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Abstract. Clients seeking paramedical and rehabilitation services require recurring treat-
ment sessions over an extended period. Unlike single-visit problems, these services must
assign each accepted client to a fixed, recurring day-time slot that remains occupied
throughout the treatment program. This structure creates long-term capacity commitments
that limit future scheduling flexibility and complicate acceptance decisions, particularly
when clients differ in availability and required program durations. Motivated by an early
intervention program for infants and toddlers with developmental delays, we study sched-
uling policies designed to address this combination of heterogeneity, uncertainty, and
recurrence constraints. We model the multisession appointment scheduling problem as a
Markov decision process in which requests arrive sequentially and decisions must consider
both immediate feasibility and the long-term implications of blocking a slot across many
periods. Our analysis identifies key structural elements of the scheduling decision, includ-
ing a slot-selection guideline that assigns accepted clients to the least popular feasible slot
and a duration-based threshold that characterizes acceptance behavior. These insights
highlight the value of preserving flexibility and anticipating demand when scheduling
recurring appointments under uncertainty. Building on these results, we develop a heuris-
tic that groups schedule states into occupancy categories and applies simplified acceptance
thresholds. Computational experiments show that this anticipatory approach outperforms
first come, first served benchmarks, particularly when slot popularity is uneven or pro-
gram durations vary widely. Whereas we do not model health outcomes directly, prior
research links improved access, timely initiation, and continuity of care with better thera-
peutic results, underscoring the broader potential impact of more efficient scheduling.
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1. Introduction

account for their availability and timing preferences.
From the providers’ perspective, multiappointments

In health services such as paramedical therapies, reha-
bilitation, or mental health services, heterogeneous cli-
ents with diverse needs attend frequent appointments
over an extended period of time. These clients can be
heterogeneous in various aspects, such as their avail-
ability, preferred time slots, and the duration of those
services. Whereas single (one-time) visits for health ser-
vices may be less sensitive to the timing of appoint-
ments, for health services requiring multiple recurring
appointments, both clients and providers are much
more sensitive to the timing of appointment slots.
Because of their high frequency, such services become
part of the clients’ routine, and therefore, it is critical to

also require long-term scheduling commitment, which
limits their ability to meet the preferences and avail-
ability of future clients.

This paper considers multisession services in which
the timely start of treatment, continuity of care, and
persistence in treatment over time can contribute to
better quality of care (Haggerty et al. 2003) and, thus,
significantly affect clients” health outcomes. Early inter-
vention (EI) services are a prime example of services
characterized by these factors and are, therefore, the
focus of this paper. Designed to support infants and
toddlers with developmental delays or disabilities,
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EI services include interventions such as physical ther-
apy, occupational therapy, speech therapy, and other
services aimed at strengthening the acquisition of age-
appropriate skills to enhance development, addressing
the needs of both child and family. In the United States,
as per Public Law 105-17 (1997), the services are pro-
vided for free or at a reduced cost and are publicly
supervised. The early childhood years present a critical
window within which brain plasticity more intensively
facilitates the ability to learn new skills such that
studies show that engaging EI therapies early and with
regular frequency yields greater improvements than
interventions at a later age for conditions known to
adversely affect developmental progress such as cere-
bral palsy, Down syndrome, or autism (Majnemer
1998, Sheinkopf and Siegel 1998, Corsello 2005, Bonnier
2008, Spittle and Morgan 2025). Therefore, addressing
developmental issues as early as possible is critical for
significantly impacting the future quality of life for chil-
dren receiving these services.

The scheduling process for El services typically begins
with an evaluation that culminates in a suggested treat-
ment plan, that is, a set of required services (therapies),
their frequency, and duration. Under ideal conditions, a
given healthcare system would have sufficient capacity
to meet the needs of each client and provide both evalua-
tion and treatment in a timely manner. In this ideal sce-
nario, sessions would also be scheduled at convenient
times for the clients to interfere as little as possible with
their other commitments and increase schedule adher-
ence. In practice, however, system capacity is limited,
and matching supply (available treatment slots) and
demand (clients’ requests for treatment) is difficult, espe-
cially when certain time blocks are more popular than
others (Gupta and Wang 2008). The challenge of balanc-
ing clients’ needs, operational costs, and health outcomes
motivates our research, which is geared toward addres-
sing and improving each of these aspects.

In this paper, we study the multisession appointment
scheduling (MSAS) problem for a single provider, in
which heterogeneous clients with different time prefer-
ences and treatment durations request service over time.
Upon the arrival of each request, the provider must
decide whether to accept the client and, if so, how to
assign the client to a time slot. We investigate dynamic
scheduling policies that adopt an anticipatory approach,
using probabilistic information about future requests to
guide current decisions. This contrasts with the largely
myopic scheduling practices commonly used in para-
medical and rehabilitation services, in which decisions
are typically based only on current availability.

A defining characteristic of the MSAS setting is the
requirement that each accepted client be assigned to a
fixed, recurring day-time slot for the entire duration
of the treatment program. This structure is common
in long-term therapeutic and rehabilitation services,

particularly in pediatric and early intervention settings,
in which maintaining a consistent appointment time
supports routine, adherence, and continuity of care.
From an operational perspective, however, this hard
recurrence requirement fundamentally limits schedul-
ing flexibility: once a client is accepted, the same slot is
blocked for multiple future periods and cannot be real-
located or reshuffled across periods. This persistent,
slot-specific capacity commitment creates strong inter-
temporal coupling between scheduling decisions and
fundamentally alters the nature of the acceptance
problem. Unlike single-visit or flexible multiappoint-
ment settings, in which appointments are independent,
sequential, or reschedulable across periods, accepting a
client in the MSAS setting entails a long-term opportu-
nity cost that depends jointly on the client’s program
duration and the future demand for the assigned slot.
As aresult, scheduling decisions must balance immedi-
ate feasibility with their long-term impact on access
and capacity, leading to structural trade-offs that do
not arise in more flexible appointment systems.

We focus on the single-provider MSAS problem as
a core setting that captures these fundamental inter-
temporal trade-offs under uncertainty. Whereas many
healthcare systems involve multiple providers, isolat-
ing the single-provider problem allows us to character-
ize the structural drivers of acceptance and assignment
decisions before introducing additional layers of coor-
dination. Our objective is to characterize and design
scheduling policies that balance the key considerations
inherent in multisession appointment systems, in par-
ticular, the trade-off between maximizing access for het-
erogeneous clients and efficiently utilizing long-term
capacity. We further aim to understand how different
prioritization objectives, such as client-oriented versus
provider-oriented rewards, shape optimal scheduling
behavior.

