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A BSTRACT
The coronavirus disease 2019 will have a huge impact on the economy and the
society worldwide. It will last a long time and the next pandemic will come
surely. It is pressing and critical to make informed and intelligent decisions. We
argue that reinforcement learning is a promising framework to combat epidemics;
and epidemics are a fruitful application area for reinforcement learning to make
substantial real life impact. We present a simplistic model, with discussions and
potential extensions. We hope to draw more attention from communities of reinforcement learning and artificial intelligence, epidemiology and public health, and
economics to combat epidemics together.
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I NTRODUCTION

Sustained severe acute respiratory syndrome-coronavirus 2 (SARS-CoV-2) outbreak has resulted in
titanic confirmed cases and deaths of coronavirus disease 2019 (COVID-19). The World Health
Organization (WHO) declared on March 11, 2020 the SARS-CoV-2 outbreak as a pandemic, the
most severe level of epidemics. It will have a huge impact on the economy and the society worldwide. Worse yet, more and more evidence show that it will likely stay for a long time (Kissler et al.,
2020), before effective vaccine and treatment become available, and it is costly to establish herd
immunity so that most of a population gain immunity and indirectly protect those not immune.1 It
is thus pressing and critical for countries to respond to the pandemic in an informed and intelligent
way. Recently, Shapiro and Rothman (2020) warn that “Perhaps the most essential lesson ... is
this: the next pandemic will surely come. The only question is when. AHSs and others must be
better prepared for that moment.” Here AHSs stands for academic health systems. Actually, much
earlier, experts suggested to enforce global monitoring of disease outbreak preparedness to prevent
a potential pandemic, e.g., Harvard Global Health Institute (2018).
COVID-19 has drawn much attention in the research communities. There are growing number of articles published in leading journals like New England Journal of Medicine (NEJM),2 Lancet,3 Journal of American Medical Association (JAMA),4 Science,5 Nature, as well as in preprint platforms
like arXiv, bioRxiv and medRxiv, contributed by researchers from epidemiology, public health, economics,67 and artificial intelligence (AI) and machine learning (Bullock et al., 2020).
In this article, we focus on the control of epidemics. Most previous works study the transmission
of an infectious disease and intervention measures with an epidemiological transmission model,
either a classical susceptible-infectious-recovered (SIR) model or its extension SEIR model with the
addition of an exposed compartment or some variants. Usually a simulator is built based on such a
transmission model, and various manually designed intervention measures are implemented in the
simulator to study morbidity and mortality. Most papers from epidemiology and public health about
controlling epidemics follow this way. Such study provides guidance on policy making for public
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health and economy. However, it is time-consuming to design strategies manually, which are usually
in fact sub-optimal. One potential refinement is to automate the evaluation and optimization of
intervention strategies. Moreover, there are investigations about both an epidemic and the economy,
e.g. Alvarez et al. (2020), Charpentier et al. (2020), Eichenbaum et al. (2020), Lin et al. (2010),
and an edited book, Baldwin and di Mauro (2020). Usually, simplified assumptions are necessary
to combine a transmission model with an economic model. One potential refinement is thus to relax
assumptions and consider practical scenarios. When working with simulation, it is straightforward to
consider realistic factors, like an optimal strategy of additional hospital facilities and heterogeneity at
individual level, which may be nontrivial to be incorporated in a model. To this end, we introduce the
framework of reinforcement learning (RL) (Sutton and Barto, 2018; Szepesvári, 2010) to combat an
epidemic and its impact on the economy. RL deals with sequential decision making, by automating
previously manually designed strategies, and it is straightforward to consider practical scenarios,
esp. with simulation.
In the following, we present a brief review of related work, background about epidemiological model
and RL, a simplistic RL formulation to combat an epidemic and its impact on economy, and discussions and extensions.
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A

