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Appendix

Appendix A: Omitted Proofs of the Analytical Results

A.1. Proof of Proposition 1
When the probability measure P € ®(u,0,0) is defined by the polyhedral support set (15), we can

explicitly rewrite the moment problem (18) under each individual scenario s € S as follows:

mox B[ 9d)] = max { [ i) apta)} (27)

Pe®(pn,0,0)
s.t. constraints (16a) — (16¢),

as a linear program maximizing over all plausible distributions P in the set ®(u,o,©), and with the expec-
tation of the function f,(y.,¥y,d) taken over this distribution as the objective function. Since all y,, ¥, and
d vectors are input parameters to the moment problem (18), and it contains the continuous decision variable
P and linear constraints (16a)-(16c), we can take the dual of linear program (27) by associating the dual
variable vectors 0, € R, a, € RI'*IXl and B, € RIT*IXl with the constraints (16a)-(16c¢), respectively, for each

individual scenario s € §. Thus, its dual is a semi-infinite linear program as follows:

min 6+ Y ps b+ > (05407, Bl (28a)

vel kek ~vel kek
st Gy Y dypal 4> N d2, B > fi(v..9.d), VdeO. (28b)
yel' ke ~yel' ke

Using the strong duality theorem, we next substitute the inner maximization moment problem (18) with
(28a)-(28b) in the min-max IMSDRO model (17a)-(17b), and merge the minimization objective (28a) with
the minimization objective in the IMSDRO model (17a)-(17b) to obtain a reformulation of the min-max
IMSDRO model (17a)-(17b) under the ambiguity set ®(p, o, ©) as

iy zws{zzqfn,ﬁmzzm,kas,ﬁzzmz,ws,kws,s} (290

z,9,9,9,6,a,0

sES keKmeLl ~yel' ke yel' ke
st 04y > dyak 4> N A2 B > fi(ys,y.d), VdEO, s€S (29b)
~eT kek ~el kek
(Ts, Y5y Ys Gs) € Ry, VSES (29¢)
5, € R, a, B, € RTXIKI yse s, (29d)

However, the reformulation (29a)-(29¢) of the IMSDRO model is still intractable since constraint (29b)
is a semi-infinite constraint, meaning that it should be satisfied for any possible realization of d from the
polyhedral support set © in (15). To obtain a tractable reformulation, since constraint (29b) should be
satisfied for all realization of d € ©, it should be satisfied for the worst-case possible value of d € ©. Hence,
we move all the terms which contain d to the right-hand side of constraint (29b) to obtain the minimization
reformulation (19a)-(19d), which completes the proof.

Q.E.D.
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A.2. Proof of Proposition 2
For each individual scenario s € S, we can derive the following simple equivalent linear program (LP)

for the function f,(y.,¥,d) using the surgical overtime definition for surgeons as follows:

oy y.d)=min Y > o, (30a)

keKnel
stoof, >3 d,, ( Sy Y Y e Y gj;to) _VEVEeK,nel  (30b)
~ell teUd meT\{to} teT meT\{to} teUUU{to}
oy >0, VkeK,neL. (30c)

Next, we take the dual formulation of the LP (30a)-(30c) by associating dual variables A} € Ry to the

constraints (30b) as follows for each individual scenario s € S:

fs(ysayy maXZZ { Zd% (Z Z y'y,t m +Z Z y’y,t m,s Z %:Zt(J) —Vf})\ﬁ,s

keKnel ~el’ teUld meT\{to} teT meT \{to} teUU{tg}
(31a)
st.0< A <1, VkeK,neL. (31b)

We then substitute the dual problem (31a)-(31b) into the maximization problem ¥, (y,, ¥, @, 3,) on the
right hand side of the constraints (19b), which results in the following equivalent problem:

W‘g(ys,ﬁ,as,ﬁs):%ag{ggfZZ{Z% (X X B+ Y v (32)

eKnel ~el ted meT\{to} te€T meT\{to}
+ y'y,t,to) - Vn } ' An,s - d"/,k Oé'y,s - d k ﬁ ,s}'
teuu{to} ~el' kek ~eT ke

Swapping the order of maximizations in (32) does not affect the optimal solution because the polyhedron-
shaped support set © of d is a compact and bounded set. Thus, as we have a separable structure for the
polyhedron-shaped support set © of d, we can maximize the objective function (32) first over A, € A,, and

then over d € ©, separately as follows:

V. (Y, U, 0t B) = max {1516%{ {ZZ(Z{Z A S NS Vis SN € 5

yel'keK \nel teld meT\{to} teT meT\{to}
+ y'y,t,to} An sd Oé'y,sd%k T P, sd'y k) } - Vn An,s}'
teUU{to} keEKneL

Next, given the fact that the polyhedron-shaped support set © of d is defined by independent lower and
upper bounds in each dimension of v € I" and k € K pair (see (13)), the inner maximization problem over
d € © in the problem (33) is a separable optimization problem by the patient class v € I" and surgeon k € K
indices. We can separate this inner max problem in the problem (33) into |I'| x |K| maximization problems,
each of them is over the interval d2% <d, , <d}, and make a summation over the indices vy € T and k € K,

which results in the optimization problem (20) and completes the proof. Q.E.D.
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A.3. Proof of Theorem 1

For each pair of patient class v € I' and surgeon k € K, we define binary variables 77’; , €{0,1} corre-
sponding to each segment point Jvk( ), 1= , H such that nﬁY , = 1 if the i*" segment point dﬁY (i) in the
set Y, = {d, (i) }/L, yields the maximum value for the problem (22) and n% ; =0 otherwise. Consequently,
the approximation problem (22) for the given y,, and 3 decisions is equivalent to the following problem

for each pair of patient class v €' and surgeon k € C under scenario s € S:

ma {(Z(Z{Z SOwrL Y D> (34a)

i=0 \neL ted meT\{to} teT meT\{to}
+ Z f‘/\s ;‘,ntg} ) d%k(i) - O‘If/,s d%k(i) - 5];,5 d%k(i)2> 775,2}
teUU{to}

s.t. Z ns. =1, (34b)
i=0

n*,e{0,1}, Vi=0,---  H. (34c)

To ensure that exactly one of the segment points di%k(i), 1€{0,---,H} is selected for each pair (v,k) to
maximize the objective function of problem (22), we require the constraints (34b). Note that each set of
segment points 1., , = {(Lk(z)}fzo for each pair of class v and surgeon k is a Specially Ordered Set of Type 1
(SOS1), containing binary variables that sum to one (see constraints (34b)). When the segment point d., ,,(i')

H
maximizes (22), i.e., 7% ;, = 1, the objective function of (34a) gets the value of Zo ( Z:c { > Z\:{ }ﬂszm +
i=0 \ne tel meT\{to

>yt X ?ﬁ:?,to} N od (i) — of dy (i) =B, dy (i )2) and other 7” ; variables are zero
teT meT\{to} teUu{to} ' '
for i€ {0,--- ,H}, i #4.
Furthermore, we see that there is a bi-linear expression Ay 7*. in the objective function (34a) for the
given y, ¥, , and 3 decisions. However, we can reformulate these bi-linear terms by adding some McCormick
type inequalities because 775,1- is a binary variable and we have lower and upper bounds, i.e., 0 <AF <1,

for the variable )\k based on the polyhedron set A, defined in Proposition 2. To do so, we define auxiliary

variables 7% . such that 7 _ =\ n forallic{0,---,H}, and v €. To remove theses bi-linear terms

n,8,7,% n,8,7,%

in objective function (34a), we need to add the McCormick type constraints (23c)-(23e), and 7* >0,

n,8,7,%

which guarantee that 7*

n,8,7,%

=Xt nb, forallie{0,---,H}, k€ K and v € I'. More precisely, when the

binary variable 7* ; =1, constraints (23c)-(23d) make sure that 0 < A* /<1, and when 7% ; =0, constraints

(23e) and 7)), . >0 guarantee that A% = 0. Thus, there exists an equivalence relation between the bi-linear
term 7F = AL 7, and constraints (23(:)-(23d) and 7F__>0.

Next, if we do the change of variables T = Ak 1%, in the objective function (34a), and replace it in

'rl S, 1
the objective function (20), we obtain the objective function X, (Y., ¥, s, Bs; Ts,Ms, As) is defined for each
scenario s € § defined by (24). Therefore, using the approximation of (21) with the problem (34a)-(34c)
and the McCormick type constraints (23c)-(23e), and 77, , >0, we are able to approximate the optimal

objective function value of the maximization problem V¥, (y,,¥y, s, 3s) in (20) by the MILP (23a)-(23f).
Q.E.D.
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A.4. Proof of Theorem 2

We need to prove two things, which include that (i) the scenario cuts derived by the scenario cut-
generating problem \Ifs(ys,@ a,,3,) or (23a)-(23f) for solving the IMSDRO-APRX model are valid, and (ii)
finitely many scenario cuts suffice to reach a feasible solution that satisfies constraints (25b).

