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Abstract

Based on current compartment model for covid-19, | developed this new model, combined with the
stochastic process, using (1) mathematics analytic methods (2) numerical differential solvers and curve
fitting (3) computer simulations to better understand the public covid-19 data, caliber parameters for each
county and region, therefore to explore the reason and forecast the trends for the coronavirus. For more
details, please visit this project’s website: http://covid.jackwu.us/

Introduction

Since the outbreak of covid-19 last December(Wu 2020!"), there have been over 6 million confirmed
cases and 388 thousands of deaths(CSSE,2020%). Costs over $5 trillion and affects the life of every
human being on earth in such a short time, just 5 months®. Scientists around the world have contributed
23,000 research papers on it (Google Scholar Search). Among them, mathematical modeling is used to
predict the spread of the virus for policymakers to better allocate resources and plan interventions. SDS,
2020 summaries these approaches to SAR, Ebola, MERS and SARS-CoV-2 (i.e. Covid-19).

There are two kinds of approaches for the modelling: statistics modelling and compartment modelling.
Statistical models are usually based on the historical data from earlier outbreak, to construct the statistical
model, then to predict the spread of virus in the US and other countries. The Institute for Health Metrics
and Evaluation (IHME) outlined the spread epidemic curve in China and Italy, and applied it to all the
states of America and most other countries™®l,

The other popular model is the compartmental model, which is based on conservation law. The rate of
change equals the difference between the influx to and outflux from a compartment, which leads to the
establishment of the differential equations. By solving and simulating the equations, we can understand
how public interventions affect the epidemic, predict how the virus spreads, and know what the minimum
vaccines needed in a given population.

Literature review

Governmens, research organizations, universities around the world have spent a huge amount of
resources to develop models to understand and predict the spread of COVID-19 since pandemic outburst
late 2019. Scientists from different fields, from infectious diseases and medicine biology to mathematics
and computer science, have developed and researched various models. This has led to what is likely the
fastest rate of scientific research in history. There are also quite a lot of review articles about models such
as reviewing all the methods in compartment models. However, | haven’t seen a thorough overview about
all the methods across different disciplines including infectious disease medicine, pharmacokinetics,
mathematics, computer simulation, artificial intelligence and machine learning. Therefore here | present
and discuss the basics of these approaches about their concepts, principles, implementations,
applications and limitations as the starting point of my research.
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1) Statistical Model
a) Regression model
i)  Linear regression model
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The trend line is a typical linear regression model. It minimizes the sum of the
squared deviations from the data to get the trend of the spread of COVID. My
home state Delaware government website!" provides daily trend lines for
Current Hospitalizations, New Hospital Admissions (Confirmed and Suspected
with COVID-19), Percent of persons testing positive, New Positive Cases, Tests
Performed ...... , this is the easiest and most widely seen statistical method used

in numerical Covid-19 websites.
i)  Cyclic regression model

This more advanced model describes the seasonal behavior of diseases, and
their tendencies to be more prominent during specific times during a cycle.
Serfling 1963 first developed statistical analysis of excess pneumonia-influenza
deaths based on the seasonal pattern. He combined a linear term describing
secular trend with sine and cosine terms describing seasonal cyclic change to

form an equation of the type for /}; the expected mean value to the total deaths in

4 weeks:

~
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[1]



in which 8is a linear function of time t. Serfling'® used a least square estimation of
the parameters in equation (1) and derived this cyclic regression model for the
pneumonia and influenza deaths:

Y = 300.5 + 2.1¢ + 97.6 cos(2nt/13 — 2.67) 2]

Nowadays CDC uses more square terms (tz)to account long-term changes due
to nonlinear factors such as population growth
iii)  Double integration method for determining the period of a long term cyclic

trend:

Y=Y + Asin(Zy [3]

where /l;is the observed value, Ythe mean value, A the amplitude, T the period, t

the time. Let’s integrate /); - 1_/twice,
TT

[[¥ = Y)dtdt = - :—Tjsin(%) [4]
00 m
Therefore we can find out the pandemic period by subtracting the observed value
with their mean value
Regression models, both linear and nonlinear, are very popular among epidemiologists
for the prediction and surveillance of outbreaks of new emerging epidemics.
b) Time series analysis on AutoRegressive Integrated Moving Average Model (ARIMA)
and seasonal ARIMA 12
Assume y(t) denotes a stationary stochastic process at time t with mean value 4,
the backward shift operator z' is the defined as z*y(t) = y(t - k),
the differencing operator of order d: A® is defined as A° = (1 - )",

the residual (noise) at time t is e(t) which cannot be predicted from previous
measurements. Then the ARIMA model is modelled by the equation:

d
Az H[B y() = u] = Bz De(®)
[5]
Special cases:
1) For d=0 and m=0, it's the moving average model
2) For d=1 and m=n=0, it's the random walk with drift

3) ForA ?E(l — 21 %A = 27" *where kis the length of seasonal cycle

and S is the degree of seasonal differencing: then it becomes the
seasonal ARIMA model
Some parts of the time series are used as a training set, and the remaining data is used
as a validation set. The goodness-of-fit model is used for forecasting disease evolution.

c) Statistical process control methods
i)  Cumulative sum charts (CUSUM)
CUSUM™ s a sequential analysis technique most commonly used technique for
the detection of disease outbreaks. Assume at time t; (i=1,2,...,n), the number of
infected cases is y(t;), then CUSUM is:



i
CUSUM(i) = Y, (Y(ti) — k) orin a recursive form as
j=1

CUSUM(0) = 0 (6]
CUSUM(i) = max(0, CUSUM(i — 1) + y(t) — k), i = 0

where K is a reference value to the difference between to the in-control and the
out-of-control mean. The threshold h is 3 times the standard deviation from mean
value of in-control observations

IfCUSUM(i) < h, then the process is “in-control”.

When t=t; CUSUM(i) > h, then the process is “out-of-control”.

We can calculate k

£8,ly(t))
ERFTCNE)

Here f(6,) and f(8,) are the probability functions of the in-control and
out-of-control processes with parameters 8, and 6, respectively. They can be
estimated using data from the past. For Poisson distributions, formula [7] is
simplified as:
HH,
k = 8]
log(n,)—log(n,)
i)  Exponentially weighted moving average (EWMA) " using the following recursive
statistical estimator,
z(to) =z(0)=0
2(t) = (1 — Vz(t_) + yy(t) fori =1 [9]
where the constant smoothing coefficientyis the degree of weighting decrease
between 0 and 1. It is a “forgetting” factor for weighing the significance of past

values. y(t) is the value at time t;,z(t;) is the value of the EMA at time t;. THe
recursive solution is

2(t) = YIy(t) + L — Vy_) +.+ @ - VY DI+ @ - vz, )

[10]

d) Hidden Markov Models (HMM) - statistical correlation in time series
HMM is a statistical Markov model for the Markov process system!'®) HMM are known for
their applications to many areas including infectious disease. When epidemic outbreaks
like COVID-19, we can observe some possible indicators of the disease, but we cannot
monitor and record explicitly the characteristics of the disease. HMM are then exploited
under these limitations. We can use them to forecast the evolution of COVID-19 by
monitoring the number of reported cases.

e) Spatial models - monitor, identify and forecast disease outbreaks in different locations

f) Copula methods
2) Mathematical Model

a) Compartment model
Compartment model'® has a long history, as originated by Kermack and McKendrick in
1927.1" |t has been used widely in epidemics research and other areas, like
pharmacokinetics and pharmacodynamics to study the movement of drugs through the

k [7]
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body and the body’s biological response to drugs. It's a prime example of the application
of conservation laws from physics and differential equations from mathematics to medical

research.

i)  Variations on model

(1)

()

SIS model § & 1
This is the 2 compartments model, Susceptible and Infectious.

