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Appendix A: Preliminaries
A.1. Summary of Notation
We use upper-case letters for random variables, lower-case letters for their realization, and *“;” for probabilis-

tic conditioning, or to indicate dependence on a given decision. For random variable X, fx(-), Fx(-), Fx(-),

F3'(-), and S(X) resp. denote the pdf, CDF, tail function, inverse CDF, and sample space.
Table C1: Notation used in the paper

Notation Description

Decision variables

SH

Vaccination incentive offered to each vaccinated individual
Screening rate applied to each unvaccinated individual
Screening rate applied to each unvaccinated individual, updated at time ¢’ in QM-3

,J, Q, @', N Superscripts denoting an optimal solution, JM, QM-2, and QM-3, and Nature’s parameters, respec-
tively

* o ®»

Random variables and associated functions

A random individual’s disutility toward vaccination, with sample space S(W) = (—o0,+00) and
realization w

X, Initial vaccination coverage in the population (corresponding to d = 0, s = 0), with sample space
S(X,)=0,1] and realization z,
H(s) Population-level disutility of undergoing screening at rate s > 0, with sample space S(H(-)) con-

taining all functional realizations h(-) satisfying Assumption 1

A(d,s,X,,H) Induced vaccination coverage resulting from incentive d and screening rate s under uncertainty in
initial coverage X, and screening disutility function H(+), with realization 0(d, s; z,, h)

A,(+), A.(-) In the sequential models, the incentive-induced and screening-induced components of induced vac-
cination coverage, with realizations d,,(; x, ) and d,(-; z,, h), respectively

G(d,s,X,,H) Health reward of interest, where higher values indicate better outcomes

Parameters and deterministic functions

B Per-person budget available to cover vaccination incentives for the vaccinated and routine screening
expenses for the unvaccinated over the semester

v>0 Cost per screening test

S Maximum feasible screening rate per person per semester

a€l0,1] Minimum required budget-compliance probability for the mitigation plan

A.2. Definitions

We provide the first- and second-order stochastic dominance definitions (hereafter referred to as usual

stochastic order and increasing concave order, respectively (resp.)) used in our analysis.

DEFINITION A.1. (Miiller and Stoyan 2002) Let X and X’ be two random variables with sample space S
and finite means.
1. We say that X’ is smaller than X with respect to (wrt) the usual stochastic order (first-order stochastic
dominance), written X' <., X, if Fix/(z) > Fx(x),Vx € S.
2. We say that X’ is smaller than X in increasing concave order (second-order stochastic dominance),
written X' <;., X, if E[q(X’)] < E[q(X)] for all increasing concave functions ¢(.) such that expecta-
tions exist, equivalently, if and only if ['[Fx/(t) — Fx(t)] dt >0,Vz € S.
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REMARK A.1. (Miiller and Stoyan 2002)
@) X' <, X = E(X') < E(X).
(b) For any nondecreasing function u(.) : R - R, X' <, X = E(u(X")) < E(u(X)).

A.3. Preliminary Derivations and Expressions

In this section, we provide some derivations, expressions, and observations used throughout our analysis.

First, recall from (9) that

Y(d,s;x,) =d-Egle, +0(d,s,H;x,)] +~vs- Ey[l =z, —0(d,s,H;z,)| — B
=d- Ey[Fw, (d+H(5))] +s- EH[FW;IU (d+H(5))] - B
= (d—7s) EnlFw, (d+H(s))] = (B —17s).

Let ¢5(s(d,x,);d, x,) := LHS - RHS of (11b), that is,

Uo(s(d,zy);d, x,) =d - Exlds(s(d,z,), H;d,z,)] +vs(d,z,) - Eg[l —x, — 0,(s(d, x,);d, z,) — 0,(d; x,)]
~(B—d- o+ o))
=d- Eu[Fw ., (d+ H(s)| +7vs(d,2,) - Bu[Fw, (d+ H(s))] = d- Fiw ., (d)

+
—(B=d- Fiv.e, (D))
Notice that %w(d, S;xy,) = %@Z)Q((s(d,azv); d,z,), where

W(8) = (5 22) = (A= 3) - Bl 4+ H())- H'(9)] 47+ [1 = Bl P, (d+ H(3))]
— (d—78) Eulfua, (d+ H(s)) - H'(8)] +7- BulL - Fyo, (d+ H(s))]
(d—78)- Enlfuse, (d+ H(s)) - H'(8) +7 B[P, (d+ H(s))). (S

Using (S.1), we deduce the following behavior for ¢’ (s) under different conditions:

Ey [Fwi, (d+ H(s))]
Enlfwia, (d+H(s)) - H'(s)]
Y'(s) >0 otherwise. (S.2b)

V'(s) <0 iffs>d/y+ (S.2a)

REMARK A.2. (a) By Assumption 3, the optimal updated screening rate s’* (the solution to QM-3 deter-
ministic third stage) is uniquely determined for each given (d, x,,, s, h(+)): If there is remaining budget
at time t, s’* is set to the maximum screening rate that fully utilizes the remaining budget, provided it
does not exceed S; otherwise, it is set to .S. If the remaining budget at time ¢’ is zero, s™* = 0.

(b) Using the characterization for s* in part (a), stages 2 and 3 of QM-3 can be consolidated into a stage 2

formulation, which is analogous to QM-2, with the only distinction being the expected cost function.
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This expectation, taken over the random function H(-), now reflects the combined costs of stages 2

and 3, that is, the expected value of the following function:

Cy(s(d,x,), H;d,x,) :=d - 6s(s(d,x,), H;d,x,) + [l — 2z, — d,(s(d,x,), H;d,z,) — §,(d;x,)] -y

: [;-s(d,xv) + (T;t') -8’(s(d,mv),H)] + [d—fy~ (T;t'> (s(d, ), H)
8 (sl ). o0, i, ) $3)

where 0’ (s, s, H;d,x,) is defined in Eq. (7) and s'(s(d,z,), H) can be uniquely determined given
s,d,x,, h, as discussed in part (a). In (S.3), the first component represents incentive payments for
vaccinations induced the initial screening rate s at semester onset. The second component captures
screening expenses without accounting for additional vaccinations that may occur at time ¢’ due to
the updated rate s’ (which is positive only if s’ > s, see Eq. (7)). The third component adjusts these
screening expenses from the second term to reflect new vaccinations (if any) at time ¢, and is positive
only if s’ > s. Specifically, the newly vaccinated (proportion ¢’ (s, s, H;d, x,)) receive the incentive
payment d instead of incurring screening costs between ¢’ and 7', which would otherwise amount to
v- @ -§'(s(d,x,), H).

Based on Remark A.2, we extend the budget deficit function ¢ (-) to QM-3 by accounting for ex-
penditures over all stages. For a given realization z, € S(X,), the total deficit (surplus) for decision

tuple (d, s, s’) is given by
¥(d,s,s's2,) =d- (v, +06,(d;2,)) + Eg[Cs(s(d,x,), H;d,x,)] — B.

In this setting, we define the set of roots of the budget deficit , ¢(-; z,), conditional on realization x,,,
wrt s’ as follows. For any =, € S(X,), let s/,,(d,s;z,):={s' > 0:4¢(d,s,s";x,) =0},Yd > 0,5 >0

/
root

(s'-root for a given d and s), when exists. When the set s’ _.(d, s;x,) is nonempty, to construct the

Pareto set for QM-3, it suffices to consider the largest feasible s’-root, denoted by s/ . (d,s;x,) :=

max

/
root

max{s.,,(d,s;z,) : s.,..(d,s;2,) < S},Vd > 0,s > 0, which captures the most aggressive mid-

semester screening adjustment that utilizes all remaining budget.
A.4. Preliminary Structural Properties
The following property follows by the definition of the s- and d-roots.
PROPERTY A.1. Forany z, € S(X,):
(@) dyroot(0;2,) > B, and uniquely solves d,oo(0;2.) - Fiy iz, (droot (05 2,,)) = B.

(D) Sroot(d; x,,) is not necessarily unique unless d = B. Any S,.0.:(d; x,,), provided it exists, satisfies:

<B/’y, VdIB<d§droot(O;'IU)
> B/, Vd:0<d<B
Sroot(d; l’v) = — B/"/a fOl"d: B

does not exist, Nd:d > d,0(0;x,)
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Proof of Property A.1.

(a) Wehave ¢(d,0;2,) :=d Fyy.,, (d) — B=0and 2455 = Fyy. . (d) +d- fiw.., (d) >0,¥d > 0.
Since ¥ (d,0;z,) = —B < 0 when d = 0 and lim,_, ., ¥(d,0;x,) = oo, by the intermediate value
theorem, there exists only one d € (0,00) such that ¢(d,0;x,) = 0. This unique d-root trivially
satisfies d > d - Fyy,, (d) = B> 0.

() Sr00t(d; x,) is not necessarily unique unless d = B, since only for d = B, ¢(d, s; x,,) = 0 simplifies
to By [Fw s, (A4 h(s))] =1, leading to a closed-form solution for d.

Next, by definition of $,.,,:(d;z,) and reorganizing (d,s;z,) = 0 as (d — ~s) -
Ey [Fw., (d+ H(s))] = B —~s, we obtain the following:
* Vd: B <d<d..(0;x,), we have

V8- By [Fwa, (d+ H(s))]

B—-d-FEy [FW;.% (d+H(3))]
< d—d-Ey [Fw., (d+H(s))]

= d- By [Fuw, (d+ H(s))].

Therefore, Vd : B < d < dyoot(0;2,), s < d. Because (d — ~vs) > 0 and
Ey [FW;M (d—l—H(s))] > 0, we have B — vs > 0, i.e., B > vs. Hence, Vd : B < d <
droot (0; ), We have 5,0 (d; 2,,) < %.

e Vd:0<d< B, we have

vs- By [Fwi, (d+H(s))] = B—d-Ey [Fw, (d+ H(s))]
> d—d-Ey [Fw,., (d+H(s))]

= d By [Fwa,(d+H(s))] .

Therefore, Vd : 0 < d < B, s > d. Because (d —vs) < 0 and Ey [FWW (d+ H(s))] >0, we
have B —vs <0, i.e., B <s. Hence, Vd: 0 < d < B, we have 8,0, (d; z,) > %

* For d = B, we have B- Ey [Fy.,,(B+H(s))] +vs- Ey [Fw,(B+H(s))] = B, and it
is easy to verify that s,.,.¢(d; x,) = % is a solution. Further, it is the only solution because we
cannot have s, (d; x,) > % (since d £ B) neither $,.,.:(d; z,) < % (since d # B).

* Vd:d > d e (0;2,), we have s < 0 and the budget is already exhausted by the monetary incen-
tive (¢(d, s; x,) > 0), hence such d values are not feasible, and s,.,.;(d; z, ) does not exist.

