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README.md

Time series summary (csse_covid_19_time_series)

This folder contains daily time series summary tables, including confirmed, deaths and recovered. All data is read in from the daily
case report. The time series tables are subject to be updated if inaccuracies are identified in our historical data. The daily reports
will not be adjusted in these instances to maintain a record of raw data.

Two time series tables are for the US confirmed cases and deaths, reported at the county level. They are named

time_series_covid19_confirmed_US.csv , time_series_covidl9_deaths_US.csv , r'espectw'vely.



Total number of confirmed cases

Cumulated number of confirmed cases
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Total number of deaths

Cumulated number of deaths
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 The objective is not to build a model... and try to “calibrate” it in
order to fit the data as well as possible



 The objective is not to build a model... and try to “calibrate” it in
order to fit the data as well as possible

 The objective is to develop a model

for the observed data, and validated by the data,

that provides good short-term predictions,

that is mechanistic and parsimonious,

that is implemented as an open-access interactive tool.
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Covidix-19
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The epidemiological compartments

. S(#)
S(t) = —5Tf(t)

. S(t)
1(t) = P 1(t) — uI(H) — vI()

R(t) = ul(2)

H(t) = vI(t) — AH(¢)

D(t) = AH(t)




The epidemiological compartments

. S(#)
S(t) = —5Tf(t)

. S(t)
1(t) = P 1(t) — uI(H) — vI()

R(t) = ul(2)

H(t) = vI(t) — AH(¢)

D(t) = AH(t)

Approximation : S(t) =N




The epidemiological compartments

I(t) = BI(t) — ul(t) — vI(t)

R(t) = ul(t)

H(t) = vI(t) — AH(t)

D(t) = AH(t)




The epidemiological compartments

m I(t) = BI(t) — ul(t) — vI(t)

< R(t) = pl(t)
d
v \ H(t) = vI(t) — AH(t)
7]
D(t) = AH(t)

R not needed for fitting the data
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The epidemiological compartments

m I(t) = BI(t) — uI(t) — vI(t)

| H(t) = vI(t) — AH(t)

M D(t) = AH(t)

The transmission rate 3 changes over time




The epidemiological compartments

I(t) = BOI(E) — uI(t) — vI(t)

H(t) =vI(t) — AH(t)

D(t) = MH(¢)




The epidemiological compartments

B(t)

I(t) = BOI(E) — uI(t) — vI(t)

H(t) =vI(t) — AH(t)

& D(t) = AH(t)

K
B(t)=Bo+at+ Y hptx It >}
k=1

We will use a piecewise linear function for 3




The observation model

Available data:
* w=(w;,j=1,2,..) wherew isthe cumulated number of confirmed cases

Then, w; - w, ; is the number of new confirmed cases on day j

e d= (dj ,j=1,2,..) where dj is the cumulated number of deaths

Then, dj - dj_l is the number of new deaths on day j
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Covidix-19
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The observation model

The data: The epidemiological model:

* cumulated number of confirmed cases (w;) I(¢) = Bt)I(t) — pI(t) — vI(t)

H(t) = vI(t) — AH(t)
* cumulated number of deaths (d,)

D(t) = AH(t)




The observation model

The data: The epidemiological model:

* cumulated number of confirmed cases (w;) I(¢) = Bt)I(t) — pI(t) — vI(t)

H(t) = vI(t) — AH(t)
* cumulated number of deaths (d,)

D(t) = AH(t)

We assume that only a fraction a of the

infected people are confirmed,



The observation model

The data: The epidemiological model:

» cumulated number of confirmed cases (w;) I(t)=B(t)I(t) — pl(t) — vI(t)

W.(t) = aB(t)I(2)
e cumulated number of deaths (dj) _
H(t) = vI(t) — AH(t)
We assume that only a fraction a of the
infected people are confirmed, D(t) = AH (%)




The observation model

The data: The epidemiological model:

» cumulated number of confirmed cases (w;) I(t)=pB)I(t) — pl(t) —vI(t)
w; predicted by W (t) _
We(t) = aB)I(2)
e cumulated number of deaths (dj) _
d; predicted by D(t) H(t) = vI(t) — AH(t)

D(t) = AH (%)




The observation model

A first statistical model for the daily counts:

wj —wj-1 = W(t;) = Wi(tj1) +e; 5 e~ N(0,07)
dj —dj 1= D(t;) — D(tj1) +u; ;5 uj~N(0,0%) H(t) = vI(t) — \H(t)

D(t) = AH(t)

. K
Parameters of the model: B(t) = o +at+ 3 byt x {t > 1)
k=1

0 = (if,ﬁu,ﬂ—,hl,“.,hI{,Tl,.-.,TK,H,I-’,A,I{],H{],D[},O’E,O’E)



The observation model

A first statistical model for the daily counts:

wj —wj-1 = W(t;) = Wi(tj1) +e; 5 e~ N(0,07)
dj —dj 1= D(t;) — D(tj1) +u; ;5 uj~N(0,0%) H(t) = vI(t) — \H(t)

D(t) = AH(t)

Parameters of the model: K
B(t)=Bo+at+ Y Mt x I{t > 7}
k=1

0 = (ﬂi,ﬁu,ﬂ;,hl,“.,hf{,'l"l,...,TI{,}L,U,)\,I[],H[],D[],D‘E,D‘%]

0 obtained by Maximum Likelihood (ML) Estimation
K obtained by minimizing the Bayesian Information Criteria (BIC)



Fitting the Italian data
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Fitting the Italian data

Cumulated numbers

Daily numbers

confirmed confirmed
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Fitting the Italian data

The residuals (daily numbers)
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Fitting the Italian data

The residuals (daily numbers)
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The residuals errors exhibit a weekly periodic component:
the observation model should include this periodic component.
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Fitting the Italian data

The residuals (daily numbers) Observations vs predictions (daily numbers)
confirmed confirmed
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The residuals errors exhibit a weekly periodic component:
the observation model should include this periodic component.
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Fitting the Italian data

The residuals (daily numbers)

confirmed
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deaths
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date

The residuals errors exhibit a weekly periodic component:

the observation model should include this periodic component.

Observations vs predictions (daily numbers)

confirmed
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deaths
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pred0

The magnitude of the errors increase with the prediction:

the observation model should include a proportional error model




The observation model

A second statistical model for the daily counts: I(t) = B)I() — ul(¢) — vI(E)

W — w1 = (W(tj) — W(tjfl)) (1 + ACOS(Q%tj + Qb)) (1 + Ej) Wc(t) = ap(t)I(t)
ej ~ N(0,0?) H(t) = vI(t) — AH(?)

dj —dj_1 = (D(t;) — D(tj-1)) (1 4+ 3605(277?% n ¢)) (1 n uj) D(t) = AH(t)

K
uj ~ N(0,02) B(t)=Bo+at+ Y Mt x I{t > 7}

k=1
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About the basic reproduction number

I(t)=BO)I(t) — pl(t) - vI(t) Ry =

* Not so easy to understand (at least for me)
 Seems to depend on the model (and not only on the parameter values)

The difference B(t) — pu+ v

* (maybe) more informative than the ratio B(t)/(u + v)

t = 108(2)/(5 — i+ )
tije = —10g(2)/(B—pn+v)

e easy tointerpret, as related to the “half-life”
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| ncreass | peakofdaiydeaths | Decreass
(1 2 () pate : a2 () /e ()

penmark PB ; L " - -
i . R - 24 .
swizeriand P » P s s s
13 10 4/4/2020 155 28 46
19 14 4/13/2020 226 22 37
21 15 4/15/2020 268 17 27
_ 15 11 4/5/2020 532 20 34
15 10 3/27/2020 835 25 47
_ 16 12 4/3/2020 839 17 33
19 13 4/13/2020 927 27 50

Maximum daily number of deaths predicted by the model. For each country, t4 (T) and t2 (T) are, respectively,
the number of days it took to multiply the number of deaths by 4 and 2 ; t1/2 (¥) and t1/4 (¥) are, respectively,
the number of days it took to divide the number of deaths by 2 and 4.