The contributions of this paper are as follows: First, we
formulate the MSAS problem as a Markov decision pro-
cess (MDP) that captures the long-term capacity commit-
ments induced by recurring appointments together with
heterogeneity in client availability and program dura-
tion. Second, we analyze two distinct reward structures,
client dominance and provider dominance, and, under
each, identify key structural components of the optimal
policy. In particular, we characterize a duration-based
threshold structure for acceptance decisions and estab-
lish a principled slot-selection guideline that prioritizes
assigning clients to less frequently requested slots. Third,
building on these structural insights, we develop a sim-
ple and implementable heuristic, the traffic light (TL)
policy, that approximates the optimal decision logic,
thereby significantly reducing computational complex-
ity. Finally, through a comprehensive numerical study,
we demonstrate that the proposed heuristic consistently
outperforms commonly used first come, first served
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(FCFS) policies, especially in settings with uneven slot
popularity or high variability in program durations, and
yields actionable managerial insights for anticipatory
scheduling in healthcare services.

By explicitly modeling recurring appointments, our
work highlights the operational consequences of long-
term capacity commitments in healthcare services. In
settings such as early intervention and pediatric reha-
bilitation, these commitments are closely tied to conti-
nuity of care, routine, and service accessibility. Beyond
this specific context, the MSAS framework applies to a
broader class of services characterized by long-lasting
treatments and recurring appointments, for which pro-
viders face similar trade-offs between access, flexibility,
and capacity utilization.

2. Related Literature

The literature on appointment scheduling in health-
care spans several related domains. In this section, we
focus on three key streams that inform our work. The
first concerns dynamic scheduling models, in which
appointment decisions are made sequentially under
uncertainty. Within this stream, we distinguish between
models that assume homogeneous demand and those
that incorporate patient-specific time preferences into
the decision process. The third stream addresses multi-
appointment scheduling, including repeated or interde-
pendent appointments, which are central to many
therapeutic and chronic care contexts. These bodies of
work provide the methodological and conceptual foun-
dations for our model.

2.1. Dynamic Appointment Scheduling

Under a dynamic approach, scheduling decisions adapt
to the current state of the system and to probabilistic
information about future demand. Models for dynamic
decision making can significantly enhance the agility
and responsiveness of healthcare services. Studies in
this area implement dynamic approaches under vari-
ous assumptions, service characteristics, and objec-
tives. Gupta and Denton (2008) provide an early
survey of outpatient appointment scheduling, empha-
sizing the importance of modeling uncertainty and
system responsiveness. A more recent and compre-
hensive review by Ahmadi-Javid et al. (2017) classifies
appointment systems by decision levels (strategic, tac-
tical, operational) and highlights MDPs as a key frame-
work for modeling online decisions in the presence
of stochastic arrivals, service durations, and capacity
constraints. Several studies implement MDP-based
models for dynamic slot assignment in healthcare. Pat-
rick et al. (2008) develop a model for scheduling diag-
nostic patients with varying urgency levels, aiming to
meet target waiting times. Liu et al. (2010) consider
dynamic scheduling in the presence of no-shows and

cancellations with the objective of maximizing the
clinic’s long-run net reward (revenue). Lu et al. (2018)
propose a dynamic admission policy that balances pro-
vider revenue with patient waiting experience. Similar
to their work, we also model the trade-off between pro-
vider utilization and client outcomes, which is cap-
tured in our model by the rejection rate.

Additional studies implement MDP-based formula-
tions to support sequential appointment decisions under
uncertainty. For example, Kolisch and Sickinger (2008)
model the allocation of radiology slots among multiple
patient classes with stochastic arrivals; Lin et al. (2011)
focus on sequential scheduling under no-show uncer-
tainty; and Parizi and Ghate (2016) propose a dynamic,
multiresource scheduling model that incorporates can-
cellations and overbooking. These models address
important operational complexities but are limited to
single-appointment settings without explicit modeling
of patient-specific availability. Our work builds on this
literature by extending dynamic scheduling models to a
setting that combines recurring appointment require-
ments and client heterogeneity in availability by consid-
ering their preferences and treatment duration.

2.2. Incorporating Patient Preferences
A subset of dynamic scheduling models explicitly
incorporates patient preferences into the decision pro-
cess. Gupta and Denton (2008) note in their survey
that most models at the time ignored patient schedul-
ing preferences despite the fact that such preferences
affect adherence and satisfaction. Several works
address this gap by developing dynamic models that
explicitly consider patient choice. Gupta and Wang
(2008) study the problem of allocating slots to appoint-
ment requests in primary care clinics, describing it
as an MDP. Given patient choices (requests that spe-
cify physician, day, and slot), their model determines
which requests the clinic should accept to maximize
long-term revenue. Whereas their model assumes that
patients observe the system state at the time of book-
ing, Wang and Gupta (2011) relax this assumption
and present a framework for designing an adaptive
appointment system. In their model, patients indicate
a set of acceptable appointment options, and the clinic
decides whether to accept a request and which slot to
assign. The model includes an acceptance probability
estimation component and a booking decision tool,
formulated as a stochastic dynamic programming
problem with the objective of maximizing clinic reve-
nue and improving patient-provider matching.
Feldman et al. (2014) also incorporate patient prefer-
ences in an interday scheduling problem. They model
a booking system in which, upon request, a set of
appointment dates is offered to the patient. When the
set of open dates is revealed, the patient may choose
one of the dates or leave the system without scheduling
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an appointment. The model is used to find the optimal
set of offered days based on the state of the schedule and
patient preferences, accounting for cancellations and
no-shows. Recent papers that also include patient prefer-
ences in dynamic appointment scheduling are Wang
and Fung (2015), Li et al. (2018), and Wang et al. (2018).

Among these, our model is most closely related to
the work of Gupta and Wang (2008) in that both
address dynamic slot acceptance with patient-specific
preferences. Whereas their setting is limited to one-
time appointments, their structure for state-dependent
decision making under patient choice forms the meth-
odological basis for our model. We extend this approach
to accommodate multiple recurring appointments,
incorporating client-specific time preferences, and treat-
ment duration constraints.