[l

We next establish key structural properties of the budget deficit function ().

PROPERTY A.2. (a) The budget deficit function, 1(d, s; x,), given in (9), is increasing in x., if d > ys;

decreasing in x, if d < ~vs; and becomes independent of x,, if d =ys. Then:



Tung, Gorgiilii, Rabil, Bish, and Bish: Online Appendix for “Behaviorally-informed Strategies for Infectious Disease Mitigation”

S-5

(a-i) For any (d,s) : d > s, we define x,,q,(d,s) := argmaz,,csx,){¢¥(d, s;x,) < 0}. If no
such x, € S(X,) exists, then we set ,,.(d,s) = —oo. Equivalently, we have T ., (d,s) :
Pr(¥(d,s, X,) <0) = Fx, (Tma(d, 5)).

(a-ii) For any (d,s) : d < s, we define ,,;,(d,s) = argming,csx,){¢(d, s;x,) < 0}. If no
such x, € S(X,) exists, then we set ,;,(d,s) = +oo. Equivalently, we have x,,;,(d,s) :
Pr(¥(d, s, X,) <0) = Fx, (Zmin(d, s)).

(b) Consider any z,, € S(X,). We have that 1(d,0;z,) < 0 for all d < d,,.;(0; z,); and 1(d,0;z,) > 0,
otherwise. Further:

(b-1) (d, s;x,) is increasing in s € [0, %];

(b-ii) lim,_, {'ys Py, (d+ h(s))} — 00, hence lim,_, ., ¥(d, s;x,) — 0o, Vd > 0.

Proof of Property A.2.
(a) The derivative of ¢(d, s;3,) := (d —vs) - By [Fwye, (d+ H(s))] — (B —~s) wrt ,, is given by

OFEy [Fw ., (d+ H(s))]

3FW;$U (d -+ H(S))
Oz,

oY(d, s; x,
w(agw):( —s). o =

—vs)-En

] (S4)

where the interchanging of expectation and differentiation follows due to the dominated convergence
OFy g, (d+h(s))

theorem; also E'y P
‘v

> 0 by Assumption 2. Therefore, we have %‘Zm“) > 0, for
(d,s):d>~s, and, %‘Z“) <0, for (d, s) : d < s, for any given z,. If d = s, on the other hand,
¥(d, s;x,) =~ys — B, which is a constant that is independent of .
(a-i) For any (d,s): d > vs, recall from (8b') that Pr(¥(d,s, X,) <0) = fxves(xv) Ly (dsien) <0} *
fx, (z,) dzx,, which can be rewritten as, fmU: $(d,s520)<0 fx,(z,) dz, since the uncertainty is on
X,, and d and s are fixed. Thus, by definition of z,,..(d, s) and because ¢ (d, s;z,) is mono-
tone increasing in z, V(d, s) : d > s (Property A.2(a)), we can show that x, < x,,,.(d, s) iff
U(d, s;2,) <0 and &, > Tyao(d, s) iff P(d, 5;2,) > 0. Therefore, [, fx,(2,)dz,
can be rewritten as f_w% < (ds) X0 (x,)dx, which equals Fx, (4. (d,$)).
(a-ii) Similar to the previous part, for any (d,s) : d < s, we can rewrite Pr{¥(d,s, X,) <
0} as fxv:w(d,s;xl,)go"fxv (,)dx, since the uncertainty is on X,, and d and s are fixed.
Thus, by definition of x,,;,(d,s), and because 1 (d,s;x,) is monotone decreasing in x,
V(d,s) : d < 7s (Property A.2(a)), we can show that x, > x,,:,(d, s) iff ¥(d, s;x,) <0 and
Ty < Tin(d, s) iff ¥(d, s;z,) > 0. Therefore, fmqj:w(d,s;zv)SO fx,(z,)dz, can be rewritten as
Joviwsa, s (o) X0 (T0)dz, which equals 1 — Fx, (2min(d, 5)) = Fx, (Zmin(d, 5)).
(b) Since ¥(d,0;z,) :=d - Fy ., (d) — B, we have 9(d,0;x,) < 0 for all d < d,,0¢(0;2,), where
droot (07 x’u) is the unique solution to droot(o; xv) ’ FW;a:v (droot (0; xv)) =B (Property Al(a))

. ) By [Fw e, (d+H(s))]

- . . ! >0: [P,

(b-i) Using (S.2b) (§A.3), we deduce that ¢'(s) >0 Vs >0:s <d/vy+ B o (A H) ()]
By |[Fwie, (d+H(s))]

By [fw iy (d+H(s)-H'(s)]

where

> 0. Hence, ¢'(s) >0Vs>0:5<d/~.
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(b-ii) Since every h(s) € S(H(-)) is bounded by Assumption 1, 3 H < oo such that h(s) < H
for any s and h(s) € S(H(-)), and consequently, we have Fy,,, (d + h(s)) > Fw ., (d +
H) > 0 (because both d and H are finite), which implies lim,_, {7s - Fyw ., (d + h(s))} >
limg oo {V5 Fw e, (d+H) } — oo for any h(s) € S(H(-)). As aresult, we have lim,_, o {7s-
Ey rw%(d—i—H )] } — 00, and lim,_, o ¥(d, s;z,) — 0o, Vd > 0.
]

Appendix B: Proofs of Analytical Results

PROPOSITION 1. Consider JM. The chance constraint (8b) in any optimal solution can be equivalently

expressed as the following set of constraints:

P(d,s;xe,.) =0, Y(d,s):doot(0;25,,) >d>B>7s, (14a)
W(d,s;xs. ) =0, V(d,s):0<d<B<ns, (14b)
d=vs<B, (14¢)

where x50, = Fy ! (a) and 227, = F;J ().

Proof of Proposition 1. First recall from (8b’) that the chance constraint (8b) can be written as

U(d,s,X,) < 0} = Jo esixn) Hosen<orfx, (#0) dz, > a. We prove that in an optimal JM so-
lution, denoted by (d*, s*), Constraint (8b) is tight unless the solution satisfies d* = vs* = B. Suppose,
to the contrary, that the optimal JM solution satisfies, d* # ~ys* and Constraint (8b) is not tight, i.e.,
Pr{¥(d*,s*,X,) <0} > a. Since ¥(d, s;z,,) := (d —vs) - Ey [Fw,s, (d+ H(s))] — (B —~s), we have

oY(d, s;x,) |

5d =FEy [Fwi, (d+ H(s))] 4+ (d—7s) - By [fwie, (d+ H(s))] .

Hence we have % (d,s;x,) >0,V¥(d,s):d>~ys,Vz,, and dlggo (d, s;x,) = oo. In addition, Vd, s, x, >
0,3e1>0:Vd >d+er, Zip(d,s;x,) >0, ie p(d,s;x,) is increasing in d’. This implies that random
variable W(d', s, X,) is stochastically increasing in d’ and hence, Pr(¥(d’, s, X,) <0) is decreasing in d'.
Therefore, since Pr{W¥(d*,s*, X,) <0} > « and since the objective function is increasing in d, Je >0 :
Pr{¥(d*,s*, X,) <0} > Pr{¥(d* +¢,s*, X,) <0} = a. The solution (d* + ¢, s*) is feasible and yields
a higher objective function, contradicting the optimality of (d*, s*).

Therefore, the chance constraint (Constraint (8b)) must be tight at (d*, s*), that is, Pr(¥(d*, s*, X,) <0) =
a, for d* # ~ys*. It is also easy to observe that Pr(V¥(d*, s*, X,)) <0) =1 for d* =ys* < B.

Accordingly, if d* > vs*, using Property A.2(a-1), we have the following:

Pr(\IJ(d*7 S*aXv) < 0) = FY, (xmam(d*a 3*)) = Qg

S Tynae (d*, ) = F (o) =28,
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Because 1 (d,s;x,) is monotone increasing in x,, Vd > s (Property A.2(a)), we deduce that

(d*, s*;xer ) =0if d* > vys*.

max

Similarly, for d* < vs*, using Property A.2(a-ii), we have the following:

Pr(¥(d*,s*, X,) <0) = Fx, (Tmin(d*,s*)) = ;

S Tppin(d*, s") = F; (a) =z

min*

Because v (d,s;z,) is monotone decreasing in x,, Vd < s (Property A.2(a)), we conclude that

U(d*, s*xcr. )=0ifd* <vys*. O

)y Ymain

PROPOSITION 2. Consider QM-2. An optimal stage I solution satisfies that d*® < d,.o. (0; 2"

mam)‘

For any d < dyoor (0; 257,
(@) If Ty > Tinax(d,0), then ¥(d,0;x,) > 0, hence s*9(d;x,) = 0.
(b) Otherwise (x, < Tpnas(d,0)):

(b-i) Ify(d,S;z,) <0, then s*9(d;z,) = S.

(b-ii) Otherwise (¢(d,S;x,) >0), s*?(d; 2,) = Smax(d; ).

) and realization x.,, € S(X,), an optimal stage 2 solution s*°(d;z,,) follows:

Hence, QM-2 can be equivalently formulated as a single-stage problem, which optimizes over d only:

max - { / Ey(G (d,s*%(d;z,);2,)] fx, (x,) dz, + / EH[Q(d,();xv)]fxv(:cv)dxv}.

0<d<droot (0;g],

m
Ty <Tmaz(d,0) Ty 2Tmax (d,0)

Proof of Proposition 2. The result that d*? < dyroot (05 267 ) follows directly from Property A.2(b),

I max
because V(d,0; z¢"

max

) > 0 for any d > d,0; (0; 2

max

), that is, the chance constraint in (10b) is not satisfied.
Using the definition of z,,,.(d,0) in Property A.2(a-i), we deduce that d > d,..:(0;x,) is equivalent to
Ty > Tmaz(d,0), and similarly, d < d,.,.;(0; x, ) is equivalent to =, < Z,,4.(d,0).

(a) If d > d, 00t (0;2,,), we know from Property A.2(b) that ¥(d,0;x,) > 0, i.e., the budget is depleted in
stage 1 and the RHS of (11b), i.e., (B —d- [z, +0,(d; x,,)]) +, is zero. This leads the LHS of (11b) to
be zero for any feasible solution, and as a result, we have s*Q(d; x,) =0.

(b) Recall that 1, (s;d,x,) = LHS - RHS of (11b) (see §A.3). For d < d,..(0;x,) (which is equiva-
lent to x, < Za.(d,0)), the RHS of (11b) simply reduces to B — d - [z, + d,(d; x,)] and we have
Vy(s;d, x,) = 1(d, s;2,). Thus, the stage 2 feasible set becomes, s := {s € [0, 5] | ¥(d, s;x,) < 0}.
Recall that $,..0t(d; z,) :={s>0: ¥(d,s;z,) =0}.