(i) For any value of (y.,¥,as,3s) satisfying constraints (26¢) and (26d), the optimization problem
U, (y,,Y, s, 3,) can be approximated by \Tls(ys, Y, o, B.) according to the result of Theorem 1, and so the
scenario cuts (26b) are valid.

(ii) The scenario cut-generating problem lAIJ!S(@/S,{/\,ozs,ﬁs) is not dependent on the values of y,, Y, as,
Bs. The number of binary variables of the problem 0, (Ys, Y, s, B) is limited to |H| x |T| x |K|, and for
any value for binary variables that satisfy Z n¥ . = 1, the feasible region of this optimization problem is a
polyhedron with finite extreme points. Therefore the maximum number of scenario cuts corresponding to
the extreme points of the feasible region of \I/s(ys7 Y, a,,3,) for any value of binary variables are limited.

Therefore, the constraint generation Algorithm 1 terminates after finite number of iterations.

Q.E.D.

Appendix B: Scenario Tree and Ambiguity Set Construction Approach

One often starts from a full description of stochastic random variable (the number of patient referrals in
the CAS problem). Solving a stochastic model with such a full description of a stochastic random variable
is however next to impossible. We therefore need a scenario construction algorithm to translate the full
representation of the stochastic variable into a set of discrete realizations (i.e., scenarios) of that stochastic
variable. To adequately represent the appointment request stochastic process, we need to generate a sufficient
number of scenarios; that is, the set of scenarios needs to cover the most plausible realizations of the stochastic
process. This often requires a very large number of scenarios, typically generated by a scenario construction
algorithm. However, the computational burden of solving such a stochastic model with a large number of
scenarios is extremely high and for practical purposes often impossible. To avoid such intractability, a scenario
reduction algorithm is then deployed so as to reduce the cardinality of the set of scenarios. In general, the
goal of a scenario construction algorithm is to minimize the error caused by the approximation of the true
stochastic process with a scenario tree.

In this Appendix, we first explain our approach along with an example for how we generate a scenario
tree for the number of patient arrivals in B.1, B.2 and B.3. In B.4, we pinpoint how a scenario generation
and reduction can be evaluated. Finally, in B.5, we explain our method for generating an ambiguity set for

the surgery duration.

B.1. Scenario Reduction Heuristics

We consider a T-dimensional stochastic process € = {£,}~_; with a distribution function F' and a finite
support for the number of patient appointment requests over T days. This finite support is presented by
S discrete scenarios through supp(€) = {€M, 6@ ... £} where £ = {7 for se S ={1,---,5}.
The corresponding scenario probability is denoted by w, and ZSS 1 ms = 1. Assume P is the distribution
function of another T-dimensional stochastic process & = {ét . Let supp( )= {f(l) £@ ... 7@:(5,)} where
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£<5/) = {gtS/)}tT:l, and S’ be the number of discrete scenarios with corresponding scenario probabilities 7
fOr 3’ c S/ — {17 N ,S/} and Zf”:l 7’:("5/ =1.
The Kantorovich distance Dr(F, P) between the above-mentioned stochastic processes F' and P is the

optimal solution of the following linear transportation problem:

S s’
Dy (F, P) = min { D> paw - dir (69,667, (35)

s=1s'=1
S s’
s.2. Zps,s’ =Ty, Z Ps,s’ = ﬁsa Ps,s’ Z 07 Vs e S7vsl S Sl})
s=1 s'=1
where d,(£),660) =3 _ (] € — €60, t € T ={1,---,T}, and ||.]| is a norm function over R”. Thus,
dir| (5(5),5(5/)) is total distance between scenarios s and s’.