2.3. Multisession and Chronic Care Scheduling

The literature on multiple appointments usually focuses
either on a series of visits held on the same day across
different resources as in same-day, multistation sched-
uling problems (Han et al. 2024) or on interdependent
appointments that must follow a specific sequence
with lead times between them, such as diagnostic tests
followed by consultations (Moradi et al. 2025). In these
settings, appointments are linked through precedence
constraints, waiting-list dynamics, and coordination
across multiple resources. Another related stream con-
siders visits over the course of several days, during
which patients may revisit the same resource of treat-
ment (Diamant et al. 2018, Marynissen and Demeule-
meester 2019). Whereas all of these studies address
multiappointment scheduling, most focus on short-
term sequences or tightly linked care episodes. In con-
trast, a related stream of work, emerging primarily in
the context of chronic disease management, considers
recurring visits. These models are closer in structure to
our setting. In this context, Deo et al. (2013) develop a
finite-horizon stochastic dynamic model that allocates
a limited number of periodic visit slots to patients and
explicitly considers health outcomes in the objective.
Because of capacity constraints, not all patients can be
monitored in each period, and disease control depends
on the interval between visits. The decision problem
focuses on selecting which patients to schedule over
time given stochastic disease progression and limited
monitoring capacity. However, the model does not
incorporate slot-level assignment decisions or recur-
ring time commitments; capacity is allocated at an
aggregate level without binding patients to specific
day-time slots across periods. Savelsbergh and Smilo-
witz (2016) extend this line of work in a static, single-
batch scheduling setting by incorporating time-of-day
preferences and patient-specific no-show probabilities.
They construct population appointment schedules
over a finite planning horizon, explicitly modeling

disease progression and attendance behavior. How-
ever, appointments are assigned independently in each
period: patients are not bound to a fixed recurring time
slot across periods, and slot identity does not persist
over time. As a result, capacity is allocated flexibly
period by period rather than through long-term slot-
specific commitments.

In a different healthcare context, Saure et al. (2012)
study dynamic multiappointment scheduling for radi-
ation therapy. Their model captures treatments that
span multiple consecutive sessions and formulates the
problem as an infinite-horizon MDP. Whereas treat-
ments require capacity over multiple days, capacity is
aggregated across identical treatment units, and appoint-
ments are not tied to a fixed recurring slot over time. As
a result, resource consumption is time-aggregated rather
than slot-specific. Building on these prior models, we
focus on a setting characterized by fixed slot-level recur-
rence under heterogeneous availability. In our model,
once a client is accepted, the same day-time slot is
reserved over multiple future periods. This hard recur-
rence structure creates persistent, slot-specific capacity
commitments and induces intertemporal coupling that
alters feasible state transitions and the opportunity cost
of acceptance decisions. Such a structure is central in
early intervention and rehabilitation services, in which
maintaining a consistent appointment time is operation-
ally and clinically important.

The challenges of multisession scheduling also appear
in home healthcare (HHC), in which patients often
require repeated visits over a treatment period. How-
ever, because of the decentralized nature of service
delivery and because appointments in this setting occur
in different locations, the substantial majority of the
HHC literature addresses scheduling and routing pro-
blems that deal with requirements such as preferences
and continuity of care (Cissé et al. 2017, Fikar and Hirsch
2017). Bard et al. (2014) use a mixed-integer linear pro-
gram to assign patients to therapists and schedule
weekly visits under a set of practical constraints. This
continues the earlier work by Shao et al. (2012), and both
of which assume demand is known over the planning
horizon. Bennett and Erera (2011) introduce consis-
tency constraints to ensure that patients receive care
once a week over several weeks. They use a rolling-
horizon, myopic scheduling approach to maximize the
number of patients served, incorporating time prefer-
ences. These models consider continuity of care but do
not address dynamic decision making under uncertain
future demand, nor do they focus on assigning recur-
ring slots at fixed times.

Across the broader appointment scheduling litera-
ture, the dominant modeling paradigm remains single-
visit scheduling under uncertainty. Although a growing
body of work addresses multiappointment or chronic-
care settings, these models typically consider short-term
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sequences of visits or allow flexibility in allocating
appointments across periods without binding patients
to a specific time slot over time.

In contrast, we study a dynamic scheduling problem
in which each accepted client occupies the same day-—
time slot over multiple future periods subject to hetero-
geneous availability constraints. This hard recurrence
structure induces slot-specific, intertemporal capacity
commitments that fundamentally alter the opportunity
cost of acceptance and assignment decisions. The result-
ing MSAS problem defines a structurally distinct setting
that is not explicitly modeled in prior work.

3. The Multisession Appointment

Scheduling Problem
In this section, we introduce the MSAS problem. The
problem schedules recurring appointments over an
extended period, and clients are assigned to a service
provider whom they meet on a regular basis for a cer-
tain predefined term, for example, once a week over
one year. An important component of the problem is
the heterogeneity of the clients. We assume heterogene-
ity among clients in terms of their availability, meaning
each client is available at different times and can only
attend sessions during those specific times as well as in
their required program length, meaning each client
requires a different number of treatment sessions.
Figure 1 describes the general scheduling process. A
service coordinator is responsible for facilitating, coor-
dinating, and monitoring the services. Once the coordi-
nators receive a new client’s request, they refer it to a
service provider. The referral is based on professional
factors, such as the provider’s expertise, and opera-
tional parameters, such as geographical location and
perceived availability. Then, the clients specify their
availability to the provider. The provider reviews the
current schedule and either offers the client a slot or
rejects the request. The provider may reject the request

Figure 1. The Scheduling Process

if no suitable slots are available or to reserve slots for
future (yet still unknown) clients. If a request is denied,
the clients are referred back to the service coordinator,
who redirects them to a different service provider,
potentially causing a delay in the start of treatment.
Thus, rejection in our model represents a local schedul-
ing decision rather than a system-wide denial of service,
still capturing the operational cost of delayed access.

This paper presents our analysis of the single pro-
vider problem, which means focusing on stages 3-5 of
the process, (marked in Figure 1 in a dashed rectan-
gle). In Section 7, we discuss some extensions to the
multiprovider setting and future work that includes
steps 1-3.

3.1. Problem Settings, Assumptions,
and Objectives

We now focus on the dynamics between a single pro-
vider and the clients assigned to that provider, and this
defines the scope of the problem we model. A central
characteristic of the MSAS problem studied in this
paper is that accepted clients are assigned to a fixed
day-time slot that recurs in every period for the dura-
tion of the treatment program. This structure reflects
long-term therapeutic settings in which care is deliv-
ered on a regular schedule and continuity over time is
operationally important. As a result, accepting a client
creates a persistent capacity commitment that occupies
the same slot over multiple future periods. Time is dis-
cretized into periods. Within this setting, the sequence
of events in each period is as follows:

i. A client request arrives, specifying a program
duration and a set of acceptable appointment slots.

ii. The provider decides whether to accept the request
and, if so, assigns the client to one of the slots in the cli-
ent’s acceptable set that are currently available.

iii. Treatment sessions are conducted for all active
clients.