=y TVl
i _ SI
aw =~ Y

where S(t) is the susceptible population, I(t) is the infected population, Bis
the COVID-19 transmission rate, and yis the recovery rate. N is the total
population, and is a constant:
das(t) di(t) _ dN

dt + .~ dt 0
Assume initial condition 1(0)=l,, The solution to the system of equations is

a logistic function:

(B=y)N
I(t) = 0
2 B+[([3—Y)(N/10)—B]e(Y P

S(t) + I(t) = N,

='B—, if
Y

Introducing the basic reproduction number R,

R/< 1= lim I(t) =0

t—> oo
R >1=lim I()=( —R YN =1
0 o
t— oo
I(t) can be rewritten as
1 =
t) = -
14(1 /1 ~1)e" ™"

In the special case assuming y = 0, the SIS model degenerates to a Sl
model with a simple exponential logistic growth function.

SIRmodel S -1 - R

For covid-19, the most widely used compartmental model is the
3-compartment model, also known as the SIR model. S stands for the
stock of the Susceptible population, | is the stock of Infected, and R is the
stock of the Removed population (including both recovery and death).
The conservation law requires that:

ds __ pst
dt N
dal_ BSI

dt = N I
dR

dt 1z

(3) SIRS model S > I - R



(4)

®)

(6)

A recovered individual may become susceptible again after a period of
time 1/a. Adding this possibility to the SIR model changes it into the
SIRS model:

das __ BSI
= N + aR

dt

A _ BSL
dt ~ N vi
drR
?—yl— aR

When di/dt > 0, dS/dt < Othe disease becomes an epidemic

SIRD model S -1 - (RD)

A new compartment, D, stands for the deceased population, and u the
mortality rate for the disease. Adding this compartment to the SIR model
changes it into the SIRD model:

as __ BST

dt N
= Y= WD
a =V

=

MSIR modelM - S -1 - R
A new compartment M represents those with passive immunity, and Ais
the birth rate. Adding this compartment to the SIR model changes it into
the MSIR model.

dM

= A- M- M
B =sm - B — s
W= Y-
A% = yI - uR

SEIRmodelS - E—->1—->R

The Incubation period is very significant for COVID-19 in particular.
Patients could be infected but not yet infectious. We need to add an
Exposed compartment between Susceptible and Infectious, which
represents those patients. Assuming the incubation period is a™ and birth
rate and death rate are the same at Ny, the system of equations below is
derived. Adding the exposed compartment to the SIR model changes it
into the SEIR model.

as _ _ _ BSL
dt_l"lN WS N
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(8)
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Now the basic reproduction number R, becomes Ry= L
ut+a pt+y

Ro < 1= lim (SEIT) = Disease Free Equilibrium

t— o0
R0 > 1= lim (SEIT) = Endemic Equilibrium

t— o0
SEIS model
MSEIR model
MSEIRS model

(10) Diffusion model

Infectious disease spreads not only over time, but also diffuses across
space. In order to study this effect, we can add a diffusion term into the
equations:

ot S =DV'S — BSI/N
ot I =DVl + BSI/N — yI

0t R =D VR + vyl

Where Dq, D,, and Dg are diffusion constants.

(11) Vaccination model

Let V be the vaccinated population, P be the newborn vaccinated
population, and pthe adult vaccinated rate

dS/dt = uN(1 — P) — uS — pS — BSI/N

dl/dt = BSI/N — (n + y)I

dV/dt = uNP + pS — pV

Eradication condition becomes

P=21-(1+ p/W/R,

Continuous model vs Discrete model

(1)

()

Continuous model

In the real world, infected subjects are discrete individuals, and therefore
continuum models just describe the coarse grained dynamics of the
epidemics in the population. Therefore, we can use ODE/PDE (ordinary
or partial differential equations), which are powerful mathematical tools
for the evolution of the disease as a function of parameters, such as age,
quarantine, etc.

Discrete model

However, the spread of COVID-19 is very complicated, discrete and
stochastic. We have to use a more realistic model to understand more
details. For discrete time equivalent, rewrite the SIR model as:

S, =S~ BSI/N,

t+



I = It + BStlt/Nt - ylt

t+
Rt+1 = Rt + ylt
iii)  Deterministic model vs Stochastic model

(1) Deterministic model

(2) Stochastic model
The discrete model above remains deterministic: for given values of the
rates B and y, dynamics will be fixed. It is fairly straightforward to convert
this discrete model into a stochastic one by adding appropriate
probability distributions to the model. There are at least 3 types of such
distributions which will be useful to consider

(a) Binomial distribution
A deterministic model per susceptible rate Blt/Nt, where the

probability for an individual to move from S to | at time tis
—BI /N
pS->D,=1-e ct
(b) Poisson distribution
Assume the imported rate of new infectious cases is €
I =1 +BSI/N — vyl + €
(c) Multinomial distribution
iv)  Fractional Calculus
Normal integer calculus fails in model fitting to the real world. Rates of movement
from one compartment to another aren’t always proportional to the compartment
population. The more advanced fractional calculus has been widely used in
science and has rewritten physics, chemistry, engineering, pharmacokinetics,

and infectious disease research. Fractional calculus involves replacing the
n

traditional calculus (where n must be an integer) to D‘:where acanbea

n

dt
complex number:

Re(@) > 0= D f (1) =L(at)

t
Re(@) < 0= D10 =t S (t — D f(D)dr

[~

1
d’ 2 .7
t =_t2,still

acr

For example,

S 1
2 2

1 1
d d’ d d 2,72
t=—7F(C=t) =—(—=t") =1
dt dt® dt’ dt’ \/E

Then the SIR model changes to:
DS(t) =— BSI/N

DI(t) = BSI/N — I



DIR(t) = vI

b) Agent Based Simulations

c) Complex Networked Models
3) Machine Learning Model

a) Data Mining

b) Machine Learning

1. Stochastic Branching Model

Hellewell et al 2020®! first developed a stochastic branching model, parameterised to the COVID-19
outbreak, and used the model to quantify the potential effectiveness of contact tracing and isolation of
cases at controlling COVID-19.

Infected Symptoms Infects  Infects Isolated Mo infection
person B person C (isolated)
Incubation Delay from onset to isolation

Serial intervals

Infm::t{:d ' Symptoms + Nao infection Ma infection
H ; isolated
’e‘o OB.,*‘-O Person B }—. O >
Tk, RS Traced (p) Incubation
<> Serial intervals
D '
C O —0 Infected Infects Symptoms  Infects Infects  Isolated
\ ' person D person E parson F
\ e — — B=%
O E Not traced (1-p) Incubation Delay from onset to isolation
Serial intervals

Fig 1: Stochastic Branching Model

Their key findings are (1) higher RO with a higher percentage of contacts that had to be traced; (2) The
probability of controlling an outbreak decreased with initial cases count increased, which in turn increases
RO, and causes more transmission before symptom onset. They drew the conclusion that highly effective
contact tracing and case isolation is enough to control COVID-19. There are many strong assumptions,
such as (1) isolation reduces spread completely which is not necessarily true; (2) outbreak will stop within
12 to 16 weeks from the initial case due to no new infections, which also is not true.