If we assume that P is a reduced distribution function of F', its discrete support then includes scenarios
€6 = {étsl)}thl, s €{l,---,S}\del(S) where del(S) is the set of deleted scenarios from the original scenario
set S. For a pre-specified set del(S) C S, the Kantorovich distance between stochastic processes F' and P
can be calculated by the following expression:

Dr(F,P)= Y 7 min {dir (€6} (36)

s€ del(S) o' ¢ del(S)

Moreover, the scenario probabilities 7., s’ ¢ del(S) for the reduced set of scenarios {é(s/)}slgdel(s)

are given by 7o = Ty + 3 . (s)Tss Where dely(S) = {s € del(S) : ' = s'(s)}, and also §'(s) €
argmin g . (s) 47| (€ €D for each scenario s € del(S) is a selection from the the index set of nearest
scenarios to the scenario £(*) for all s € del(S). The optimal set del(S) of deleted scenarios with cardinality
k= |del(S)] is obtained by solving the following scenario reduction problem:

min { > wee min_ din (69,90 stodel(S)CS={1,--- 5} k=5— L}, (37)

s€ del(S) s'¢ del(S)

where L =S — k is the number of remaining scenarios after reduction.

Dupacovéa et al. (2003) proved the NP-hardness of the scenario reduction problem (37) by showing its
equivalence to the set covering problem. However, this problem can be solved efficiently for two special cases
of k=1 (i.e., deleting one scenario), and k=5 — 1 (i.e., keeping one scenario). They proposed two heuris-
tics called backward scenario reduction and forward scenario selection algorithms for solving the reduction
problem efficiently. In the backward reduction, optimal deletion of one scenario is recursively repeated until
deleting k = S — L scenarios while in the forward selection, optimal selection of one scenario is recursively

done until achieving L scenarios.

B.2. Scenario Tree Construction Approach

In §6.1, Latin Hypercube Sampling (LHS) method (Helton and Davis 2003) is used to construct a set of
discrete scenarios for the corresponding multivariate stochastic parameters (number of patient requests) as
a scenario fan. We then convert this scenario fan into a scenario tree, and use forward selection method to

obtain an appropriate number of scenarios (Dupacové et al. 2003).
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Let F be the probability distribution for a scenario fan of multivariate stochastic parameters, then each
scenario s €S ={1,---,S} is presented by £(*) = {Eés),fis), - ,5;9)} with probability 7,. Since all scenarios
are the same at the first node, i.e., f(()l) = 562) == f(()s) in the scenario fan, the total number of nodes is
S xT+1, where T =|T]|, in the scenario fan. The goal of scenario tree construction is to generate a scenario
tree with probability distribution F, based on the scenario fan in which the number of scenarios is reduced,
and also the Kantorovich distance between F' and Fp is less than a pre-specified value ¢ (i.e., Dr(F, F¢) <().

To this aim, the forward scenario reduction is used at each period ¢ € {1,---, T}, and successive clustering
of scenarios is then exploited to convert a scenario fan into a scenario tree. To construct a scenario tree
with Dp(F, Fe) <, at each period ¢, ¢, is considered for implementing forward scenario reduction under
the criterion Zthl ¢, < ¢. This means that at each period ¢, maximal reduction strategy is applied such

that ZSE del(S)
calculated by d,(€),£6)) = S 11€S — €| at each period ¢, and £ is the reduced version of & after

Ty - Mily g ger(s) dt(f(s),f(sl)) < ¢,, where the distance between two scenarios ¢(*) and 5(5') is

implementing the reduction strategy.

Furthermore, we use { =¢,..; - ¢ where 0 < ¢, <1 is a constant parameter, which presents a scale for

max rel

the amount of reduction in the scenario fan, and ¢ is the optimal distance between probability distribution

max

of scenario fan and one of its scenarios with probability one. To generate the scenario tree, at each period ¢,

¢, is then computed by the following relation:

¢ /1 t
Ct=7T+1<§+6(1——T+1)), Vi, (38)

where § € [0,1] is a constant parameter, which is set to one in our implementation.

B.3. Illustration of Generating a Scenario Tree for the Number of Patient Referrals

In this section, we explain the details along with an example on how we generate a scenario tree for the
number of appointment referrals that will be used in the IMSDRO-APRX model as well as the MS-MIP
model. For each patient class, we first fit a Poisson probability distribution over the number of appointment
referrals from that patient class.

The LHS method is then used to generate a set of discrete scenarios for the corresponding multivariate
stochastic parameters as a scenario fan. It is essential to efficiently reduce the number of scenarios in order to
avoid computationally intractable stochastic programs. We then deploy a forward scenario tree construction
heuristic to convert the scenario fan into a scenario tree, and so reduce the number of generated scenarios
(see §B.2 for details). The strategy is to modify the fan of scenarios via bundling scenarios, which produces
scenario trees with fewer scenarios than initial scenario fans.

