could be impacted by an earlier arrival of local epidemic peaks than the rest of the
country. Texas, Georgia, Oklahoma, and Florida face the risks posed by their large uninsured
population and high liquid asset poverty rate. Florida, Pennsylvania, Arizona, and Florida share a
higher overall COVID-19 mortality rate due to their aged demographic composition.

References and Notes:

1. M. Chinazzi, J. T. Davis, M., Ajelli, et al., The effect of travel restrictions on the spread of
the 2019 novel coronavirus (2019-nCoV) outbreak. Science in press (2020).

2. J. T.Wu, K. Leung, G. M. Leung, Nowcasting and forecasting the potential domestic and
international spread of the 2019-nCoV outbreak originating in Wuhan, China: a modelling
study. Lancet 395, 689-697 (2020).

3. M. Gilbert, G. Pullano, F. Pinotti, et al., Preparedness and vulnerability of African countries
against importations of COVID-19: a modelling study. Lancet in press (2020).

4. Z.Wu, J. M. McGoogan, Characteristics of and Important Lessons From the Coronavirus
Disease 2019 (COVID-19) Outbreak in China: Summary of a Report of 72 314 Cases From
the Chinese Center for Disease Control and Prevention. JAMA (2020).

5. C. Calisher, D. Carroll, R. Colwell, et al., Statement in support of the scientists, public health
professionals, and medical professionals of China combatting COVID-19. Lancet (2020).

6. World Health Organization. “Statement on the second meeting of the International Health
Regulations (2005) Emergency Committee regarding the outbreak of novel coronavirus
(2019-nCoV).” (30 Janurary 2020); https://www.who.int/news-room/detail/30-01-2020-
statement-on-the-second-meeting-of-the-international-health-regulations-%282005%29-
emergency-committee-regarding-the-outbreak-of-novel-coronavirus-%282019-ncov%29



https://www.who.int/news-room/detail/30-01-2020-statement-on-the-second-meeting-of-the-international-health-regulations-%282005%29-emergency-committee-regarding-the-outbreak-of-novel-coronavirus-%282019-ncov%29
https://www.who.int/news-room/detail/30-01-2020-statement-on-the-second-meeting-of-the-international-health-regulations-%282005%29-emergency-committee-regarding-the-outbreak-of-novel-coronavirus-%282019-ncov%29
https://www.who.int/news-room/detail/30-01-2020-statement-on-the-second-meeting-of-the-international-health-regulations-%282005%29-emergency-committee-regarding-the-outbreak-of-novel-coronavirus-%282019-ncov%29
https://doi.org/10.1101/2020.03.17.20037770
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2020.03.17.20037770.this version posted March 20, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC-ND 4.0 International license .

7. United States Centers for Disease Control and Prevention. “Coronavirus Disease 2019
(COVID-19) Situation Summary” (09 March 2020); https://www.cdc.gov/coronavirus/2019-
ncov/summary.html

8. E. Dong, H. Du, L. Gardner, An interactive web-based dashboard to track COVID-19 in real
time. Lancet Infect. (2020).

9. Office of Governor Gavin Newsom. “Governor Newsom Declares State of Emergency to
Help State Prepare for Broader Spread of COVID-19” (04 March 2020);
(https://www.gov.ca.qgov/2020/03/04/governor-newsom-declares-state-of-emergency-to-help-
state-prepare-for-broader-spread-of-covid-19/)

10. The New York Times. “Coronavirus in N.Y.: Cuomo Declares State of Emergency.” (07
March 2020); https://www.nytimes.com/2020/03/07/nyregion/coronavirus-new-york-
gueens.html

11. Whitehouse. “Proclamation on Declaring a National Emergency Concerning the Novel
Coronavirus Disease (COVID-19) Outbreak” (13 March 2020);
https://www.whitehouse.gov/presidential-actions/proclamation-declaring-national-
emergency-concerning-novel-coronavirus-disease-covid-19-outbreak/

12. N. Bailey, The Mathematical Theory of Epidemics (Hafner Publishing Company, New York,
1957).

13. R. M. Anderson, B. Anderson, R. M. May, Infectious Diseases of Humans: Dynamics and
Control (Oxford University Press, New York, 1991).

14. D. Brockmann, D. Helbing, The hidden geometry of complex, network-driven contagion
phenomena. Science 342, 1337-1342 (2013).

