Contagion, Migration and Misallocation in a Pandemic*

Ke Tang’ Danxia Xie* Longtian Zhang®

Tsinghua University Tsinghua University Central University of Finance and Economics
Version: 1.0

Date: December 26, 2021

Abstract

We present a multi-city migration model to study the endogenous choices of migration during a pandemic
and to evaluate various policy alternatives as well. Analytical solutions are provided under the two sit-
uations respectively: laissez-faire equilibrium and social optimum. We find that migration rates diverge
under these two situations, especially for the infected people. We also provide a new cross-country em-
pirical fact that countries with higher COVID-19 mortality disparity across sub-regions tend to have lower
nationwide mortality rates. This new fact is inconsistent with the prediction of the traditional misalloca-
tion literature, nevertheless is aligned with our theoretical model, which can be seen as an extension of
the misallocation framework with cross-region contagion and externality. In addition, through numerical
analyses we observe that the total social welfare can be increased by up to 2% in two-week time span
with better policies. This research can shed light on policy design under pandemic threat and also help to

enrich the misallocation literature.
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1 Introduction

Since its discovery in December 2019, COVID-19 has unexpectedly become one of the most serious
and widespread pandemics. By the end of 2021, 280 million infected and 5.4 million deaths from this
disease had been confirmed worldwide. The academic literature related to this disease has burgeoned after
the outbreak, giving rise to different lines of research. Among these, we can highlight the one related to the
lockdown policy and the problems arising from social distancing requirements (e.g., Acemoglu et al., 2020;
Farboodi et al., 2020; Jones et al., 2021). However, most of these studies refer to the policies carried out
within a city, while the restrictions on movements between regions and the agents’ decisions as a result of
these restrictions have not been sufficiently analyzed.! In addition, the efficiency in the use and allocation
of hospital resources across regions has also been under-studied in the economic literature related to the
pandemic. Our paper attempts to fill in this gap.

If there is no severe misallocation, the death rate for COVID-19 should be approximately the same
across regions and close to the national average, as this rate can be seen as a rough measure of productivity
of the health sector in each region. Nevertheless, a simple empirical analysis contradicts this conclusion,
as illustrated in Table 1. From the table, we see that Hubei province where Wuhan is located, has a death
rate which is higher than the national average level, and much higher than other major cities of China. The
uneven distribution of medical resources across cities and areas could induce large-scale migrations that
would exacerbate the spread of the virus. On the other hand, these migrations could help to equalize the
amount of hospital resources per capita through the different areas, mitigating the resource misallocation
problem. Therefore, there exists some kind of trade-off in terms of migration control from the policy
perspective. For a country like China, although misallocation exists (see Table 1) due to migration control
policies, the total number of infections nationwide is minimized with aggregate social welfare enhancing.
In contrast, the United States has experienced much higher total loss of lives despite achieving a lower
national mortality rate. These facts are inconsistent with the predictions of the traditional misallocation
literature, nevertheless is aligned with our model presented in this paper, which can be seen as an extension
of the misallocation framework with cross-region contagion and externality. Specifically, we develop a new
theoretical model considering resource endowment, endogenous migration choices, as well as misallocation
and reallocation as policy instruments. In addition, and unlike most of the papers in the related literature,

we find closed-form solutions of our model, which can facilitate the understanding of pandemic economics

1Some papers have been dedicated to multi-city models (e.g., Bisin and Moro, 2020; Fajgelbaum et al., 2020), but focusing only on
the network effects, without considering personal decisions.



and policy design.

Our model emphasizes the endogenous migration decisions of different population groups across cities
or regions during a pandemic, which has not been paid sufficient attention in related research.? There are
three important factors that an agent considers when making migration decisions: (1) the relative medical
resources of cities as aforementioned; (2) the probability of being infected in a particular city; (3) migration
costs. An uninfected agent might want to move to a city with less infected people, while an infected patient
would intend to migrate to a city with better medical treatment. Moreover, an agent will also take into
account the choices of all other agents when making his/her own decisions. If an uninfected agent expects
more infected patients to move to a city, he/she will try to avoid entering that city in order to reduce his/her
risk of contagion. This will eventually lead to a rational expectation equilibrium where every agent will have
correctly anticipated all the other agents’ real actions.

Related literature—One of the most important tools to help researchers and policy makers understand
the trend of a pandemic is the classical SIR model first proposed by Kermack et al. (1927). In the simplest
version of the model, agents are divided into three types: susceptible, infected and recovered. Susceptible
agents meet infected ones and have a probability of getting infected, and the infected agents recover from
the disease at a certain rate. The changes in the number of each type of agents are described by several
differential equations. Some other models have extended this framework in order to make it more meaningful
(e.g., Chowell et al., 2003; Stehlé et al., 2011). After the pandemic outbreak, many new papers appeared
that added economic trade-offs into the traditional SIR and other SIR-like models to study corresponding
policy implications. In general terms, we can divide these papers into two categories, according to the
main topic they address: the estimation of the economic impact and the optimization of lockdown policies.
Regarding the former, Fernandez-Villaverde and Jones (2020), Hall et al. (2020), and Guerrieri et al. (2020)
estimated the negative effects of this pandemic on the economy of the U.S. and other countries in the world;
Eichenbaum et al. (2021) proposed a macroeconomic model combining testing and quarantining; and Fang
et al. (2020) estimated the effect of traveling restrictions in China during the pandemic, and provided some
important insights to our paper on the migration of population. On the other hand, lockdown policy is
another important topic which has attracted many researchers to work on it. Alvarez et al. (2021) opened a
new line of research on this topic, which was continued by other important papers, by proposing a framework
that combines the SIR model with an economic optimization problem. Finally, we should mention that it is

not the first time that the multi-city SIR-like model used in our paper is applied in research (see, for example,

2Studies on endogenous decisions among different health states are not frequently seen in literature. One example is Chan et al. (2016),
which provides an theoretical model describing the influence of HAART, a breakthrough of HIV treatment, on the corresponding
precaution behaviors.



Bobashev et al., 2011; Chinazzi et al., 2020), but these papers do not include, unlike ours, the endogenous
decisions of agents, which constitutes an important contribution from the economic point of view.

Our paper studies the misallocation of hospital resources during a pandemic, and the migration decisions
made to mitigate this inefficiency. Since the appearance of Hsieh and Klenow (2009), misallocation has
become a hot topic, giving rise to a growing literature that extends the misallocation of productivity that
they study to different aspects of our lives (e.g., Dower and Markevich, 2018; Hsieh et al., 2019; Tombe and
Zhu, 2019). In these papers, misallocation is always interpreted as an undesirable phenomenon. However,
in the specific setting provided in our paper, misallocation coming from the uneven hospital load among
different cities shows a positive effect in reducing the total loss caused by the pandemic. The reason lies
in the contagion risk associated with the free movement of the agents, and misallocation becomes desirable
when the harm caused by this kind of externality increases considerably.

The remainder of this paper is organized as follows. Section 2 provides the general settings of our
model, including some details on agents’ decisions and the aggregate moving equations. Section 3 gives
the explicit solutions of the migration decisions under two different situations. Section 4 provides some
numerical results on the impact of allocation of hospital resources, welfare analysis, and some numerical

examples to show the special misallocation in this paper. Finally, Section 5 concludes.