(b-i) If ¢ (d, S;x,) <0, then by Assumption 3, s*¢(d;z,) = S.

(b-ii) First, we prove that if +(d,S;z,) > 0, then the optimal s*?(d;x,) € [0,S) satisfies
Y(d, s*?(d;z,);x,) = 0. Assume that ¥ (d, s*?(d; x,);z,) # 0. For any feasible s, we have
Y(d, s;z,) < 0, which implies that (d, s*?(d;z,);z,) < 0. Since ¥(d, S;z,) > 0, by the
intermediate value theorem, there exists s’ € (s*?(d;z,),S) such that ¥(d,s’;z,) = 0,

which gives a contradiction since s*?(d;z,) was the maximal value possible. Therefore,
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we have s*9(d;z,) = Smax(d;T,) by Assumption 3. Further, since ¢(d,0;z,) = d - [z, +
8,(d;z,)] — B <0and ¥(d, S;x,) > 0, using the intermediate value theorem, we conclude that
|Sr00t (d; )| > 1, hence Syax(d; x,) # 0.

Finally, using (13) and the characterization of s*%(d; z,,) given in the proof of Proposition 2, we get

EXU[g (d’S’X’U)} B / EH [g (d’ S*Q(d,.fv),H,l’,U)] qu(-TU)de"u
Ty <$maz(d,0)
+ / g(dao;xv)fXU(lUv)d.%'v.
Ty >Tmaz (d,0)
In addition, from (8b’), we have that Pr{\l’(d, 5, X,) < 0} = fmeS(xv) L dson<op fx, (20) dzy > a.
We also have from the analysis above that x, < T4, (d, 0) if ¥(d,0;2,) < 0 and x, > T4 (d, 0), other-

wise. Hence, the following holds:

/ ]—{w(d7s;wu)§0}va (xv) dmv - / va (xv)dxv — FXU(xmax(d70))‘
Ty €S (Xw) Zy: @y <Tmaaz (d,0)

As a result, we get that Pr{ U(d,s,X,) <0p > = Fx, (Tna(d,0)) > a = Zpne.(d,0) > Fl(a).

Since 4. (d, 0) is nonincreasing in d (this holds because (d, s; ) is increasing in d and in z,, for d > s,

Property A.2(a)), the highest feasible d, i.e., dyo0t(0;2,), is given when ,,.,(d,0) = F! (o) = x5,
). O

max

Hence, the chance constraint Pr{\ll(d, 5, X,) < 0} >« is equivalent to d < d,.p0 (0; 26"

COROLLARY 1. Both JM and QM-2 Pareto sets span all three strategy classes:

JM : incentive-centric strategies— (d, Smax(d; Tony)) 1 d € (B, dyoot (05 x6r )] and Spmax(d; x6r ) exists;

) max ? max

screening-centric strategies— (d, Smax(d; x5r:,)) 1 d € [0, B) and Smax(d; xr,.)) exists;

) man »Ymain

balanced strategy— (d,s) :d=Bands=—<8.

N 2w

QM-2: incentive-centric if d € (B, dyoot (05250, )]; screening-centric if d

- [0, B); balanced if d = B.
Proof of Corollary 1.

(a) The result follows from Property A.1(b) and Proposition 1 when the s < S constraint is included.

(b) The result follows from Property A.1(b) and Proposition 2.

0

PROPOSITION 3. Forany x, € S(X,) and d < d,,01(0;2,), Smax(d; z,,) behaves as follows:
(a) For any incentive-centric strategy (B < d < d,o0t(0;2,)), Smax(d;x,) is decreasing in d, with
Smax (droot (05 203 2,) = 0.
(b) For any screening-centric strategy (0 < d < B), Smax(d; x,) is not necessarily monotone in d. How-

ever, Smax(d; z,) becomes nonincreasing in d if:

By [fwa, (d+ H(Smax(d;20)))] < 1
Ey [FW;xv (d+ H(SmaX(d§ xv)))] o ’YSmaX(d§ xv) —d

,Vd e (0,B). (15)
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Proof of Proposition 3. We use the implicit function theorem and Assumption 4 to study the impact of

85111:1)((5[;111)

od
(0,.5). Given that d < d,0;(0; 7,), we have 1(d, Spmax(d; x,); 2,,) = 0 by definition of s,,.,(d; x,) € (0, 5).

Therefore, for any interior solution s,,..(d; x,) € (0,S), we can derive the implicit derivative as

the monetary award on the optimal screening rate, i.e., , for any internal solution $,,..(d;x,) €

. aYP(d,s;zy) .
8 Smax(d7 [L‘U) . T’S Smax(d w’U) (S 5)
- A (d,s;zy '
8d %7& smax (d;Tv)
9 (d,s;mv)

We first prove by contradiction that the denominator

From (S.1) (§A.3), we have the following:

dy(d, s;x,)
0s

o > 0 when d < d,0 (0; ).

=(d—75) By [fww,(d+ H(s)) H'(s)|+7 Ey [Fw, (d+H(s))] >0,

for any d > s, or equivalently, d > B (Property A.1(b)).
When d < B, we have d < s (Property A.1(b)). In this case, we show that W > 0,Vd < B given
Assumption 4. Based on the derivation in §A.3, we deduce from (S.2a) that, for any s € (0, .5) satisfying

s>d/vy+ EH[fM[ZV:(Z(I‘iZI;(;]( ok Je > 0 such that s + € € (0,5) and ¢(d, s;x,) > ¥(d, s + €;x,) and

therefore s cannot be optimal (because s+ ¢ is feasible with a higher objective value). Therefore, the optimal
By [Fyw iz, (d+H(s))]

By [fw e, (d+H(s*))-H' (s*)

(d=78") By [fw, (d+ H(s) - H'(s")] + 7 Ey [Fw, (d+ H(s"))] >0,

solution (denoted by s*) should satisfy s* < d /v +

g which can be re-organized as

Y

M > (. Hence, the denominator of (S.5), given by M\

implying that s—smax (dizy)s 18 al-

f 0 smax (d;zv)
ad

ways positive and the sign o is the opposite of the sign of the numerator in (S.5), given by

%L‘:Smax(d;xv)’ Where
0Y(d, s;x,
Mad) =(d—78) - Ey [fww, (d+ H(3))] + Ey [Fw.e, (d+ H(s))] (S.6)

) 50 directly from (S.6). Hence, we con-

(a) Forany d: B < d < d;0¢(0;x,), we have Bw(d’Sm"‘géd;“);

clude from (S.5) and the results above that s,,..(d;x,) is decreasing in d. Note that the equality,
Smax(@root (032, ); ,,) = 0, simply follows by definition of d,.,.; (0; ).

(b) Foranyd:0<d < B, wehave d < ~s (Property A.1(b)). Using (S.6), we conclude that as%;m“) can
be positive or negative depending on its arguments. Hence, the internal solution s, (d; ) € (0,5)

becomes nonincreasing in d if:

EH [fWL (d + H(Smax(d; .’L’U))] 1
y Lo < ) Vd e 07 B :
EH [FW;LKU (d + H(Smax(d; ‘T’U))] N 73max(d; fl’v) —d ( )

O

COROLLARY 2. Consider JM. For any screening-centric strategy (0 < d < B), if 3d' :0<d<d < B

and Spmax(d; xS05) < Smax(d'; 260 ), then solution (d, Smax(d; 57,,,)) cannot be in JM Pareto set.

’ min ? min
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Proof of Corollary 2. Follows by Assumption 3 that w >0, Vx, € S(X,),¥d>0,Vs >0. O

PROPOSITION 4. For any incentive amount d, the optimal screening rate on JM Pareto set (s*/(d)), and
QM-2 expected screening rate (Ex,[s*?(d; X,)]) respond to changes in population characteristics and
institutional parameters as follows:
(a) As X, increases in the usual stochastic order:
(a-1) Incentive-centric (B < d < d,,0:(0;2,)): Both s*7(d) and Ex,[s*?(d; X,,)] decrease.
(a-ii) Screening-centric (0 < d < B): Both s*’(d) and Ex,[s*?(d; X,)] increase.
(b) As vy increases, both s*/(d) and Ex,[s*?(d; X,,)] increase for any d # B.
(c) As B increases, both s*’ (d) and Ex,[s*?(d; X,)] increase for any d # B.
(d) As « increases, s*7(d) decreases while Ex,[s*?(d; X,)] remains unchanged for any d # B.
(e) Consider H(s)=Ks. As the positive random variable K increases in the usual stochastic order:
(e-i) Incentive-centric (B < d < d,,0:(0;1,)): Both s*7(d) and Ex,[s*?(d; X,)] decrease.
(e-ii) Screening-centric (0 < d < B): Both s*’(d) and Ex,[s*?(d; X,)] increase.

Proof of Proposition 4. We first provide Lemma B.1 that will be used in the subsequent proofs.

LEMMA B.1. Forany x, € S(X,), the roots, Smax(d;x,) and d,..+(0;x,), satisfy the following:
(a) As x, increases:
(a-i) For any incentive-centric strategy (B < d < d,o0(0;%,)), Smax(d;x,,) decreases;

(a-ii) For any screening-centric strategy (0 < d < B), Smax(d; x,) increases.
(b) As 7y increases, Smax(d;x,) is nonincreasing for all 0 < d < d,,0¢(0; ).
(c) As B increases, Smax(d; x,) increases for all 0 < d < d,.0:(0; 2, ).
(d) As « increases:

(d-1) Smax(d;x,,) remains unchanged for all 0 < d < d,..0¢(0; 2, );

(d-ii) For any incentive-centric strategy (B < d < d;o0t(0;2,)), Smax(d;xC,,) decreases, where

i = Fx, (@);

(d-iii) For any screening-centric strategy (0 < d < B), Smax(d; xC,) decreases, where /. =
Fy,(a).
(e) for H(s) = Ks, as the positive random variable I increases in the usual stochastic order:
(e-i) For any incentive-centric strategy (B < d < d,,0:(0;2,)), Smax(d; ,) decreases;

(e-ii) For any screening-centric strategy (0 < d < B), Smax(d;x,) increases.

Proof of Lemma B.1. First, recall that o(d,s;z,) = d - Eg [Fw., (d+H(s))] + vs -
Ey [Fw.s, (d+ H(s)] ) — B. Using the implicit function theorem, we can write

9 YP(d,s;zy
0 Smax(d; $v) _ (3; To) ‘s:smax(d;xv)
oo 0dldsen)

Os ‘SZSmax(d§1v)

) (8.7)
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for any internal solution .. (d; x,) € (0,5), where v is any parameter of interest such as x,,, or a.