My work

In my research, I use a basic SIR model and calibrate it to match the real observed trends of COVID in
various countries and regions. By solving for the parameters of COVID spread, we can use those
parameters to analyze what caused the differing trends of coronavirus in different countries, and forecast
what will occur in the future by extending our model.

Main

1. My New model



My project workflow, from data collection to models, methods, findings, to conclusions, and

applications as the following figure:

Real Time I

Moving Average I

Bolligner Bands I

Machine Learning

Curve Regression I

Analytical Math I

Simulation

My compartment model:

Conclusion

Callibrating

Forecasting

10



Active Susceptible

Susceptible

Population Active Infected

| have published all the analysis to my website: http://jackwu.us , which is the only website that
provides real time compartment modeling for every country/state currently available:
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2. Mathematics
This paper uses the classic SIR model to model COVID-19, with three compartments: Susceptible,
Infected, and Removed. The susceptible compartment includes people who do not have the disease, but
are capable of catching it. The infected compartment includes those who actively have the disease. The
Removed compartment includes both people who have Recovered, and are thus immune due to
immunologies, and are dead, and are Removed since they cannot contribute to the spread of the disease
anymore.

There are two ways for individuals to change compartments; they can move from Susceptible to Infected
through transmission (catch the virus), or move from Infected to Removed through recovery (recover or
die from the virus). We make the same assumptions about virus spread as in previous SIR models: that
transmission is jointly proportional to the populations of the susceptible and infected compartments, and
that recovery is jointly proportional to the population of the infected compartment. This is represented by
the following set of differential equations:

DS(t) =— BSI/N

DI(t) = BSI/N — I

13
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One of the most straightforward ways to forecast a pandemic is to use known data to create a best fit
model. This model has certain parameters that need to be calculated by a best-fit model.

There are many different models that can be used for a best fit. The simplest model is a linear regression,
or a trendline. A linear regression with equation mx + b can be fit to some given data. A linear trendline
can be useful for predicting numbers over a short period of time, but is ineffective for long periods of time
because the overall data trend is not linear.

Our model is an expanded version of a simple linear regression. To better model the entire trajectory of
the pandemic, we add two additional terms to our model equation. Using these two terms, we are able to
model: a purely exponential growth, a logistic growth, a “bell” curve, and a “second wave” curve, as seen
in the below picture.

Here we analyze the SIR model and solve its differential equations analytically.

Using the expressions for dS/dt and dI/dt, we derive

dI/dS = -1+ a/BS

1 N S

[dl == [dS+(a/B) [ 1/Sds
10 S0 S0

I-1,=(Sy-S) +(a/B) *(n S - In Sy)
3. Data collection, extract, transform, load, orchestration, normalization

The data used in this study came from primarily four sources. The first resource is from the publication
Our World in Data" (https://ourworldindata.org/coronavirus-source-data) which had data concerning

confirmed cases, deaths, tests, and specifics about each country; however, it did not have a count for the
number of those who had recovered from COVID, making it impossible to determine the number of
people infected at any one time. To fill in this data for our model, we used a second source, from The
Humanitarian Data Exchange, (https://data. humdata.org/dataset/novel-coronavirus-2019-ncov-cases) to

get the number of recovered individuals and then calculate infectives. The third source I used in this
project is JHU CSSE data (https://github.com/CSSEGISandData/COVID-19) which are aggregated from
tens of different sources for US states data. The fourth source is

https://ncov.dxy.cn/ncovh5/view/pneumonia, which contains China Covid 19 data.

The reasons for collecting multiple resources include the presence of data for more areas/countries/states
in the world, data for different time intervals, and the inclusion of more fields and attributes, for my

14
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research needs. However, because the data is coming from four different sources, there were several
issues as following:
1. Different file formats: mostly, they are 5 types of data formats:
a. .csv (comma separated values file)
b. .xlIs or .xlsx (Microsoft Excel file)
c. Html file from web page
d. Web service/API interface files
i.  Xmlfile
ii. JSON
2. Redundant data with repetition of data
3. Missing data
a. The Humanitarian Data Exchange Data lacked any records from the United States of
America, so the number infected at any time could not be calculated for the US.
4. Discrepancies that harmed the accuracy of the data and caused erroneous results.
a. The recovered count (from the Humanitarian Data Exchange) exceeded the total cases
count (from Our World in Data) for the country of New Zealand, causing a negative
number of active infectives.

In order to solve these issues, I used Microsoft SSIS (SQL Server Integration Services) tool for ETL
(extract, transform, load) and orchestration. I built a SQL relational database to store and process the data.
I established all primary keys for each table, and foreign keys for referential integrity. Here is the
collected data that was loaded into a MS SQL database.

15
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Total data size is 208 Mb. All the processed data, have been posted to my web site at:

Country *

% CountrylD
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locationname
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population_density
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http://www.jackwu.us/Data

Both table views and graph views are available. For example, There are 280 countrie/regions data in table

view at

http://www.jackwu.us/TableView

MyModelParameters * CovidStatesRecovered
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up_k recoversd
b dataQualityGrade
up_3 lzztlipdateEt
h_a dateModified
up_b checkTimeEt
ha_b death
up_c hospitafized
hw_c dateChecked
up_m totalTests\Virsl
h_m positiveTests\iral
up_n negativeTests\iral
hwon positivelazes\irsl
up_d fips
hw_d positivelnorezse
up | negativelncresse
bl toital
to W totaTestResults
totalTestResultsine.
MortalityRate pozheg
¥ Age dezthincrezse
¥ Sex hospitalizedinorease
% [Cardiovascular ] hash
¥ Diabetes commercialSoore
% [Chronic respiratory] negativeRegulric.
% Hypertension negativeScore
% Cancer positiveScore
Rate hd
Dizgnoze

which can browse to 14 pages, and each country is selectable to view daily records - here’s a screenshot:

16


http://www.jackwu.us/Data
http://www.jackwu.us/TableView

| - COVID Study Site, A Jack Wu &) X +

< C A Notsecure | jackwu.us/TableView w B o

LTl

COVID Study Site = Data = Table View -
COVID Study Site Review? Data) Insights» Forecast? Abouth

Latest Data

Location Total Cases Total Deaths Total Recoveries Active Total Tests
Select Afghanistan 13036 235 1259 11542
Select Albania 1076 33 891 192
Select Algeria 8997 630 o422 2945
Select Andorra 763 21 684 28
Select Angola 73 4 18 51
Select Anguilla 3 0
Select Antigua and Barbuda 25 3 19 3
Select Argentina 14688 508 4788 9383 107327
Select Armenia 8216 113 3297 4806
Select Aruba 101 3
Select Australia 7150 103 104 6943 1070290
Select Austria 16543 663 15347 9238 415224
Select Azerbaijan 4759 o6 3129 1578
Select Bahamas 101 h 45 42
Select Bahrain 10052 15 o700 4337 249666
Select Bangladesh 40321 559 9015 30747 275659
Select Barbados 92 7 76 9
Select Belarus 39838 218 17380 22249 245560
Select Belgium 57848 9388 15682 32779 658513
Select Belize 18 2 16 0

12345678910...