BRIEF REVIEW

RL has made significant progress recently. Remarkable examples are AlphaGo (Silver et al., 2016)
and AlphaGo Zero (Silver et al., 2017) for computer Go, AlphaZero (Silver et al., 2018) for twoplayer perfect information games and AlphaStar (Vinyals et al., 2019) for StarCraft, a multi-player
imperfect information game. Besides games, RL also has various successful applications, e.g., in
recommendation (Agarwal et al., 2016; Gauci et al., 2019; Ie et al., 2019), robotics (Peng et al.,
2020), ride-sharing (Tang et al., 2019), chemical synthesis (Segler et al., 2018), and drug design (Zhavoronkov et al., 2019). There are also efforts applying RL to healthcare, e.g., dynamic
treatment regimes (Shortreed et al., 2011; Zhang and Bareinboim, 2019), weaning of mechanical
ventilation in ICU (Prasad et al., 2017), mobile health (Liao et al., 2020; Menictas et al., 2019),
laboratory tests (Cheng et al., 2019), and individualized sepsis treatment (Komorowski et al., 2018).
Moreover, RL has been making achievements in automatic machine learning (AutoML), e.g., neural
architecture search (Zoph and Le, 2017), algorithm design (Li and Malik, 2017; Xu et al., 2018),
combinatorial optimization (Chen and Tian, 2019; Lu et al., 2020), and data augmentation in computer vision (Cubuk et al., 2019). Note, there are discussions about issues with applying (deep) RL,
e.g., Dulac-Arnold et al. (2019); Henderson et al. (2018); Gottesman et al. (2018; 2019; 2020).
Several papers study SEIR models at population level. Hellewell et al. (2020) study the effectiveness
of contact tracing and isolation with simulation based on a stochastic transmission model, considering scenarios with various initial cases, basic reproduction number R0 , the delay from symptom
onset to isolation, contract tracing probability, the proportion of asymptomatic transmission, and the
proportion of subclinical infections. Kucharski et al. (2020) study the combination of a stochastic
transmission model with multiple datasets to estimate the dynamics of transmission during January
and February 2020 in Wuhan, and evaluate the potential occurrence of sustained spread in other locations if cases were introduced. Kissler et al. (2020) combine viral, environmental, and immunologic
factors like the degree of seasonal variation in transmission, the duration of immunity, the degree
of cross-immunity between SARS-CoV-2 and other coronaviruses, and the intensity and timing of
intervention measures to study the transmission dynamics. The authors identify that the status of
overwhelming of critical care capacity is critical for the success of social distancing, and that intermittent or prolonged social distancing may be necessary into 2022 to avoid exceeding healthcare
capacity. Prem et al. (2020) and Liu et al. (2020) investigate SEIR transmission models with ageand location-specific social mixing, with different ways to estimate contact matrices. Leung et al.
(2020) study first-wave COVID-19 transmissibility and severity in China outside Hubei after control
measures, and second-wave scenario planning.
There are a couple of papers studying SEIR models at individual level, e.g., Ferguson et al. (2020)
and Koo et al. (2020). Ferguson et al. (2020) study the effect of non-pharmaceutical interventions
(NPIs) for controlling a pandemic in the settings of UK and US. This study influenced the policy
2

