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Abstract

This is an interactive simulation tool for evaluating the progression of the COVID-19 epidemic from user-input decisions for daily
changes in social distancing, contact tracing and testing, and universal testing, starting from June 1% for a duration set by the user. The
simulation is a deterministic compartmental model calibrated to match the epidemic in New York. The model is constructed in Python
software, and is setup with a user-friendly interactive interface through the Google Colab for ease of use to the general audience. Thus,
the tool can be used by multiple stakeholders for evaluating alternative public health response decisions for the elimination of the
COVID-19 epidemic.
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1. Overview: How to use online tool
Link to tool. This is an interactive simulation tool that can be used to evaluate alternative response decisions for the COVID-19
epidemic. Users can enter decisions for three interventions over a user-defined analyses period from the beginning of June.
Input number of scenarios to compare (a number >0): It can take any value, but keeping it small helps in visualization.
Input decision choices for the following three interventions
1. Intervention 1: Proportion reduction in contacts per person through social distancing measures (Enter values between 0 to 1)
a. Interpretation: A value of 0 will use a upper bound for number of contacts per person (replication a normal pre-
COVID scenario), a value of 1 will use a lower bound for number of contacts per person (replicating maximum stay-at-
home order scenario), and values between 0 and 1 will select from within an upper and lower bound (lower and upper
bounds for contacts per persons were estimated using methods in Section 5 and 6)
b. This can be used for evaluating variants of social distancing measures such as modified work schedules,
Example 1: To evaluate a rotating schedule that ensures that at any time only 50% of personnel work on site, decision
entered should be: 365, 0.5 (read as for the next 365 days 50% contact reduction)
Example 2: To evaluate a rotating schedule that ensures that at any time only 50% of personnel work on site for the
first 20 day, and it increases to 75% (i.e., 25% reduction in contacts) for days 21 to 365, enter: 14, 0.5, 365, 0.25 (read
as for next 14 days 50% contact reduction, for days 15 to 365, 25% contact reduction)

2. Intervention 2: Testing capacity -Number of tests administered per day through universal testing (Enter positive numbers)

a. Interpretation: We assume testing is available to the full population and thus there is an equal chance for a positive
and a negative case to get tested (see Sections 6 below for methodology). We assume persons testing positive would be
immediately quarantined and cannot infect others, so the value entered for this intervention should be the number of
tests successfully completed.

3. Intervention 3: Testing capacity -Number of tests administered per day through contact tracing and testing (Enter positive
numbers)

a. Interpretation: We assume that a certain proportion of the persons tested (equal to secondary attack rate) would be
positive (see Sections 6 below for methodology). We assume persons testing positive would be immediately
quarantined and cannot infect others, so the value entered for this intervention should be the number of tests
successfully completed.

Timeline: Flexibility to enter decisions for up to daily time-units, for any analytic time-period


https://diseasemodeling.github.io/COVID19/

2. Simulation methodology

We developed a compartmental model for simulating epidemic projections overtime. The epidemic flow diagram is depicted in Figure
1. Each box is an epidemic state, and each arrow represents a transition from one state to another. Note, each compartment is further
split by age and gender, but for clarity of notations, we do not include it in the equations below.
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Figure 1: Extended SEIR compartmental model

Letm,,; =[S, L,E, I,Q, Qg Q1 H, R, D] be a vector, with each element representing the number of people in a compartment at time
t + 1, where,

S = the number Susceptible,

L = the number in Latent stage (not infectious and asymptomatic),

E = the number in Exposed (asymptomatic or pre-symptomatic and infectious),

I = the number Infected (symptomatic and infectious),

Q, = the number in Latent and Quarantined (tested and diagnosed),

Qg = the number in Exposed and Quarantined (tested and diagnosed),

Q; = the number Infected and Quarantined (tested and diagnosed),

H = the number Hospitalized,



Let,

R = the number Recovered, and
D = the number Deaths.

N=total population who are alive,

ag = symptom-based testing rate,

asp ¢ = proportion contact reduction compared to pre-COVID scenario at time t,
ac. = rate of testing through contact tracing at time t,

ay . = rate of testing through universal testing at time t,
Bmax = transmission rate under no social distancing,

Bmin = transmission rate under maximum social distancing,
days; = duration in latent period,

daysincup = duration in incubation period,

days;g = time from onset of symptoms to recovery,
daysqg,r = time from diagnosis to recovery,

daysqg,y = time from diagnosis to hospitalization,

daysyr = time from hospitalization to recovery,

daysyp = time from hospitalization to death,

PTOPasymp = Proportion asymptomatic,

PTOPpresp = Proportion hospitalized, and

PTrODsevere = Proportion hospitalized

Then, we can write the equations for transition rates (arrows in Figure 1) as follows:
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diagnosed immediately because of symptoms; the denominator is based on the assumption that the duration of exposed phase
is equal to the duration of the incubation period minus the duration of the latent period.