Recall from (S.1) in §A.3 and the proof of Proposition 3 that, given Assumption 4, we have

0vY(d, s;x,)

5e = (=79 Eulfw, (d+H(s))- H'(s)]+7- Eu [Fws, (d+ H(s)) | > 0. (S3)

f 2] Smax(d xv

e is the opposite of the

Therefore, the denominator of (S.7) is always positive, and the sign o

sign of the numerator, given by M | s (A0 ) -
(a) As x, increases, we know from Property A.2(a) that:
(a-1) Bor =24)(d, s;x,) is positive for d > B, and therefore, s,,.,(d; z,) decreases.
(a-ii) 5.~ 9_4)(d, s;x,) is negative for d < B, and therefore, $,,.,(d; z,,) increases.

(b) We have

0
%w(d,s;xv) =s-Ey FW;% (d—l—H(s))] >0, (S.9)
which implies that s,,,(d; x,) is nonincreasing as 7y increases.
(c) We have
iw(d ) =—1<0 (S.10)
8B b 87 ':B’U - ) *

which implies that s, (d; x, ) increases as B increases.
(d)
(d-1) We have W = 0,Vd since 9 (d, s;x,) is independent of «. Thus, as « increases,
Smax (d; x,,) remains unchanged for all 0 < d < d,.,¢(0; ).
(d-ii) For d > B, we know that 27, = Fi! () and,

max

a¢(d S mmaa:) aw(d 871'77La3€) azf:;a'c

Oa oxer Oa
(d—9) Oy [ Fier. (d+ H(s))] L
= —YS) -
7 oxer oo
By definition, x¢,_ is increasing in «. Moreover, Ey {8FW E?;“;(HH(S))] > 0 by Assump-

tion 2 and d > B > 7s by Property A.1(b). Thus %j”ﬁm)) > 0 and Spax(d; 267 )

? max

decreases in o.

(d-iii) For d < B, we know that ¢, = F;} () and,

mn

0Fy [Fw;zggm (d + H(S))] 0 x°".

min

o0xe”. oo

mn

) min

Oo

oY(d,s;x,.)

=(d—"s)-

0 FWI%”L (d+H(s))

BICT‘A
man

O omax(diagiin)) - ) and sy (ds 27, )

o min

By definition, ¢, is decreasing in a. Moreover, Eyy ] > 0 by Assump-

tion 2 and d < B < s by Property A.1(b). Thus

decreases in a.



Tung, Gorgiilii, Rabil, Bish, and Bish: Online Appendix for “Behaviorally-informed Strategies for Infectious Disease Mitigation”

S-12

(e) Consider K' <, K with corresponding Sp.x(d,K';2,), ¥(d,s,K';2,), Smax(d,K;x,), and
¥(d, s, K;x,). Letting £(s, k) := (d — vs) - Fw,s, (d+ ks) — (B —vs), we have

9E(s, k)
ok

E (d — fys) . fW;wv (d+ kS) k. (S.11)

(e-i) For d > B, we have from (S.11) that £(s, k) increases in k. Therefore, by definitions of

Smax(+) and ¥ (d, s; ,,) and from Remark A.1, we have

0= d}(da Smax(da ICa :Ev)a ICa :L'v) - EIC [g(smax(da ’C7 :L'v)7 K)]
> Eic [€(Smax(d, K5 2,),K)]
= w(dv Smax(dv ]Ca xv)a IC/; xv)'

Recall from Property A.2 (b-ii) that lim, . v¥(d,s,K;x,) — oo, which together with
U(d, Smax(d, KC; 2,); K, z,) < 0 implies, by intermediate value theorem, that there exists an
Sroot (A, IC'52) > Smax (d, IC; x,,), which gives Syax (d, K5 2,) > Smax(d, K; 22,).

(e-ii) For d > B, we have from (S.11) that {(s, k) decreases in k. Following similar steps to the

proof of part (e-ii), by definitions of s,,..(-) and ¥ (d, s; x,,) and from Remark A.1, we have

0 — ¢(d7 Smax(d, ’C/a xv)a ’C/a ‘TU) — E}/C [g(smax(d, ’C/a :Ev)a IC/)}
> E)C [g(smax(d) ’C/a 1"1))7 ’C)]
=(d, Smax(d, K5 2,); IC, x).

Therefore, by Property A.2 (b-ii) and intermediate value theorem, there exists an
Sroot (A, IC; 2y) > Smax(d, K'5 ), which gives Spax (d, KC;2,) > Smax(d, K5 z,).
|
Next, we prove Proposition 4.
(a) As X, increases in stochastic order:
(a-i) For d > B, by Proposition 1, the constraint is tight at ¢ and thus, using Assumption 4,

s*7(d) = Smax(d;2¢0,,). In addition, as X, increases in stochastic order, Fi'(a) = z¢

) max max
increases (for a given o) (Definition A.1, §A.2). Observe that F' gj(a) is what changes in
W(d, s, X,) as X, increases in stochastic order or as « increases; in both cases Fy'(«) in-
creases. Thus, the direction of the behavior of $,,..(d;x¢",.) as X, increases in stochastic

) max

order must be the same as the direction as « increases. Since Lemma B.1(d-ii) establishes that
Smax (d; ¢, ) decreases in « for d > B, s*/(d) decreases as X, increases in usual stochastic
order. Finally, using Lemma B.1(a-i), which establishes that s,,.,(d;x,) decreases in x, for
d > B, and Remark A.1(b), we deduce that E[s*?(d; X,))] = Ex, [Smax(d; x,)] decreases as X,

increases in usual stochastic order.
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(a-ii) For d < B, by Proposition 1, the constraint is tight at ¢’. and thus, using Assumption 4,

min

$*7 = Sumax(d; 27;,,). In addition, as X, increases in stochastic order, Fiy' (1 — a) = z2

»Yman min
increases (for a given «) (Definition A.1, §A.2). Because F);vl(l — «) is what changes in
v(d,s, X,) as X, increases in stochastic order and as « increases, we deduce that the behavior

of Smax(d;x", ) should be the opposite of the one we get as « increases for d < B. Hence,

knowing that Lemma B.1(d-iii) states that s,,.x(d; 25, ) decreases in « for d < B, we conclude
that s*7/(d) increases as X, increases in usual stochastic order. Finally, similar to the proof of
part (e-1), using Lemma B.1(a-ii), which establishes that s,,..(d; z,) increases in x, for d < B,
and Remark A.1(b), E[s*?(d; X,,)] = Ex, [smax(d; 2.)] = [, cs(x,) Smax(diT0) - fx, (20) dz,
increases as X, increases in usual stochastic order.

(b) By Proposition 1, JM’s constraint is tight when d # B. By Assumption 4, s*/(d) = syax(d; 27, ) for

’ max

d > B and s*/(d) = spax(d;2¢7,,) for d < B, where x¢", and z¢,  are independent of ~. Further,

by Assumption 4 and the definition of expected value, Ex,[s*?(d; X,)] = Ex, [Smax(d; 7,,)], Vd # B.

Thus, the result follows from Lemma B.1(b).

(c) By Proposition 1, JM’s constraint is tight when d # B. By Assumption 4, s*7/(d) = syax(d; <", ) for
d > B and s*7(d) = Spmax(d;2¢7,,) for d < B, where z¢7, and z¢7,  are independent of B. Further,

by Assumption 4 and the definition of expected value, x, E[s*?(d; X, )] = Ex, [Smax(d; z,,)], Vd # B.
Thus, the result follows from Lemma B.1(c).

(d) By Proposition 1, JM’s constraint is tight when d # B. By Assumption 4, s*/(d) = syax(d; z¢7, ) for

r*Ymax

d > B and s*/(d) = spax(d; 27, ) for d < B. Further, by Assumption 4 and the definition of expected

value, Ex, [s*9(d; X,))] = Ex, [Smax(d; 7,)],Vd # B. Thus, the result follows from Lemma B.1(d).
(e) By Proposition 1, JM’s constraint is tight when d # B. By Assumption 4, s*7(d) = syax(d; z¢", ) for

? max

d > B and s*/(d) = syax(d; z7,,,) for d < B, where x¢", and z¢"_  are independent of H (s). Further,

by Assumption 4 and the definition of expected value, Ex,[s*?(d; X,)] = Ex, [Smax(d; 2,,)], Vd # B.
Thus, the result follows from Lemma B.1(e).

O

PROPOSITION 5. Consider the zero-h special case. For any x, € S(X,) and 0 < d < d,00:(0; ),

(h=0) — B_EFW;wU (d)
v Fyw;zy(d)

(a) For any incentive-centric strategy (B < d < d,o0t(0;,)), Smax(d; Ty) < Smax(d; )

Smax (d; ) is the unique solution to, 1"=%(d, s; z,,) = 0. Then:

(h=0)
(b) For any screening-centric strategy (0 < d < B), Smax(d; Zy) > Smax (d; 2,) "=,
Proof of Proposition 5. When h(s) = 0, the solution syax(d; x,) "= to v (d, s;x,) = 0, can be explicitly

derived by rewriting ¥ (d, s;x,) =0 as

d-Fy,(d) 478 Fwg,(d) — B=0. (S.12)
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Reorganizing (S.12) leads to the following explicit characterization:

B—d-Fy.,; (d
S (5 1, ) M7 = ——— () : (S.13)
v FW;wv (d>
which also implies that for given d and ., Smax(d; 7,) "= is unique.
Moreover, the following holds for the general and zero-h cases (see (S.1) in §A.3):
¢(d, Smax(d; xv)a xv) = 07
- (d - ’ysmax(d; l‘v)) : FW;a:v (d+ H(Smax(d; x'u))) - (B - ’ysmax(d; xv)) - 07 (Sl4a)
w(dv Smax(d; ajv)(h:O); mv)(h:O) = 07
- (d - 73111ax(d; mv)(h:())) : FW;:CU (d) - (B - Vsmax(d; mv)(h:())) = 0; (Sl4b)
0 , _
aSw(d, ;@) = (d—78) " fwiw,(d+H(s))-H' (s) + 7 Fw,, (d+ H(s)), (S.14¢)
8 (h=0) Enl
—(d, s;x,) =v-Fy., (d) (S.144)

0s

Therefore,

(a) For any B < d < d;o0t(0;2,), we have vs < B < d (Property A.l1(b)) and v(d,0;z,) =
Y(d,0;2,) "= = d - Fy,,, (d) — B < 0. Further, from (S.14¢) and (S.14d), we have 24(d, s; z,,) >
2(d, s;2,)"=" > 0,Vs > 0. Therefore, since ¥(d,0;z,) = ¢(d,0;z,)"=" < 0, and both
Y(d, s;2,,) and ¥ (d, s; x,) "= are increasing in s such that 21(d, s;z,) > Z1(d, s;z,) "=, (S.14a)
and (S.14b) imply that 5., (d; Z,,) < Smax(d; ) =0,