2 The Model

In this section, we introduce the general settings of our model. First, we provide the processes related
to migration decisions. Next, we propose the aggregate moving equations of an n-city SIR-like model, and

explain the meaning of some time-variant parameters.

2.1 Agents

Agents only care about their health states and consumption, following the model of Grossman (1972).

Formally, for a single agent, we set the utility function in the form,

u(cy; he) = ¢ + dhy,

where ¢; is the consumption level of the agent, h, is the utility from the health state, and ¢ is the weight of
health state in the utility function. At the beginning of every period, agents are informed of the numbers

of infected, recovered and dead people in all the cities in the last period, and they know all the relating



parameters of the epidemic model. Thus, they can influence the expected health state of the following period
by setting their own optimal migration rates from the city they live in to all the other cities.
Every period, each agent receives w units of endowment, which can be distributed between consumption

and fees paid to change his/her own migration rates. Thus, the budget constraint is
¢t + fr = w.

The utility of health state h; takes the following values. If the agent is healthy, h; = 1. If the agent becomes
infected, 0 < hy = uy < 1. When an agent is recovered from the disease, the utility will return to the
same level as those susceptible ones. However, if an agent is dead, there will be a high disutility value, i.e.,
hy =up <K 0.

The migration rates are determined as follows. Consider n cities, with populations Ny, Na,..., N,
where n is finite and no smaller than 2. Agents can move from one city to another. In peacetime, we expect
that the populations of these cities remain constant. That is, there exist natural migration rates which satisfy

the following equations simultaneously.? For any ¢+ = 1,2, ..., n, we have

n n
N; Z Nij = Z ;i Ny,
j=1,5#i j=1,5#i

where 7);; is the natural migration rate from city ¢ to city 7. When a pandemic comes, agents pay to make
their own migration rates deviate from the corresponding natural level. Formally, let 7;;, 7,7 = 1,2,...,n,
1 # j be the actual migration rates from city ¢ to city j. Then, the fee an agent who lives in city ¢ has to pay
to achieve these rates is set as .

fi= > kil — i) (1

j=1,5#i

One should note that, for a single agent, the migration rates he/she chooses can be viewed as the probabilities
of being in a certain city in the next period, and the agent arranges these probabilities in order to maximize
his/her expected utility. This probabilistic interpretation can be justified by considering the agent of our
model as an ‘“average” person. Obviously, if an agent does not want to move at all, he/she should pay

Py 2i Kij 771-2]. to make all the corresponding probabilities equal to zero.

3Natural migration rate defined here is just a shortcut of our model. In models like Tombe and Zhu (2019), researchers usually add
an idiosyncratic preference term for different cities in the agents’ utility functions to describe the migrating behavior. However, we
think this preference is dominated by the concern of health states when a pandemic comes. As a result, we ignore this in our utility
function. Also, we assume that the fees paid to deviate from the natural migration rate dominate the fees of migrating in peacetime
(the fees to achieve natural migration rates), and come to the setting in (1).



2.2 Aggregate Moving Equations

When a pandemic comes, agents in each city are divided into four types: susceptible (.5), infected (1),
recovered (R) and dead (D). At the beginning to period ¢, the numbers of all types of agents are S;(t),
I;(t), R;(t) and D;(t), ¢ = 1,2, ...,n. In order to maximize their expected utilities, agents decide (or social
planner decide when we derive the optimal policy) which cities to live in this period. After the migrations,

numbers of all types of agents become S (t), I}(t), R;(t) and D;(t), i = 1,2, ..., n, according to

n
Ul(t Z g | U+ > mugli(t), i=12,..n. 2)
J=Llj#i J=1j#i
Here, we define the actual number of these types of agents after migration at the current period as Ui (),
Us(t),..., Ul (t), U = S, I, R (assume that dead agents do not migrate). These variables can be viewed
as transitional states at period . Then, agents begin to commute between the cities, or go to hospitals for
treatments. During this process, susceptible agents may have the possibility to meet an infected one and get
infected, or infected agents being treated in hospitals may be cured or die. At the end of this period, numbers
of all types of agents become S;(t + 1), I;(t+ 1), R;(t + 1) and D;(t + 1), i = 1,2, ..., n, according to the
equations shown from (4) to (7). Then, a new period begins. To make the above illustrations more explicit,
we show the timeline of the model in Figure 1.

Based on the transitional states defined in (2), we define the total population of city ¢ after migration as
Ni(t) = Si(t) + Ii(t) + Ri(t). 3)

Then, the aggregate moving equations of agents in city 4, ¢ = 1, 2, ..., n, are:

S(t+ 1) =5.(0) - o SIOL) “Z#Znswj lzmns,ﬂ @

Lt +1) =L(t) + Nit) SHOLE) = [ult) + MOV = (1) j_% mwij + j:% sy, )

Ri(t +1) =Ri(t) + v (t)I( ;é NRij + ;ﬁ nriR 6)
Pyt Pleys?

D;(t+1) =D;(t) + Ni(H)I[(). (7

In these equations, (3 is the conditional transmission probability of the disease. The migration rates of



different types of agents in different cities can be various, which will be further discussed below.
In every period, susceptible agents may be exposed to the virus and have a chance (with probability 3)
to get infected. Once an agent becomes infected, in every period, he/she has a probability of v to become a
recovered one, and a probability of ) to die. Once an agent recovers, he/she will never get infected again.
However, when an agent dies, he/she will bear a high level of disutility and no longer be able to move again.
The recovering rate ~y; () and the death rate \;(¢) need to be explained in more details. In every period,
the probability of recovering from sickness in city i is

7i(t) =5 — K1 (%&?) :

where I/(t) is obtained in (2). H; represents the abundance of hospital resources in city ¢, which is viewed
as a constant in the model. Finally, 4 and x; are parameters in the determining equation of recovering rate,

with 7, k1 > 0. Similarly, we set the probability of dying from the disease in every period as
_ I/ (t
)\l(t) = A+ Ko (}E,)) ,

where )\ and ko are parameters in the determining equation, with A, x2 > 0, and the meaning of /(t) is the
same as in (2). It is important to note that the equations determining the recovery rate and the death rate are
only applicable when the ratios of infected agents and hospital resources are within a certain range because
these equations are linear, and 7;(t), A;(t) must belong to [0, 1].

One should also note that, since recovered agents will never get infected again, they will not pay any
more to deviate from the natural level of migration. In other words, the migration rates of recovered agents
in all the cities always equal to the natural level, i.e., ng;; = 1i;, %, J = 1,2,...,n, % # j. Then, we set 7,5,
U=S5,1,i,7=1,2,....n,1 # j, as the migration rates determined independently by the corresponding
types of agents. Here, we use tildes to distinguish migration decisions made by agents themselves from the
aggregate migration rates. p; ¢, ;¢ and r; ; represent the infectious rate, the recovering rate and the death
rate in city 4, respectively. Considering migration, these rates can be written as follows.

iy = B]{;Z,(é)) i =it) =7 — k1 (%?) ;T = Ailt) = A+ k2 (I}I(tl)> :

For the sake of tractability, we assume that the changes of total populations in each city between two



neighboring periods are very trivial and thus (3) can be simplified in the approximated form
N/(t) ~ Ni(0) — Dyt).