, Which assumes that a certain proportion of cases that are severe (propsepere ) g€t
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, Which follows from above.

110, = g, Which assumes that, under symptom-based testing, only persons who show moderate to severe symptoms get
diagnosed and those who show mild symptoms do not.
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testing.

TLo, = Que + (1 — aU,t)ac,t, which assumes that when both universal testing and contact tracing and testing are administered,
persons diagnosed through universal testing will not be again tested through contact tracing.

Te0p = aue + (1 — ay,)ac,, which is similar to above.

PTOPasymp
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directly go from exposed to recovered.

TER = , Which assumes that a certain proportion of persons (prop4symp)never show symptoms and thus

TR = ay: + (1 — aU,t)aclt + ;Sm which assumes that mild cases that did not get diagnosed through symptoms-based

day
testing have a chance of getting tested through additional testing options, and upon diagnoses, self-quarantine.
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rate of transitioning from Q; to H is fixed to proportion hospitalized under symptom-based testing, if extensive testing is

, theoretically, ry, o, should be the same as 7 ;,, however, as the

conducted, the number of persons in Q; would increase thus incorrectly inflating the number of persons who are hospitalized;

therefore, to avoid this, we modified the equation to consider that the number of persons flowing into Q,would be equal to the
proportion flowing from I to Q, under symptom-based testing.
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We simulate the epidemic over time using the following system of differential equations
® Mpyq = My + M QAL

where,
e (. =amatrix of transition rates between states (arrows in Figure 1), and
e At=time-step

We use a time-unit of per day for the transition rates in Q, and set At = 1—10 and thus, the model simulates every 10" of a day.



3. Input data assumptions and sources for simulation model

We use data estimates from other studies in the literature. The description of the data, its sources, and values (with ranges and medians
where applicable) for all parameters described in Section 2 are found on GitHub.

4. Calibration of unknown data inputs
As population distribution and density varies by location (we modeled state-level for the U.S.), it is expected that the
number of contacts per person also varies, and thus the transmission rate 8, as § = pc, where p is the probability of
transmission per susceptible-infected contact, and ¢ = number of contacts per person. We estimated § by calibrating to the
number of diagnosed cases in the State. (Data and sources on GitHub)

a. Transmission rate under absence of social distancing (Upper bound for transmission rate) ( Bax)
As implementation of social distancing measures influences c, we estimated £ by calibrating to the diagnosed cases
reported prior to implementation of any social distancing measures in the State modeled. We call this value of transmission
rate Bmax and assume this is the upper bound of transmission rate for that State.

b. Transmission rate under maximum social distancing (lower bound for transmission rate) (8,,in)
As social distancing reduces the number of contacts per person, transmission rate would be lower. Therefore, we calibrate a
second value as the transmission rate under social distancing by fitting the model to the diagnosed cases at the time
maximum social distancing was implemented. We call this S,,;,, and assume this is the lower bound of transmission rate
for that State.

5. Methodology for modeling interventions
We setup the model to take the following parameters from the user, we discuss how these inputs would be used in the simulation.
Note: all three decision choices agp, T, Ty have a subscript t for time to indicate that decisions can change over time For clarity
of notations we exclude t in the equations.

a. Proportion reduction in contacts (agp) (takes values between 0 to 1):
From previous section,


https://github.com/diseasemodeling/COVID19-v2
https://github.com/diseasemodeling/COVID19-v2

Cmax = Bmax /P = the upper bound for the number of contacts per person (equal to contacts if normal operations similar to a
pre-COVID situation were to resume), and

Cmin = Pmin/P = the lower bound for the number of contacts per person (equal to the lowest that was achieved during
maximum social distancing implementation in the State),

Thus,

if agp = 0 it will use ¢,,,4, 1.€., there will be no reduction in contacts

if agp =1 it will use ¢, , 1.€., the lowest that can be achieved for the population modeled, and
for agp, between 0 and 1, it would take a value between c,,,, and c,,;, through interpolation.

Proportion reduction in contacts (asp) would influence the transmission rate, and thus, we calculate the corresponding
transmission rate Ssp as

(@_ﬁm_in

P p ) _ (Bsp=Bmin)
Bmax Bmin
P P

(1-agp) =

Bmax —Pmin

And the corresponding transmission rate (Bsp) can be written as
Bsp = Bmin + (1 = asp) (Bmax — Bmin)
Testing capacity for universal testing as number of tests per day (Ty) and unit cost of testing (uy)
The value to input for the number of tests per day should consider resource availabilities, such as trained personnel, equipment,
and infrastructure. We assume that all persons would be provided the test on a first-come-first basis.
We assume that infected persons once diagnosed would be quarantined and thus would not transmit the infection to others
Let
Ty = the number of persons who can be tested on any given day,
uy= unit cost of testing per person through universal testing, and
ay = the proportion of undiagnosed infected cases that get detected through universal testing