1. Service 2. Service
; coordinator 3. Client
coordinator . s A
; refers the specifies
receives i g
i request to a availability
client's request .
provider

4. Service

provider 5.1 Service
Considers client’s provider
availability and offers a slot

schedule state

5.2 Service
provider

rejects the
request
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We adopt the following assumptions:

e Treatment frequency: Each accepted client attends
one session per period. The period length is chosen to
reflect the regular cadence of treatment (e.g., weekly
sessions) so that program duration corresponds directly
to the number of recurring commitments. More com-
plex treatment frequencies and recurrence structures
are discussed in Section 7.

e Client availability: Each request includes a subset
of acceptable slots. Assignment decisions are restricted
to this set.

e Capacity per slot: At most one client can be
assigned to a given slot in each period. A slot repre-
sents an indivisible provider—time resource (e.g., a
therapist-hour or a treatment room at a specific time);
systems with multiple parallel resources can be repre-
sented by multiple slots.

e Arrivals: At most one client request arrives in each
period. This reflects long-term therapeutic settings in
which each provider maintains a relatively stable panel
of ongoing clients and new requests arrive infrequently
compared with the duration of treatment programs.
This assumption enables a clean formulation of the
decision process, preserving the core intertemporal
trade-offs induced by recurring appointments. Allow-
ing multiple arrivals per period requires sequential or
batched decisions within a period but does not alter the
fundamental structure of the problem; see Section 7 for
further discussion.

e Cancellations and no-shows are negligible: In the
service environments motivating this study, clients are
assigned to recurring slots that align with their stated
availability and become part of a stable weekly routine.
Under such preference-based, fixed recurring assign-
ments, attendance rates are typically high, and unex-
pected vacancies are relatively rare compared with
open-access or flexible scheduling systems.

e Immediate start: Accepted clients begin treatment
in the period immediately following their request. This
reflects settings in which timely initiation of care is
operationally important and avoids introducing addi-
tional state variables related to waiting times. Delayed
starts add a waiting-state dimension to the model but
do not alter the core capacity-allocation structure stud-
ied here.

The provider’s decision problem is to determine,
upon each request arrival, whether to accept or reject
the client and, if accepted, which slot to assign, taking
into account both immediate feasibility and the long-
term impact of occupying capacity. Because of uncer-
tainty in future client requests, accepting a client today
may reduce the system’s ability to accommodate future
demand. In particular, assigning a client to a slot for
an extended period creates an opportunity cost that
depends on both the duration of the program and the
future demand for that slot.

We consider two primary objectives. The first is to
minimize rejected requests, reflecting the importance
of timely access to care. The second is to maximize
provider revenue, reflecting efficiency and financial
sustainability. Whereas these objectives may appear
aligned, the long-term capacity commitments induced
by recurring appointments generate a natural trade-off
between them. The following section formalizes this
decision problem as an MDP.

3.2. Model Formulation
We model the MSAS problem as an MDP in which
each period represents a new request arrival. The deci-
sion maker determines whether to accept or reject the
request and, if accepted, to which slot it is assigned.
The state captures the provider’s schedule over multi-
ple future periods, reflecting capacity commitments
created by prior decisions. For simplicity, we assume
one request arrival per period (see Remark 1).

Provider’s slots: Let 7 denote the set of appointment
slots within a single period (e.g., every hour from 9:00
to 17:00, five days a week). At most one client can be
assigned to any slot in a given period.

Schedule state: The provider’s schedule is repre-
sented by

Y = []/j]jejl

where y; € {0,1,...,N} is the availability delay of slot j.
Here, N denotes the maximum treatment horizon, that
is, the longest possible duration (in decision epochs)
of any recurring care program. If y; =0, slot j is cur-
rently available; if y; > 0, the slot is occupied and next
becomes available after y; decision epochs. The set of
all feasible schedules is

y={01,... N}V
Client request (demand): A request is represented by
D =(L]),

where L € £ is the program duration (number of recur-
ring sessions) and | C J is the client’s preferred set of
time slots. If no request arrives at the current period,
we set D = (0, 9).

Feasible slots: Given Y and D = (L, ]), define

j(Y/D) = {]|]€]/]/]€{0/1}},

the set of slots that are available for immediate (or next
period) assignment.

Actions: An action is denoted a € A(Y, D), where a is
the selected slot. The feasible action set is

A(Y.D) = {{0}, ) if 7(Y,D) = o,
{0yu{jlje J(Y,D)}, otherwise.

Setting a = 0 denotes a rejection; otherwise, the request
is accepted for its full duration L and assigned to a.
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Arrival distribution. Let p; j := P(D = (L,])) denote a
joint probability mass function (pmf) on (£ x27)U
{(0,0)} with po,o=p, and >, ;pr,;=1. For L>0, we
assume that arrivals of positive length have indepen-

dent marginals so that
Sai=1, Ypet
L>0 ]

pL = (1 - Pz)az ﬁ;/

Here, {a] },c, and {B]})c; are pmfs on positive pro-
gram lengths and preference sets, respectively.

Immediate reward: A positive reward is obtained
only when a request is accepted. Specifically,

R - {R(L), ifa#0,

0, otherwise.

Note that R(a) depends only on the program length L
whenever the request is accepted and not on the
assigned slot. Accepting a client for a program of
length L yields a reward that is nondecreasing in L. In
particular, R(-) may be constant (i.e., independent of L)
or increasing. We assume R(:) is convex, which cap-
tures that longer programs can generate greater and
increasingly efficient value because of stable revenue
and reduced per-session overhead.

State transitions: Each accepted request blocks the
selected slot for the next L decision epochs, whereas all
other occupied slots progress one step toward avail-
ability. All vector operations below are understood
component-wise. Let 1 denote the |J|-dimensional
vector of ones. For Y = ( y]-)jE 7, we define

Y—1:=(y— 1)]‘6]/

We define the deterministic transition function, f : Y X
AX L —Y,as follows:

max(Y —1,0), ifa=0,

Y,a,L) = 1
fi¥.aL) {max(Y1,0)+Lea, ifaeJ, @

max(Y,0) := (max{y;,0})es-

where e, is a unit vector with a single one at entry a
and zero elsewhere. The first case corresponds to reject-
ing the request, after which the system evolves only by
the natural progression of time. The second case corre-
sponds to accepting a client whose program of length L
occupies slot a for L subsequent decision epochs.

Remark 1. For clarity of exposition, we assume that at
most one client request arrives in each decision epoch.
This simplifying assumption allows a clean analytical
formulation of the MDP and facilitates the structural
analysis that follows. In empirical implementations,
the model can be extended to allow multiple requests
to arrive within the same calendar period (e.g.,
within a week). Such an extension preserves the core
structure of the model, in which ongoing programs
advance at a fixed periodic cadence, but this requires

handling several sequential or batch scheduling deci-
sions within each period.

