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Introduction

@ Infectious diseases spread through society by
exploiting interaction among individuals.

@ In the absence of effective treatments, epidemic
containment relies on limiting social interaction.

e Centralized approaches for epidemic containment Disease Evolution

are often not scalable and adequate.

@ Individuals take decisions such as adopting
protection or vaccination, in a selfish and <_
decentralized manner, which shapes epidemic

evolution and vice versa.

@ Our research has examined the coupled evolution
of epidemics and human decision-making in the
frameworks of game theory and control theory.
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Part 1: Coupled Evolution of Epidemic and Protection Adoption Behavior

@ Wearing a mask reduces infection rate, but may cause personal discomfort
@ As disease spread decreases, individuals may choose not to wear mask
@ How does such behavior influence the spread of disease?

@ What is the role of the timescales of behavioral and epidemic dynamics?

Nearly a dozen states move to end
King m ID-
The Texas Mask Mystery maSI ng andates as COVID-19
infection rates fall
When the governor lifted the state’s mandate, liberals predicted disaster. Since Monday, 11 states have announced changes to their statewide mask
But it never came. Why? policies. '
By Derek Thompson By Arielle Mitropoulos 0w

February 10, 2022, 6:48 PM + 14 min read

Reference

A. Satapathi, N. K. Dhar, A. R. Hota, V. Srivastava, “Epidemic Propagation under Evolutionary Behavioral
Dynamics: Stability and Bifurcation Analysis.” American Control Conference (ACC), 2022.
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SIS Epidemic Propagation Model

@ In the Susceptible-Infected-Susceptible (SIS) epidemic model, there are two epidemic
states. An individual is either healthy/susceptible or sick/infected.

e y(t) = fraction of infected individuals, 1 — y(t) = fraction of susceptible individuals.

@ Let 3 denote the probability of a susceptible individual becoming infected upon
interacting with an infected individual.

@ Let v be the probability with which an infected individual recovers and becomes
susceptible.
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SIS Epidemic Propagation Model

@ In the Susceptible-Infected-Susceptible (SIS) epidemic model, there are two epidemic
states. An individual is either healthy/susceptible or sick/infected.

@ y(t) = fraction of infected individuals, 1 — y(t) = fraction of susceptible individuals.

@ Let 3 denote the probability of a susceptible individual becoming infected upon
interacting with an infected individual.

@ Let v be the probability with which an infected individual recovers and becomes
susceptible.

SIS Infection Dynamics

9(8) = [ = ()8 =]y ().

There are two equilibrium points: yjrg = 0 and ygg = 1 — %; the latter exists when 8 > ~ and
is stable when it exists.
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SIS Epidemic with Behavioral Heterophily

@ Each individual decides whether to adopt protection or not.

o Let z/(t)/zs(t) denote the fraction infected/susceptible individuals who remain
unprotected.
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SIS Epidemic with Behavioral Heterophily

@ Each individual decides whether to adopt protection or not.

o Let z/(t)/zs(t) denote the fraction infected/susceptible individuals who remain
unprotected.

o Let 3,/fp denote the probabilities of an infected individual causing a new infection if it is
unprotected /protected.

@ Let protected susceptible individual be o € (0,1) times (less) likely to become infected.
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SIS Epidemic with Behavioral Heterophily

@ Each individual decides whether to adopt protection or not.

o Let z/(t)/zs(t) denote the fraction infected/susceptible individuals who remain
unprotected.

o Let 3,/fp denote the probabilities of an infected individual causing a new infection if it is
unprotected /protected.

@ Let protected susceptible individual be o € (0,1) times (less) likely to become infected.

SIS infection dynamics with behavioral heterophily

7(8) = (1 = y(B)(zs(t) + a(l = 25(1))) - (Buz() + Bp(1 = 21(£))) = 7) ¥(2).

The effective infection rate Se:r now depends on the strategies adopted by the individuals

(z5(t), /(t))-
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Payoffs

@ The payoff for an individual depends on its individual infection state and chosen action, as
well as the social state (y(t), zs(t), z/(t)).