Then, for every time-unit (daily), we estimate

the proportion of undiagnosed infected cases that get detected as = a; = Ty

S+E+L+I
the number of infected cases that get newly diagnosed as = a, (L + E + 1), and




the cost of universal testing as = uy Ty.

c. Testing capacity for contact tracing and testing as number of tests per day (T ) and unit cost of testing (u,.)(USD)
The value to input for the number of tests per day should consider resource availabilities, such as trained personnel, equipment,

and infrastructure. We assume that infected persons once diagnosed would be quarantined and thus would not transmit the
infection to others

Let
T, = the number of tests per day, and
6 = secondary attack rate,
u.= unit cost of tracing and testing per person
a. = the proportion of undiagnosed infected cases that get detected

Then, for every time-unit (day), we estimate,
the maximum number of positive cases that can be detected as = T 6,

the proportion of undiagnosed infected cases that get detected as = a, = min {1,#@‘1“0} :
—“u

where the denominator of the second term in the bracket is persons who did not get tested through universal testing,
the number of infected cases that are newly diagnosed through contact tracing and testing as= a-(1 — ay)(L + E + 1),
and

the cost of testing as = u.ac(1 —ay)(L+E +1)/4.

6. Output measures from simulation
a. Number of new cases diagnosed per day by type of testing (tracked in the simulation- see methodology)
b. Cost of testing by type of test
c. Number of new deaths (tracked in the simulation- see methodology)

Economic impact* (See data and sources on GitHub)
d. Value of statistical life years (VSL) loss

i. Calculated as age-specific VSL times the number of new deaths at that time point


https://github.com/diseasemodeling/COVID19-v2
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e. Unemployment rate
ii. We make some assumptions for employment rate (see below).

f. Wage loss
iii. Calculated as unemployment rate due to COVID-19 times labor work force under normal situations times the

number of people in the population times the average daily wage of jobs lost due to COVID
iv. We assume 40 hours per week per person

Interpretation*
Economic costs help understand the impact of decisions. VSL is the economic impact from deaths due to COVID-19 if

appropriate interventions are not implemented. Wage loss is the economic impact from implementing social distancing. These
numbers can be used for informing decision-making, e.g., by reducing deaths, the costs that would be saved (VSL) could be
used for covering lost wage through relief packages.

Unemployment rate assumptions:
We use a simple estimation for changes in unemployment as a function of social distancing.

K, = max(aSD‘tK, yt) ; Ay = max (A, min(aSD,tK, yt))

(K A9)
Ve — U —— tlf:Vt

Ve+1 = ( =
et ——— ) otherwise

- K-A
e (dg— dA)A
u-~0.5 (dx—da)

K-A (Ki—Ap)

Yt ™ dg-d) k-4
Yi+1 = K-A (Ki—Ap)
Ve + 0. (dgk—da) K-A

f t_Kt

otherwise
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1 (Ke—Ap) .
Ye — —(dK—dA)_tl < if y. = K,
Vi1 = _
ye + 0.5 ﬁ@ otherwise
K—4A

Where,

* y, isthe unemployment rate at time t (day) used as input in the simulation,

* A s the minimum unemployment rate in the population simulated (pre-COVID value),
* K is the maximum unemployment rate in the population simulated,

* agq. IS the social distancing intervention at time ¢,

* dg — d,isthe duration (in days) that it took for unemployment rate to go from A to K,
» u, = rate of increase in the unemployment, and

» u_ = rate of decrease in unemployment

Disclaimer: This equation is only meant as an approximation for estimation of Wage loss and should NOT be used as a
projection. The equation is set to account for varying levels of social distancing measures.
We assume that rate of decline in employment would be slower than rate of increase by half.
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7. Calibration of simulation model to State of New York

We simulated the model to the State of New York. We compare the model estimated number of hospitalization and deaths with
that reported and verified that the predictions match well, as seen in Figures 2, 3, and 4. In this base-case figures presented below,
we assumed that social distancing would be retained for the remaining duration of the simulation, and thus represents the best case

scenario.
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Figure 2 Cumulative number of diagnosis
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Figure 3 Cumulative number of deaths
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Cumulative hospitalizations over time
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Figure 4 Cumulative number of hospitalizations

Model and references

The model can be found on GitHub COVID-19-decision-analysis-model.

All data inputs used in the model can be found on GitHub in Data folder.

Summary of sources for data inputs to model can be found on GitHub SummaryofSource.xlIsx .



https://github.com/diseasemodeling/COVID19-v2
https://github.com/diseasemodeling/COVID19-v2/tree/master/data
https://github.com/diseasemodeling/COVID19-v2/blob/master/data/Summary%20of%20Sources.xlsx
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