(b) For any d < B, we have d < B < s Property A.1(b), and ¢(d,0;z,) = 9(d,0;z,)"= =
d - Fwa,(d) — B < 0. Further, from (S.14c) and (S.14d), we have Zi(d,s;z,)"=" > 0
and Z(d, s;2,)"=" > Zi(d, s;x,). Therefore, since ¢(d,0;z,) = 1(d,0;2,)"=" < 0, and
Y(d,s;2,) "= is increasing in s whereas v(d,s;x,) may increase or decrease such that
2p(d, s;2,)"=0 > Lap(d, s;2,), (S.14a) and (S.14b) imply that syax(d; ) > Smax(d; ,) "0

U

Appendix C: Additional Results

C.1. Additional Results on s, (-) Function
PROPOSITION C.1. Forany 0 <d < d,,.:(0;2,) and z, € S(X,), if:

By [P, (d+ H(s)] - By | 0D ()2 4 o, (d 4 H(s)) - H'(5)]
En[fue, (d+ H() - H(5)

> -2, Vs€0,00), (S.15)

then 1 (d, s;x,) is unimodal in s. In this case:
(@) Spoot(d;x,) has at most two solutions for d: 0 < d < B.
(D) Sroot(d; x,,) is unique for d: B < d < dyp0t (05 ).
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Proof of Proposition C.1. First, recall that s,,0(d; z,) := {s>0: ¢¥(d, s;z,) =0}. Let spoc :={s>
0: ¢'(s) =0}, i.e., the set of First-order Condition (FOC) solutions.
From (S.2a) in §A.3, we deduce the following:
Ey [Fwi, (d+ H(s))]
Ey [fwa,(d+H(s))- H'(s)]
B Ey FW;@U (d+H(5))]
By [fwia, (d+H(s)) - H'(s)]

As aresult, we can find the spoc by studying (S.16) and its roots. The derivative of the LHS of (S.16) in s

Vs € spoc: V¥'(s) =0 s=d/y+

=S

=d/~. (S.16)

is positive if and only if:

By [Fw.o, (d+ H(s)] - En [w CH'(8)? + fun, (d+ H(s)) - H"(5)
En [fwie,(d+ H(s))- H'(s)]’

> 2

Therefore, when inequality (S.15) holds Vs € [0,00), then LHS is monotone increasing in spoc, whereas
the RHS is a constant. Hence, the FOC solution is unique, i.e., |sroc| = 1 and ¥ (d, s; z,) is unimodal in s.
(a) Because ¢(d, s;z,) is unimodal in s, it has at most two s-roots, i.e., |$,.0t(d; 2,)| € {0,1,2} and
Sroot (d; x,,) has at most two solutions for a given d, including d: 0 < d < B.
(b) If d = B, then $,,.:(d; z,) is unique and is equal to % (see Property A.1(b)).
Ford: B < d < d,n(0;z,), we have that ¢(d, 0;z,) :==d - Fy,s, (d) — B <0, and ¢(d, d/v; z,) :=
(d—~s)- By [Fw, (d+ H(s))] — (B —~s) =d — B > 0. Because (d, s;z,) is increasing in
s €0, %] (Property A.2(b-1)), we conclude by the intermediate value theorem that one root exists
in this region. Moreover, we have lim,_, ., 1(d, s;x,) — oo (Property A.2(b-ii)). Therefore, when

equation (S.15) is satisfied,

Sroot(d; x,,)| can only be equal to 1 since ¢ (d, s;x,) is unimodal (see
above). Equivalently, since lim,_,., 1(d, s;x,) — oo, we deduce that ¢(d, s;z,) > 0,Vs > %, and
therefore, no other root exists in this region.

O

C.2. Value of Information

To quantify the value of information on vaccination coverage in the sequential model QM-2, we com-
pare, for each incentive amount (d), screening rates and health rewards in the Pareto sets of the joint and
sequential models in Proposition C.2. Let s*?(d, X~; X,,) denote the optimal screening rate under QM-2;

v

and G*9 (d, XN; X,) =G (d,s*%(d, XN; X,), XN) and G*/ (d, X~; X,) =G (d,s*7(d), X; X,) resp. de-

note the optimal health rewards under QM-2 and JM when the Nature’s initial vaccination coverage is X ¥

but the planner models it as X,,.

PROPOSITION C.2. Forany incentive- (B < d < d,,.t(0;x,)) and screening-centric (0 < d < B) strategy
in the Pareto sets, optimal screening rates (s*%(-) and s*’(-)), health rewards (G*“ () and G*’ (*)), and
budget-compliance probabilities ( Pr{\ll(') < 0} ) for IM and QM-2 compare as follows:
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@ Pris@(d,XY; Xy) > 5" (d)} € | min{Fyy (25,,), Fx, (25,0} max{Fxy (57..), Fx, (@5,) |}
and further, Pr{s*?(d, X)) > s*'(d)} = a for X} = X,
(b) Pr{g*@ (d, XN; Xv)>G" (d, XY: X)) } € [mm{FXN( e ) Fx, (xer )Y, max{Fyn (T5r,.)
Fx, (z mm)}} and, further Pr{G*? (d, X)) >G* (d, X)) } = a for X} = X,,.
(b-1) Further, Pr{\I' d,s*?(d, X,), X,) < 0} =1 for any screening-centric strategy (d < B) in
OM-2.
(c) The difference, Ex,[s*?(d, X,)] — s*/(d), is increasing in .
Proof of Proposition C.2. We first provide Lemmas C.2 and C.3 that will be used in the subsequent proofs.

LEMMA C.2. For any incentive-centric strategy (B < d < d,,.;(0;x,)), the following relationships hold:

s*9(d;z,) > 5" (d) >

(d;z,) =5 (d) > ifz, =17,,

s (d) > S*Q(d 2,) >0, if 2, < Ty < Timae(d,0)
( )=

s*(d) > s*9(d; z,

fo<z, <x

max

s*9(d

if Ty > Tinaz(d,0).

Proof of Lemma C.2. By Lemma B.1(a-i), as z, increases, Spa.x(d;x,) decreases for d > B. In addi-

tion, Corollary 1 establishes that ¥(d, spax(d;xE7,.)) : B < d < dyoot (0527, ), the JM Pareto set has

Y max ? max

Smax (d; "), which exists given Assumption 4. Thus, while z¢"_  is used to get the screening solution

r*Ymax max

for JM, the actual x, realization is used to get the solution in QM-2. Hence, s*%(d; x,,) = Smax(d; z,,) and

$*7(d) = Smax(d; x7 ). As a result,

? max

using Lemma B.1(a-i) and that s*/(d) = syax(d; 27, ), we have s*9(d;z,) >

’ max

e For 0 <z, <z ..,
s*7(d) > 0.

e For x, = x¢", . using that s*/(d) = syax(d; 77, .) = Smax(d; 1) = $*9(d; 2, ), we have s*9(d;x,) =

max? ? max

s*7(d). In addition, using Proposition 2(b) and that d < d,.,.(0; 2", ), we have s*?(d;x,) > 0.

r*Ymax

e For ¢, < T, < Tmae(d,0), using Lemma B.1(a-i) and that s*/(d) = spax(d;x",,), we have

max r“max

s*7(d) > s*?(d;x,). In addition, using Proposition 2(b) and that z, < Z,,4.(d,0), or equivalently,
d < dyoot (0;2¢7 ), we have s*%(d; z,) > 0.

) max

e For z, > Za:(d,0), using Lemma B.1(a-i) and that s*/(d) = syax(d;2¢7,,), we have s*7(d) >

s*?(d; z,,). In addition, using Proposition 2(a) and that x,, > T,,...(d, 0), we have s*?(d; z,) = 0.
U

LEMMA C.3. For any screening-centric strategy (0 < d < B), we have:

s*9(d;z,) < s*(d), if0<z, <z,

min

S*Q(d; T,) = S*J(d)7 fx,=xn,
s*9(d;z,) > s (d), ifz, >z

mwn’
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Proof of Lemma C.3. The proof is similar to that of Lemma C.2. Lemma B.1(a-ii) establishes that as x,
increases, Smax(d;x,) increases for d < B. In addition, by Corollary 1, V(d, Spmax(d;2¢7,,)) : 0 < d < B,

the JM Pareto set has s,,..(d; z¢", ), which exists given Assumption 4. Thus, the screening solution for

Y min

JM is obtained at x¢, , whereas the actual x, realization is used to get the solution in QM-2. Hence,

min?

$*9(d; ) = Smax(d; ) > g and s*/(d) = Syax(d; 27, ) > % As a result,

’ mwn

using Lemma B.1(a-ii) and that s*7 (d) = syax(d; 27;,.), s*9(d; z,) < s*7(d).

? min

e ForO<x, <z

min’

using that s*/(d) = Spax (d; 27, ) = Smax(d; 2,,) = *9(d; 2,), 79(d; 2,,) = s*7(d).

»Ymin

using Lemma B.1(a-ii) and that s*7 (d) = spax(d; 257,,.), s*9(d; z,) > s*7(d).

» Forx, =z, ,
e For z, > x¢
O
Next, we prove Proposition C.2.

(a) We know from Lemma C.2 and Lemma C.3 that s*%(d;x,) > s*/(d) for 0 < z, < ¢, (when

d>B)and z, >z,

— min

mzn’

(when d < B), resp.. Next, using the law of total probability, we get

Pr{s*(d, X)) >s"(d)} =Pr{o<X) <af, ;d>B} -Pr{d> B}

+ Pr{XN >z :d<B}-Pr{d<B)

man’?

=Pr{0<X) <z} Pr{d>B}

max

+ Pr{X)Y >, }-(1—Pr{d>B})

min

Thus, we have
Pr{s@(d, X)) 2 s (d)} € [min{Fyy (257,.), P, (@) max{Fyy (@0,,) F, @5, |-

Further, by definition of ¢, and z¢7, , we have Pr{0 < XY <z .d> B} = Pr{X}) >
zer d < B} = a for XV = X, which implies that Pr{s*?(d, X)) > s*/(d)} = o for X = X,..