History for Australia

Date Total Cases Total Deaths Total Recoveries Active  Total Tests
5/29/2020 7150 103 104 6943 1070290
5/28/2020 7139 103 104 6932 1070290
5/27/2020 7133 102 104 6927 1041167
5/26/2020 7118 102 104 6912 991069
5/25/2020 7109 102 104 6903 947046
5/24/2020 7106 102 104 6900 927641
5/23/2020 7095 101 104 6890 895108
5/22/2020 7081 100 104 6877 873528
5/21/2020 7079 100 104 6875 840530
5/2012020 7068 99 104 6865 814413
5/19/2020 7060 99 104 6857 788716
5/18/2020 7045 98 104 6843 764880
5(17/2020 7036 98 104 6834 744972
5/16/2020 7019 98 104 6817 718498
5/15/2020 6989 98 104 6787 686662
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There are 12 different graph views of raw data, each graphing a different statistic. Here’s a screenshot for
Accumulated Hospitalized count, which compares between an unlimited number of states and countries.
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[CNew JerseyBohio JPennsylvania_MissourifKentucky
500 —— Maryland
Ohig
— Kentucky
400
300
|
[ | ' |
200 N
| | I
||I Il i | | | ,ll
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Deskiop view | Switch to Mobile
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Following is the flow chart for the processing of data:

4. Calibration

There are 5 parameters needed to produce an SIR model and graph. They are: (1) the starting value of S,
or susceptibles, (2) the starting value of I, or infectives, (3) the coefficient for the rate of transmission, 3,
(4) the coefficient for the rate of recovery, a, and (5) the “time shift”, or the real-world date at which the
SIR simulation should begin. These values were calibrated for many countries, with the goal of finding a
best-fit. The best fit was defined to be the set of parameters that minimizes the sum of the squares of
errors (differences between our mode simulation and real observed data).

Python and various libraries such as scipy, numpy, pandas, and matplotlib were used to simulate an
infection using the SIR model, read information from SQL, find the best-fit parameters, and display data
using a graph. The best fit was calculated using the scipy.optimize.curve_fit function.

The initial guesses were calculated in certain groups. Data from countries were split into one of four
categories:

-Growth, a continuous increase in cases

-Logistic, a growth followed by a relatively flat plateau

-Bell, a growth followed by a drop, similar to a graph created by an SIR model
-Second Wave, a growth followed by a drop, and then another growth

The best fit model for the countries in each type was calculated using a similar procedure. First, we
manually fit the curve for a country that has an ideal graph; smooth and easy to fit using simple
experimentation and manual tinkering. Once a satisfactory initial guess is created for the base country,
that initial guess is copied over to all other countries of the same type, and then scaled based on the peak
active count in each country compared to the peak active count in the base country. All of the initial
guesses for each country is run through the scipy.optimize.curve_fit function to find the local best fit.

5. Data fitting and numerical results
5.1 Tracking Daily Records
5.1.1 Table view

I have extracted, transformed and loaded COVID-19 data using web services from
different sites. The challenges associated with the process of ETL include: (1) The management
of huge amounts of data, with my database size growing to gigabyte size. I have learned partition
techniques to speed up my database performance. (2) The data are from different sources, with
different structures and different schemas. Certain sources, like John Hopkins University, have
even changed their own data schema (JHU has changed 4 times since I loaded their data). So far,
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I have collected COVID-19 data for all countries and also all states in the United States. A table
view can be seen by visiting my web site at https://covid.jackwu.us/TableView. Below is a

screenshot for Delaware.

|- - COVID Study Site, A Jack Wu &

LAdlESL Wala

Location
Select United States

Select Uruguay
Select Uzbekistan
Select Vatican
Select Venezuela
Select Vietnam
Select Western Sahara
Select World
Select Yemen
Select Zambia
Select Zimbabwe
Select Alabama
Select Alaska
Select Arizona
Select Arkansas
Select California
Select Colorado
Select Connecticut
Select Delaware

History for Delaware
Date Total Cases
5/20/2020 8194
5/21/2020 8386
5/22{2020 8529
5/23/2020 8690
5/24/2020 8809
5/25/2020 8963
5/26/2020 9066
S/2712020 9096
5/28/2020 9171
5/29/2020 9236
5/30/2020 9422
5/31/2020 9498

6/1/2020 9605
6/2/2020 9685
6/3/2020 9712

x +

&« & & covidjackwu.us/TableView

Total Cases Total Deaths Total Recoveries

1721750 101617

Select United States Virgin Islands 69 G

811 22 680
2444 14 2728
12 0
1327 11 302
327 0 279
B 0 B
776934 360089
278 a7 1
1057 7 779
149 - 28
23710 769 13508
625 12 403
32918 1144 2980
11547 176 7607
141983 4943
28647 1583 4169
44689 4159 7611
10173 414 6062
..D67891011121314

Total Deaths Total Recoveries

310 3965

317 4130

322 4256

324 4454

326 4598

332 4693

335 4802

344 4902

345 2010

356 9103

361 5205

366 5266

368 2353

373 5442

37D 2493

Active

3919
3939
3511
3912
3885
3940
3929
3643
3816
3777
3896
3866
3684
3870
3844

= ad

X

* »Q :

Active Total Tests

109
o2

1014

210
271
17
9433
210
25794
3764

22895
32919
3697

15188644

34219

62378

7747
286385
70872
311207
181116
2661743
234351
330254
77684

Total Tests
45402
47532
48876
50524
51860
53886
54904
55411
56791
57523
99319
60661
62437
64052
64910

1234567
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https://covid.jackwu.us/TableView

5.1.2 Graph view

Real time tracking all data related to COVID-19 in all countries and states in graph view

(more than 10 webpages similar to https://covid.jackwu.us/ActiveDailyChart ):

. = O >
| - - COVID Study Site, A Jack Wu & X +
&< c & covidjackwu.us/TestAccumulatedChart w N o
COVID Study Site » Data > Tests - Accumulated
COVID Study Site Review?» Datar Insights» Forecastr» Abouthk
Select a Base Country/Region| United States v | Base Chart Type Box Line v|
Add another Country/Region to Compare| Pennsylvania V| Comparison Chart T}fpe| Line hd
OPopulation ®Per Thousand
®Linear OLog
BDelaware@Maryland@New Jersey@New YorkEPennsylvania
160 — United States
Delaware
—— Maryland
= MNew Jersey
MNew York
140 —— Pennsylvaniz
120
/f
100 y
80
///.
60
40
20
r/f
e
0 e
11172020 2{1/2020 3/1/2020 4/1/2020 512020 612020
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https://covid.jackwu.us/ActiveDailyChart