@ For an infected individual, we define the payoffs to be

FIU(.y7ZS7ZI) = —C1u, FIP(}/,ZS,Z/) = —Crp

if it remains unprotected and adopts protection, respectively. We assume cry > crp > 0
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Payoffs

@ The payoff for an individual depends on its individual infection state and chosen action, as
well as the social state (y(t), zs(t), z/(t)).

@ For an infected individual, we define the payoffs to be

FIU(.y7ZS7ZI) = —C1u, FIP()/,ZS,Z/) = —Crp

if it remains unprotected and adopts protection, respectively. We assume cry > crp > 0

@ For a susceptible individual, let

e cp > 0 be cost of adopting protection

e L > 0 be the cost of getting infected

o (Buzi + Bp(1 — z))y being the instantaneous probability of becoming infected for a
susceptible unprotected node.

@ The payoffs for a susceptible individual are now defined as

FSU(y: 2572/) = _L(/Buzl + /Bp(]- - Z[))_y
Fse(y,zs,21) = —cp — La(Buzi + Bp(1 — z1))y.
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An Evolutionary Model of Human Behavior

FSU(y»ZS 7ZI)
F

@ Recall that sp(y,2s,21)
FIU(ysz 72/)
Fre(y,2s,21)

—cp—La(Buzi+Bp(1—2z))y
—C1u
—C1p

[ —L(Buzi+Bp(1~2))y ]

Replicator dynamics
The fraction of unprotected individuals follow the following dynamics

[FSU — (2sFsy + (1 — zs)Fsp)]

(1= 25(1)) (ep — L(1 — @)(Buzi (1) + Bp(1 — 21(0)y(2))
)| Fro = (21 + (1 — 21) Fe)|

)(1 — 21())(cre — )
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Coupled SIS Epidemic and Evolutionary Behavioral Dynamics

7(0) = (1 = Y(O)(s(e) + a1 = 25(8) - (Buzi(6) + Bl — 21(6))) = 7) ()
25(t) = z5(t)(1 — z5(1)) (cp — L(L — ) (Buz(t) + Bp(1 — 21(£))y (1))
Z./(t) = Z[(t)(]. = Z[(t))(CIP = CIU)-
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Coupled SIS Epidemic and Evolutionary Behavioral Dynamics

Coupled SIS epidemic and evolutionary behavioral dynamics

9(8) = (1 = y(O)(zs(t) + a1 = 25(1))) - (Buz() + Bo(L — 21(£))) = 7) ¥(8)
25(t) = zs(£)(1 — zs(8)) (ep = L(L = @)(Buzi () + Bo(1 = 2i(E))y(1))
z(t) = z)(t)(1 — z/(t))(crp — cw).

Equilibrium Points

The equilibria (y*, z&, z) corresponding to z/ = 0 are:

EO = (0,0,0), E1=(0,1,0), E2=(y,,1,0),E3 = (¥, Z5nt-0), and E4=(y,,0,0).

— — ._ 1
Here yi :=1— Blp’ Vit i= L(lfi’;)ﬁp, ypi=1— aiﬁp,and ZSint T Toa (m - O‘)
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Equilibria of Coupled Dynamics

Equilibrium Points

The equilibria (y*, zZ, z) corresponding to z/ = 0 are:

EO = (0,0,0), E1=(0,1,0), E2=(y,,1,0),E3 = (¥, 25 nt;0), and E4 = (y,,0,0).

@ EO is infection-free and everyone adopts protection.
o E1 is infection-free and susceptible individuals do not adopt protection.

@ E2 is an endemic equilibrium where susceptible individuals continue to remain
unprotected.

@ E3 is an endemic equilibrium where a fraction of susceptible individuals adopt protection.

@ E4 is an endemic equilibrium where all susceptible individuals adopt protection.
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Equilibrium Characterization: Existence and Stability

Equilibrium Points

The equilibria (y*, z&, z) corresponding to z/ = 0 are:

EO0 = (0,0,0), E1=(0,1,0), E2=(y;,1,0),E3 = (¥, 25 n;;0), and E4 = (y,,0,0).