(b) Because Pr{s*2(d, XY) > s*/(d)} € [min{Fw (27,.), Fx, (220,) , max{Fyy (22,.), Fx, (xm,b)]
(Proposition  C.2(a)) and G(.) is increasing in s for all s > 0
(Assumption 3), we have that pPr{Gg<(d,X,) > G7(dX,)} e
[mm{FXN (25r0)» Fx, (x50,) » max{Fyy (z5,,), Fx, ( mm)} Further, for X~ = X,, we
have Pr{s*?(d,XY) > s*/(d)} = a (Proposition C.2(a)), which implies that Pr{G* (d, X,) >
G (d,X,) } =afor XY =X,

(c) For any given d, we know from Lemma B.1(d) that s*/(d) decreases in a while s*?(d;x,) (and
hence Ex,[s*?(d,X,)]) remains unchanged in «. As a result, the difference, Fx, [s*?(d, X,)] —
s*/(d) is increasing in a.

O

Importantly, the value of information, in terms of attaining a higher health reward, does not necessarily

increase as X, becomes more variable (while keeping its mean constant), see Remark C.1. We can show,
however, that for a screening (incentive)-centric strategy, if X, becomes more variable through a heavier

(heavier left tail prior to & ), the value of information increases (Corollary C.1).

max

right tail after

min
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REMARK C.1. The behavior of Sy (d; Tmar), VB < d < droort (0;27,.), and Syax (d; Tpmin ), Vd < B, are

not necessarily monotone in the second-order stochastic dominance (increasing concave order (icv)) of X,,.

Counter-example supporting Remark C.1. Remark C.1 follows because X, >;., X,/ does not imply
an ordering of their CDFs, which can potentially cross over multiple times. Consider Fx, (x) = 1023 —
152 + 62° and Fx; (z) = 3z* — 2°, for # > 0. We have that X, >;., X, as ['[Fx; (t) — Fx, (t)] dt >
0. By construction, 3% € S(X,) such that Fx, (Z) = Fx;(Z). Moreover, Fx,(r) < Fx;(z),Vx < Z, and
Fx;(z) < Fx, (), V& > &. Consequently, it is possible to have &, = Fix! (o) > 2/, ., = Fg{)l (), and vice

——1 ——1
versa. The same argument extends to y,;, = F'y, () versus z;;, = F'x, («). Then, Remark C.1 follows

min

because Spax(d;x,) is monotone in z, (Lemma B.1(a)). O

COROLLARY C.1. (a) Under a screening-centric strategy (d < B), for any Xy and X, such that

Xy 2L X { -+ Z for some non-negative random variable Z having E[Z; X{, = x| =0, for any =, <
have E[s*?(d, X,) — s*/(d)] > E[s*?(d, X!) — s*/(d)] and E[G (d,s*?(d, X,)) — G (d,s*7(d))] >
E[g (d7 S*Q(dv Xq/))) - g <d7 S*I(d))]

(b) Under an incentive-centric strategy (d > B), for any Xy and X, such that Xy, LX \r — Z for some

-1 d “« . . . ”» “« . . . . ”»
xir, = Fy (), where = means “has the same distribution as” (alt. “equal in distribution”), we

cr
mazx

have E[s*?(d, X,) — s*7(d)] > E[s*?(d, X!) — s*/(d)] and E[G (d,s*?(d, X,)) — G (d,s*7(d))] >
E[G (d,s*%(d, X)) = G (d,s*(d))].

non-negative random variable Z having E|Z; X{, = x] = 0, for any ), > 2", = Fy!(a), we

Proof of Corollary C.1.

(a) By construction, X, and X/ have the same distribution from 0 to z¢’. and then the distribu-

min
tion of X, is spread to the right. As a result, s*/(d) = spax(d; <", ) remains the same under X,

and X!. However, by Proposition 4(e-ii), E[s*?(d; X,)] = Ex, [Smax(d;x,)] increases as X, in-
creases in stochastic order (which is comparable to what happens for all =, > z¢. ), given As-
sumption 4. Hence, E[s*?(d, X,) — s*/(d)] > E[s*?(d, X|) — s*/(d)]. Then E[G (d,s*?(d, X,)) —
G (d,s*'(d))] > E[G (d,s*?(d, X)) — G (d,s*(d))] follows by Assumption 3.

(b) By construction, X, and X have the same distribution from z¢’,  to 1 and then the distribu-
tion of X, is spread to the left. As a result, s*/(d) = Syax(d; 2¢7,,) remains the same under X,
and X!. However, by Proposition 4(e-i), E[s*?(d; X,)] = Ex, [Smax(d;x,)] increases as X, de-
creases in stochastic order (which is comparable to what happens for all x, < z¢ ), given As-

sumption 4. Hence, E[s*?(d, X,,) — s*/(d)] > E[s*?(d, X)) — s*7(d)]. Then, E[G (d,s*?(d, X,)) —
G(d,s*'(d))] > E[G (d,s*?(d, X)) — G (d,s*(d))] follows by Assumption 3.
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Appendix D: Details of the Logistic Growth Model (§5)

We first provide the notation used in this section.

* P: Campus population

* K: Carrying capacity, i.e., number of susceptible individuals

e [r: Cumulative number of infections at time 7" (the end of the semester)

e Iy (Iy < K): Initial number of infections

* r: infection growth rate

* Ry: Basic reproduction number, i.e., the expected number of secondary infections produced by a single
infected individual in a fully susceptible population

* R.: Effective reproduction number, i.e., the expected number of secondary infections produced by a
single infected individual in a population at any specific time, influenced by the community’s existing
level of immunity

* [: Vaccine efficacy, i.e., the conditional probability that a vaccinated individual will not get infected
nor infectious, given exposure

* 7: Generation time of the infection, i.e., average time between infection of a primary case and infection
of its secondary cases (e.g., if the transmitter shows symptoms on Day 1 and the transmitted on Day 5,
then 7 =4).

* {;: Infectious period, i.e., the time an individual remains infectious after exposure

* p(s): Isolation intensity, i.e., expected proportion of the infectious period during which an unvacci-
nated, infected individual is in isolation, hence cannot transmit the infection, due to routine screening

at rate s

D.1. Proof for the LGM Model (§5.1)
The underlying assumptions for the logistic growth model (LGM) are described in §5.1. Under LGM, the

cumulative number of infections by time 7', I, follows (Tsoularis and Wallace 2002):

K
Ir= . (S.17)
1+ (@) e—rT
Io
Infection growth rate r and effective reproduction number R, are related (Wallinga and Lipsitch 2007):
In(R.
r= n(f) .

T

(S.18)

LEMMA D.1. The function p(s) is a nondecreasing function of screening rate s:

0, if s=0

p(s) =1 % if 1<s< i .




Tung, Gorgiilii, Rabil, Bish, and Bish: Online Appendix for “Behaviorally-informed Strategies for Infectious Disease Mitigation”

S-20

Proof of Lemma D.1. For a given screening rate s, define s4,,s := 1'/s, representing the number of
days between two consecutive screening efforts, with s = 0 (no screening) yielding 544, — 00. Recall that
p(s) denotes the expected proportion of the infectious period (¢;) during which an unvaccinated and infected
individual is in isolation, hence cannot transmit the infection. Consider an unvaccinated and infected subject
(i.e., the following is conditional on the presence of the infection). The subject remains infectious for ¢;
days following exposure. Let T, denote the time from exposure to the next screening test. Since screening
occurs periodically every sguys. Is ~ U(0, Saays). Let T,,4 represent the duration during which the subject is
infectious but undetected. Due to the assumptions of a perfectly reliable test and immediate isolation upon

detection, we have

Tpq = min{T}, ¢}, (S.19a)
E|T,
P(Sdays) =1 — [tl d]. (S.19b)

Case 1: 0 < sqqys < t;: There is at least one screening during the infectious period ¢;, hence the subject is
guaranteed to be screened before the end of their infectious period, that is, 7,4 = min{7}, ¢; } = T;. Then it
readily follows that, E[T,,4] = E[T] = gdaTyS Substituting this expression into Equation (S.19b), we obtain

1_ Sdays )
2ty

p(sdays) -

Case 2: t; < Sqqys <T": There is at most one screening during the infectious period ¢;. Therefore,

BT, = E[min{T,, t;}] = /0 e () d+ / O (1) - dt

tr
tr 1 Sdays 1
:/ ts- -dts—i—/ tr- - dt,
0 Sdays tr Sdays
t2
== t[ - ! .
23days

Substituting the above expression into Eq. (S.19b), we obtain

tr

23days

p(sdays) -
Case 3: S4qys > T There is no screening during the semester (s = 0), hence p(s44ys) = 0, and

( Sdays :
1—- ;ti?’ lfOSSdays Stl

P(Sdays) = { 322 if t1 < Sgays <T . (S.20)

2Sdays ’

0, if Sdays >T

\
Then, using the identity Sqq,s = T'/s, p(-) can be expressed as a function of the screening rate s € [0, 7.

O



Tung, Gorgiilii, Rabil, Bish, and Bish: Online Appendix for “Behaviorally-informed Strategies for Infectious Disease Mitigation”

S-21
LEMMA 1. For a given mitigation plan (d, s), cumulative infections at semester end, I(d, s), follows:
K(d,
Ir(d,s) = o _<1 5) 7 (16)
1+ <}700> .e—r(ds)T

where K(d,s) = P - (1—cvg(d,s)-3), r(d,s) = <RO'[1P(5)Cvg(dﬁs)'(ﬁp(s))o/f, and both parameters

decrease in each of d and s.