Value function and Bellman equation: Let V(Y|D)
denote the maximum expected value given the current
state Y and the observed request D = (L, ]), and let V(Y)
denote the unconditional value function when only the
distribution of future requests is known. We consider a
discounted infinite-horizon setting with discount factor
y€(0,1).

The conditional Bellman equation is

V(Y|D) = Jnax {R@) +y V(f(Y,a, L)}, (2

where R(a) = R(L) if the request is accepted (a # 0)) and
zero otherwise. Because each feasible action a either
rejects the request or accepts and assigns it to one of the
feasible slots j € 7 (Y, D), the Bellman equation can be
written explicitly as

V(Y|D)
yV(f(Y,0,L)), if 7(Y,D) =0,
= { max{y V(f(Y,0,L)),
max {R(L)+yV(f(Y,j,L))}}, otherwise.
jeJ (Y,D)

®)

Infinite-horizon objective: The unconditional value
function integrates over all possible realizations of
requests:

V=YY pVIYID= (L)), Lo:={0}UL. (4)

LeLo J<T

The optimal policy 7* maps each observed state and
request to a feasible action that maximizes the expected
value:

'(Y,D) € arg aer/r\}?/f(D) {R(@)+yV(f(Y,a,L))}. (5

The policy, therefore, decides, for each arriving request
D, whether to reject it (2 =0) or accept and assign it
to one of the feasible slots j € 7 (Y, D). The resulting map-
ping 7* yields the maximum discounted expected
reward over an infinite horizon.

4. Structural Components of the
Scheduling Policy

In this section, we analyze the structural elements that
shape scheduling decisions in the MSAS model. Some
of these elements serve as principled structural guide-
lines that simplify the decision space and enable a
tractable characterization of the policy (Section 4.1),
whereas others follow directly from the Bellman opti-
mality equations given this structural simplification
and yield formally provable acceptance behavior (Sec-
tion 4.2). This combined perspective allows us to isolate
the key drivers of scheduling decisions and understand
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how different operational objectives influence the
resulting policy structure.

To examine these effects, we consider two reward
regimes: (i) Client dominance: this regim reflects a sys-
tem that prioritizes minimizing client rejections. We
model this by setting the reward function to be con-
stant, R(L) =7, for all accepted requests. Although
rejections do not incur an explicit penalty, the loss of
reward relative to acceptance effectively imposes a cost
of r for each rejected request. (ii) In provider domi-
nance, this regime reflects a system that prioritizes
maximizing provider revenue. Here, R(L) is nonde-
creasing in L, either linear or strictly convex, represent-
ing the total revenue from all sessions of the treatment
program. A linear reward captures constant per-
session value, whereas a strictly convex reward reflects
increasing marginal value for longer engagements.

Our analysis proceeds in two stages. First, in Sec-
tion 4.1, we examine the slot-selection component.
When a request is accepted and multiple slots in the
client’s preference set are feasible, the provider must
determine which of these slots to occupy throughout
the program duration. Ideally, one could select the
slot that maximizes the Bellman continuation value,
that is,

jearg max {RIL)+yV(f(Y,jL)}.  (6)
jeJ(Y,D)

However, because recurring assignments induce com-
plex, high-dimensional state transitions, directly char-
acterizing the maximizer in (6) is analytically difficult.
By recurring assignment, we mean that once a client is
accepted into slot j, the same slot is reserved for L con-
secutive decision epochs. Because the system state is
the vector Y €{0,...,N}'Y! describing the remaining
occupancy of all slots, each acceptance modifies one
coordinate of this vector and influences its evolution
over multiple future periods. As a result, the transition
dynamics exhibit intertemporal, slot-specific coupling
across periods. Section 4.1, therefore, develops a simple
and principled slot-ranking guideline, motivated by
structural intuition and supported by numerical evi-
dence, that selects a unique slot among all feasible
options and thereby reduces the slot-selection stage to
a single choice.

Second, in Section 4.2, conditional on this slot-selection
structure, we analyze the acceptance decision: whether
to schedule the client into j or reject the request. Unlike
slot selection, acceptance behavior follows directly from
the Bellman optimality equation and, therefore, differs
across the two reward regimes. In both the client-
dominance and provider-dominance cases, we show
that optimal acceptance behavior follows a threshold
structure with respect to program duration. Combining
a structurally guided slot-selection rule with analytically

derived acceptance thresholds yields a transparent and
tractable representation of the scheduling policy in the
MSAS model.

4.1. Slot Selection: A Structural Ranking
Guideline

When a request arrives and multiple slots in the client’s
preference set are feasible, the first step in the schedul-
ing decision is to determine which of these feasible
slots should be used if the provider chooses to accept
the request. Because accepting a client blocks the cho-
sen slot for several future periods, identifying the most
appropriate slot is an essential first step before evaluat-
ing whether acceptance is beneficial.

To guide this choice, we introduce the following nota-
tion. For each slot j € 7, let ¢, denote its slot inclusion
probability, defined as the probability that j appears in
the preference set of a randomly arriving request: ¢; =
Pr(j € ). These probabilities, derived from the empirical
distribution {f} introduced in Section 3.2, quantify
how frequently each slot is likely to be requested in the
future.

This observation motivates a simple pairwise rank-
ing principle: given two feasible slots j,ke J(Y,D)
with i, <1, assigning the client to the less popular
slot j preserves future flexibility by keeping the more
frequently requested slot k available for later arrivals.
Similar intuition appears in the single-session setting of
Wang and Gupta (2011), in which selecting the least
popular feasible slot improves the likelihood of accom-
modating future demand.

Guided by this structural insight, we adopt the fol-
lowing ranking rule whenever multiple feasible slots
exist: among all feasible slots in the preference set, the
system assigns the client to the slot with the smallest
inclusion probability.

Formally, let

f € arg min

3 7
jeJ (Y,D) i @

denote the least popular feasible slot. Under this struc-
tural guideline, if the request is accepted, it is always
assigned to /. The Bellman Equation, (3), therefore, sim-
plifies to

yV(f(Y,0,L)), J(Y,D)=og,
V(Y|D) = ¢ max{y V(f(Y,0,L)), R(L)
+y V(f(Y,], 1)}, otherwise,
8)

reducing the scheduling decision in each period to a
binary choice: accept the request into j or reject it.
Whereas a full proof of slot-ranking optimality in the
general multisession setting is analytically challenging
because of the cross-period coupling induced by recur-
ring commitments, the structural guideline above
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provides a consistent and computationally effective
basis for policy design. Section 4.2 builds on this slot-
selection rule to characterize optimal acceptance behav-
ior under each reward regime.