making in UK, US and other countries.8 Individual-level simulation makes investigations at fine
granularities; however, it may require costly computation.
There are investigations about both an epidemic and the economy, e.g. Alvarez et al. (2020), Charpentier et al. (2020), Eichenbaum et al. (2020), Lin et al. (2010), and an edited book, Baldwin and
di Mauro (2020). Alvarez et al. (2020) study an optimal lockdown intensity and duration policy considering the fatalities of an epidemic and the cost of the lockdown, by a SIR epidemiology model and
a linear economy model. The authors embed the fraction of lockdown into the SIR model and the
objective function, formulate a Bellman-Hamilton-Jacobi equation, discretize it, and solve it with
value iteration. The approach is simplified by considering only the fraction of lockdown. Alvarez
et al. (2020) share similarity with Lin et al. (2010), which apply optimal control to an SIR model,
using a decision variable to reduce the rate of contact, which is not directly achievable, whereas a
lockdown ratio may be directly achievable. Charpentier et al. (2020) propose a variant of SIR model
with compartments of susceptible, infected non-detected, infected detected, recovered non-detected,
recovered detected, hospitalized, hospitalized in ICU, and dead. Charpentier et al. (2020) study
optimal decision with lockdown and detection, with experiments under conditions of 50% increase
of ICU capacity in two months among others. Alvarez et al. (2020), Charpentier et al. (2020) and
Lin et al. (2010) normalize population to 1, which is convenient for theoretical analysis; however,
this may make it inconvenient to consider some realistic factors, e.g., additional hospital facility,
not mentioning different, customized NPIs for different regions in a city. Eichenbaum et al. (2020)
propose SIR-macro model to consider both an epidemic and an economy, considering factors like
consumption, production, medical preparedness, treatment, vaccination, etc. To build the model
in a parsimonious way, some simplified assumptions are made, e.g., the absence of heterogeneity
in consumption and production. One strength of RL is that it can incorporate realistic factors in a
straightforward way.

3

BACKGROUND

We present background about epidemiological model and RL.
3.1

SIR MODEL

In the classic SIR model, a population is categorized into S, I, and R compartments, which respectively stands for susceptible, infectious, and recovered or dead individuals. An important extension
to SIR is SEIR model, where E stands for exposed compartment, for individuals exposed to an infectious disease but not infectious yet. In the SIR model, susceptible individuals may acquire the
infectious disease at a certain rate when they contact an infectious person, become infectious, and
later either recover or decease. In SEIR, susceptible individuals enter the exposed state first, then become infectious. The SIR/SEIR model or their variants also specify transmission dynamics among
compartments. See e.g., Ferguson et al. (2020); Hellewell et al. (2020); Kissler et al. (2020); Koo
et al. (2020); Leung et al. (2020); Prem et al. (2020); Wu et al. (2020).
In an SIR model with lockdown, the dynamics follows. We have N , S, I, R, and D, denoting the
numbers of total, susceptible, infectious, recovered, and dead people, respectively. This model is
a variant of the standard SIR model, with the addition of the death compartment. We deploy an
abstract intervention measure, lockdown, and use L(t) to denote the ratio of those susceptible and
infectious who are locked down. We assume L(t) is the effective lockdown ratio. We recover the
classic SIR model when the lockdown ratio L(t) is always 0. We assume recovered people are
permanently immune, i.e., they will not be infected anymore. As a result, it is not necessary to lock
down recovered people. We assume perfect testing and tracing, so that recovered people will not
be locked down. Here β is the transmission rate or contact rate. The force of infection is given by
βS(1 − L(t))I(1 − L(t))/N . We denote the mean recovery rate as γ, in 1/days; and denote the case
fatality ratio (CFR) as φ. We can assume a proper birth rate to make N a constant, and new births
are in the compartment of susceptible.
dS
S(1 − L(t))I(1 − L(t))
= −β
dt
N
8
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S(1 − L(t))I(1 − L(t))
dI
=β
− γI
dt
N
dR
= γI(1 − φ)
dt
dD
= γIφ
dt
3.2