The process of scenario tree construction for the number of appointment referrals in the CAS problem
is illustrated by Figure 11 step by step. The number of final scenarios depends on a constant parameter
¢,.; between zero and one, that represents a scale for the reduction amount compared with the scenario
fan. To construct a scenario tree for our case study, an initial scenario fan with 100 scenarios (the most left
tree in Figure 11) is generated for the stochastic parameters over an arrival horizon of T'=|T| =5 periods
(note that in our case study we have five business days as the arrival horizon 7), and the scenario tree

construction approach is then implemented with ¢,_, = 0.7. Finally, a scenario tree with 14 scenarios (the

rel
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Figure 11 Illustration of scenario tree construction procedure for the number of appointment referrals in our
case study over an arrival horizon of T'=|7| =5 business days. We start with a scenario fan of 100 scenarios (the

most left tree), and then turn it into a scenario tree of 14 scenarios (the most right tree).

most right tree in Figure 11) is obtained. It should be mentioned that by increasing the reduction scale ¢,.;,
the number of obtained scenarios decreases, so the information loss increases. However, as the number of
scenario decrease, we have a better computational tractability for solving the multi-stage stochastic program.
Therefore, there is a trade-off between the number of scenarios and computational tractability. In §6.4, we
evaluate the efficiency of this scenario construction algorithm in generating a scenario tree for the number of
appointment referrals for our case study and two other random instances of our CAS problem. In particular,

we find that ¢, = 0.7 is a good value for the reduction scale. Refer to §6.4 for details.

B.4. Evaluation of a Scenario Construction Algorithm.

There are two main criteria in the literature of stochastic programming (Kaut and Wallace 2003) by which
the efficiency of a scenario construction algorithm can be evaluated to ensure that there is not too much
loss of information while constructing an adequate scenario tree. They include (i) in-sample stability and (ii)
out-of-sample stability.

Due to the random nature of most scenario construction algorithms (such as the LHS that we used),
different scenario trees will be obtained with the same input if we apply a scenario construction algorithm
multiple times. Then, the in-sample stability guarantees that if several scenario trees are constructed with
the same input, the optimal objective function values of their corresponding stochastic optimization models
with these scenario trees are the same approximately. In other words, if the objective function value does
not change too much, we can claim the in-sample stability. We have done this analysis in the subsection
“In-sample Stability Analysis” (see Table 5) in §6.4.

Further, the out-of-sample stability guarantees that the objective function value obtained from implement-
ing the scheduling policy by using our data-driven rolling-horizon procedure should be close to the optimal
objective function of the stochastic model. Indeed, the out-of-sample stability ensures that the true objective

value obtained from any simulation procedure (e.g., the data-driven rolling horizon algorithm in our paper)
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is close to the optimal objective value of the stochastic program. This analysis is performed in the subsection

“Evaluation of Objective Function Values (Overtime)” in §6.2 (see Table 3).

B.5. Ambiguity Set Generation for Surgery Durations.

We follow the procedures in the appointment scheduling literature (Denton and Gupta 2003, and Jiang
et al. 2017) to generate ambiguity sets for the generation of surgery durations in the sample paths for the
RHP (Algorithm 2), so that we can simulate the reality. In order to consider the distributional robustness
for the surgery duration, we assume that the surgery duration can follow three classes of probability dis-
tributions: truncated normal, gamma, and log-normal, each of which can be specified by their means and
standard deviations. In each CAS problem instance for the IMSDRO-APRX model, we sample realizations
(d;

S d? ., ,dM,) for each class v € I' and surgeon k € K pair. In each of M realizations for patient class

vk T Sk
and surgeon k € K pair, we first select randomly a distribution among normal, gamma, and log-normal, and

then obtain a random surgery duration from that distribution with the known mean and standard deviation.
Appendix C: Alternative Optimization Model to Balance Overtime and Access Delay

In both the problem statement in §2 and the IMSDRO formulation in §3, we have assumed that (i) all
patients must obtain one clinic appointment date and (if needed) one surgery appointment date within their
wait time target windows, and (ii) overtime are deployed as needed to accommodate the clinical and surgical
capacities. In this appendix, we relax these assumptions by trying to balance the trade-off between patients’
access delays and surgeon overtimes.