4.2. Acceptance Policy

We now shift our focus from the question of slot selec-
tion to that of request acceptance: when is it optimal to
schedule a client at all? This decision is driven by
the reward function R(L), which reflects the system'’s
operational objective. As discussed earlier, a constant
reward corresponds to a client-dominance setting, in
which all accepted requests are valued equally and the
goal is to maximize throughput. An increasing and
convex reward reflects a provider-dominance setting,
in which longer treatment programs generate higher
cumulative value.

These objectives induce different acceptance beha-
viors. In the client-dominance case, treating all clients
as having equal value incentivizes accepting as many
requests as possible. However, longer treatment pro-
grams consume capacity over multiple periods and
may block future arrivals. Consequently, the optimal
policy may reject long-duration clients to preserve flex-
ibility and maintain high acceptance rates. In contrast,
under provider-dominance the priority shifts toward
maximizing cumulative reward. Here, long-duration
clients, despite occupying capacity for extended peri-
ods, may be preferred because their higher total reward
outweighs the opportunity cost of rejecting several
shorter clients.

In both settings, the optimal acceptance policy
admits a threshold structure in the client’s program
duration L; however, the direction of the threshold
reverses. Under client dominance, shorter programs
are more attractive; under provider dominance, the
policy favors longer programs. This structural inver-
sion highlights how acceptance priorities evolve in
response to the underlying reward objective.

4.2.1. The Client-Dominance Case. To prove the opti-
mality of a threshold-type policy, we show that, if it is
optimal to reject a request for slot j and program dura-
tion L when the provider’s schedule is Y, then it is also
optimal to reject in schedule Y a request for slot j and
program duration L+ 1. In this setting, in which all
accepted requests yield the same reward regardless of
duration, we denote this constant reward by r, that is,
R(L) =r VL.

Lemma 1. If V(f(Y,j,L)) is nonincreasing in L for any
fixed Y € Y and j € J, then there exists an optimal policy of
threshold type in L, in which requests are accepted if and
only if their duration does not exceed a threshold.

The proof is provided in Online Appendix A.1.

Lemma 2. The maximum expected value, V(f(Y,j, L)), is
nonincreasing in L. That is,

V(F(Y,j,L)) = V(f(Y,j,L+1) VLeL, VY€, VjeJ.

Lemma 2 is intuitively clear: the optimal value should
not increase when fewer scheduling options are available.
A formal proof is provided in Online Appendix A.2.

Lemmas 1 and 2 together establish that the optimal
acceptance policy, conditional on the slot-selection rule
of Section 4.1, has a threshold structure in the client-
dominance setting with respect to the client’s program
duration L. Specifically, when the provider’s schedule
is Y, a request for slot j is accepted if and only if the
client’s program duration is at most LC, . otherwise,
the request is rejected. Here, L{ j denotes the client-
dominance threshold for accepting a request of slot j
when the current schedule is Y. Note that the threshold
may vary across both slots and schedule states; that is,
there may be a different threshold L ; for each combi-
nation of Y € Y and j € J. In practical terms, this means
that, when the schedule becomes more constrained, the
provider should favor shorter treatment programs to
maintain future scheduling flexibility.

4.2.2. The Provider-Dominance Case. In contrast to
the client-dominance case, in the provider-dominance
case, to prove the optimality of a threshold-type policy
conditional on the slot-selection guideline, we show
that, if it is optimal to accept a request for slot j and pro-
gram duration L in schedule state Y, then it is optimal
to accept in state Y a request for slot j and program
duration L + 1 as well.

Lemma 3. If V(f(Y,],L)) is nonincreasing and convex in
L for any fixed Y € Y and j € J, then there exists an opti-
mal policy of threshold type in L, in which requests are
accepted if and only if their duration exceeds a threshold.

The argument builds on the convexity of the value
function in L, which implies that the marginal loss
from increasing program duration is nondecreasing.
This structure ensures that the acceptance condition is
preserved from L to L+1. For the proof, see Online
Appendix A.3.

Lemma 4. The maximum expected value, V(f(Y,j, L)), is
nonincreasing and convex in L for any fixed Y € Yandje J.

The proof for Lemma 4 can be found in Online
Appendix A 4.

Lemmas 3 and 4 together establish that the optimal
acceptance policy, given the slot-selection rule of Sec-
tion 4.1, has a threshold structure in the provider-
dominance setting with respect to the client’s program
duration L. Specifically, when the provider’s schedule
is Y, a request for slot j is accepted if and only if the cli-
ent’s program duration is at least L} j» otherwise, the
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request is rejected. Here, LI;/ ; denotes the provider-
dominance threshold for accepting a request for slot j
when the current schedule is Y. Note that the threshold
may vary across both slots and schedule states, that is,
there may be a different threshold LY . for each combi-
nationof YeYandje J. Intuitively,, this implies that,
when longer programs generate higher marginal value,
the provider should prioritize clients with extended
treatment durations even if it means rejecting several
shorter requests.

These results establish that, despite the differing
objectives in the client-dominance and provider-
dominance settings, the structure of the optimal policy
in both cases conforms to a threshold form with
respect to the client’s program duration. However, the
direction of the threshold and, therefore, the prioritiza-
tion of requests reverses depending on which objective
is being optimized. This contrast highlights the depen-
dence of the optimal scheduling policy’s structure on
the specific objective being optimized. The threshold-
based characterization derived here provides a con-
crete foundation for constructing heuristic policies
tailored to each setting. Moreover, it offers a principled
starting point for reasoning about more general sce-
narios in which access and revenue considerations are
jointly weighted, leading to intermediate policies that
balance competing priorities. Together, these struc-
tural insights form the analytical foundation for our
heuristic development in Section 5, bridging the theo-
retical and practical aspects of the MSAS problem.

5. Traffic Light Heuristic Approach

In the previous section, we gain valuable structural
insights into the scheduling decision, showing that,
under our slot-selection guideline, the optimal accep-
tance behavior exhibits a threshold structure with
respect to the client’s program duration. Solving the
MDP exactly, however, remains computationally intrac-
table because of the size of the state space. The number
of possible schedule states equals (N + 1!, which
grows rapidly with the maximal program duration and
the number of slots. In addition, the heterogeneity of cli-
ent requests further increases the dimensionality of the
problem. Whereas the structural results significantly
simplify the characterization of the optimal policy, they
still require computing state- and slot-dependent thresh-
olds across a large number of states. This creates an
additional computational challenge even after account-
ing for the analytical structure. Rather than attempting
to compute these thresholds explicitly or approximate
the value function over the full state space, we adopt
a structure-driven approach and design a heuristic pol-
icy that builds directly on the key analytical insights
derived above. We, therefore, introduce the traffic light

(TL) heuristic, which leverages these insights to provide
a simple and practical decision rule.