Proof of Lemma 1. We begin by conditioning on vaccination status and applying the law of total prob-
ability to express R, under a given intervention policy (d, s). In particular, the population is divided into
two mutually exclusive groups: (1) vaccinated individuals (with proportion cvg(d, s)), each with a reduced
probability of transmitting the infection, given by 1 — 3; (2) unvaccinated individuals (with proportion
1—cvg(d, s)), each isolated for a fraction p(s) during their infectious period, hence each with a probability

of transmitting the infection of 1 — p(s). Therefore, we have

Re(d,s) = Ro-[cvg(d,s) - (1= P) + (1 —cvg(d,s)) - (1= p(s))]
= Ro-[1—p(s) —cvg(d,s)- (8 —p(s))]- (S.:21)

Then, by Eq. (S.18),

In(R.(ds) " (RO [1=p(s) ~ cvg(d,5)- (B —p(sm) |

T T

r(d,s)=

The carrying capacity K (d, s) represents the number of susceptible individuals. Since each vaccinated in-
dividual with effective immunity is removed from the susceptible pool (which occurs with probability (),

the adjusted carrying capacity is:

K(d,s)=P-(1—cvg(d,s)-p). (S.22)
Then the expression for I directly follows from Eq. (S.17). Finally, the result that parameters r(d, s) and
K(d, s) decrease in d and s directly follow from Egs. (S.18), (S.21), and (S.22), completing the proof. [

REMARK D.1. The expression I7(d, s) in Lemma 1 can be extended to the three-stage QM-3 to account
for both the initial screening rate and the subsequent adjustment at time ¢’. For a given mitigation plan

(d,s,s’), Ir(d,s,s") can be expressed as follows:

K(d,s) : ’
. ifs>s
1+<K(d,s)(1t/ (j;%)) o= (d,s,8")-(T—t") ’
I1,,(d, =2
In(d,s,8') = e\ K(ad) oo (S.23)
" (K<>(T)> e T2l () ’
1 (4.5

where 5(d, s,s') =n (Ro-[1p<s’>cvg(d,max{s,s'})-wp(s'm) /.
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Table C2: Parameter values and data sources used in the LGM numerical study.
Parameter (Definition) Value Range across Data Source / Reference
Diseases
I, (Initial number of infections) 5
R, (Basic reproduction number) 5 [1.5,18] Guerra et al. (2017), Muzembo et al. (2024)
B (Vaccine efficacy against infections) 0.8 [0.5,0.9] Trombetta et al. (2022), Zeng et al. (2022)
7 (Generation time, days) 5 [3,11] Xu et al. (2023), Sender et al. (2022)
t; (Infectious period, days) 10 [3,16] Hakki et al. (2022), Van Kampen et al. (2021)
T (Semester length, days) 80

D.2. Details of the LGM Numerical Study (§5.2)

D.2.1. Base-case Parameters: Per-person budget B = $60, per-test cost v = $10, minimum budget-
compliance probability o = 0.9. Epidemiology parameters for base-case and ranges for sensitivity analyses

for the LGM numerical study (§5.2) are provided in Table C2.

D.2.2. Nature’s Distributions and Parameters: Nature’s vaccination disutility distribution, f{(-), ini-
tial vaccination coverage, =2, and screening disutility function, A% (-), which are unknown to the planner
(see §2.2), are constructed as follows.

In the base-case, hV(s) = s (with sensitivity analysis on nonlinear forms given by A% (s) = 15°s*~* for
p € [—1.0,0.9], see §5.2 and Figure 4). We model populations with varying vaccination characteristics
through a Monte Carlo simulation with 5,000 replications. Each replication involves random draws for:
!, sampled from XY ~ N (pxx = 0.5, oy =0.0239), and f;y(-), sampled from the ambiguity set D :=
{Normal, LogN ormal, Uni form,Gamma(shape), shape € {0.5,1.0,2.0,3.0,7.5}} (each distribution
equally likely). (The degree of right-skewness decreases as the Gamma shape parameter increases, with
shape = 1 representing the exponential distribution). For each sampled = realization and W (-) distri-
bution, we use the following procedure to calibrate the parameters of f(.): first, we determine the cor-
responding parameters for the Normal distribution, designated as the reference distribution, such that the
initial coverage satisfies z¥ = F{{/(0) (Eq. (2)) and the standard deviation matches the planner’s estimated
ow . Then, depending on the number of free parameters requiring calibration (i.e., LogNormal requires three
parameters, whereas all other distributions in the ambiguity set D require two parameters), we match the
following information in the given order: (1) the value of xV; (2) the shift amount, obtained from the 5"

percentile of the reference distribution; and (3) oy .

D.2.3. Planner’s Empirical Estimation and Calibration: The planner conducts a pre-semester survey
by randomly sampling 10% of the campus population (2,400 participants), each representing a random
draw w from Nature’s distribution f7(-). Based on survey responses, the planner estimates an empirical
distribution fy(-) via Maximum Likelihood Estimation (MLE) from candidate distributions in ambiguity
set D. Consistent with the analytical framework (§3.1), the planner maintains uncertainty on initial vac-

cination coverage X,, where each realization x, provides a perfect signal for the conditional distribution
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fw.z, () (see §3.1). The planner uses historical or external vaccination data to construct the prior, X, ~
Normal(px,,o Xév), with px, potentially inaccurate, but oy v assumed accurate (robustness checks with in-
accurate o, yielded similar insights). To construct the set { fiy.., (+), Vz, € [0, 1]}, the planner models that
each fiy.., (+) is a shifted form of the empirical distribution fy, (-), satisfying Fy .., (0) = z,, Vz, € [0,1].
This calibration procedure ensures consistency between prior beliefs, survey data, and assumptions of the
optimization models, while maintaining numerical tractability. In the no-survey benchmark, the planner as-
sumes W ~ Normal. The planner models the random screening disutility function as H(s) = Ks, where
K ~U(0,2 - pux), with prior mean fix.

D.2.4. Constructing the Pareto Sets and Identifying the Optimal Strategies: We use a numerical op-
timization framework in Python to generate the Pareto set, and identify the optimal strategy for a given
objective function for each model and scenario. The structural results from Propositions 1 and 2, Corollar-
ies 1 and 2 and Remark A.2 play an important practical role in this implementation by characterizing the
Pareto set for each model, thereby restricting the search space to the Pareto set. Generating the Pareto set
involves solving the root-finding problem repeatedly to determine the respective s- and d-roots, which is
implemented via the Nelder-Mead Algorithm (Gao and Han 2012).

Further, to identify the optimal strategy that maximizes the number of infections averted for each model
and scenario, we evaluate the expected number of infections averted over all policies in the Pareto set: (d, )
for JM and QM-2, and (d, s, s") for QM-3. For each candidate, we compute G (d, s; x,,) (and G (d, s, s"; )
for QM-3) using the calibrated LGM (see §5.1, §D.2, and §E.2), and then take expectations wrt X, using
the distribution specified in Appendix D.2.3.

Appendix E: Details of the Case Study (§6) and Figures
E.1. Data Sources and Model Calibration

In the case study, we assume that the planner has perfect knowledge of Nature’s initial vaccination cov-

erage (V) and screening disutility function (2™ (+)); their calibration is described next.

E.1.1. Fitting a Distribution for Nature’s XV (Initial Vaccination Coverage): Based on the the county
level data for the states of AL and CO (CDC 2023a) on December 18, 2021 (a representative date in the
planning period), we fit a distribution for XV (initial vaccination (boosted) coverage) for each state by utiliz-
ing the @RISK software (Lumivero 2023): using several goodness-of-fit tests and measures (Kenton 2023)
including chi-square tests, the Akaike information criterion, and Q-Q plots, @RISK fits the distribution of
XN as Normal(0.25,0.028) and Normal(0.42,0.065) for AL and CO, resp.. Due to the unavailability of
UA’s initial coverage data, we utilized an alternative estimation method. Based on UA’s 2023 undergraduate
enrollment data (College Factual 2023), in-state and out-of-state proportions are 32.8% and 67.2% (pre-
dominantly from eleven states), resp.. Then, for AL and each of these eleven states, we use the proportion

of the state’s 18-24 year old population vaccinated with at least one dose by August 5, 2021 (CDC 2023b)
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Table C3: Parameter values used in the case study.

UA: pﬁv = 0.295,021}7” =0.021
Xéw ~ Truncated N ormal AL: /L%U =0.25, J)A(fv =0.028
CO: u%v = 0.4270% =0.065

Infections averted

Objectives' (health reward) Hospitalizations averted

RN (s) s, 2s, 3s, 5s

T (Semester length, days) 80

P (Campus population) 24,000 (22,500 students, 1,500 faculty)
I (Initial number of infections) 48 (0.2% of total population)

Compartmental model: 12 (students), 6.4 (faculty)

Ry (Basic reproduction number) LGM: 11.65 (weighted average over the population)

[ (Vaccine efficacy against infections) 0.7805

Vaccine efficacy against hospitalizations 0.9525

Vaccine efficacy against fatality 0.97155

p (Recovery rate) 0.0667 per 8-hour cycle

tr (Infectious period, i.e., 1/p, days) 5

Latent period (days) 35

7 (Generation time, i.e., latent period + infectious period, days) 8.5

Rate of symptom onset 0.0286 per 8-hour cycle

Rate at which exposed subjects become asymptomatic and infectious 0.095 per 8-hour cycle

Test accuracy Sensitivity: 80%, Specificity: 98%

T x €]0,1] is discretized in increments of 0.004.
Fd€0,droot (0;22)] and s € [0, 80] are discretized to create 100 points each.

(a representative date for the start of UA’s Fall 2021 semester), as a proxy for the state’s initial coverage. A
weighted average (based on UA’s enrollment data) of the initial coverage values for AL and the top eleven
states yields UA’s initial coverage of 29.5% with standard deviation of 2.1%.

To ensure that XY € [0, 1], we truncate each Normal distribution between 0 and 1. Because the standard
deviation values of the fitted distributions are relatively small, truncation does not affect the distribution
parameters within three decimal point accuracy. Hence, we model X as Truncated Normal(0.25,0.028)

for AL, Truncated Normal(0.42,0.065) for CO, and T'runcated Normal(0.295,0.021) for UA.

E.1.2. Fitting a Distribution for Nature’s I/ (Vaccination Disutility): Ideally, the distribution of na-
ture’s W would be constructed from data on individuals’ disutility towards (alternatively, the monetary
reward needed for) vaccination, obtainable, e.g., via surveys. In the absence of such data in the existing
literature, we rely on data from UA’s experience for illustrative purposes, supplemented by sensitivity anal-
ysis. UA offered a one-time incentive of $40 for each student vaccinated at the beginning of the Fall 2021
semester, resulting in a (final) vaccination coverage of around 61% among UA’s full-time student body
(Jones 2023). Combined with our estimated initial coverage, XY ~ Normal(0.295,0.21), the observed
coverage of 61% at $40 provides two reference points for calibrating the distribution of nature’s W.
Nature’s W is generated through the following procedure. First, a distribution family is randomly selected
from the ambiguity set D. Next, a realization of the initial coverage x!¥ is drawn. Finally, the parameters

of the sampled distribution are calibrated so that F}j/(0) = zY¥ and F}/(40) = 0.61. This calibration is
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feasible for all families in D except the LogNormal, since these families have two free parameters that
can be uniquely determined by the imposed conditions. In the case of the LogNormal distribution, which
involves three free parameters (including a location or shift parameter), a modified procedure is applied: The
unconditional distribution of 1 is constructed such that Fi}y(0) = pxy and Fjy(40) = 0.61. Then, for any
realization z!¥

v

so that F}/(0) = zlY.

the associated conditional distribution is obtained by shifting the unconditional distribution

We extend the analysis to the AL and CO settings, where only the initial vaccination coverage is available,
and coverage at an alternative incentive level (e.g., $40) is not observed. To address this limitation, we
assume AL and CO exhibit the same proportional responsiveness to incentives as observed for UA; then the

coverage at $40 is estimated as F} (40) = u%v . %, yielding values of 0.517 for AL and 0.868 for CO.

