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Part I: How many? How long?
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Timeline of key developments and studies
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#China has reported to WHO a cluster of #pneumonia
cases —with no deaths— in Wuhan, Hubei Province .
Investigations are underway to identify the cause of this
illness.

The first confirmed cases outside mainland China occurred in

Japan, South Korea and Thailand, according to the W.H.O.s first Novel coronavirus 2019-nCoV: early estimation of epidemiological parameters and
. . . . . . epidemic predictions

situation report. The first confirmed case in the United States can  gsion 2. Updated 27 Jan 2020

the next day in Washington State, where a man in his 30s

1:13 PM - Jan 4, 2020 - Twitter for iPhone developed symptoms after returning from a trip to Wuhan.
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Transmission of 2019-nCoV Infection
from an Asymptomatic Contact in Germany
Monica Gandhi, M.D., M.P.H., Deborah S. Yokoe, M.D., M.P.H., and Diane V. Havlir, M.D.
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The Imperial College approach .

Health BRVIEATATAN
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Coronavirus: UK changes course amid
Report 9: Impact of non-pharmaceutical interventions (NPIs) to death toll fears
reduce COVID-19 mortality and healthcare demand By James Gallagher

Health and science correspondent

Neil M Ferguson, Daniel Laydon, Gemma Nedjati-Gilani, Natsuko Imai, Kylie Ainslie, Marc Baguelin, ® 17 March 2020 H f © ¥ [X <« Share
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Dorigatti, Han Fu, Katy Gaythorpe, Will Green, Arran Hamlet, Wes Hinsley, Lucy C Okell, Sabine van
Elsland, Hayley Thompson, Robert Verity, Erik Volz, Haowei Wang, Yuanrong Wang, Patrick GT Walker,
Caroline Walters, Peter Winskill, Charles Whittaker, Christl A Donnelly, Steven Riley, Azra C Ghani.

Coronavirus pandemic

On behalf of the Imperial College COVID-19 Response Team
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The Imperial College approach
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Disadvantages
e Intuitive framework * Difficult to interpret

e Explicitly accounts for many interventions ® * Requires many assumptions despite limited data
« Can quantify uncertainty, in a way » Computationally expensive

Advantages
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Projecting the transmission dynamics of SARS-CoV-2

through the postpandemic period

Science 22 May 2020:
Vol. 368, Issue 6493, pp. 860-868
DOI: 10.1126/science.abb5793

Stephen M. Kissler'*, Christine Tedijanto?*, Edward Goldstein?, Yonatan H. Grad't1, Marc Lipsitch?t1
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Our approach

No seasonality
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Still, they agree pretty well

Harvard model

Imperial model
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Other notable alternatives

Hospital resource use ®
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 Has had a big influence, but based on very different principles


https://covid19.healthdata.org/united-states-of-america/massachusetts

Part ll:

AN
’ ._t . [}

5

North . 2 /7 (.87 8
North Atlantic S U o 2 e Nort
Pacific ) Ocean el Pacii
Ocean ™ /e } ®107- Oce:
‘o,
‘e
' (g o
Indian
South Ocean
Pacific South
Ocean Atlantic
Ocean
F

https://coronavirus.jhu.edu/map.html



https://coronavirus.jhu.edu/map.html

COVID-19 dashboards

Home Maps & Trends Testing Tracing Nev

JOHNS HOPKINS ‘ CORONAVIRUS

UNIVERSITY & MEDICINE RESOURCE CENTER

Johns Hopkins experts in global public health, infectious
forefront of the international response to COVID-19.

This website is a resource to help advance the understan
order to guide a response, improve care, and save lives.

CORONAVIRUS
RESOURCE CENTER

COVID-19 Case Tracker

Follow global cases and trends.
Updated daily.
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Coronavirus in the U.S.: Latest Map and Case Count

By The New York Times Updated June 26, 2020, 7:53 A.M. E.T.