Here yi :=1— Blp’ JARE L(lfi’;)ﬁp, ypi=1- aiﬂp,and Z8 i =

1 (7
T-a (mufy;t) O‘)

Epidemic Endemic Equilibria
Parameters | Infection Level | E1:(0,1,0) ‘ E2:(y;,1,0) ‘ E3: (Vine: Z8.ne:0) ‘ E4: (y;,0,0)
¥ > Bp — V', stable -
Yo < Ying v/, unstable v/, stable = =
B <7 <Pp Vi < Yo v/, unstable | v, unstable v, stable -

Yo < Vit V', unstable V', stable V', unstable

v < afp Yp <Yt <Yu | ¥, unstable | v, unstable v/, stable v/, unstable
Vi < y;‘ V', unstable v/, unstable V', stable
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When Epidemic Dynamics are Slower than Behavior Dynamics

When epidemic dynamics are slower, then using timescale separation ideas they reduce to

J(6) = {((1 —y(O)Fp =1,y <y
(1= y(e)afp = 1)y(0), iy >y

When y <y, it is optimal for susceptible individuals to remain unprotected, and vice versa.
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When Epidemic Dynamics are Slower than Behavior Dynamics

When epidemic dynamics are slower, then using timescale separation ideas they reduce to

J(t) = {((1 —y(t)Bp = )y(t),  ify <y
(T =y(t))aBp —7)y(t), ify >y

When y <y, it is optimal for susceptible individuals to remain unprotected, and vice versa.

Trajectories under slow epidemic dynamics

e if y¥ <0, then y(t) monotonically decreases and converges to the origin;
o if 0 < y; <y, then y(t) monotonically converges to y;;

o if yy < ¥ < i then y(t) converges to y;,, and the convergence may not be
monotonic;

o if yi <,, then y(t) monotonically converges to y,.
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lllustration |l: Trajectories under slow epidemic dynamics

€=0.01
--e=0.1

-ee=1 i
81 # 025:04:0.1)] |

[0.167:0.6:01 | |

0.7
0.6 0.1
305
04F %
03 Y 075
02 305
o1 025
0 AN e 0 .
08 -06 -04 -02 0 0.2 04

AF

@ Smaller € signifies faster behavioral dynamics.
o Here AF = cp — L(1 — a)(Buzi(t) + Bp(1 — z/(t)))y(t).

@ When AF < 0, susceptible individuals prefer to adopt protection (zs = 0). Consequently,
y decreases, which makes AF > 0.

@ Similarly, individuals stop adopting protection when AF > 0, which makes zg = 1,
increases y, and reduces AF. This leads to the oscillatory behavior shown above.
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Summary

@ We proposed a population game model that captures the interaction of epidemic
propagation and human behavioral dynamics.

@ We derived a complete characterization of the equilibria, their stability, and bifurcations.

@ The stability of these equilibria is a function of infection and recovery rate as well as the
utility functions of the individuals.

@ We investigated the transient behavior of the model under timescale separation.

Reference
A. Satapathi, N. K. Dhar, A. R. Hota, V. Srivastava, “Epidemic Propagation under Evolutionary Behavioral
Dynamics: Stability and Bifurcation Analysis.” American Control Conference (ACC), 2022.

A. Satapathi, N. K. Dhar, A. R. Hota and V. Srivastava, “Coupled Evolutionary Behavioral and Disease
Dynamics under Reinfection Risk,” IEEE Transactions on Control of Network Systems, vol. 11, no. 2, pages:

795 - 807, 2024.
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Part 2: Dynamic Population Game Model for Forward-Looking Agents

In the setting considered in Part 1,
@ individuals are homogeneous, i.e., belong to a single well-mixed population
@ individuals are myopic

@ the disease model does not impart any immunity against future infection and infected
individuals are aware of being infected.
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Part 2: Dynamic Population Game Model for Forward-Looking Agents

In the setting considered in Part 1,
@ individuals are homogeneous, i.e., belong to a single well-mixed population
@ individuals are myopic

@ the disease model does not impart any immunity against future infection and infected
individuals are aware of being infected.

In the remainder of this talk, we propose a dynamic population game model that generalizes
the above features.