Based on the settings above, and given the aggregate numbers of all types of agents in the last period,
an agent can expect his/her expected health state in the current period according to a transition matrix, which

is shown in Table 2, and then make decisions on different migration rates to different cities in that period.

3 Migration Decisions

In this section, we obtain the migration decisions between two neighboring periods given the number
of all types of agents in the last period. The current expected utility of an agent in city ¢ now if he/she was a

susceptible one in the last period is

Elu(cg; hy, hy—1 = susceptible, 7))

=w— f(fisigid D) +¢ || 1= isi | Q=pig) +ur | 1= disi; | prt
j#i JFi

> (iisis (1 = pje) + fis,ijpjur)
J#i

Similarly, the current expected utility for an agent that was infected in the last period can be derived as
Elu(ct; by, hy—1 = infected, 7)]

=w— f(irgi i #)+o [ [ 1= g | Q—ae—ridur+ (1= g | g
J#i J#i

(1= i | riaup + > (51 = gi — i) + g + finirieun)
J#i J#
In this paper, we mainly compare the migration decisions made by individuals (laissez-faire equilibrium)

and by a benevolent government which aims to maximize the total utility of all the agents in all the cities

(optimal policy). These two situations will be discussed below.



3.1 Laissez-Faire Equilibrium

We first consider the laissez-faire equilibrium in which agents make decisions independently. This
situation can be viewed as a pandemic with no government intervening migrations. The derivation of this
equilibrium is shown in Appendix A. Denote the solutions of the migration rates as

/
N = 15,125 15,215 -+ NS, (n—1)n> NS,n(n—1)s M,125 M ,215 =5 M1, (n—1)ns M n(n—1)] s
which is a 2n(n — 1) x 1 vector, and the subscript “L” stands for the variables in laissez-faire equilibrium.

Then, given the total number of different types of agents I;, D;, ¢ = 1,2,...,n, in the last period, in

laissez-faire equilibrium, these migration rates can be obtained from the system of linear equations
Arng = Br, (®)

where Ay is a 2n(n — 1) x 2n(n — 1) matrix, and By is a 2n(n — 1) x 1 vector. Let Ay, (1735, (v7,x1) be the
element of matrix Ay, which corresponds to the row of 7, i7,;; and the column of ny, i x1, and let By, (75
be the element of vector B, which corresponds to 7y, y7;5, U = S, I. By setting down the matrix A, and

the vector B, the migration rates can be obtained as
-1
Ny = A L By.

As for the elements in matrix A, and vector B, we have the following proposition.
Proposition 3.1. In the laissez-faire equilibrium, the elements of matrix Ay, and vector By are shown in
Table 3. Specifically, matrix Ay, can be divided into the following four blocks:

Apss Apsr
AL — b 9

Arrs Arpar
These four block matrices are all n(n — 1) x n(n — 1) matrices, and they have the following properties:
1. Ay ssisann(n — 1) x n(n — 1) identity matrix.
2. Apsisann(n —1) x n(n — 1) null matrix.
3. Ay srand Ay 11 are non-singular matrices.
Since Ay, is non-singular and B, is non-zero, we can uniquely determine the migration decisions of

the agents.



In the table, constants C's and C are shown as follows:

Cs = ﬁ;(l —ug) ©)

and

? ﬁl(l—ul)—l—/ig(uf—up)]. (10)

01:2[

Here, I;, D;, i = 1,2,...,n represent the number of different types of agents in the last period, and NN,

1 = 1,2, ...,n are the initial populations of the n cities.

3.2 Optimal Policy

In this section, we consider a social planner who decides the optimal migration rates taking into account
the welfare of the whole population. This can be thought as the most ideal situation during a pandemic, with

collective actions led by the government. Formally, the social planner maximizes the following problem,

> k=1 Nk (0)
E[U(CLt,...,Cjﬂg,...;hl’t,...,hjﬂg,...)’g‘\t_l] = Z Cj7t+¢E[hj’t‘j\t_1],
=1

where %#;_1 = {h17t_1, v b, ...} represents the information set known in the last period, i.e., the

number of all types of agents. Then, the above problem can be further written as

E[U(CLt,...,Cjﬂg,...;hl’t,... jt,..)’ t— 1]

n
=D Siqw—fsi AD)+ ¢ || 1= m5iy | Q=pi) +ur [ 1= ngyy | pict
i=1 i i

n
Z (qu,ij(l —pjt) + ng,ijpj,tul) + Z LiSw—frd#9)+o |[|1- Z N7 4

j#4 J#
(U= qie—rigdur + | 1=Y nfii | @+ | 1= D nii | riaun + > (07451 = qju—
J#i JF#i JF#i
n
riuL 4 050+ 01 griaun)] }+ > [Ri(w + @) + Di(w + ¢up)]. (11)
=1

Unlike the laissez-faire equilibrium, now the migration rates ng ;. and 7y ;., ,j = 1,2,...,n, i # j, are

determined simultaneously. It is also important to note that, in this case, p; ¢, git, 7i¢, © = 1,2,...,n are

functions relating to some migration rates of infected agents, so the government can also determine these

10



rates by influencing the migration rates. The derivation of this optimal policy is shown in Appendix B. In
the following, we add the subscript “O” to represent the variables in the optimal policy. The system of linear
equations that determines the social optimal migration rates can also be defined in a similar way to that in
the laissez-faire equilibrium, i.e.,

Aono = Bo. (12)
As for the elements of Ap and By, we have the following proposition.
Proposition 3.2. In the optimal policy, the elements of matrix Ao and vector Bo are shown in Table 3.
Specifically, matrix Ao can be divided into the following four blocks:

Aopss Aosr
AO — I b

Ao,s  Aoar
These four block matrices are all n(n — 1) x n(n — 1) matrices, and they have the following properties:
1. Ap s isann(n — 1) x n(n — 1) identity matrix.
2. Ao,s1, Ao,1s and Ao 11 are all non-singular matrices.
3. Ao,s1 = Arsrbut Ao 1 # Ap 11
Since Ao is non-singular and B is non-zero, we can uniquely determine the migration decisions of

the agents.

In this paper, we mainly concern about the influence of change in hospital resources allocation to the
migration decisions. However, in this n-city model, it is not feasible to obtain an analytical solution for this
effect. A simplified model with two cities is presented in Appendix D to obtain some primary conclusions,
but we find it incomplete to fully describe the migration behavior of agents. As a result, we turn to numerical
analysis in the next section to further study this problem, as well as other issues like welfare analysis and

misallocation problem.