TOTAL CASES

2.4 million+

DEATHS

124,393

Includes confirmed and probable

cases where available
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Map Cases by state Hot spots Clusters Latest news »

More than 2,435,200 people in the United States have been infected
with the coronavirus and at least 124,300 have died, according to a
New York Times database. This map shows where the number of
new cases is rising and where it is falling in the last 14 days.

NEW We just launched the COVID Racial Data Tracker

OurData v HowtoUselt v Why It Matters +

‘ The COVID
Tracking Project
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Contrasting data streams Percent positive tests
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Contrasting data streams
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Contrasting data streams

Seroprevalence of IgG antibodies against SARS coronavirus 2 in Belgium — a prospective cross-

sectional study of residual samples

Herzog Sereina, PhD : *, De Bie Jessie, PhD *° *, Abrams Steven, Prof > *, Wouters Ine, PhD 2, Ekinci
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Studies on age

Coronavirus: case fatality rates by age Our World

in Data

Case fatality rate (CFR) is calculated by dividing the total number of confirmed deaths due to COVID-19 by the number of confirmed cases.
Two of the main limitations to keep in mind when interpreting the CFR:
(1) many cases within the population are unconfirmed due to a lack of testing.
(2) some individuals who are infected will eventually die from the disease, but are still alive at time of recording.
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Note: Case fatality rates are based on confirmed cases and deaths from COVID-19 as of: 17th February (China); 24th March (Spain); 24th March (South Korea); 17th March (Italy).

Data sources: Chinese Center for Disease Control and Prevention (CDC); Spanish Ministry of Health; Korea Centers for Disease Control and Prevention (KCDC).
Onder G, Rezza G, Brusaferro S. Case-Fatality Rate and Characteristics of Patients Dying in Relation to COVID-19 in Italy. JAMA.
OurWorldinData.org - Research and data to make progress against the world’s largest problems. Licensed under CC-BY by the authors Hannah Ritchie and Max Roser.
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Age-dependent effects in the
transmission and control of COVID-19
epidemics

Nicholas G. Davies &, Petra Klepac, Yang Liu, Kiesha Prem, Mark Jit, CMMID
COVID-19 working group & Rosalind M. Eggo

Nature Medicine (2020) | Cite this article



Studies on geography, socioeconomic status,

April 29, 2020

Variation in COVID-19 Hospitalizations
and Deaths Across New York City
Boroughs

Rishi K. Wadhera, MD, MPP, MPhil'. Priya Wadhera, MD, MS2; Prakriti Gaba, MD3; et al

Americ_:an Journal pf _
Preventive Medicine

RESEARCH LETTER

Disparities in the Population at Risk of Severe
lliIness From COVID-19 by
Race/Ethnicity and Income

Matthew A. Raifman, MPP,* Julia R. Raifman, ScD?

Figure. Rates of Coronavirus Disease 2019 (COVID-19) Hospitalizations and Deaths by

New York City Borough
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and race/ethnicity

Viewpoint
April 15, 2020

COVID-19 and African Americans

Clyde W. Yancy, MD, MSc!

» Author Affiliations | Article Information
JAMA. 2020;323(19):1891-1892. doi:10.1001/jama.2020.6548

“A 6-fold increase in the rate of
death for African Americans
due to a now ubiquitous virus
should be deemed
unconscionable.”



Studies on geography, socioeconomic status, and race/ethnicity

Reductions in commuting mobility predict geographic differences in SARS-CoV-2

prevalence in New York City ”

Stephen M. Kissler'™, Nishant Kishore2*, Malavika Prabhu**, Dena Goffman5*, Yaakov Beilin&°*,

Ruth Landau®, Cynthia Gyamfi-Bannerman®, Brian T. Bateman’, Daniel Katz8°, Jonathan Galg,
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Part lll: where are we now?
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Part lll: where are we now?
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 Improve testing capabilities for better surveillance

<- Run detailed serology studies to see where the virus has been

e Think about what to do if/when we have treatments or vaccines

 Clarify the economic impacts of counter-measures

 Better characterize the risk factors for severe illness and especially transmission

 Prepare for a possible second wave f
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