RL

In the following, we briefly introduce RL. An RL agent interacts with an environment over time.
At each time step t, the agent receives a state st in a state space S, and selects an action at from
an action space A, following a policy π(at |st ), which is the agent’s behavior, i.e., a mapping from
state st to actions at . The agent receives a scalar reward rt+1 , and transitions to the next state st+1 ,
according to the environment model, which refers to the state transition probability P(st+1 |st , at )
and the reward function R(rP
t+1 |st , at ). The return is the discounted accumulated reward with the
∞
discount factor γ ∈ (0, 1], k=0 γ k rt+k .9 The agent aims to maximize the expectation of such
long-term return from each state, or each state action pair. The problem is set up in discrete state and
action spaces. It is not hard to extend it to continuous spaces. In partially observable environments,
an agent cannot observe states fully, but has observations. As a result, we replace state st with
observation ot in previous discussion.
When an RL problem satisfies the Markov property, i.e., the future depends only on the current state
and action, but not on the past, it is formulated as a Markov decision process (MDP), defined by
S, A, P, R. When the system model is available, we may use dynamic programming methods: policy evaluation to calculate value/action value function for a policy, value iteration or policy iteration
for finding an optimal policy. When there is no model, we resort to RL methods, like Q-learning
and policy gradient, and their variants. RL also works when the model is available. RL framework
is widely applicable. An RL environment can be an MDP, a partially observable MDP (POMDP), a
multi-armed bandit, a game, etc.

4

RL F ORMULATION : A S IMPLISTIC M ODEL

In this section, we formulate the control of an epidemic and its impact on the economy in RL
framework. We start with a simplistic yet illustrative model, influenced by Alvarez et al. (2020). It
is straightforward to build a simulator based on an SIR/SEIR model and intervention measures, and
find an optimal policy/intervention measure with RL.
4.1

A SIMPLISTIC MODEL

To formulate a problem in the RL framework, we need to define state, action, and reward. By
simulating the interaction between an agent (the decision maker) and an environment (the population
and the economy in the society), we can collect training data and find an optimal policy (sequential
intervention measures) with some RL algorithm.
It is desirable to have a compact yet informative state representation. In a simplistic version, we
represent a state as a vector, consisting of the numbers of susceptible, infectious, and recovered.
An action is an intervention measure. We use lockdown ratios for the action space, following Alvarez
et al. (2020).
We define a reward function in the form of: production - healthcare cost - death cost. In particular,
we have: # of working people * w - # of newly recovered * healthcare cost - # of newly dead *
fatality cost. We may regard w as wage or willingness to pay.
4.2

PARAMETERS S ETTING

In the following, we discuss parameters setting to implement the simplistic model.
9
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We set the recovery rate γ as one over infectious days. We set infectious days as 5, as in Kissler
et al. (2020), thus γ = 1/5. In Alvarez et al. (2020), γ = 1/18. We set β = R0 γ, as in Kissler et al.
(2020). Here R0 is the basic reproduction number. We set R0 as 2.2, following Prem et al. (2020).
We set CFR φ = 0.05. We will vary these parameters for sensitive analysis.
We use 8 actions for each state, from 0.0 to 0.7. We assume 30% of workforce (e.g., health-care
personnel, police, staff for basic utilities, and other essential government staff) are working even
during the extreme control measures.
As in Alvarez et al. (2020), one way to interpret w is GDP per capita, let say $65,000 USD; and
the shadow cost of each life lost is 20 times annual GDP per capita, or about $1.3 million. The
healthcare cost is around 1/10 of GDP per capita; see Bartsch et al. (2020). When we formulate in a
daily basis, assuming 250 working days, and normalizing w as 1, we have healthcare cost as 25 and
fatality cost as 50,000. The reward function then is: # of working people * 1 - # of newly recovered
* 25 - # of newly dead * 50000.
We have worked on toy problems, with 30 people, with tabular state, action, value, and policy representations. The results are expected — RL finds better policies than policies with fixed lockdown
ratios.

5

D ISCUSSION /E XTENSIONS

Our goal is to integrate RL with an epidemiological transmission model, combat an epidemic and
its impact on the economy, by finding an optimal intervention policy. We first discuss if the model
presented in Section 4 is too simple. We then present potential extensions. Note, these extensions
may be complementary to each other, e.g., we may combine extensions about RL with those about
transmission model. We also discuss if simulation is sufficient for combating epidemics.
5.1

I S THE MODEL TOO SIMPLE ?