4 Numerical Examples

4.1 Methodology and Calibration

In this section, we come to some important conclusions based on the solutions we derive in the previous
section. For simplicity, instead of the n-city model proposed in the previous section, we consider a model

with three cities since it is good enough to show the main migration trends during a pandemic. The three

11



cities we study here have the same population NV, and the same natural migration rates 77 as well as their
corresponding fee rates k between each other. The differences between cities are the following. First, the
numbers of infected agents are different: City 1 has the largest number, city 2 has a medium number, and the
number of infected agents in city 3 is nearly zero. Second, hospital resources allocated in these three cities
are different: City 2 has the most abundant resources, city 1 has a medium level of resources but without
satisfying the needs of its infected agents, and city 3 has few resources. We can image that these three
cities are like Wuhan (the epidemic focus of the pandemic), Beijing (a big city that has abundant hospital
resources) and a remote and underdeveloped city, respectively.

Before analysing, we should determine the parameters of the model. We use the method from Yang et al.
(2020) to estimate the conditional transmission probability 3, which is approximately 0.4. The determining
parameters of the recovering rate and the death rate are set to ensure that the two rates are close to the data
in China, where I /H approximates 1, which means hospitals are fully loaded. Formally, these parameters
are set as: 7 = 0.04, A = 0.0008, k1 = 0.01 and k9 = 0.0005. Furthermore, since our model is just a
two-period one, in order to match data, the time span of the parameters should be extended to a larger scale,
e.g., a two-week scale. Thus, in practice, we take 3’ = 5.6 and other parameters are also re-scaled similarly.
After re-scaling, these parameters become 7' = 0.56, A’ = 0.0112, ), = 0.14 and x% = 0.007. Finally, the
population of each of the three cities are all set as N = 10, 000, with city 1 being allocated 1,000 units of
hospital resources (H1), while city 2 and city 3 are allocated 3,000 and 100 units (H> and H3s), respectively.
Each agent receives 1 unit of endowment w in a period, and the weight of health state in utility function are
set as ¢ = 100. When the agents get sick, their health state utility becomes u; = 0.5 and when they are
dead, it becomes up = —10. On the other hand, the natural migration rates between cities are 7 = 0.1,
and the corresponding fee rates all set as k¥ = 100 to satisfy that an agent can use his/her entire endowment
to make the migration rates zero. The fee rates should also be re-scaled as &’ = 1,400, while the natural

migration rates remain unchanged since they are possibilities and are limited within the range [0, 1].

4.2 Allocations of Hospital Resources

In this subsection we will mainly focus on the problem of allocation of hospital resources during
a pandemic. Infected agents compare the medical care level of different cities and choose to put larger
possibility of migration on the one with higher recovering rate and lower death rate. At the same time,
susceptible agents care about which city has the largest risk of getting infected, and given the decision
patterns of infected agents, they choose to move to cities with less infected ones living in. We move some

hospital resources from city 2 to city 1 to study the influence of resource reallocation to the migration

12



decisions, which are shown in Figure 2.

Remind that the natural migration rates between each of the cities are all set as 7 = 0.1. Thus, agents
of a certain type choose to move out of a city to another one if the actual migration rate is larger than 0.1,
while they choose not to move to the destination city if it is smaller than 0.1. As a result, we can observe
from Figure 2 that, all susceptible agents choose to move to city 3, while infected agents decide to move to
the city with more abundant resources. Moreover, by comparing the solid line (laissez-faire equilibrium)
and the dash line (optimal policy), we can draw the following conclusion: When agents want to move out of
a city, migration rates determined in optimal policy are always higher; when agents do not want to move out,
the rates in optimal policy are always lower. In other words, migrating decisions made by social planner are
always are more sensitive.

Some important panels in the figure should also be mentioned. By comparing the panels correspond to
ng,12 and ns 13, we can conclude that susceptible agents in city 1 are more inclined to move to city 3 than
to city 2, which shows that although city 3 has less hospital resources, susceptible agents care more about
the possibility of getting infected than the medical care level. It is also interesting to look into the panel
corresponding to 77 12. In this panel, although both lines decrease as the hospital resources allocated in city
1 increases, in laissez-faire equilibrium, infected agents in city 1 tend to move out of the city in order to get
better treatments; while in optimal policy, the social planner tend to prevent these agents from moving out,
with the consideration of reducing the risk of infecting agents in other cities. We should note that under the
optimal policy, agents in city 1 will face more crowded hospitals and poorer medical treatments due to the
large number of patients falling ill. However, regarding the whole society, their sacrifice will lead to less
infections and improvements in total social welfare. Some measures can be taken to mitigate this suffering,
e.g., the reinforcement of hospital resources from other cities. This is what the Chinese government did
during the most serious months in the pandemic, and the result is without doubt very effective. In the next

section, we will further discuss this problem through welfare analysis.

4.3 Welfare Analysis

In this subsection, we conduct the welfare analysis to further illustrate the importance of collective
actions in a pandemic. The definition of total social welfare are base on equation (11), and the results in
laissez-fair equilibrium (LF) and optimal policy (OP) are both calculated in the same way. In Figure 3, we
show the relationship between the social welfare in OP and in LF, as well as the ratio of the two quantities,
and the hospital resources reallocated from city 2 to city 1.

The total welfare ratio of optimal policy to laissez-faire equilibrium is always larger than 1, which

13



means total welfare is always improved when the decisions are made collectively by social planner. This
improvement is approximately 25% to 27%, which can be considered as a very significant result. Moreover,
when we go on with the discussion in the previous section, we can see that social welfare improves when
part of the hospital resources in city 2 are moved to city 1, which further proves the necessity of resource
re-allocations. In addition, from the figure we see that the welfare ratio peaks when the hospital resources
allocated in city 1 are about 2,500 units, and then begins to decrease. This means that there exists an
optimal allocation of the resources between the two cities, where the optimal policy can achieve the largest
improvement of welfare compared with the results derived from laissez-faire equilibrium.

In this research, we only consider the migration behavior and omit the lockdown policy that many
countries carry out during this pandemic. By including this into the consideration of public policy, it will

further improve the social welfare.

4.4 Misallocation in a Pandemic

In this subsection, we go further to derive some additional results through numerical analysis to show
that our model is consistent with the empirical findings shown in Table 1. The parameters of the model
take the same values as in previous sections, with the exception that we now study different combinations
of agents in different cities and extend the model to more than three cities. Moreover, in an n-city model
when n is very large, we have to set an upper limit of migration rates (7)max) to ensure that the sum of all the
migration rates out of a city is not greater than 1. Then, the natural migration rates between each two cities
become 7max/(n — 1), where n is the total number of cities. The migration fee rates k are also adjusted
correspondingly. Finally, we calculate the following indexes and compare them with the incentive facts
shown in Section 1: normalized standard deviation of death rates in each city, total death rates, as well as
deaths and cases per 10,000 people. The results are shown in Table 4.4

In addition to the benchmark model we use in this paper, it is also useful to study a model with no
contagion, so as to show the differences coming from contagion externality. In Appendix C, we build a
model with no contagion and derive the corresponding migration decisions made by agents and the social
planner, respectively. In this model, migration rates of susceptible agents remain the natural level, since they
can no longer be infected. On the other hand, infected agents still need to determine their optimal migration
rates, in order to maximize their possibilities of being cured and minimize their death rates. Similarly, we

can also derive a linear system of equations on the migration rates of infected agents in this model, which is

“In Appendix E, we also present the component of different types of agents in each city in pie graphs, in order to show the different
results in laissez-faire equilibrium and optimal policy.
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shown in Table A.1. Then, we can calculate the key variable—normalized standard deviation of death rates
in each city—of this no-contagion model, and show them in the last column of Table 4, together with the
corresponding results of the benchmark model.