My web site is probably the only web site on the internet which can provide unlimited
comparison between any country and state together on the graph. My web site is also probably
the only website can compare all of the following: (1) test cases daily (2) test accumulated (3)
confirmed cases daily (4) confirmed cases accumulated (5) recovered daily (6) recovered
accumulated (7) death - daily (8) death accumulated (9) active infected daily (10) active infected
accumulated (11) hospitalized daily (12) hospitalized accumulated, across the world, on total
population, or per million, and either in linear or logarithmic y-axis scale, using horizontal lines,
vertical lines, box lines, dots, dashes, columns, bars(horizontal columns), stacked columns and

areas.
Active Accumulated Data - COVIL X =+ - o X
& c & covidjackwu.us/ActiveAcculumatedChart * » e
COVID Study Site = Data = Active - Accumulated
COVID Study Site Review?» Data? Insights» Forecastr About»
Select a Base Country/Region| Delaware v | Base Chart Type|Line v
Add another Country/Region to Compare| Spain v | Comparison Chart Type] Ling v
CPopulation ®Per Million
@Linear OLog | Run |
Baustralia_Egypt@Francelitaly Cisrael@irelandEspain
5000 — Delaware
Australia
— France
— ltaly
| ) Ireland
— e G —— Spain
4000
3000
2000 A
/’/ I ___?\ !
A ¢ APY
s N
. S
1000 4 ™~
/ AV ~
/
v
. -

2/2/2020 2M16/2020 312020 3M5/2020 32002020  412/2020  4/26/2020  5M10/2020 5242020 6772020
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| - - COVID Study Site, A Jack Wu &) X +
&« C & covidjackwu.us/DeathDailyChart

COVID Study Site = Data = Deaths - Daily
COVID Study Site Review? Datab Insightsk Forecastr About)

Select a Base Country/Region| China v | Base Chart Type| Area v|
Add another Country/Region to Compard [taly V|Comparison Chart Type
Line v|

®Population OPer Million
®Linear CLog
Bunited statesindial_Russialitaly

5000 I China

United States
— ltaly

4000

3000

2000

1000 E

| '-»/',.
i |"-\.| Wy
I|I N I'\"I W
|"I [ \ _;""»‘_
! LA
A v LS
0 | "\-'_"'\,_'\
1/12/2020 2/9i2020 3/8/2020 4/5/2020 5/3/2020
1/26/2020 2/23/2020 3/22/2020 4/19/2020 5/17/2020

5.2 Insights from Data
5.2.1 Relation between Infected and Symptoms

By aggregating all the cases with symptoms, I found out that Fever and dry cough are the

most common symptoms for COVID-19. https://covid.jackwu.us/Symptoms



https://covid.jackwu.us/Symptoms

| - Symptoms - COVID Study Site, £ X +
&« [&; & covidjackwu.us/Symptoms T o

COVID Study Site = Insights = Symptoms
COVID Study Site Review?» Data? Insights» Forecast) About)

Chart Type

B Fever
Dry cough
I Fatigue
I Sputum production
19% Shortness of breath
Il Muscle pain or joint pain
14% Sore throat
I Headache
I Chills
Il Nausea or vomiting
Nasal congestion
B Diarrhea
& Haemoptysis
I Conjunctival congestion

Desktop view | Switch to Mobile
© 2021 - A Jack Wu Website

5.2.2 Mortality Rates between Existing Diseases, Age, and Gender
I collected data for Cardiovascular Disease, Diabetes, Chronic Respiratory Disease,
Hypertension and Cancer. https://covid.jackwu.us/MortalityRate I found:
(1) For single existing condition, the mortality rates grow linearly along the age, from 0% to
95%
(2) For multiple existing conditions, the mortality rates jump to 95% at the age of 45 years
old
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https://covid.jackwu.us/MortalityRate

| - Mortality Rate - COVID Study Sit- X +
&« C & covid.jackwu.us/MortalityRate T » e

COVID Study Site = Insights = Mortality Rate
COVID Study Site Review? Data? Insights» Forecast* About)

Rate Gender Cardiovascular Disease Diabetes Chronic Respiratory Disease Hypertension Cancer | Add
@Mortality OSurvival ®Male CFemale | Clear
Smaoth Line v

100% Mortality, Male, Cardiovascular

15
—— Meortality, Male, Diabetes
T | __ Mortality, Male, Chronic
Resp Dis
y Mortality, Male, Hypertension
. J / = Mortality, Male, Cancer
80% Martality, Female, Cancer
I / Mertzlity, Male, Cardiovascular
J/ / —— Dis, Diabetes, Chronic Resp
Y / Dis, Hypertension, Cancer
1/
| i/
o / A
60% 77
//
| i
/ /
/l
40% ? /
oA
20%
0%
0 20 40 60 80 100

Age (years)

Desktop view | Switch to Mobile
@ 2021 - A Jack Wu Website

5.2.3 All ratios comparison between all countries and states
This unique feature from my website provides the ratio comparison between any country and
state in table view or graph view: https://covid.jackwu.us/Ratios The following is a deaths
over confirmed cases comparison between Italy and Spain:
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https://covid.jackwu.us/Ratios

= m}
| - Ratios - COVID Study Site, A Jack X +
&« C & covidjackwu.us/Ratios T » e
OTable ®Graph
Select a Base Country/Region | Italy w | Base Chart Type: | Point v
Add Another Country/Region to Compare\ Spain V| Comparison Chart Type: | Point hd
Deaths ~ | Divided By | Confirmed ~|
@Linear CLog | Run |
Espain
16.000% . F'olrtiqlan of Deaths over Confirmed
in ltaly
Portion of Deaths over Confirmed
in Spain
JE—
14.000% B
....IIII mE®
I--.-.
[
12.000% —
L]
-
L]
10.000% -
L
-
8.000% - -
-
6.000% -
-
4.000% 5
L
" REma
2.000% -
0.000% |
2192020 202372020 3872020 2212020 4152020 4119/2020 532020 BIN72020

The following compares Recovery population over Death population for France, UK and
Canada:
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| - Ratios - COVID Study Site, A Jack X +

&« C & covidjackwu.us/Ratios T » e
OTable ®Graph
Select a Base Countrya‘Region| France ~ | Base Chart Type: | Point v
Add Another Country/Region to Compare\ Canada V| Comparison Chart Type: | Point hd
Recoveries v |Divided By | Deaths ~|

CLinear @Log | Run |

Bunited Kingdom_United States@Canada

o . Portion of Recoveries over
1000.000% et heay Desths in France
sesses” *ee *e tora,, . Portion of Recoveries aver
° * Deaths in United Kingdom
. Portion of Recoveries over
Deaths in Canada
100.000% - =
10.000%
1.000% =
" 5" (m m I --\...ll"""“'“""“.“..
= e T T Ly
.I
0.100%
0.010%

2[23[2020 3/8/2020 3222020 4/5/2020 4/15/2020 5/3/2020 5172020

5.2.4 Dynamic (change over time) comparison of ratios between any
countries and states https://covid.jackwu.us/Growth
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https://covid.jackwu.us/Growth

| - Change over Time - COVID Stud: X +
< Cc

8 covidjackwu.us/Growth
COVID Study Site Review?