Reference

E. Elokda, S. Bolognani and A. R. Hota, “A Dynamic Population Model of Strategic

Interaction and Migration under Epidemic Risk,” IEEE Conference on Decision and Control
(CDC), 2021.
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Augmented SAIR Epidemic

We consider an augmented Susceptible-Asymptomatic-Infected-Recovered (SAIR) epidemic.

e
=0

from an asymptomatic/symptomatic neighbor. probabilities

There are five epidemic states.

@ S: susceptible @ (ﬁmﬁy)
@ X: asymptomatically infected, infectious

@ Y: symptomatically infected, infectious

symptoms, not aware of its recovery

@ U: recovered without exhibiting $:

@ R: recovered after exhibiting symptoms.
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Population State, Actions, Policies

@ The state of an agent is denoted (z,/) € Z x L where Z = {S,X,Y,R, U} denotes infection
state and L = {1,2,..., L} denotes L locations.

e State distribution d € D := A(Z x L) where d(z,/) denotes the proportion of nodes in
state z in location /.

_ Evolution of Epidemic and Human Behavior March 9, 2025 17 /33



Population State, Actions, Policies

@ The state of an agent is denoted (z,/) € Z x L where Z = {S,X,Y,R, U} denotes infection
state and L = {1,2,..., L} denotes L locations.

e State distribution d € D := A(Z x L) where d(z,/) denotes the proportion of nodes in
state z in location /.

@ Each node chooses:

e its activation degree a € A ={0,1,..., amax} (2 = 0 means no activation)
o next zone /| € L to move to.
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Population State, Actions, Policies

@ The state of an agent is denoted (z,/) € Z x L where Z = {S,X,Y,R, U} denotes infection
state and L = {1,2,..., L} denotes L locations.

e State distribution d € D := A(Z x L) where d(z,/) denotes the proportion of nodes in
state z in location /.

@ Each node chooses:

e its activation degree a € A ={0,1,..., amax} (2 = 0 means no activation)
o next zone /| € L to move to.

o A Markovian policy is denoted by 7 : Z x L. — A(A x L) where 7[a, |z, /] denotes the

probability of an agent in state (z,/) choosing action a, /.

o We assume 7[|S, /] = 7[-|A, ] = #[-|U, /] as agents in these infection states believe that
they can become infected.

(m,d) jointly determine the social state.
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State Transitions

@ The state of an agent evolves probabilistically and is dependent on the social state (7, d)
as

Plzt, It | z,[|(r,d) = Zw[a,ﬂ z, 1] p[z", 17 | z,1,a,1|(x, d), (1)

a,l

where } y
Pl 1 | 2,1,3,1](m, d) = plz* | 2,1, a)(r,d) - plI* | .

@ The first term denotes infection state evolution according to the augmented SAIR model.

@ The second term denotes deterministic location evolution with p[/+ | /] = 1 if I+ = 1.
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Infection State Transition

@ The infection state evolution probabilities are exogenous constants except for the
transition between susceptible to asymptomatic, e.g.,

p[R | Y, 1, a](r, d) = 6%, p[U | X, 1, a](r,d) =69, and so on.
o We define

a

p[x | Sa I7 3](7’(’, d) = 1 - p[S | Sa /7 a](ﬂ-a d) = ]- - 1 - qubx,/(ﬂ-a d) - Byng,l(ﬂ-; d)

where ¢y (7, d): probability of a randomly chosen neighbor being asymptomatic in
location /, given by

_dx)) S.ram(alx,1)
>..d(z,1) X 72 m(a, ]|z, 1)

@ Thus, an agent is more likely to connect with an agent with a high activation degree.
e Expression for ¢y(m, d) is analogous.

¢X,/(777 d)
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Stage Rewards

The stage reward of an agent in state (z,/) choosing action (a, /) is:
rlz, 1, a, 1] == rafz, 1, a] + r[l, 1] + rq]z]. (2)
e Activation: ry[z,/, a] := o[a] — c[z, 1, a]
e o[a] € R;: benefit of social interaction, nondecreasing in degree a
e c[z,/,a] € R;: lockdown cost/restriction in location /. We assume
c[y,l,a] > c[s,l,al = c[X,/,a] = c[U,],a] > c[R,, a].
o Migration: rp[/,7] = —cp if I # 1, and 0 otherwise.