15. L. Hufnagel, D. Brockmann, T. Geisel, Forecast and control of epidemics in a globalized
world. Proc. Natl. Acad. Sci. USA. 101, 15124-15129 (2004).

16. V. Colizza, R. Pastor-Satorras, A. Vespignani, Reaction—diffusion processes and
metapopulation models in heterogeneous networks. Nat. Phys., 3, 276-282 (2007).

17.J. A. Backer, D. Klinkenberg, J . Wallinga, The incubation period of 2019-nCoV infections
among travellers from Wuhan, China.
www.medrxiv.org/content/early/2020/01/28/2020.01.27.20018986 (2020).

18. E. Brunet, B. Derrida, Shift in the velocity of a front due to a cutoff. Phys. Rev. E 56, 2597
(1997).

19. Supplementary Materials: COVID-19 Progression Timeline and Effectiveness of Response-
to-Spread Interventions across the United States

20. Whitehouse. “Proclamation on Suspension of Entry as Immigrants and Nonimmigrants of
Persons who Pose a Risk of Transmitting 2019 Novel Coronavirus” (31 Janunary 2020);
https://www.whitehouse.gov /presidential-actions/proclamation-suspension-entry-
immigrants-nonimmigrants-persons-pose-risk-transmitting-2019-novel-coronavirus/

21. Whitehouse. “Proclamation on the Suspension of Entry as Immigrants and Nonimmigrants of
Certain Additional Persons Who Pose a Risk of Transmitting Coronavirus” (29 Feburary
2020); https://www.whitehouse.gov/presidential-actions/proclamation-suspension-entry-
immigrants-nonimmigrants-certain-additional-persons-pose-risk-transmitting-coronavirus/

22. The Washington Post. “Europe blindsided by Trump’s travel restrictions, with many seeing
political motive” (12 March 2020); https://www.washingtonpost.com/world/europe/europe-
blindsided-by-trumps-travel-restrictions-with-many-seeing-political-
motive/2020/03/12/42a279d0-6412-11ea-8a8e-5¢5336b32760_story.html

23. United States Bureau of Transportation Statistics. https://www.bts.gov/



https://www.cdc.gov/coronavirus/2019-ncov/summary.html
https://www.cdc.gov/coronavirus/2019-ncov/summary.html
https://www.gov.ca.gov/2020/03/04/governor-newsom-declares-state-of-emergency-to-help-state-prepare-for-broader-spread-of-covid-19/
https://www.gov.ca.gov/2020/03/04/governor-newsom-declares-state-of-emergency-to-help-state-prepare-for-broader-spread-of-covid-19/
https://www.nytimes.com/2020/03/07/nyregion/coronavirus-new-york-queens.html
https://www.nytimes.com/2020/03/07/nyregion/coronavirus-new-york-queens.html
https://www.whitehouse.gov/presidential-actions/proclamation-declaring-national-emergency-concerning-novel-coronavirus-disease-covid-19-outbreak/
https://www.whitehouse.gov/presidential-actions/proclamation-declaring-national-emergency-concerning-novel-coronavirus-disease-covid-19-outbreak/
https://www.whitehouse.gov/presidential-actions/proclamation-suspension-entry-immigrants-nonimmigrants-certain-additional-persons-pose-risk-transmitting-coronavirus/
https://www.whitehouse.gov/presidential-actions/proclamation-suspension-entry-immigrants-nonimmigrants-certain-additional-persons-pose-risk-transmitting-coronavirus/
https://www.washingtonpost.com/world/europe/europe-blindsided-by-trumps-travel-restrictions-with-many-seeing-political-motive/2020/03/12/42a279d0-6412-11ea-8a8e-5c5336b32760_story.html
https://www.washingtonpost.com/world/europe/europe-blindsided-by-trumps-travel-restrictions-with-many-seeing-political-motive/2020/03/12/42a279d0-6412-11ea-8a8e-5c5336b32760_story.html
https://www.washingtonpost.com/world/europe/europe-blindsided-by-trumps-travel-restrictions-with-many-seeing-political-motive/2020/03/12/42a279d0-6412-11ea-8a8e-5c5336b32760_story.html
https://www.bts.gov/
https://doi.org/10.1101/2020.03.17.20037770
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2020.03.17.20037770.this version posted March 20, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

It is made available under a CC-BY-NC-ND 4.0 International license .