El el
Data» Insights» Forecast» About?r

Hor » @

Confirmed, Daily  + | Interval |7

|\:I Maximum Y: 500

Select a Base Country/Region | California

| Refresh |

~ | Base Chart Type: [ Line v
Add Another Country/Region to Compare | Mexico ~| Comparison Chart Type: | Line ~
| Run |
ENew YorkENew JerseyBMexico

4,900% Percentage Change of cases
| from California
‘, Percentage Change of cases
l from Mew York
\ ___ Percentage Change of cases
II from MNew Jersey
| __ Percentage Change of cases
| from Mexico
3.900%
|
1
1
l
l
l
1
= I\
Z \
E 2,500% -
5 |
g I|
L] 1
= |
= l
(] I|
= 1
8 1
] 1.900% +
o |
l
900%
/
100% = ———— =
315/2020  3/2%/2020 4012/2020  4/26/2020 5(10/2020  5/24/2020 6/7/2020
»
5.3 Forecasting from Model
5.3.1 Statistical model

On this page https://covid.jackwu.us/StatisticsModel I provided three statistical
calculations for all countries and states
1) Moving average with the length in days adjustable

2) Bollinger Bands calculated from an inputted value for number of standard
deviations

3) Trend line for any length of days
The following is for Delaware:
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https://covid.jackwu.us/StatisticsModel

| - - COVID Study Site, A Jack Wu &) X =+
&« &; @ covid.jackwu.us/StatisticsModel

COVID Study Site = Forecast = Statistics Model
COVID Study Site Review» Data» Insights» Forecastr Aboutr

[Delaware v|[confirmed, Daily | B Show Raw Data

Length in Days of Moving Average:

Bollinger Bands Standard Deviation:

oEox @

B Trend Line Length in Days:

Raw daily cases from Delaware
__ Moving average of cases from

Delaware over 7 day window

Upper Bollinger band of cases
—— from Delaware with STD Multiplier

Lower Bollinger band of cases
—— from Delaware with STD Multiplier

Trend ling for cases from
—— Delaware for the last 14

7 | |15 14
| Refresh |
500
of 15
400 . of 15
days
200 /\/\/\, | A
/\/\/\/ g \\[’ NN
100 {\ f\wv/\/\ _\\A —
N
/ L | _
0 —_ /‘\n ! ||'\‘\ rf fr
315/2020 3/29/2020  4/12/2020  4/26/2020  5/10/2020  5/24/2020  6/7/2020

For South Korea:
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= O X
| - - COVID Study Site, A Jack Wu 4 X +
&« &; @ covid.jackwu.us/StatisticsModel B °
COVID Study Site = Forecast > Statistics Model
COVID Study Site Review» Datar Insights» Forecastr Aboutr
[South Korea v|[Confirmed, Daily  ~ | Show Raw Data
Length in Days of Moving Average: Bollinger Bands Standard Deviation 8 Trend Line Length in Days:
7 | |15 14
| Refresh |
1000 Raw daily cases from South
Korea
_ Moving average of cases from
South Korea over 7 day window
Upper Bollinger band of cases
—— from South Korea with STD
Multiplier of 1.5
Lower Bollinger band of cases
] —— from South Korea with STD
Multiplier of 1.5
Trend line for cases from
— South Korea for the last
14 days
600 =t
[
|
|
II
400 ]
)
III
II
200 f
|II
/
/ /\ — 7
d L el
112/2020 2/8/2020 3/8/2020 4/5/2020 5/3/2020
1/26/2020 202372020 3/22/2020 4/18/2020 5M17/2020
»
5.3.2 Compartment model

My work involves curve fitting to calculate compartment model parameters. My work is

different from other people’s in that other researchers target one country or one region, and

manually adjust and calculate those SIR model parameters. By contrast, my work is universal,
and by choosing any country or state data, my model will automatically, and immediately do the

curve fitting and calculate the parameters for you. For example, the following curve fittings are
for certain countries: dots represent real data, and the curve represents the best-fit model

calculation. All the parameters are calculated in the tables below the graph:

For Austria:
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| - - COVID Study Site, A Jack Wu &) X -+
&« c & covid.jackwu.us/ModelCalibration

COVID Study Site = Forecast > SIR Model

Choose a Country to View their Model/Forecast

COVID Study Site Review? Data? Insights» Forecast? About?

— Best-Fit Model

10000

Data from Austria

3000

6000 i :

Number of Active Cases

4000 ,

2000 ]

0
1/1/2020 2[1/2020  3/1/2020 4/1/2020  5[1/2020

Derived Model Configuration

6/1/2020  7[1/2020 8/1/2020

S/1/2020

Transmission Coefficient

Recovery Coefficient

Starting Susceptible Population Date of First Infected
17000 2/23/2020 21E-05 0.06
Additional Info
Population Portion of Population Susceptible Transmission Coefficient times Population
9006400 0.00188754663350506 189.1344
v
For Cuba:
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COVID Study Site = Forecast > SIR Model

- COVID Study Site, A Jack Wu &

c

x

@ covid.jackwu.us/ModelCalibration

COVID Study Site Review? Data? Insights» Forecast? About?

Choose a Country to View their Model/Forecast

= Best-Fit Model
Data from Cuba

800
600
p !
]
o
@
=
§ 400 ;
=3 \
E
E
=
200
] e 1 _
301/2020 512020 6(1/2020 712020 8(1/2020
Derived Model Configuration
Date of First Infected Transmission Coefficient Recovery Coefficient
3.95E-05 0177

Starting Susceptible Population

2/20/2020

7700
Additional Info
Population Portion of Population Susceptible Transmission Coefficient times Population
11326616 0.000679814694874444 447 401332

For Germany:

32



= O
| - - COVID Study Site, A Jack Wu &) X -+
&« c & covid.jackwu.us/ModelCalibration * B o
COVID Study Site = Forecast > SIR Model
COVID Study Site Review? Data? Insights» Forecast? About?
Choose a Country to View their Model/Forecast
80000 —— Best-Fit Model
Data from Germany
60000
m | !
9 |
o | |
@ | 1
= | |
< 40000 / |
E .I 1
é | II.
20000 : \
1/1/2020 2{1/2020 3/1/2020 4172020 5/1/2020 6/1/2020 7172020 8172020
Derived Model Configuration
Starting Susceptible Population Date of First Infected Transmission Coefficient Recovery Coefficient
83783945 12/22/2019 3.491E-08 2813
Additional Info
Population Portion of Population Susceptible Transmission Coefficient times Population
83783945 1 2.92489751995
v
For Iceland:
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| - - COVID Study Site, A Jack Wu &) X -+
&« c & covid.jackwu.us/ModelCalibration * B o
COVID Study Site = Forecast > SIR Model
COVID Study Site Review? Data? Insights» Forecast? About?
Choose a Country to View their Model/Forecast | Iceland v
1200 — Best-Fit Model
Data from lceland
1000 ;
800 L
4 |
5 / '
o | |
@ f 1
= | !
= 600 |
=] ) I.
E | 1
= / |
400
200
0 L
1/1/2020 2{1/2020 3172020 401/2020 5/1/2020 6/1/2020
Derived Model Configuration
Starting Susceptible Population Date of First Infected Transmission Coefficient Recovery Coefficient
341250 2/14j2020 6.264E-06 1.973
Additional Info
Population Portion of Population Susceptible Transmission Coefficient times Population
341250 1 213759

For Israel:



| - - COVID Study Site, A Jack Wu &) X -+
&« c & covid.jackwu.us/ModelCalibration » o

COVID Study Site = Forecast > SIR Model
COVID Study Site Review? Data? Insights» Forecast? About?