@ Sickness: rg[z] := —c4 if z=1Y and 0 otherwise.
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Stage Rewards

The stage reward of an agent in state (z,/) choosing action (a, /) is:

rlz, 1, a, 1] == rafz, 1, a] + r[l, 1] + rq]z]. (2)

e Activation: ry[z,/, a] := o[a] — c[z, 1, a]
e o[a] € R;: benefit of social interaction, nondecreasing in degree a

e c[z,/,a] € R;: lockdown cost/restriction in location /. We assume
c[y,l,a] > c[s,l,al = c[X,/,a] = c[U,],a] > c[R,, a].

@ Migration: rm[/,IN] — —Cm if I # 1, and 0 otherwise.

@ Sickness: rg[z] := —c4 if z=1Y and 0 otherwise.

For an agent in state (z, /), expected stage reward under policy 7 is:

Rz, |(m) => wla, ]|z, rz,],a,1].

a,l
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Value Function

The expected discounted infinite horizon reward of an agent in state (z,/) is:

Viz,l](m,d) = R[z,I](7) + « Z Plzt,I" | z,l|(x,d) V[z", IT](r, d),

zt, [+

assuming social state (7, d) remains unchanged with « € [0, 1).
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Value Function

The expected discounted infinite horizon reward of an agent in state (z,/) is:

Viz,l](m,d) = R[z,I](7) + « Z Plzt,I" | z,l|(x,d) V[z", IT](r, d),

zt, [+

assuming social state (7, d) remains unchanged with « € [0, 1).

An agent chooses its action (a,/) to maximize a single-stage deviation from the homogeneous
policy 7 [Filar and Vrieze, 2012], i.e., to maximize

Q[zv /7 377](71',6,) = r[z, /,3,7] +a Z p[2+,l+ | Z, /> avi](ﬂ-7 d) V[Z+,/+](7T7 d)

zt It

Each agent is aware of the effect of its action on the future state; but assumes the (7, d) to be
stationary.
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Best Response and Stationary Equilibrium

Definition (Best Response)

The best response of an agent in state (z,/) at the social state (m, d) is the set valued
correspondence B, ; : 1 x D = A(A x L) given by

B,(m,d) € {0 e A(AxL):Vo' € A(AxL)

> (ola, i - o'[a,7]) Qlz.12,7)(r,d) > 0}. (3)

a,l

v

The best response is a distribution o over the actions which maximizes its expected
single-stage deviation reward Q.
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Best Response and Stationary Equilibrium

Definition (Best Response)

The best response of an agent in state (z,/) at the social state (m, d) is the set valued
correspondence B, ; : 1 x D = A(A x L) given by

B, (m, d) e {0 € A(AxL):Vo' € A(AxL)

> (ola, i - o'[a,7]) Qlz.12,7)(r,d) > 0}. (3)

a,l

v

The best response is a distribution o over the actions which maximizes its expected
single-stage deviation reward Q.

Definition (Stationary Equilibrium)

A stationary equilibrium is a social state (7, d) € Il x D which satisfies
wl|- | z,1] € B, (7, d), ¥(z,]) € Z XL, (SE.1)
d = d P(r, d). (SE.2)
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Stationary Equilibrium

Theorem (Elokda et al. [2021])

There exists a stationary equilibrium (7, d) in the proposed game.

Existence proof relies on fixed point arguments.

Proposition

The stationary distribution d does not have any asymptomatic or infected agents. If 6% > 0, it
also does not have any unknowingly recovered agents.
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Societal State Dynamics/Learning Process

@ We consider the following coupled state-policy evolution dynamics in discrete-time.
e State evolution: d* =d P(m,d)

@ Perturbed best response:

exp (A Q[z, 1, a, /~](7TN, d))
Y pexp(AQz 1, (x,d))’

#la,l| z,l|(w,d) =

where parameter \ reflects degree of (bounded) rationality.

@ Policy evolution:
2l =@ =n)al [z, +n7[ |21,

where 7 is an inertia term.
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Numerical Results

o We set Bx = By = 0.2, 6F =6Y =0.08, and 6% = 0.04.