The presented RL + SIR model is apparently very simple. However, it has its power and beauty.
The lockdown ratio is abstract, so it generalizes well to various scenarios, so that when interventions
can achieve an optimal lockdown ratio, i.e., to implement an optimal action in RL, then the realized
policy can achieve an optimal objective. Different countries, states/provinces, counties, towns may
have different technical, geographical, societal, cultural, and political conditions, so they may have
different ways to implement intervention measures to achieve a certain lockdown ratio.
For example: we may have the following non-pharmaceutical interventions (NPIs): isolation of
cases, home quarantine of susceptible people, home quarantine of elderly people, schools and universities closure, bars and restaurants closure, sports closure, conferences closure, gatherings ban.
Each of them can achieve certain level of lockdown ratio, and a decision maker can choose some
combination of them to achieve a target lockdown ratio. When we treat each of these NPIs as an
action, we need some additional selecting criteria, since some of them may have equivalent effect
on lockdown ratio. For example, if closing schools or closing bars and restaurants can achieve the
same lockdown ratio, we need to set different priorities for education and drinking/dinning to select
one NPI over another.
Reducing the effective reproduction number Rt is essential in containing an epidemic. It is desirable
to control Rt directly, e.g, to add a constraint of Rt < 1 in the optimization. However, it may not be
feasible to implement it, since we need to estimate Rt in the first place. It is relatively straightforward
to implement a lockdown ratio, which reduces Rt . Continuing the above example, different NPIs
may achieve the same lockdown ratio, as a result, having the same effect on reducing Rt .
5.2

E XTENSION 1: RL

It is necessary to deploy function approximation for large scale problems. One way is to deploy
neural networks for the representation with the simplistic model. We may start with representing
state with numbers of S, I, R in a single day, to model realistic number of people, like one million.
5

We should study a state representation considering history, e.g., numbers of S, I, R and actions
taken, during, say last 14 days. A RNN, like LSTM, is a great tool for this. See Li (2017) for an
overview about deep RL.10
When we deploy neural networks, one major issue is interpretability. We may find intuition of the
resulting policy/value. An optimal value/policy should behave reasonably, with “smooth” functions.
We can visually check value and policy (to some degree) and compare with manually designed
policies, like fixed lockdown ratios, or some rule-based policies (e.g., from the literature). This
partially provides explainability, although when using neural networks, we may not be able to explain exactly/clearly why a particular action is selected. We may derive an intuitive policy during
post-processing.
Our goal is by nature multi-objective optimization, namely, simultaneously optimizing the infection
rate and the economic impact. It is thus desirable to borrow ideas from recent achievements in this
direction, see e.g., Szepesvári (2020a).
There are usually uncertainty in parameter estimation, e.g., for R0 , CFR, etc. As a result, there
are uncertainties in the transmission model for the virus and the transition model for RL. We can
vary parameters for sensitivity analysis and consider heterogeneity of these parameters, e.g., for R0
in Donnat and Holmes (2020). See a recent talk about model misspecification in RL (Szepesvári,
2020b).
It is helpful to incorporate risk management tools like conditional Value-at-Risk (CVaR) (Yu et al.,
2009) and extreme value theory (EVT) for fat tails (Cirillo and Taleb, 2020). We may deploy metalearning and few-shot learning to make the learned policy robust to parameter uncertainty.
The lockdown ratio is continuous by nature. Other NPIs may also be continuous. It is helpful to
consider algorithms like soft actor-critic (Haarnoja et al., 2018) and TD3 (Fujimoto et al., 2018).
Note, the numbers of S, E, I, R should be partially observable in practice, due to testing capacity,
willingness to test, etc., although (most if not all) SIR/SEIR models treat them as fully observable in
simulation. However, one issue of regarding S, E, I, R as latent variables is we probably do not have
the true values, but only those reported. Thus we may follow the tradition in epidemiology/public
health and use SIR/SEIR models.