To this aim, we propose an alternative optimization model for the CAS problem in which we assume no
clinical and surgical overtimes for the surgeons and they only have regular clinical and surgical capacities;

however, there is a penalty for the case when we cannot meet the clinical and surgical wait time targets for

k,m

patients. In particular, we incur a clinic penalty of u,",

> 0 for each class v € I' patient p € D, whose
request is received on day ¢t € T under scenario s € S and has a clinic appointment visit on m >t+WTS, —
CSG,, (recall that the safe range for clinic appointment visit is m € [t + WT'C,,t + WT'S, — CSG~]).
Moreover, we incur a surgery penalty of v*7, >0 for class v € I' patients whose requests are received on day

v,t,m,s

teUUUT under s €S, and have clinic visit on m € T\{¢o}, but surgery visit on n >t + WTS, with surgeon

k,n

atte = 0 for class v € I' patients whose requests are received on

k € K. We have a similar surgery penalty e
day t € Y U {to}, and have clinic visit on current day tg, but surgery visit on n >t + WTS, with surgeon
k € K (recall that the safe range for surgery appointment visit is n € [t +WTC,,t+WTS, — C’SG’y]). We
summarize the new notations in Table 10. The other notations are as before (see Table 1).

Multi-stage stochastic model. With these three new penalty decisions variables, the MS-MIP model

(1)-(14) is turned into the following optimization model:

SEDIS IO I) DD DRTIED DD DD DEIED DD DR (39)

SES  kEK~ED  mELLET peDS , meLteUUT neL neLteUU{ty}
st.ap™, (m—t—WTS,+CSG,) <ul™, Vyel,teT,seS,peD;, keK,meL, (39b)

Yo, (n—t=WTS,)<obi Vyel,teTUlU,seS keK,meT\{to}, (39¢)

v,t,m,s?
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Stage decision variables
km : Clinical penalty if a class v € I' patient p whose request is received on day ¢t € T
pbs | under scenario s € S, has clinic visit on day m >t+ WTS, — CSG,, with surgeon k € K.

: Surgical penalty if class v € I' patients whose requests are received on day t e Y U T
vk | under s € S and have clinic visit on m € T\{t,}, have surgery visit on day
n>t+ WTS, with surgeon k € K.
ko : Surgical penalty if class v € I" patients whose requests are received on day t € U U {ty},
i | and have clinic visit on day ¢y, have surgery visit on n >t + WTS, with surgeon k € K.
Table 6  The description of new notations used by the MS-MIP model (39a)-(390) of the CAS problem.

u

€

g’fjjzto(n—t— WTS,) < e’fy”zto, Vyel,teUU{to}, ke K,neL, (39d)
xpw,S*O Vyel,teT,seS,peD; ke k,me [to,tJrWTCyfl}, (39e)
Z D abm =1,VyelteT,se€S,peD;,, (39f)
m=t+WTC- kek
te
(X Em) < Y . el teUmeT\{to} ke K s €S, (39g)
PGﬁ-y,t n=m+CSG~
te
( > :cpm) < Y .. Vel teT,meT\{to} k€K s€S, (39h)
peEDS , n=m+CSG
te
o< > gk, Wyel teUU{to}, keK, (391)
n=to+CSG

Se (XX B> Y ahn.) <UL VmeLkekses, (399)
yer teU peD., 4 teT peD;,

Sdu(X DAY D it Y B, SVEMELREKsES, (39K
~el’ teU meU teT meT \{to} teEUU{to}

up:”tS_O Vyel,teT,seS,peD; ke K,meL, (391)
iy >0, Vel te TUU,seS ke K,meT\{to}, (39m)
ety >0, ¥y eT teUU{to}, k€K, neL, (39n)
(9) = (10), (11) — (14). (39)

The objective function (39a) is to minimize the expected penalties due to not meeting clinical and surgical
wait time targets for patients. Constraints (39b)-(39d) along with constraints (391)-(39n) are the related
e and eby, . Constraints (39e)-(39f) and (39g)-

(391) determine the clinic and surgery appointment visits, respectively. Constraints (39j)-(39k) restricts the

constraints for making the penalty decisions u* v

Pt
regular clinical and surgical capacities of surgeons on each day, respectively. Similar to the MS-MIP model
(1)-(14), we assume that the surgery durations are deterministic in the above MS-MIP model (39a)-(390).