Choose a Country to View their Model/Forecast | Isragl v
10000 —— Best-Fit Model
Data from Israel
8000 /
E 6000 i :
8] i \
[ { |
= J |
[=3 i 1
< L
5 \
E
E \
= 4000 ]
2000
0 e —
17172020 2(1/2020 3012020 412020 5[1/2020 6/1/2020 7112020 8/1/2020
Derived Model Configuration
Starting Susceptible Population Date of First Infected Transmission Coefficient Recovery Coefficient
8655541 1/6/2020 251E-07 2.07
Additional Info
Population Portion of Population Susceptible Transmission Coefficient times Population
8655541 1 2.172540791

For Italy:



| - - COVID Study Site, A Jack Wu &) X -+
&« c & covid.jackwu.us/ModelCalibration T B o
COVID Study Site = Forecast > SIR Model
COVID Study Site Review? Data? Insights» Forecast? About?
Choose a Country to View their Model/Forecast | Italy v
120000 — Best-Fit Model
Data from Italy
100000 —
[
80000 q :
o | \
< | §
8] | !
@ 1
= |
£ 60000 ! L
z |
E |I 1
é lI II.
40000 '
20000
0 = e
1/1/2020 4/1/2020 7(1/2020 10/1/2020
Derived Model Configuration
Starting Susceptible Population Date of First Infected Transmission Coefficient Recovery Coefficient
940000 11/14/2019 2E-07 0.105
Additional Info
Population Portion of Population Susceptible Transmission Coefficient times Population
60461828 0.0155469993398149 12.0923656
v
For Japan:
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| - - COVID Study Site, A Jack Wu &) X -+

covid.jackwu.us/ModelCalibration

COVID Study Site = Forecast > SIR Model
COVID Study Site Review? Data? Insights» Forecast? About?

Choose a Country to View their Model/Forecast

— Best-Fit Model

12000

Data from Japan

10000

8000

6000

Number of Active Cases

4000

2000

0 1
1/1/2020 2[1/2020 3/1/2020 4/1/2020

5/1/2020 6/1/2020 7/1/2020

8/1/2020

Derived Model Configuration
Starting Susceptible Population Date of First Infected Transmission Coefficient Recovery Coefficient
126476458 1/23/2020 6.65E-08 8.3

Additional Info

Population

Portion of Population Susceptible

Transmission Coefficient times Population

126476458

1

8.410684457

For Romania:
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| - - COVID Study Site, A Jack Wu &) X -+

<« c
COVID Study Site = Forecast > SIR Model

@ covid.jackwu.us/ModelCalibration

Choose a Country to View their Model/Forecast

COVID Study Site Review? Data? Insights» Forecast? About?

— Best-Fit Model

8000
Data from Romania
6000 J -

g

] |

o |

(D { 1

= f \

< 4000 i

= ("

E

E y \

= I \

2000 &
1202019 112020 22020 I2020 412020 /2020 62020 TU2020  S/2020 9172020 100172020
Derived Model Configuration
Starting Susceptible Population Date of First Infected Transmission Coefficient Recovery Coefficient
19237682 11/26/2019 1.22E-07 2.2836
Additional Info

Population Portion of Population Susceptible Transmission Coefficient times Population
19237682 1 2.346997204

For Singapre:
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| - - COVID Study Site, A Jack Wu &) X -+
&« c & covid.jackwu.us/ModelCalibration

COVID Study Site = Forecast > SIR Model

Choose a Country to View their Model/Forecast

25000

COVID Study Site Review? Data? Insights» Forecast? About?

20000

15000 '

Number of Active Cases

10000 -

5000

ky

1
1/1/2020 2[1/2020  3/1/2020 40172020 5/1/2020

Derived Model Configuration

6/1/2020  7[1/2020

8/1/2020

90172020

= Best-Fit Model
Data from Singapore

Starting Susceptible Population

Date of First Infected
5850343

Transmission Coefficient

Recovery Coefficient

1/28/2020

2.24E-07

1.203

Additional Info

Population Portion of Population Susceptible
5850343 1

Transmission Coefficient times Population

1.310476832

For Slovakia:
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| - - COVID Study Site, A Jack Wu &) X -+

&« c & covid.jackwu.us/ModelCalibration * B o
COVID Study Site = Forecast > SIR Model

COVID Study Site Review? Data? Insights» Forecast? About?

Choose a Country to View their Model/Forecast

1000 = Best-Fit Mode!
Data from Slovakia

800

600

Number of Active Cases

400

200

D —T - -
31/2020 40172020 5/1/2020 6/1/2020 701/2020

Derived Model Configuration

Starting Susceptible Population Date of First Infected Transmission Coefficient Recovery Coefficient

5459643 2/6/2020 1.040BE-06 5.576

Additional Info

Population Portion of Population Susceptible Transmission Coefficient times Population

5459643 1 5.6823964344

For South Korea:
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|- - COVID Study Site, A Jack Wu £

<« c
COVID Study Site = Forecast > SIR Model
COVID Study Site Review? Data? Insights» Forecast? About?

Choose a Country to View their Model/Forecast | South Korea v
— Best-Fit Model

@ covid.jackwu.us/ModelCalibration

x  +
* #Q :

8000
) Data from South Korea
| I:
II I'I
6000 1 -
| I'I
| |
| I-I
4
Q | (!
3 \
[ | \
2 | il
§ 4000 T i
c |
£ | \
E
=
II
2000 ]
D ; e — ——
1172020 2172020 3172020 4172020 5172020 61/2020  71/2020 81/2020 9172020 10M1/2020
Derived Model Configuration
Starting Susceptible Population Date of First Infected Transmission Coefficient Recovery Coefficient
16000 1/20/2020 1.6E-05 0.05
Additional Info
Population Portion of Population Susceptible Transmission Coefficient times Population
51269183 0.000312078310278516 820.306928

For Switzerland:
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| - - COVID Study Site, A Jack Wu &) X -+
&« c & covid.jackwu.us/ModelCalibration

COVID Study Site = Forecast > SIR Model
COVID Study Site Review? Data? Insights» Forecast? About?

Choose a Country to View their Model/Forecast | Switzerland v

— Best-Fit Model

14000
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For Columbia:
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For Brazil:
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Clearly, my model fits the real data very well, and it give the prediction for forecasting. Unlike
most other researches they developed one model for one country, I developed one model to fit all the

countries

6. Results



There were three main outcomes for curve-fitting each country: either a success, in which the curve_fit
function found a best fit to the data, a bad fit, in which the curve fit settled on a fit that was obviously not
a best fit (usually a simple linear regression), or a runtime error, caused by the curve_fit function
surpassing the allotted ‘iteration” count for finding the local minimum. In the case of the bad fit and
run-time error, this was usually due to a poor initial guess, as the model became divergent instead of
convergent at that point. In the case of the runtime error, the curve fit function found no minimum, while
with the bad fit, the result would usually be a simple linear regression over the entire graph, ignoring the
two exponential terms. This made the predicted curve very obviously inaccurate with respect to the data.

Another issue is present with specifically the “Bell” chart type. The SIR Model and most countries have
an overall trajectory that rises, reaches a peak, falls, and then settles to 0. However, a perfect bell is very
hard to recreate with the chosen formula; instead of creating a bell, starting at and settling at 0, the model
had to use the first “hump” in a second wave graph to produce the bell. This resulted in a predicted
exponential upward trajectory for practically every bell graph that came out with a good fit, and many
countries had bad linear regression fits.