The TL heuristic groups states and slots with similar
characteristics, effectively reducing the state space and
applying the same threshold to all states within each
group, trading off detailed state information for a sim-
pler and more practical decision rule. The heuristic
framework consists of three main steps. First, we cate-
gorize all schedule states into three possible states:
green, orange, and red, reflecting increasing levels of
congestion. The green state corresponds to low occu-
pancy and is associated with minimal restrictions on
request acceptance. The orange state reflects moderate
congestion and calls for more selective assignment
decisions. The red state represents high occupancy and
necessitates stringent acceptance constraints to pre-
serve future scheduling flexibility. The classification
relies on an occupancy-rate measure, defined as the
fraction of slot-period pairs occupied over a finite
look-ahead horizon.

Second, we classify the slots into two groups: popu-
lar and less popular. In practice, this could be done by
analyzing historical data and consulting with the ser-
vice providers who can identify which slots are more
in demand and which are less popular. Here too, a
more careful assignment is advised for the popular
slots because they appear in future requests with a
higher probability. Consequently, the policy requires a
total of 3x 2 =06 thresholds with one designated for
each combination of state group and slot group.

Lastly, we determine these threshold values based
on the categorized schedule states and slot groups.
We denote the thresholds using the following nota-
tion: LG, |, where case = {C(client dominance), P(provider
dominance)}, state = {G(green), O(orange),R(red)} and
slot = {p(popular), np(non popular)}. For example, Lg/p
represents the client-dominance case threshold for
popular slots in the orange state, whereas Lﬁ/ p Tepre-
sents the threshold for nonpopular slots in the red
state under the provider dominance case. Building on
the explanation provided earlier regarding the restric-
tive nature of each state, in the client-dominance case,
we anticipate the following relationship: L, <L§
< Lg/i, where i represents either p or np indices. This
expectation aligns with our prioritization of clients with
shorter program durations as the schedule becomes
busier. Conversely, in the provider-dominance case,
we expect L ; < L§) , < Ly ; as we prioritize clients with
longer program duration. Similarly for the client-

dominance case, we expect L,E p < L,E np whereas for the

. . P P
provider-dominance case we expect Ly, <L; , where

k represents G, O, R indices. For clarity of exposition,
we summarize the implementation of the TL heuristic
in Algorithm 1.
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Algorithm 1 (Traffic Light Policy)

1. Observe the current schedule state Y and the incom-
ing request (L, ]).

2. Classify the schedule state as state € {G, O, R} accord-
ing to the occupancy-rate measure.

3. Determine the set of feasible slots J(Y,D). If
J(Y, D) = o, reject the request.

4. Among feasible slots, select the least-popular slot ;.
Classify it as slot € {p, np} (popular or nonpopular).

5. Identify the corresponding threshold LY, ,, where
case € {C, P} denotes client- or provider-dominance.

6. Client-dominance (case = C): Accept if L <L
otherwise reject.

C .
state, slot”

7. Provider-dominance (case = P): Acceptif L > L
otherwise reject.

P .
state, slot”

In the following section, we present a comprehensive
numerical study and describe the specific implementa-
tion used to calibrate state classification and threshold
values. It is important to emphasize that the methodol-
ogy adopted here for classifying schedule states and slot
types represents only one possible instantiation of the
TL framework. The heuristic itself is defined by the
structural logic outlined above and can be implemented
using alternative congestion measures, state partitions,
or slot groupings that adhere to the same principles.
Moreover, the framework naturally extends to a larger
number of aggregated states or slot categories, and this
requires determining a greater number of threshold
parameters. Whereas increasing such differentiation
may improve performance by capturing finer system
dynamics, it also entails additional computational effort,
highlighting a trade-off between the level of aggregation
and tractability. As demonstrated in the next section,
even a modest aggregation yields substantial improve-
ments over first come, first served policies, maintaining
practical implementability.

6. Computational Study

We now present a numerical study conducted to evalu-
ate the performance of the TL heuristic and examine
the sensitivity of its performance to various problem
conditions, such as slot demand patterns and variabil-
ity in client program durations. In addition to asses-
sing the heuristic’s performance, we also generate
managerial insights into the structure and behavior
of optimal scheduling policies under different opera-
tional scenarios.

6.1. Experimental Setting

In this experiment, we systematically generate problem
instances comprising sequences of requests. The experi-
mental design reflects core operational features of
recurring treatment settings, including weekly appoint-
ment structures, heterogeneous program durations, and

asymmetries in slot demand. Each instance simulates
requests arriving throughout 1,000 time periods with at
most one request arriving per period. Within these
requests, each includes a preference list and the duration
of the client program. We consider 20 available slots per
period, that is, |J| =20, representing periods of one
week with five days per week and four slots per day
(early morning, late morning, afternoon and late after-
noon). We assume a capacity of one client per slot.

The preference list for each request was randomly
generated as follows: first, we generated a number,
denoted as m, ranging from zero to five. Here, zero
indicates no arrival of a request during that period,
whereas values from one to five represent the length of
the preference list if a request has arrived. The proba-
bility of having no request (P(m = 0)) was set to 5%,
meaning there is a 5% chance of no request arriving
during a given period. For the other values of m (one to
five), we set the following probabilities: P(m =1,5) =
0.1,P(m =2,4) =0.23, and P(m = 3) = 0.29. These prob-
abilities were arbitrarily determined based on the
assumption that clients are most likely to provide three
optional slots with a smaller probability that they pro-
vide two or four options, and with the lowest probabil-
ity, they provide only one option or are flexible with
five options. Then, according to the value of m, we gen-
erated the slots comprising the preference list. For a
given m, slots were sampled sequentially until m dis-
tinct slots were obtained. Here, we considered two
types of preference behaviors: (i) equal slot preference
and (i) weighted slot preference. In the equal-
preference setting, each slot was sampled with equal
probability 1/|7|, so all slots have the same probability
of inclusion in the preference list. In the weighted-
preference setting, we divided the set of 20 slots into
three groups: 5 popular slots, 5 less popular slots, and
10 least popular slots. Higher sampling weights were
assigned to the popular group than to the less popular
and least popular groups. Consequently, slots do not
share the same inclusion probability, and popular slots
are more likely to appear in the preference list. This
grouping reflects common practice in which certain
time blocks (e.g., early morning or late afternoon) are
more convenient for clients and, therefore, more fre-
quently requested.