We present five cases with different combinations of city types, from the case of a model with only three
cities to that of thirty cities. From the observation of all the cases we can draw the following conclusions:
The death rate, deaths and cases per 10,000 people, are always higher in laissez-faire equilibrium than in
optimal policy; while the relationship is opposite regarding normalized standard deviation (SD) of death rate.
These observations are consistent with what we find from the data: The normalized SD of the death rates for
countries with a lower number of cases and deaths such as China, South Korea and Japan (we consider these
countries in a state close to the optimal level) is much more higher than in countries with poorer performance
in dealing with the pandemic like the U.S., Brazil and India (we consider these countries in a state close to a
laissez-faire equilibrium). Moreover, we can further illustrate the misallocation problem by comparing the
normalized standard deviation of death rate of the benchmark model and the no-contagion model (see the
last two column in Table 4). When there is no contagion, this key variable decreases significantly in optimal
policy, while in laissez-faire equilibrium, it becomes very close to the results in the former situation. The
differences between the two situations in the no-contagion model just come from the crowding-out effect of
hospital resources, and they are rather small compared with those coming from contagion externality in the
benchmark model. The comparison of the two models further shows that misallocation can be somewhat
desirable when some kind of serious externality arises, while in most of the cases, resource equalization is
the optimal case.

Finally, we should point out that rearranging the migrations is not the only way to deal with a pandemic
for the government. Another effective method to deal with the pandemic is the lockdown policy. As this
policy has been widely discussed in the literature, we have only studied in this paper the net effect of migration

policy, which explains part of the differences.

5 Conclusions

In this research, we develop an endogenous migration model during pandemics with hospital resource
constraints, integrated with a traditional SIR model. The uneven distribution of medical resources across
cities and regions induces large-scale migrations which can exacerbate the spread of the virus. On the
other hand, migrations can help to equalize the amount of medical resources per capita throughout the

different areas, mitigating the resource misallocation problem. Therefore, migration can alleviate resource
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misallocation but also exacerbate the pandemic, leading to the existence of some kind of trade-off in terms
of migration control from the policy perspective

In our model, several explicit solutions on migration decisions are provided, and we further use
these results to study the relationship between allocation of hospital resources and migration decisions.
By comparing the results of the laissez-faire equilibrium with the optimal policy, we find that migration
decisions made by agents independently are somewhat different from the optimal policy, especially for those
infected agents living in the epidemic focus of the pandemic. In addition, the simulated results are consistent
with what we find from the data, which further support the effectiveness of our model. The framework we
develop can be used to understand the behavior of people when facing an unknown epidemic disease like
COVID-19, and provide a tool for governments to efficiently allocate hospital resources and different types

of agents during these uncertain times.
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6 Figures and Tables
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Figure 1: Timeline of the Model
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Notes. This figure shows the timeline of our model. From period ¢ to ¢ 4- 1, agents in different cities first make

the decisions of migration, and then are infected or treated in their new cities, depending on the states they are in. The

aggregate number of different types of agents change according to these decisions.
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Figure 2: Relationship between Migration Rates and the Hospital Resources Allocated in city 1.

Notes. The triangle above shows the corresponding relationship between the migration rates and the panels shown

below. The panels (1)-(12) show the relationship between migration rates of all types of agents in the three cities

and the hospital resources allocated in city 1, with the z-axis represents the hospital resources allocated in city 1,

and the y-axis represents the migration rates (All the panels from (1) to (6) and from (7) to (12) are set in the same

range, respectively). Moreover, the solid lines represent the decisions made by agents independently in the laissez-faire

equilibrium, the dotted lines represent the collective actions taken by the central government in the optimal policy, and

the dash lines represent the natural migration rate for reference. We should note that when the hospital resources in city

1 increase, resources in city 2 decrease accordingly. Numbers of different types of agents in these three cities are set
as the following: S7 = 0.457N, I; = 0.3N, Ry = 0.24N, D; = 0.003N, Sy = 0.638N, I = 0.2N, Rs = 0.16 N,
Dy = 0.002N, S5 = 0.99N, I3 = 0.008N, R3 = 0.002N, D3 = 0.
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Figure 3: Relationship between Total Welfare and the Hospital Resources Allocated in city 1, Two-Week Time Span

Notes. The first two panels show the relationship between total welfare and the hospital resources allocated in
city 1, in the laissez-faire equilibrium (LF) and in the optimal policy (OP), respectively. The third panel shows the
relationship between the welfare ratio of OP to LF and the resources allocation. The z-axis represents the hospital
resources in city 1. We should note that when the resources in city 1 increase, resources in city 2 decrease accordingly.

Parameters used in calculating this result are all the same as those used in Figure 2.
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Table 1: Heterogeneous COVID-19 Death Rates

Countries Date Cases Deaths % Deaths per  Normalized SD  Hospital Beds
(Provinces) 100k People  of Death Rate  per 1k People
Cross-Country Comparison
United States Aug. 26th 5,343,498 145,803 2.73% 45 0.69 29
India Aug. 27th 3,234,474 59,449  1.84% 44 0.75 0.7
Brazil Aug. 26th 3,717,156 117,665 3.17% 56 0.49 22
Germany Aug. 21th 230,048 9,260  4.03% 11 0.23 8.3
South Korea Aug. 26th 16,620 310 1.87% 0.60 1.11 11.5
Japan Aug. 26th 63,973 1,229 1.92% 0.97 1.01 13.4
Mainland China Aug. 2th 83,882 4,634  5.52% 0.33 1.23 4.2
Comparison within Mainland China

Hubei Aug. 2th 68,135 4,512 6.62% 7.6 - 6.7
(Wuhan of Hubei)  Aug. 2th 50,340 3,869  7.69% 35 - 9.2
Henan Aug. 2th 1,276 22 1.72% 0.022 - 6.3
Heilongjiang Aug. 2th 947 13 1.37% 0.034 - 6.6
Beijing Aug. 2th 929 9 0.97% 0.042 - 9.1
Guangdong Aug. 2th 1,672 8 0.48% 0.007 - 4.6
Shandong Aug. 2th 799 7 0.88% 0.007 - 6.1
Shanghai Aug. 2th 741 7 0.94% 0.029 - 9.6

Data Source: Official statistics of China and other countries, Wikipedia, and Johns Hopkins University Center for
Systems Science and Engineering. Hospital beds per thousand people of different countries are the data in 2016. The
standard deviation (SD) of death rate is calculated from the state-level statistics, and the normalized SD is calculated
by dividing the SD by the corresponding state-level mean statistics. As for the comparison within mainland China, we
only show the seven provinces with the largest mortality, as well as Wuhan which is the provincial capital of Hubei

Province and the epidemic focus of the disease.
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Table 2: Elements in the Transition Matrix