Efficient Testing:

Near the beginning of the COVID 19 pandemic, China was tasked with testing the population of Wuhan,
11 million, in merely 10 days. Through standard testing, by testing one person at a time, 11 million tests
would be required. However, COVID tests are capable of testing more than one person at a time. Testee
samples can be combined, and if any one sample is positive, the entire test will output positive. While this
functionality at first seems insignificant, it has great power in that if it outputs negative, it is able to
confirm negative test results for multiple people with a single test. In this appendix, we analyze and
optimize this testing method.

In order to minimize the required tests, we need to maximize the verdicts made (number of people
confirmed positive or negative) per test. For tests with a single blood sample, the verdicts per test is
obviously 1. For tests with multiple blood samples, we can only reach verdicts if the result comes back
negative, confirming everyone in the test as negative, a positive result would be ambiguous.* We can
quantify the number of verdicts per test with a mathematical equation. Let b be the number of blood
samples per test, and f be the frequency of a positive case. The chance we will get a negative test result,
confirming all testees as negative, is the probability that everyone in the test really is negative, or (1-f)°. If
the test result is negative, the number of verdicts made is equal to b. Thus, the estimated number of
verdicts per test is equal to V(b) = (1-)° * b. We want to maximize the number of verdicts per test, as that
maximizes the amount of information we gain from each test. 1o find the b value that will maximize the
verdicts per test, we calculate its derivative and set it to 0:

V(b)) = In(1) * b * (1f)> + (1-H* = 0
(n(1-) *b + D(IH* = 0
b=-1/In(l-f)
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With a hypothetical frequency of 10% positive cases, we derive a value of b = 9.49, which means that V(9)
or V(10) gives us the most optimal verdicts per test setup. V(9) and V(10) for this case are equal, which
means that both b=9 and b=10 will work equally well (however, b = 9 is more consistent and less
sensitive to fluctuations, so in practice, it would be preferred). Assuming b = 10 for simplicity and a
population of 10000 people with a positive frequency of 10%, we can expect out of 100 tests, we can
expect ~34.9 tests to come up negative, confirmining 349 people as negative. This is much better than
using one test per person, which would only be able to confirm 100 people with the used 100 tests.

As a hypothetical, let us assume 35 tests appeared negative, allowing us to confirm 350 people as
negative and leaving 650 people uncertain. Here, we can repeat the previous process on the smaller
population. However, because some confirmed negatives have been removed from the population, the
positive frequency has changed, and thus we must recalculate our b value. Within our hypothetical, and
letting P represent the uncertain population, the new frequency is equal to F,,,, = F,1;* P,jy/ P, =
15.4%. Our new b value is thus 5.98, which is rounded to 6. V(6) = 2.2, so we can expect to confirm 2.2
people per test.

This process repeats until our fvalue gets high enough and our maximum b value gets low enough that
the maximum value for b is under 1. This means that direct individual testing is now more efficient than
group testing, and thus all remaining uncertain individuals should be directly tested.

This process is extremely effective when the positive frequency is very low, such as at the beginning of an
outbreak. With a value of f= 0.001 (0.1%), V(1000) reaches a value of 368, meaning that the first round
of tests are over 360 times as efficient. A self-created simulation estimates that the total number of tests
needed to confirm 10000 people is under 200 tests, resulting in the average test being 50 times as
efficient. With a lower rate of f = 0.0001, (0.01%), which equates to about 33,000 people for the US (the
number of confirmed cases around the first half of April), the first round of tests are more than 3600 times
as efficient.

Of course, there are plenty of practical issues in implementing such a theoretical conclusion. Using
thousands of blood samples for a single test would be both a challenge for logistics and test centers, as
well as for the medical community to be able to reliably detect very small amounts of virus. The effect of
false negatives and false positives would be greatly amplified. Additionally, if the true number of positive
cases was significantly higher than expected, there could be many more positive test results than
anticipated and the effectiveness of these tests would be dramatically limited. However, China was still
able to utilize this strategy using about 30 blood samples per test.

* You could reach a verdict from a positive test result by using process of elimination; for example, if 5

blood samples test positive, and 4 of those samples are later confirmed negative, then the last sample
must be positive;, however, this minor and situational optimization is excluded for simplicity.
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Conclusion and Discussion

My work on COVID-19 modeling has completed the following:

1) A thorough review for almost all models currently used in COVID-19 studies, from Statical
models to mathematical models, from branching process to compartment models, from spatial
modeling to global surveillance, from continuous differential equations to discrete mathematics,
from stochastic process and the Markov chain to fractional calculus.

2) The first and only website available on the Internet that can provide unlimited comparison
between almost all parameters for an unlimited number of countries and states.

3) The first and only website can do Statistical modeling and SIR modeling for any country and
state. Usually a scientific paper published only for one or two countries or regions on SIR
modeling.

4) From the pattern of the evolution of the COVID-19, I predicted growth. I also found the relations
between the growth of the cases with the counties.

5) Icreated a ratio comparison between any country and state, which is not seen at anywhere else

6) 1 found for multiple existing conditions, the mortality rates jump to 95% at the age of 45

years old
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Discussion

The most obvious improvement to this study is to use a more complicated model. Very complex models
with many compartments have been made, such as the SIDARTHE model'®, which has eight
compartments. The next step is to design a model that incorporates testing and diagnosed individuals, as
the data we have observed and based our model off of is not the true number of infectives,but instead the
confirmed cases of those who have been infected.

Future Work

The graph below shows the researcher’s own goals and process towards COVID-19 research.

Additional data sources that could be used include WorldOmeter, BNO, JHU, and DXY. COVID-19
numbers from these websites will be loaded into an MSSQL database. The collected data is used for three

primary methods. The first is numerical analysis, which includes analytical math / statistics, fitting a
country’s data versus time to a curve generated by a compartment mode, and computer simulation. The
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second method is a Real Time Dashboard that publicly displays the collected data in ways that will make
the data easier to interpret, primarily graphs. The third method is to use the data to fit a statistical model,
and use data from prior outbreaks such as SARS to predict the trajectory of COVID. When combined
together, the results of these research methods will allow scientists to calculate the parameters of regions
regarding their infection, recovery, and death rates; forecast how the disease will grow or diminish in the
future; and help politicians and strategists make crucial decisions regarding the COVID-19 response.

Researchers have used two different approaches for modelling: statistical modelling and compartmental
modelling. Statistical models are constructed using observed data from the past, including both data from
the current epidemic and data from previous epidemics. Using the known trajectories of past diseases,
statistical models are then extended to determine the most likely result for the current outbreak. The
Institute for Health Metrics and Evaluation (IHME) has used this method to outline the epidemic curve in
China, Italy, all US states, and many other countries*l>),

The other popular model is the compartmental model, which comes from the field of epidemiology itself.
The compartmental model keeps track of a population, placing each individual into one compartment, or
state. Over time, individuals move from one state to another, causing the number of individuals in each
compartment to change. The rate of change equals the difference between the influx and outflux of the
compartment, which leads to the establishment of a set of differential equations. By solving and/or
simulating these equations, we can predict the spread of the virus, understand how outside forces (such as
public intervention or lockdown) affect the epidemic, and know what measures are necessary to end the
epidemic in a given population!®.
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