E.1.3. Fitting the Nature’s /¥ (-) Function (Disutility Towards Routine Screening): Ideally, function
RN (s), which quantifies the screening disutility in monetary terms, would be derived from empirical data
reflecting individuals’ disutility from undergoing screening at various frequencies, potentially gathered via
surveys. Given the lack of such specific data in the existing literature, we consider a linear function, h™¥ (s) =
min{ks, M }, bounded by a sufficiently large M > S in accordance with Assumption 1 (§2.1); for notational
simplicity, the bound M is omitted in h” (s) expressions. For the base-case, we consider k = 1, and perform

sensitivity analysis over k € {2, 3,5} (Table C3), see Figures 6 and 7 and Appendix E.4 for the results.

E.1.4. Overview of the Compartmental Model used for Evaluation: To evaluate the mitigation poli-
cies produced by the LGM-embedded optimization framework, we use a medically detailed deterministic
compartmental model developed in prior work (Rabil et al. 2022b) and extended in this paper to incorporate
semester- long vaccination uptake under incentive-based policies. We summarize the key features below
and refer the interested reader to Rabil et al. (2022b) for the full model.

The model is an extended SEIR-type framework tailored to COVID-19 mitigation on a college campus
during Spring 2022; the planning occurs in December 2021. It captures heterogeneity across two popula-
tion groups (students and faculty/staff), three vaccination states (unvaccinated, vaccinated and not boosted
with waning immunity (hereafter vaccinated), and vaccinated and boosted (hereafter boosted)), and two co-
circulating variants (Delta and Omicron) at equal proportions. Disease transmission, hospitalization risk,
and fatality risk depend on both group and vaccination status; the model also incorporates externally im-
ported infections (/y) to campus.

The population is partitioned into four main pools of compartments. The transmission pool contains
susceptible, exposed, and asymptomatic infectious individuals, indexed by group and vaccination status.
The recovered pool contains individuals with infection-induced immunity, distinguished by whether prior
infection was known versus unknown by the university. The isolation/hospital pool contains false-positive,

true-positive asymptomatic, infected symptomatic, and hospitalized individuals; subjects in this pool do not
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Figure C1 Overbudget ($), cumulative infections, and cumulative hospitalizations for QM-3, and Screening-only and
Incentive-only benchmarks for UA, AL, and CO scenarios, and Nature’s screening disutility function, A (s) = s.
Vaccinations are assumed to be uniformly spread over the semester.

contribute to transmission. Finally, the removed pool contains deaths. The model tracks 62 compartments in
total, representing differential transmission and clinical outcomes across groups while preserving a tractable
deterministic structure.

The model evolves in 8-hour cycles over the 80-day semester. Routine screening is applied to the eligible
screening pool. Test sensitivity and specificity are not perfect; test results are available in 8 hours; false-
positives are temporarily isolated and released the next day; and true-positive or symptomatic individuals
remain isolated until recovery or hospitalization. Isolation is assumed to prevent all future transmissions.

The model distinguishes vaccine- and infection-induced immunity. Individuals may begin the semester
unvaccinated, vaccinated, or boosted, and may also acquire natural immunity after recovery from infection.
Vaccine efficacy against infection and hospitalization is variant-dependent, and waning immunity is incor-
porated only for individuals vaccinated before the semester but not recently boosted. In the extended version
developed in this paper, additional vaccinations induced by incentives or screening may occur before or
during the semester, depending on the scenario considered.

For each mitigation policy, the compartmental model provides the cumulative infections, hospitalizations,

and total screening tests over the semester. We use these outputs as the evaluation layer of the case study,
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allowing us to assess how the LGM-embedded optimization models perform under a richer epidemic model
with heterogeneous transmission, hospitalization risk, and fatality risk, imperfect test, delayed isolation,

clinical progression, external shocks, and continous vaccination.

E.1.5. Additional Case Study Parameters and Implementation Details: All financial parameters are
given in US dollars. While the testing cost (y) depends on the setting, it is primarily the ratio, B/, that
drives an optimal strategy. Therefore, setting v = 10, we vary the per-person budget in B € (0,200], where
the budget upper bound allows the screening of the entire population at the maximum rate were there no
monetary incentives. The UA, AL, and CO base-cases consider the objective of averting infections and a
minimum budget-compliance probability of o = 0.90. Optimal strategies in the case study are determined
using the same numerical approach described in Appendix D.2.4 (using the distribution specified in Ta-
ble C3), where the structural results identify the Pareto set for each model, and the candidate policies in the

Pareto set are evaluated under the case study objective, i.e., maximizing infections averted.

E.2. Planner’s LGM Calibration for the Case Study and Robustness to Misspecification

The LGM-embedded optimization model used by the planner in the case study is calibrated from the
same epidemiological setting as the compartmental model used for evaluation (see Table C3), but serves a
different purpose. The compartmental model governs Nature’s underlying disease dynamics, whereas the
LGM serves as the planner’s tractable forecasting model for mitigation policy optimization. Accordingly,
the key epidemiological inputs for the LGM are chosen to remain aligned with the case study setting,
aggregating where necessary to maintain a single-population representation.

In particular, the planner’s base-case values for I, 7, t;, and 3 are consistent among the two models.
However, regarding the basic reproduction number (R,), the LGM uses an aggregated value that assumes
a homogeneous population of size P. Specifically, the compartmental model treats students and faculty as
distinct groups, with populations of 22,500 and 1,500, and corresponding reproduction numbers of Ry =
12 and R, = 6.4, respectively. By contrast, the planner’s LGM consolidates these groups into a single
homogeneous population of size 24,000, with a weighted average reproduction number of Ry = 11.65.

Because these LGM inputs must be estimated by the planner at the time of policy design, we evaluate
model robustness by considering misspecification in the LGM epidemiological parameters. To this end, we
hold Nature’s compartmental model parameters fixed at the base-case values in Table C3, and vary, one at a
time, the five epidemiological inputs that directly inform the planner’s LGM (see §5.1 and §E.2): Ry, (3, T,
t;, and I,. For each misspecified value, the planner re-optimizes the LGM-embedded QM-3; the resulting
policy is then evaluated under Nature’s true compartmental dynamics and compared with the Incentive-
only and Screening-only benchmarks to determine whether the gains of QM-3 persist under forecast error.

The misspecification ranges are centered on late-2021/early-2022 evidence relevant to the Spring 2022
Omicron/Delta transition. For parameters with published interval estimates, we use literature-informed

ranges, summarized in Table C4, that are motivated by the corresponding 95% confidence intervals.
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Table C4: Planner-side robustness ranges used in the model-misspecification analysis in the case study.

Parameter (Definition) Robustness Range Data Source / Reference

I, (Initial number of infections) [10,100]

R, (Basic reproduction number) [8,14] Ito et al. (2022), Khandia et al. (2022)

B (Vaccine efficacy against infections) [0.70,0.85] Andrews et al. (2022), Abu-Raddad et al. (2022)
7 (Generation time, days) [7,10] Manica et al. (2022), Park et al. (2023)

t; (Infectious period, days) [4,6] Boucau et al. (2022), Wu et al. (2023)

Figures C4 and C5 summarize cumulative infections and hospitalizations under QM-3 relative to the
Incentive-only and Screening-only benchmarks for B = $150, a moderate budget level consistent with the
range considered in the case study. Figure C4 shows that under the base screening-disutility (h(s) = s),
QM-3 consistently outperforms both benchmarks in cumulative infections across the full misspecification
range for all five parameters. The largest variation arises under the misspecification of Ry, while misspeci-
fication of ¢; and I, has little effect on the realized infection count. Across the full misspecification range,
cumulative infections under QM-3 vary from approximately 8,100 to 10,100. Hospitalizations exhibit a
similar qualitative robustness in nearly all cases, but are more sensitive to misspecification in R, because
hospitalization outcomes in this setting depend strongly on vaccination-induced protection. As shown in
Figure C5, QM-3 continues to dominate both benchmarks when the planner misspecifies 5, 7, t7, or Ij.
Under significantly underestimated values of Ry, however, QM-3 can slightly underperform the Incentive-
only benchmark. This pattern is intuitive: when the planner perceives transmission to be mild, the LGM-
embedded optimization model shifts the policy toward heavier screening (see Figure 5a) and lower incentive
spending, whereas hospitalizations remain highly sensitive to vaccine coverage. As the planner’s 7y moves
back toward the base-case region, QM-3 regains a clear advantage in the number of hospitalizations.

Similar conclusion holds in other scenarios, omitted due to space limitations. For B = 100,k = 1, cu-
mulative infections and hospitalizations under QM-3 remain within [12,991, 13,497] and [70.5, 71.9], resp.,
across all misspecification scenarios. For B = 100, k = 5, the corresponding ranges are [5,104,5,501] and
[7.05,8.64], and for B = 150, k = 5, they are [5,036, 5,292] and [6.44, 8.43]. Thus, while the LGM sensitiv-
ity analysis in §5.2 shows that the planner’s optimal strategy can shift as these epidemiological inputs vary
(Figure 5), the outcomes evaluated by the compartmental model are substantially more stable. The reason
is that, in the Spring 2022 campus setting, many such shifts occur among policies that induce similar vac-
cination coverage, the dominant driver of both infections and hospitalizations, so the health gains of QM-3

over the benchmarks remain robust to moderate planner misspecification.

E.3. Vaccination Throughout the Semester

In this section we examine the base-case under a scenario where vaccinations occur uniformly throughout
the semester. We adapt QM-3 to account for the uniform vaccination dynamics during the semester and

adjust decisions (d, s, s’) accordingly. Figure C1 provides the overbudget amount, cumulative infections,
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and cumulative hospitalizations for QM-3, and Incentive-only and Screening-only benchmarks: QM-3

consistently outperforms both benchmarks in terms of budget adherence and cumulative infection reduction

across the UA, AL, and CO scenarios, even when vaccinations occur uniformly throughout the semester.

E.4. Additional Figures
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Figure C2 Overbudget ($), cumulative infections, and cumulative hospitalizations for QM-3, and Screening-only and
Incentive-only benchmarks for UA scenario, and Nature’s screening disutility function, A™ (s) = 2s.
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Figure C3 Overbudget ($), cumulative infections, and cumulative hospitalizations for QM-3, and Screening-only and

Incentive-only benchmarks for UA scenario, and Nature’s screening disutility function, A™ (s) = 3s.
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Figure C5 Cumulative hospitalizations for QM-3, Incentive-only, and Screening-only under the planner’s misspecification

of a single epidemiological input in LGM-embedded optimization (R € [8,14], 5 € [0.70,0.85], 7 € [7,10], t; €
[4,6], Ip € [10,100]); Nature uses base-case parameterization (Table C3). UA scenario, B = $150, k = 1.
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