Health states in Health states in the last period
t iod
current perio S, I R, D,
S; <1 - ﬁs,m) (1 —pit) 0 0 0
ki
1; (1 - ﬁs,m) Dit (1 - ﬁ],ik) (I—qit—7iz) 0 0
k#i ki
R; 0 1= > ik | @it 1—> %k O
ki ki
Dj, 0 1-— Z ﬁlvik Tit 0 1
ki
S; 715, (1 = pjt) 0 0 0
I 11,55t M,i; (1 = @0 — 750) 0 0
R; 0 1,i545,¢ Tij 0
D; 0 11,7t 0 0

Note. The size of the transition matrix is 4n x 4n, with four types of agents in each of the n cities. For the

convenience of presentation, we show the matrix in the form of a table (for any i, 7 = 1,2, ...,n and j # ).
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Table 3: Elements in the Matrix A and Vector B in Laissez-Faire Equilibrium and in Optimal Policy

Elements in Matrix A

Row (U,ij), U = 5,1

Column Laissez-Faire Equilibrium, A, Optimal Policy, Ao
(S.7j) (1. ij) (S.1j) (1. ij)
(S, 17) 1 0 1 C/é’f (N,—D, + N]—Dj)
(S, 71) 0 0 0 C;fj] (N,—D,-, + N]iDj)
(S, ik) 0 0 0 w5 Csnp:
(S, ki) 0 0 0 0
(S, jk) 0 0 0 = Csxn:
(S, kj) 0 0 0 0
i) | G (ot t) G () o1 G (ot wter) ()
(1, 51) _%JI] <N1iDi + ﬁ) _C;sz] (Hiz + HL] _6;5711 (NfiDi + ﬁ) Qi;lj (Hiz + HL:)
(1, ik) k17 s NiEDL k17 Cr ZI kt] Cs N:D1 7 C1 i
(I, ki) — 5 Cs w2, — O — 5 Cs w2, —Crif
(I, k3) ’Cij s NjIjDJ ki, Cr Lkz klu Cs N jD.i kL Cr i
(S, kl) 0 0 0 0
(I, kD) 0 0 0 0
Elements in Vector B
Laissez-Faire Equilibrium, B, Optimal Policy, Bop
Bs,i5) ﬁcs (NiIfDi - ﬁ) + 7ij ics (N,EDI - ﬁ) + 7ij
B1.ij) kij & (ij - }{TJ]> + 73 kty Cs (NI%DZ - N]%D]) + %Ci (# - 1%) + 70

Note. The solution of migration rates can be derived from a system of linear equations Anp = B. Here, the size of

matrix A is 2n(n — 1) x 2n(n — 1), and the size of vector B is 2n(n — 1) x 1. There are in total 2n(n — 1) different

migration rates to be solved, with two types of agents (susceptible and infected) in each of the n cities, and each agent

selects the migration rates from the city they live in to the other (n — 1) cities. For the convenience of presentation, we

show the matrix in the form of a table (for any ¢, 5, k,!] = 1,2, ...,n, and these four numbers are different from each

other). Cs and C; are shown in (9) and (10), respectively.
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Table 4: Simulated Results in Different Cases, Two-Week Time Span

Initial Number of Different Deaths per  Cases per ~ Normalized Standard Deviation
Cases Types of Agents and States % 10k People 10k People of Death Rate
Hospital Resources With Contagion  No Contagion
I 1 epidemic focus + Initial  0.53% 10 1,048 1.3693 1.3693
(n =25, 1 large city + LF  0.71% 41.17 4,735 0.2202 0.1517
Nmaz = 0.8) 3 small cities OP 221% 36.47 513 1.7829 0.1377
II 1 epidemic focus + Initial  0.54% 13 1332 0.8607 0.8607
(n =10, 5 large city + LF  0.68% 51.22 6,192 0.3383 0.3237
Nmaz = 0.8) 4 small cities OP  0.60% 38.43 4,575 0.9202 0.3196
1II 1 epidemic focus + Initial  0.52% 7 706 1.5672 1.5672
(n = 20, 5 large cities + LF  0.66% 30.22 3,971 0.1380 0.1353
Nmaz = 0.8) 14 small cities OP  0.48% 20.67 3,104 0.5424 0.1217
v 1 epidemic focus + Initial  0.53% 7 817 1.3367 1.3367
(n = 30, 10 large cities + LF  0.68% 36.09 4,546 0.2103 0.2213
Nmaz = 0.8) 19 small cities OP  0.49% 26.22 4,041 0.2283 0.1820
\% 1 epidemic focus + Initial  0.51% 4.60 384 1.9021 1.9021
(n =50, 10 large cities + LF  0.59% 20.95 3,049 0.0463 0.0493
Nmaz = 0.8) 39 small cities OP  0.45% 17.52 2,901 0.1731 0.1145

Note. This table shows various simulated results from numerical analysis, including indexes in the initial state, the

laissez-faire equilibrium (LF) and the optimal policy (OP). In addition to the benchmark model, we also provide the

normalized SD of death rate when there is no contagion. For simplicity, we only consider three types of cities with

different combinations of agent types and hospital resources here: epidemic focus (with largest number of infected

agents but median hospital resources, S; = 0.457N, I; = 0.3N, Ry = 0.24N, D; = 0.003N, H; = 0.1N),

large city (with median number of infected agents but most abundant hospital resources, So = 0.638 N, I, = 0.2N,
Ry = 0.16 N, Dy = 0.002N, Hy = 0.3N) and small city (with little number of infected agents and little hospital
resources, S3 = 0.99N, I3 = 0.008 N, R3 = 0.002N, D3 =0, H3 = 0.01LN).
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Appendix A Derivation of Migration Rates in Laissez-Faire Equilibrium

Agents of different types maximize their utilities separately. Formally, for susceptible ones in city %, the

optimal migration rate is

ns,i5 = Mij + i(pz',t —pje)(1 —ug). (A.1)
Qkij

Similarly, we can derive the migration rates determined by the infected agents in city ¢ as
o o A
i = Mg + 5~ (¢5 = @i,) (L = wr) + (rig — 750) (ur — up)]. (A2)

2]{1‘]‘

A rational expectation equilibrium is that, the optimal decisions of different agents equal to the aggregate
decisions of the corresponding types of agents, i.e., 75 = 15,ij> N1,ij = N,ij» t,J = 1,2,...,n. Then, we

can pin down the migration rates through (A.1) and (A.2), which is shown in Table 3.