Integrated multi-stage stochastic and distributionally robust model. To model the uncertainty
in surgery durations presented by the moment-based ambiguity set ®(u,o,0) in (16a)-(16¢c), we deploy
the IMSDRO approach described in §3.2, to MS-MIP model (39a)-(390). The resulting IMSDRO model is
formulated as follows:

ZIMSDRO  _ wyngn}}ve {wl(z ZZ(ZZ Z upwngZ Z Z VS s (40a)

sES keKvell meL te’TpED9 + meLteEUUT neLl
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D eiﬁto»+w2(zﬂspe&l§§e)EP[fs(ys’g’d)D}’
ses o

neL teUU{to}

s.t. (1133, ysvga Us, Vs, 6’) € 037 VseS (40b)

where O, is the feasible region defined by the constraints (39a)-(39j) and (391)-(390). The objective function
(40a) is obtained by removing constraints (39k) from the MS-MIP model (39a)-(390) and adding its worst-
case expected value over the set of plausible surgery duration distributions P € ®(u, o, ©) into the objective
function, which results in the min-max IMSDRO model (40a)-(40b).

An important feature of IMSDRO model (40a)-(40b) compared with IMSDRO model (17a)-(17b) is that
two parts of the objective functions (40a) weighted by w; and wq are in fact two conflicting objectives. The
first part weighted by w; is to minimize the expected penalties incurred due to not meeting the clinical and
surgical wait time targets for patients, and the second one weighted by ws is to minimize the maximum
penalties incurred due to not satisfying the regular surgical capacities of surgeons. Indeed, it is the case that
either we can meet the clinical and surgical wait time targets for patients, or we can make regular capacities
for surgeons.

Following the steps of IMSDRO approach described in Propositions 1 and 2 and Theorem 1 the min-max
IMSDRO model (40a)-(40b) can be approximated by the following optimization model:

- i (YR Y (EY Y Y Y Yk

z,y,y,u,v,e,6,a,8

s€S  keK~el meLteT peDS, mMELtEUUT neL

3 Y )t Y ek 0202 B+ me) ) (dta)
neLteUU{to} seS  ~elkek seSs

st. 0, > U (ys, 7,0, Bs), VSES (41Db)

(s, Ysu U, Us, Vs, €) € Oy, VSES (41c)

5, € R, a,, B, € RIFXIX yse S, (41d)

The above IMSDRO-APRX model can be solved by Algorithm 1 described in §4.

Appendix D: Additional Analyses

In this appendix, we provide additional analyses. They include the sensitivity analysis on the probability of
needing a surgical procedure, and the number of intervals for segment points to approximate the support of
surgery duration distribution. Furthermore, we compare the single versus multi-cut versions of our proposed
constraint generation algorithm.

Sensitivity analysis on the surgery probability. In our approach, we model the need for a surgical
procedure through a Bernoulli random variable. This assumption is made by others as well (see e.g., Wang
et al. 2015 and Kazemian et al. 2017). We evaluate this modeling choice by a sensitivity analysis on the surgery
probability with respect to both surgical overtimes and surgical access time delays. Figure 12 illustrates how
the surgical overtime and average surgical access time delay change as the surgery probability alters. We
observe that as the surgery probability increases, we require more surgical overtime while the surgical access

delay increases.
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(a) Surgical overtime versus the surgery prob. (b) Surgical access delay versus the surgery prob.
Figure 12 The sensitivity analysis around the surgery probability with respect to (a) surgical overtime, and (b)

surgical access measure (negative values indicate earliness, i.e., the model grants access to surgery within the

maximum wait time target for each patient.)

Analysis of support discretization for the surgery duration. In §3, we reformulated the objective
function (21) into a piece-wise linear function with H equal intervals through discretizing the support set
[d2%,dY %] of the surgery distribution d, , for each pair of class v € I and surgeon k € K into H 41 segment
points T, , = {Jvk(z)}flzo Here, we provide sensitivity analysis results on varying the number of segment
points and investigate the trade-off between the solution quality and the computational time of solving the
IMSDRO-APRX model. Intuitively, when the number of segment points H increases, it results in achieving

a more precise approximation for the objective function, but with a longer computational time.