A monitoring tool

This tool can be useful for detecting unexpected changes in the dynamics of
the epidemics.

Portuguese data:
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A monitoring tool

This tool can be useful for detecting unexpected changes in the dynamics of
the epidemics.
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A monitoring tool

This tool can be useful for detecting unexpected changes in the dynamics of
the epidemics.
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confirmed cases deaths effective reproduction number
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A monitoring tool

This tool can be useful for detecting unexpected changes in the dynamics of
the epidemics.

Spanish data:
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... or to consider as expected what may seem unexpected



A monitoring tool

This tool can be useful for detecting unexpected changes in the dynamics of

the epidemics.

... or to consider as expected what may seem unexpected

A ) Actualité » Fiches > Guide Vie quotidienne » Coronavirus
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hausse aux Etats-Unis, selon le dernier bilan en
date. De nombreux autres pays craignent ou
constatent une résurgence du nombre de cas. Le
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A

‘ confirmed

.
30000+ et e
L ]
20000+ et

10000+

deaths

-
2000+ Se®e

LT .

10004

e

avril

mai

juin




A monitoring tool

This tool can be useful for detecting unexpected changes in the dynamics of
the epidemics.

... or to consider as expected what may seem unexpected

A ) Actualité » Fiches > Guide Vie quotidienne » Coronavirus ‘ confirmed
Coronavirus dans le monde : hausse 300001
inquiétante des décés aux USA, les 200001
chiffres 10000+

@ La Rédaction, Mis & jour le 11/06/20 17:35 0-

m

CORONAVIRUS. Le nombre de contaminations et
de morts liés au Covid-19 semble repartir a la
hausse aux Etats-Unis, selon le dernier bilan en
date. De nombreux autres pays craignent ou
constatent une résurgence du nombre de cas. Le 01

20004

1000+

. L. avril mai juin
point sur la pandémie dans le monde. . J



A monitoring tool

This tool can be useful for detecting unexpected changes in the dynamics of
the epidemics.

... or to consider as expected what may seem unexpected
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HOME BREAKING NEWS BUSINESS SPORTS HEALTH MIX 2000 A * ) ) °?
Notable rebound in Germany of new
cases and deaths from coronavirus




A monitoring tool

This tool can be useful for detecting unexpected changes in the dynamics of
the epidemics.

... or to consider as expected what may seem unexpected
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Notable rebound in Germany of new :
cases and deaths from coronavirus
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Possible scenarios after the end of the lockdown

1) The transmission rate remains the same
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Possible scenarios after the end of the lockdown

2) The transmission rate is multiplied by 1.5
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Possible scenarios after the end of the lockdown

3) The transmission rate is multiplied by 2
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Possible scenarios after the end of the lockdown

4) The lockdown ends 2 weeks later (May 25)
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Possible scenarios before/after the lockdown

5) The lockdown starts one week before (March 10)
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About the data

|\t France

COVID-19 - France

28 022°

(-217)
cumul des déces

Some French data...

Données hospitaliéres

®
18 468° 62 563 1 894°
(-547) (+833) (-104)
confirmed retours a
hospitalisations domicile en réanimation
6000 A
17 714°
(+125)
decés a I'hopital
40004
Données EHPAD et EMS
2000 A
36 530° 10 308°
(-69) (-342)
0+ cas confirmés en décés en EHPAD

EHPAD et EMS et EMS



Ireland:

About the data

deaths
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Casos nuevos diarios con coronavirus en Espaiia

@ Casos nuevos diarios @ Casos confirmados por PCR Casos confirmados por test de anticuerpos

Espania, en estado de alarma

[ Sin especificar tipo de prueba
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About Bayesian methods

Bayesian approach is great!
... but it's often used in extremist ways:
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but =100 000...)

Bayesian approach should be used for introducing prior information
(I think that [fshould not be far from 3... probably between 2.5 and 3.5)
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Thank you !