Appendix B Derivation of Migration Rates in Social Optimal Policy

First, we derive the first-order derivatives of the utility function. The derivatives between different
infected rates p and different migration rates n* are shown as follows. For any combinations that satisfy

1,7 =1,2,...,n,1 # j, we have

Opi ¢ I;
= - (A.3)
877],1']' Nl - Dz
and
Opi ¢ I;
= I} J . (A4
87]Lj2- Nl - Dz

For any combinations that satisty ¢, j, k = 1,2, ...,n and 4, j, k are different from each other, we have

api,t
Mg ;i

=0. (A.5)

On the other hand, the derivatives between different recovering rates ¢ and different migration rates n*

are shown as follows. For any combinations that satisfy i, = 1,2, ..., n, i # j, we have

0qi I;
. = K17 (A.6)
3771,ij H;
and
0q; ¢ I;
anl,ﬁ HZ
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For any combinations that satisfy ¢, 5, k = 1,2, ...,n and ¢, j, k are different from each other, we have

8Qi,t
an?,jk

—0. (A.8)

Finally, the derivatives between different death rates r and different migration rates n* are shown as

follows. For any combinations that satisfy ¢, j = 1,2, ...,n, ¢ # j, we have

Oriy I;
W= gt (A.9)
87’]]’2-]- Hz
and
aTZ‘ t Ij
W= gt (A.10)
Mg ji H;

For any combinations that satisty ¢, j, k = 1,2, ...,n and 4, j, k are different from each other, we have

87"1'7,5
*
8771,jk

= 0. (A.11)

As aresult, the FOCs with respect to all the migration rates are shown as follows. For any combinations

that satisfy 4, 7 = 1,2, ...,n, i # j, we have

ou

on* =5, [*Qkij(ng,z’j — i) + (1 —ur)(pie — Pj,t)] -0 (A.12)
S5
and

U 1 (1 ~ nszk) St m55i% MsigSi t (1 = Dkt WE,jk) Sj

2 (1 =D ki Wf,ik) Li 3 ki M7 ik

= 2kijLi(np i — M) + ¢ [(1 — ur)k1 + (ur — up)ra] I;

H;
22k Mgl (1 oy 777,jk> Gl (L= Ea i
Hj J H’L Hj
N7 ki n?kj
+ 1( LS )} —0. (A13)
Z[’“ H, ' H

k#i,j

Based on the FOCs derived above, we then have the system of linear equations that determines the

social optimal migration rates, which is shown in Table 3.
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Appendix C Migration Decisions with No Contagion

If the disease becomes not contagious from a certain period on, that is, susceptible agents no longer
need to worry about being infected by the infected agents. As a result, their migration decisions will return
to the natural level from then on. Given the same initial number of different types of agents as we use in the
benchmark model, we now only need to derive the migration decisions of infected ones in both situations of
laissez-faire equilibrium and optimal policy. As for the former situation, the optimal decisions of infected
agents can be derived from (A.2) and let the individual decision equals the aggregate decision. On the other
hand, as for the latter situation, we should change the derivation in the benchmark model a little bit to get
the result.

With no contagion, the expected utility (11) is now written as
E[U(CLt, vy Gty eees th, ceey hj7t, "-)‘gt—l]

n
=D Lw—fmigi A0+ || 1= mis | O —qie—ridur+ { 1= mi4 | ais
im1

i J#
Z 771 jij | TitUD + Z 77[ zg Gt — T4, t)u] + 77[ g di:t + 77[ i 7d, tuD)
JFi JFi
+Z ((w+ @) + Ri(w + ¢) + Di(w + ¢up)] . (A.14)

Then, the FOCs with respect to all the migration rates of infected agents can be derived from (A.14). For

any combinations that satisfy ¢, j = 1,2, ..., n.i # j, we have

oU i} B 2 (1 — Dt nf,ik) Li+ 3 2 gsi 7 i
e = Zhili(ngi; = 7ig) + & (1 —ur)ky + (ur — up)ko] I j77
14 ¢
_2 stﬁj nf,kjjk - (1 o stﬁj 77;0"“) L +I; M7 i B 1 - Zk;ﬁj 75k
Hj ! H; Hj
ki M1 kj
1 : : =0. A.15
5 [ () wi

k#i,5

Based on the FOCs derived above, we then have the system of linear equations that determines the optimal
migration rates with no contagion. The results of the benchmark model shown in Table 3 is now simplified,

which is shown in Table A.1.
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Table A.1: Elements in the Matrix A and Vector B in Laissez-Faire Equilibrium and in Optimal Policy (No Contagion)

Elements in Matrix A

Column

Row (1, ij)

Laissez-Faire Equilibrium, A,

Optimal Policy, Ap
(i)

(1.15) WG+ )+ L () 1
(1.50) Ui (e + 4 5 ()
(I,ik) =Crit =Crit
(I, ki) —ECri —5;Crif
(1, k) — 5O, 5, Or
(I, kj) wCrit - Crif
(I,kl) 0 0
Elements in Vector B

Laissez-Faire Equilibrium, B, Optimal Policy, Bo

B145) ﬁjcf (157 ~ J{TJJ) + i %CI (IiT _ f%) My

Note. The solution of migration rates can be derived from a system of linear equations Anp = B. Here, the size

of matrix A is n(n — 1) x n(n — 1), and the size of vector B is n(n — 1) x 1. There are in total n(n — 1) different

migration rates to be solved, with infected agents in each of the n cities, and each agent selects the migration rates from

the city they live in to the other (n — 1) cities. For the convenience of presentation, we show the matrix in the form of

a table (for any 4, j, k,l = 1,2, ..., n, and these four numbers are different from each other). C7 is shown in (10).

In Table 4, we show the corresponding results derived in this section, in addition to the results derived

from the benchmark model.

Appendix D Influence of Hospital Resources Allocation to Migration Deci-

sions

If we simplify the n-city model presented in the main text into a two-city one, the relationship can be

derived analytically in laissez-faire equilibrium. As a result, we have the following proposition.

Proposition D.1. In a model with only two cities, in the laissez-faire equilibrium, in response to an increase

in hospital resources in city 1, susceptible agents in this city will be more inclined to move to another city

while those infected will be more inclined to stay in it.
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Proof. Rewrite the determine equations of migration rates (8) into the form of

An— B = F(n, Hy, Hs, ..., Hy) = 0. (A.16)

Then, according to the general implicit function theorem, we have (for any i, k,l = 1,2,...,n, k # I,

U=S,1I)

0Fs 12 OF(512) O0Fs 12
ons,12 0H; TN (n—1)n
0Fs 13 O0F (5,13 0Fs 13
ons,12 O0H; TN (n—1)n
OFs (n_1)n OF (1, (n—1)n) OFf (n—1)n
677U,k:l _ ons,12 0H; O (n—1)n (A17)
0H; |A| ’ '

Here, elements in the numerator is the same as those in the denominator, except that the column corresponding
to Ny k1, 1 replaced by derivatives with respect to the hospital resources in city 4, which is what we are aiming
to study in this appendix.

In laissez-faire equilibrium, determinate | A| is in a form like

Inn— n(n— A ¥
1A| = (n=1)xn(n—1) (8,9),(1 k1) : (A.18)

0n(n—1)xn(n—1) A1,ij),(I,kl)
where, I, (,—1)xn(n—1) 1S @ unit matrix.
First, we derive the derivatives with respect to H;. For any terms that corresponding to (.S, kl), we all

have
OF (s 1)

OH;

=0. (A.19)

Meanwhile, for any terms that corresponding to (I, kl), we have to divide into two cases. For the term

F(1.ij), we have

O Ci
OH, i HZ

Iimri; — Iingji + Z (Iinr,ik — Tenrgi) — Li | - (A.20)
iy

Meanwhile, for the term F; ;;), we have

Oy  Ch
OH;,  k;H?