# of segment

Test instance Objective fun. i of CPU time

points Iterations
The case study 5 4,625 7 1,014
10 4,451 9 1,345
20 4,375 13 2,116
Test instance A 5 6,757 6 1,546
10 6,421 10 2,005
20 6,235 15 2,643
Test instance B 5 2,389 5 1,189
10 2,265 8 2,115
20 2,218 16 2,954

Table 7 The sensitivity analysis on the number of segment points and how it impacts the objective function

value, computational time, and the number of iterations for the case study and the test instances A and B.

Table 7 reports the objective function value, computational time (in seconds), and the number of iterations
required for solving the IMSDRO-APRX model for the case study and test instances A and B with various
number of segment points for the surgery duration. As we increase the number of segment points for the
surgery duration (so the support of the surgery duration is approximated more accurately), we obtain a
more precise approximation of the objective function with a larger number of iterations. It also requires a
longer computational time; however, note that it grows slower than linearly. As we can see in Table 7, by

doubling the number of segment points (i.e., increasing it from 5 to 10 and from 10 to 20), the objective
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function value alters by less than 5% in the case study. Results are similar for test instances A and B. Table
7 demonstrates that our choice of using 10 segment points as the default in the case study is appropriate.

Comparison of single versus multi-scenario cuts. In §4, we developed a constraint generation algo-
rithm with multi-scenario cuts for solving the IMSDRO-APRX model, in which the cut-generating problem
(23a)-(23f) obtains at most one scenario cut per scenario and passes it back to the RMP (26a)-(26d). Similar
to the L-shaped decomposition methods, our algorithm can have two versions: (i) a multi-cut version in
which multiple cuts are added to the RMP (at most one cut per scenario); and (ii) a single cut version in
which one aggregated cut is added to the RMP.

In this part, we introduce the single cut version of the proposed constraint generation algorithm, which is
similar to Algorithm 1, except that it passes back one aggregated cut in the form of (42b) to the following
RMP (42a)-(42d) at each iteration:

ZRMP _ min Zﬂs{ Z ( Z qus + Z (,u%k ai,s + (/ﬁ,k + 03,k> 555)) } +1I (42a)

©,9,9,9,6,c,8
€

ses keK meL ~el
st. I > Zws Xs (Yo, Uy @, Bo; T M A =1,  R—1 (42b)
ses
(s, yg.@ q.) € R,, Vs€S (42¢)
5, € R, ag, B, € RT*IFI vse S, (42d)

We next compare the empirical performance of single versus multi-scenario cut versions of the proposed
constraint generation algorithm. To this aim, we generate 10 random instances of the CAS problem with
different number of surgeons, number of patient classes, and number of scenarios. Each instance is specified
by a tuple (|K|,|T],|7],|S]) denoting the number of surgeons, patient classes, days in the arrival arrival, and
scenarios for patient appointment requests, respectively. We then solve the IMSDRO-APRX model for each
of these instances by using both multi-cut and single-cut versions of the constraint generation algorithm
(Algorithm 1). Table 8 indicates the number of iterations (“# of Iterations”) for them until the algorithm
converges to the optimal policy as well as the CPU time in seconds for each instance. Note that the instance

numbers 5, 8 and 9 refer to the test instance A, the case study and the test instance B, respectively.

Instance multi cuts single cut

Number (1Kl 1, 171, 18D # of Iterations CPU time | # of Iterations CPU time
1 (4, 12, 4, 8) 5 654 9 1,177
2 (4, 12, 5, 10) 7 1,021 12 1,897
3 (4,12, 5, 15) 8 1,254 18 2,257
4 (4, 24, 5, 15) 6 1,578 13 2,957
5 (4, 24, 5, 20) 10 2,005 20 3,609
6 (8,12, 5, 8) 4 755 13 1,177
7 (8,24, 5, 10) 6 1,176 13 2,215
8 (8,24, 5, 14) 9 1,345 15 2,421
9 (10, 24, 5, 10) 8 2,115 16 3,484
10 (10, 24, 5, 15) 7 2,321 13 3,752

Table 8 The comparison of the multi-cut and single-cut versions of the constraint generation Algorithm 1 for

different instances of the CAS problem in terms of the number of iterations and CPU time in seconds.
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Table 8 demonstrates that we are able to solve a range of suitable instances for the IMSDRO-APRX
model within a reasonable number of iterations. We also observe that since the multi-cut version offers more
information about the feasible region, we require fewer number of iterations compared to the single-cut
version. The average number of iterations for the multi-cut version was 6, while it was 14 for the single-cut

version. Moreover, the single-cut version takes more CPU time compared to the multi-cut version.
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