5.3

E XTENSION 2: T RANSMISSION MODEL

There are realistic factors of a pathogen like SARS-CoV-2 to consider when building a transmission
model. It is desirable to study the heterogeneity of the basic reproduction number R0 , see e.g., Donnat and Holmes (2020), and bias in estimation of case fatality ratio (CFR), see e.g., Angelopoulos
et al. (2020). An incubation period is the time between exposed to a pathogen and onset of symptoms. Infection has a duration, and individual infectiousness is variable. The serial interval is the
time between successive cases in a sequence of transmissions. Asymptomatic or subclinical people
may be infectious, and people may become infectious after recovered, for SARS-CoV-2. Infection
usually comes with seasonal variation, e.g., strong during winter while weak during summer. Immunity usually has a duration, e.g., 40 weeks. Cross-immunity has various degrees, e.g., people
immune to other betacoronavirus like HCov-OC43 and HCov-HKU1, which cause influenza, may
be immune to SARS-CoV-2, but with different degrees. For more information, see literature in epidemiology/public health modelling, like Ferguson et al. (2020); Hellewell et al. (2020); Kissler et al.
(2020); Koo et al. (2020); Leung et al. (2020); Prem et al. (2020); Wu et al. (2020), and epidemiological and clinical characteristics of the virus and the disease, like Arons et al. (2020); Guan et al.
(2020); Richardson et al. (2020); Wu and McGoogan (2020); Young et al. (2020).
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5.4

E XTENSION 3: AGE - AND LOCATION - SPECIFIC SEIR MODEL

Contact patterns of different ages, e.g., young, adult, and elderly, and locations, e.g., home, schools,
workplace, and community, affect person-to-person transmission. During an on-going outbreak,
such contact patterns will change from normal conditions, due to physical distancing measures, behavioural habit changes, etc. It is desirable to incorporate such population mixing into the simulator
and study its effect on performance of an optimal policy. Check Prem et al. (2020) and Liu et al.
(2020) for more details.
The following is from Prem et al. (2020), after fixing typos. The population is divided according to
age into 5-year bands until age 70 years, and a category of aged 75 and older, resulting in 16 age
groups. Ci,j describe the contacts of age group j made by age group i. The age-specific mixing
patterns of individuals in age group i, Ci,j , alter their likelihood of being exposed to the virus
given a certain number of infected individuals in the population. κ = 1 − exp(−1/dL ) is the daily
probability of an exposed individual becoming infectious, with dL being the average incubation
period. γ = 1 − exp(−1/dl ) is the daily probability that an infected individual recovers, with the
average duration of infection as dl . An infected individual in an age group can be clinical (I c ) or
subclinical (I sc ). ρi refers to the probability that an individual is symptomatic or clinical. 1-ρi
denotes the probability of an infected case being asymptomatic or subclinical. When ρi = 0 for
all i, the model P
simplifies to a standard
The force of infection for age group i at time
PnSEIR model.
n
c
sc
t is given by β j=1 Ci,j Ij,t
+ αβ j=1 Ci,j Ij,t
, where β is the transmission rate and α is the
proportion of transmission that resulted from a subclinical individual.