United State Census Bureau. https://www.census.gov/data/datasets/time-
series/demo/popest/2010s-state-total.html

Hahah I. C.-H. Fung, S. Cairncross, Effectiveness of handwashing in preventing SARS: a
review. Trop. Med. Int. Health. 11, 1749-1758 (2006).

T. Rabie, V. Curtis, Handwashing and risk of respiratory infections: a quantitative systematic
review. Trop. Med. Int. Health. 11, 258-267 (2006).

B. Klick, H. Nishiura, S. Ng, et al., Transmissibility of seasonal and pandemic influenza in a
cohort of households in Hong Kong in 2009. Epidemiology 22, 793 (2011).

M. Loeb, N. Dafoe, J. Mahony, et al., Surgical mask vs N95 respirator for preventing
influenza among health care workers: a randomized trial. JAMA 302, 1865-1871 (2009).

C. R. Maclntyre, S. Cauchemez, D. E. Dwyer, et al., Face mask use and control of respiratory
virus transmission in households. EID, 15, 233 (2009).

F. Carrat, J. Luong, H. Lao, A. V. Sallé, C. Lajaunie, H. Wackernagel, A'small-world-
like'model for comparing interventions aimed at preventing and controlling influenza
pandemics. BMC Medicine, 4, 26 (2006).

M. Z. Sadique, E. J. Adams, W. J. Edmunds, Estimating the costs of school closure for
mitigating an influenza pandemic. BMC Public Health 8, 135 (2008).

J. Tolbert, K. Orgera, N. Singer, A. Damico, Key Facts about the Uninsured Population.
Kaiser Family Foundation (2017).

R. Haveman, E. N. Wolff, The concept and measurement of asset poverty: Levels, trends and
composition for the US, 1983-2001. J. Econ. Inequal. 2, 145-169 (2004).

Competing Interest Statement
The authors declare no competing interest.

Funding Statement
The authors received no specific funding for this work.


https://www.census.gov/data/datasets/time-series/demo/popest/2010s-state-total.html
https://www.census.gov/data/datasets/time-series/demo/popest/2010s-state-total.html
https://doi.org/10.1101/2020.03.17.20037770
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2020.03.17.20037770.this version posted March 20, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC-ND 4.0 International license .

Figures

low traffic

Figure 1. US domestic air traffic pattern generated with the 2018-2019 aviation statistics
and state-wise population. Segiments are colored according to the air traffic volume
(Detailed in Supplementary Materials (19)) between the corresponding states.
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Figure 2. Forecasting the spread dynamics of COVID-19 epidemics in the US. (a) Epidemic
forecast for 50 states in the US, along with Washington DC and Puerto Rico. Forecast is made
under baseline condition that no control on transmissibility and interstate traffic is implemented.

(b) Map of the continental US colored according to the state-wise epidemic magnitude over the
period between May and August 2020.
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Figure 3. Effectiveness of Response-to-Spread Interventions. Circles represent national
statistics; Black color represents the forecast of SEIR model initialized on March 16; Red color
represents that initialized on March 2)

(a) Epidemic peak arrival time (measured in days starting March 1) as a function of percent of
interstate mobility reduction (b) Epidemic peak magnitude as a function of interstate mobility
reduction. (c) Epidemic peak arrival time as a function of percent of transmissibility reduction.
(d) Epidemic peak magnitude as a function of transmissibility reduction. (Boxes and whiskers
represent state-wise statistics; Circles represent national statistics; Black color represents the
forecast of SEIR model initialized on March 16; Red color represents that initialized on March 2)
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Figure 4. Intervention effectiveness decays over time. (a) Delay of national epidemical peak
with 25% transmissibility reduction or 90% interstate mobility reduction, as a function of the date
on which forecasts are made. (b) Effectiveness of interventions (quantified by normalized percent
of reduction in epidemic peak magnitude) as a function of forecast date.
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Figure 5. Timing and effectiveness of the intervention targeted on reducing virus
transmissibility. (a) Effectiveness (quantified by normalized percent of reduction in epidemic
peak magnitude) as a function of the implementation timing (quantified with number of weeks
ahead of national epidemic peak). (b) Empirical relationship between the best implementation
timing and intervention duration. Solid line represents a power-law fit with an exponent of 0.85.
(c) Map of the US with each state clustered and colored per the earliness of local epidemic peak.
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