Iimraj — Iimrgi+ > Timrae — Tenpgs) — 1| - (A21)
k#i,j
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Because of feasibility, we can only determine the relationship between migration rates and hospital

resources in a two-city model. Then, according to the general implicit function theorem, the derivative

becomes

O0F(s12) OF(s12) OF(512) OF(s192)

0H; ons,21 ong,12 onr 21

OF(521) OFs21) OF(s21) OF(501)

OH, Ons 21 ony 12 onr 21

OF(112) OF12) OF112) OF(119

O0H1 ons,21 ong,12 onr 21

OF(r21y OF(121) OF01) OF(o1)

8775’,12 _ | om Ons 21 ong 12 onr 21

OHy Al

For other combination of derivatives, they can also derived similarly. We first calculate,

OF(s12) _ 9F(sp1) _

0
0H; O0H;q ’
OF(1.12) Cr
— = — hnras — nror — I
aHl k12H12( n 5 77 ) ))
OF (121 Cr
- = Linrae — o — I
aH]_ leH]?( 77 5 ?7 5 )7
where C'7 is shown in (10). Then,
CglI 1 1 Cgl 1 1
0 0 kslzl (N1*D1 N2*D2) - k5122 (N1*D1 + N2*D2>
Cgl 1 1 Cgl 1 1
0 1 - ksml <N1—D1 + N2—D2) kszlz (N1—D1 + Nz—Dz)
gz (T =~ Lz = 1) 0 G0 (G + ) 41 S (d+ 45)
C Crl 1 1 CrI 1 1
sz 7,921;{12 (Iinra2 — Lnror— 1) 0 _71@]211 (?1+?2) 7,6]212 (?1+?2) +1
O0H, Cgl 1 1 Cgl: 1 1
1o 55 (NrDl + NrDa) ~ e (Nl—Dl + szDz)
Cgl 1 1 Cgl 1 1
01 - ’CS211 (NI*DI + N2—Da ks212 (NI*DI + N2*D2)
CrI 1 1 CrI 1 1
00 G (A ta) 2 ~S2 (#+ )
CrI 1 1 CrlI 1 1
00 G () L (g + ;) + 1

For the denominator, we can derive it as

10
01
0 0
0 0

Csh 1 + 1 _ Csls 1 + 1
kiz \ N1i—-D1 N2—Do kiz \ N1i—D1 N2—Do
_Csh 1 + 1 Cgls 1 + 1
k21 N1—Dy No—Do ko1 N1—D1 N2—Da
rh (1, 1 _Ci (1 4 1
k12 <H1 +H2>+1 k12 <H1 +H2>
_¢6ih (1 4 1 Crlp (1 4 1
ka1 (Hl +H2) ka1 <H1 +H2)+1
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1 1 1 I
=Cy ( + > ( + > + 1. (A.27)
Hy  H 12 kan
Meanwhile, for the nominator, we have
Csl 1 1 Csl. 1 1
0 0 ks121 (Nl_Dl + Nz—D2> a kSlQ2 (Nl_Dl + N2—D2>
_C I 1 1 Cgsla 1 1
0 1 ks211 (leDl - N2*D2) ka1 <N1*D1 T N2*D2>
C Crl 1 1 CrlI 1 1
—TﬂIJ% (Iimra2 — Ianror — 1) 0 = (71 + E) +1 -2 (71 + E)
C Crl 1 1 Cil 1 1
k21}'112 (1177[,12 N 1277]’21 N Il) 0 o ’61211 (E + E) k1212 <H71 + ?2) +1
Csl 1 1 _ Csls 1 1
c, 0 kslzl <N1—D1 + N2—D2> k12 (Nl_Dl + N2—D2>
_ _ CsI 1 1 Csls 1 1
T kIl (Iimra2 — Ianror — ) |1 e (Nl,D1 + szDg) on <N17D1 + Ng*DQ)
Crl 1 1 Crl 1 1
0 G (i + k) G (e + ) 1
Cgl 1 1 _Cs[g 1 1
- 0 = (Nl—Dl + NQ—D2> Fia (Nl—Dl + NQ—D2>
_ _ _ _Csl 1 1 Csly 1 1
o H2 (Iimra2 — Ianror — 1) |1 e (Nl_Dl + NQ_D2> o (NI_DI + NQ_DQ)
Crl 1 1 _Cilp (1, 1
0 k1121 <HT+E>+1 k12 <H1 +H2>
[Reites

1 1
= I -1 -1
NI (Iinra2 — Ianro1 — Ih) <N1 ~ D + Ny - D2>

CrCsls 1 1
—(r — I -1
k12k21H12( 111,12 271,21 1) N, — Dy + Ny — Dy
OICS 1 1 Il IQ
1 I -1 —+ . A.28
ko H2( wrie = B = 4) <N1—D1 +Nz—Dz) <k12 +k‘21) (A.28)

Thus,

CiCs 1 1
Ons 12 _ kHY 5 (e = Lanrz — 1) (NI*Dl T N27D2> <k12 + k21>

8H1 CI<HL1+ 1)<]<f—112+k21)+1

> 0, (A.29)

when I1n7 12 — Ianr 21 — 11 < 0, which is always true since the migration rates should be within the range

of Oto 1.

Similarly, we have the following derivatives.

ciC 1 1
Ins 21 N k‘lleSf (I1n1,12 — a1 — 1) <N1*D1 - N2*D2> (klz - kzl)
OH, 1) (I
! CI( H,y Hz) (k7112+k21>+1
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c
iz @(11771712 — o1 — )

= <0 (A.31)
I I
O cp(+4) (B + &) +1
C
nr 2 _ ;mf{% (Iinraz2 — Ianror — In) o A32)
o (e ) (B )+
In optimal policy, the matrix A becomes
I, o Arass
|A‘ _ n(n—1)xn(n—1) (S,ig),(1,kl) . (A33)

A k) A (k)

Then, the calculation will be fairly complicated, and will be difficult to judge whether the derivatives are
positive or negative.

O]

In this proposition, it is stated that susceptible agents will be more inclined to live outside of city 1,
without concluding that they will be more inclined to live in city 2. This is because this simplified two-city
model leads to the result that susceptible agents prefer to live in the city with fewer hospital resources, and
thus the model is not good enough to describe the migration behavior in a pandemic. This unreasonable
conclusion is due to the fact that agents only have two alternatives: either living in city 1 or in city 2. To
obtain more realistic results, we turn to discuss a model with more cities through numerical analysis in

Section 4 in the main text.

Appendix E Components of Different Types of Agents in Each City

In this section, we show the components of different types of agents in each city in the following
situations: the initial state, the final state in laissez-faire equilibrium, and the final state in optimal policy.
We only consider the case when there are three cities: an epidemic focus, a big city, and a small city. The
hospital resources in these three cities are allocated as 1,000, 3,000, and 100, respectively. The pie graphs
are shown in Figure A.1.

From these pie graphs, we can see that the infected agents are more concentrated in city 1 in optimal
policy than in laissez-faire equilibrium, and the aggregate ratio of infected agents in laissez-faire equilibrium

is larger than that in optimal policy. These observations are consistent with our analysis in Section 4.4.
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Figure A.1: Components of Different Types of Agents in Each City

Notes. The initial states of all the three cities are defined the same as those in Figure 2.
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