@ The agents can activate up to degree amax = 6 with activation reward linearly increasing
in the degree.

@ Lockdown is implemented by setting c[z,/,a] = 0 if a < ajock[2z, /], and
clz, 1, a] = 3 o[amax] otherwise.

@ We let agents to be highly rational (A = 10) and that they update their decisions with an
inertia n = 0.2.
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Myopic vs. Farsighted Agents in a Single Zone

Myopic agents (o = 0)

Zz
5}0,4*
=
EELS
=]
AE 0.2 |-
=1
§0,1*
a: 07\ | |

0 50 100 150
o n
g 6 al
&
S 5 g
I |
2 2| =ammsmssssssssas=== -
<
s 1 -
ﬁ
s 0 I I

Time [days]

Here maximum allowed activation

0.
0.
0.
0.

(= RSO =)

Farsighted agents (a = 0.9) Farsighted, no R lockdown

T T T T T T
4l . 0af{—* .
— 1
3 = 03H—r -
—v
2 - 0.2 H -
1 g 0.1} g
0 0
Il Il Il Il Il Il
0 50 100 150 0 50 100 150
r ] 6F n
L B 5|
L B il
L N
L 2l
L .
1 I [ O | [

|
50 100
Time [days]

50 100
Time [days]

ajock = 2 shown by dashed black line.
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Myopic vs. Farsighted Agents

Total infections Peak infections Average welfare
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—m— Farsighted agents (o« = 0.9) —4— Farsighted, no R lock., serological test

Key Insights:

o Allow recovered agents to activate freely. That would lead to higher activation by
susceptible agents without leading to worsening the pandemic.

@ Do serological testing and let recovered agents know that they are immune.
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Impact of Strategic Migration

Probability of moving Mean activation degree

Proportion of agents
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@ Zone 1 allows activation degree up to 4 while Zone 2 allows up to 2.
@ Zone 2 was initially infection free, yet seems a significant outbreak due to movement from Zone 1.

@ Zone 1 sees a minor second wave (around day 50) as agents move there to benefit from relaxed lockdown.
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Summary

@ We investigated the behavior of forward-looking agents against an epidemic model in a
dynamic population game framework.

@ Far-sighted agents perform better than myopic ones.

@ Permitting recovered agents interact freely does not worsen or subdue the epidemic, but
improves welfare.

@ Strategic migration (by asymptomatic carriers) can cause multiple outbreaks.

Reference

E. Elokda, S. Bolognani and A. R. Hota, “A Dynamic Population Model of Strategic
Interaction and Migration under Epidemic Risk,” IEEE Conference on Decision and Control
(CDC), 2021.

A. R. Hota, U. Maitra, E. Elokda and S. Bolognani, “Learning to mitigate epidemic risks: A
dynamic population game approach,” Dynamic Games and Applications, vol. 13, pages: 1106
- 1129, 2023.
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Ongoing and Future Work

In addition, we have
@ studied the effect of behavioral perception of probabilities on vaccination decisions [IEEE

Trans. Control of Network Systems 2019],

@ analyzed the behavior of non-myopic or forward-looking agents against the SIS epidemic
[IEEE Control Systems Letters 2023],

@ examined how the spreading processes can be contained via Bayesian persuasion [I[EEE
Control Systems Letters 2024, Under Revision at IEEE Trans. Automatic
Control], and

o developed algorithms to estimate parameters of spreading processes on networks [IEEE
Tran. Network Science and Engineering 2021, Under Revision at IEEE Trans.

Automatic Control].
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Many Thanks!

T BUILT ANOTHER
COVID EXPOSURE
MODEL TO HELP
ME LIMIT MY RISK.

y
s

ANY NEW INSIGHTS?

YEAH: “IF YOU SPEND
ALL DAY DEBUGGING
MODELS, YOU DON'T
HAVE CLOSE CONTACT
WITH A LOT OF PEOPLE:

Ty

WELL, I GUESS IT WORKED,
ACCORDING TO MY META-
MODEL, THE END OF THE
PANDEMIC 1S ONLY FOUR
MORE MODELS AWAY.

50 CLOSE! )

\

L
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