Si,t+1 = Si,t − βSi,t

n
X

c
Ci,j Ij,t
− αβSi,t

j=1

Ei,t+1 = βSi,t

n
X

sc
Ci,j Ij,t

j=1

c
Ci,j Ij,t
+ αβSi,t

j=1
c
Ii,t+1

n
X

n
X

sc
Ci,j Ij,t
− κEi,t

j=1
c
= ρi κEi,t − γIi,t

sc
sc
Ii,t+1
= (1 − ρi )κEi,t − γIi,t
c
sc
Ri,t+1 = Ri,t + γIi,t
+ γIi,t

5.5

E XTENSION 4: A DDITIONAL HOSPITAL FACILITY, REALISTIC INTERVENTIONS

Kissler et al. (2020) and Li et al. (2020) identify that the success of social distancing hinges on the
critical care capacity. We may add available Intensive Care Unit (ICU) beds into state representation. When it becomes severe, it may be necessary to set up additional ICU beds. Chen et al.
(2020) show the effect of setting up a new hospital facility in China. We may treat more hospital
facility as additional actions. It is straightforward in RL to modify such state and action definition
to incorporate realistic, important factors.
We may consider realistic intervention measures. For example, we may implement NPIs in the
simulator, evaluate them and find an optimal intervention policy out of them. However, as we
discussed in 5.1, we need to consider their equivalence in achieving the same lockdown ratio, and
the same effect of reducing the effective reproduction number Rt .
Aggressive testing and contact tracing are critical for controlling the pandemic, like in China, Singapore and South Korea. Testing is essential for investigating the percentage of population who have
gained immunity. Testing is also critical for identifying those with asymptomatic infection.
5.6

E XTENSION 5: D EEPER INTEGRATION WITH ECONOMIC MODELS

Economists deploy concepts like competitive equilibrium to investigate the tradeoff among production, consumption, and in our context, an epidemic. It is desirable to delve into such literature, e.g.,
Eichenbaum et al. (2020) and an edited book, Baldwin and di Mauro (2020), to make our model
more reasonable in the sense of economics. Our presented simplistic model was inspired by Alvarez
et al. (2020) from the economics community.
7

5.7

E XTENSION 6: I NDIVIDUAL LEVEL SIMULATION

A population level simulator can illustrate population level characteristics of an epidemic; while at
the same time, it may lose some details or be inconvenient to implement some detailed behaviours.
An individual level simulator can capture such details, and implement intervention measures at finegranularity. It is possible for an individual level simulator to consider at the granularity of individuals
with details in many factors: 1) demographics, like age, gender, occupation, immunity, comorbidity,
etc.; 2) healthcare system, like hospitals, their conditions w.r.t. locations, number of doctors/nurses,
numbers of ICU beds/ventilators, etc.; 3) location, like homes, schools, workplace, restaurants,
grocery stores, etc.; 4) transportation systems, like transportation types such as bus, subway, car,
bicycle, and walking, and routes and roads; 5) economy, like company types such as IT, finance,
manufacturing, services, utilities, etc., and supply chain system; 6) societal systems, like WHO, the
Centers for Disease Control and Prevention (CDC), government, etc. Being flexible, an individual
level simulator may encounter complexity and computation burden.
5.8

I S SIMULATION SUFFICIENT ?

SIR/SEIR models or variants are the “mainstream” approach in modelling study for epidemics in
epidemiology and public health. A well-known problem for simulation is model misspecification
and the issue of simulation to reality.
In many COVID-19 research papers, parameters were roughly estimated, or even borrowed from
previous similar viruses in the beginning of the outbreak, with sensitivity analysis by varying parameters. Even now, some key parameters, like the basic reproduction number R0 and case fatality
ratio (CFR), are still rough estimates; see e.g. Donnat and Holmes (2020) and Angelopoulos et al.
(2020) respectively.
Even so, simulation may be the best we can do to model an epidemic, esp. for the current one
caused by a new virus SARS-CoV-2. Real life simulation is too complex for an epidemic, with too
many relevant factors about individuals, virus, economy, and society. The difficulties for building a
high-fidelity simulator for epidemics, besides technical factors like transmission model/parameters
and economic factors, there are also social, cultural, and political aspects, which may not be easy to
quantify. As a result, it is expected that policy makers may not take insights from academic research
literally. Researchers are supposed to avoid providing misinformation, and warn the readers of
limitations of the research study.
Considering the difficulties discussed above, a feasible plan is to focus on technical factors, at least
in the early stages; in particular, we base our research on the state of the art of transmission models
in epidemiology and public health. We may employ various techniques like sensitivity analysis,
risk management and meta-learning to address the concerns about parameter uncertainty and model
robustness. With a new, severe epidemics like the current one caused by SARS-CoV-2, some insights
are urgently needed. Simulation can provide such insights; and RL is expected to have excellent
performance in a simulation environment.

ACKNOWLEDGEMENT
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