The duration of the clients” program was uniformly
generated from a discrete list of values with increments
of five, spanning from 10 to 30, 50, or 100 periods. This
represents three distinct scenarios: (i) All clients have
short-term programs, spanning from 10 to 30 periods.
Consequently, there is a low variance between the
durations of different clients. (ii) Client durations vary
from short to medium term, ranging from 10 to 50 peri-
ods. This results in a medium variance between the
durations of different clients. (iii) Client durations vary
from short to relatively long term, spanning from 10 to
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100 periods. As a result, there is a high variance
between the durations of different clients. The third
scenario reflects the conditions commonly observed in
EI programs, in which clients may enter the program at
any point from birth until close to age three, depending
on the timing of diagnosis and referral. As a result,
there is naturally high variation in how long each child
remains in the program. The lower variance scenarios
serve as part of a sensitivity analysis and may reflect
environments with a narrower range of possible treat-
ment durations.

For each combination of preference behavior (equal
slot preference/weighted slot preference denoted respec-
tively as E or W) and client program duration scenario
(low/medium/high variance denoted respectively as L,
M, or H) totaling six combinations (EL, EM, EH, WL,
WM, WH), we randomly generated 20 instances accord-
ing to the combination characteristics. As mentioned
earlier, each instance simulated requests arriving
throughout 1,000 time periods with at most one request
arriving per period. Across all runs, the coefficient of
variation of the objective values did not exceed 0.037,
and the 95% confidence intervals around the means
were consistently narrow, indicating stable and reliable
simulation outcomes.

Before applying the TL heuristic, we set its decision
thresholds, which determine whether to accept a
request based on the current occupancy level. The set-
ting process involved classifying states into green,
orange, or red occupancy levels using an occupancy
rate measure and identifying the optimal threshold
values through exhaustive search. Full details of the
occupancy rate calculation, the threshold definitions,
and the parameter selection process as well as insights
into the acceptance thresholds obtained under different
scenarios, are provided in Online Appendix B.

6.2. Results

After fine-tuning the heuristic parameters, we imple-
mented our solution method and calculated the objec-
tive value when following the TL policy. Each instance
was solved three times: once for the client-dominance
case with R(L) =r =1 VL and twice for the provider-
dominance case, first using a linear cost function
R(L) =L and then using a strictly convex cost function
R(L) = L?/100. These two forms allow us to examine
the effects of different convex cost structures on the
provider’s revenue. Note that, under a linear cost struc-
ture, the specific values of r and the coefficient of L do
not influence the optimal solution or the resulting pol-
icy. Instead, they scale the objective function propor-
tionally without affecting the decision-making process.
Therefore, for simplicity and interpretability, we set
both parameters to one. In contrast, under a strictly
convex cost structure such as R(L) = L?/100, the speci-
fic form and scaling of the function can influence the

optimal policy. In this case, the coefficient 1/100 was
chosen to keep the magnitude of the cost comparable
to the linear case, allowing for meaningful compari-
sons, preserving the qualitative effects of convexity.

To obtain an upper bound on the achievable perfor-
mance, we solved a deterministic version of the prob-
lem for each simulated sample path, assuming full
knowledge of all future arrivals, program durations,
and preference sets. The resulting optimization prob-
lem was formulated as an integer linear program
(Online Appendix C). Because this model assumes per-
fect information and optimizes globally over the entire
horizon, its optimal value provides a valid upper
bound on the performance of any online policy under
uncertainty. In the computational study, all objective
values are computed over the finite simulation horizon
as the (undiscounted) total accumulated reward. The
integer programs were solved to optimality using Gur-
obi 10.0.0.

The deterministic version of the model, whereas not
intended to approximate the optimal solution of the
stochastic problem, nevertheless provides useful intui-
tion about how program duration influences accep-
tance decisions. To examine this effect, we evaluated
the acceptance rate for each program duration across
all deterministic scenarios. The acceptance rate repre-
sents the percentage of requests of a given duration
that were accepted and scheduled out of all such
requests that appeared in the generated instances.
Figures 2 and 3 present the average acceptance rate by
program duration across all instances for each of the six
scenarios (each scenario combining preference behav-
ior, equal or weighted, and program duration variance,
low, medium, or high). Figure 2 corresponds to the
client-dominance setting, whereas Figure 3 corresponds
to the provider-dominance setting with R(L) = L.

The results reveal a consistent and interpretable trend.
Under client dominance, acceptance rates decrease as
program duration increases. Under provider domi-
nance, acceptance rates increase with duration (a pat-
tern that also appears when using the strictly convex
reward function R(L)=L?/100). These empirical pat-
terns from the deterministic setting are consistent with
(though not reflective of the optimality of) the analyti-
cal results obtained for the stochastic model. Specifi-
cally, whereas the deterministic solution is not optimal
for the stochastic case, the observed monotonic trends
mirror the threshold-type acceptance structure we
characterize analytically: shorter programs are favored
under client dominance, whereas longer programs are
preferred under provider dominance.

Another observation concerns the difference in
acceptance rates between the equal slots preference
case and the weighted slot preference case. In both
client-dominance and provider-dominance settings,
we observe that acceptance rates are higher when the



Downloaded from informs.org by [216.73.217.54] on 30 June 2026, at 05:45 . For personal use only, all rights reserved.

Noham and Smilowitz: Recurring Multisession Appointment Scheduling
Service Science, Articles in Advance, pp. 1-17, © 2026 The Author(s)

13

Figure 2. Acceptance Rate Under Deterministic Demand: Client-Dominance Case

(a) program duration between 10-30
periods (Low variance)

(b) program duration between 10-50
periods (Medium variance)

(c) program duration between 10—-100
periods (High variance)
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slots are evenly popular compared with when some
slots are more popular than others. This is not surpris-
ing because evenly popular slots distribute demand
more uniformly, reducing scheduling conflicts and
increasing the likelihood of acceptance for each
slot. These observations are further supported by
additional small-scale experiments, in which the opti-
mal policy can be computed exactly using dynamic
programming. The results exhibit a threshold-type
behavior consistent with our analytical findings (see
Online Appendix D).

As a benchmark policy and to establish a lower
bound on the value of the objective function, we imple-
mented an FCFS policy on our generated instances.
Under this policy, any request is accepted as long as
there is at least one available slot in the client’s prefer-
ence list at the time of the request. The FCFS policy is
commonly used in practice because of its simplicity
and ease of implementation, making it an ideal base-
line for comparison. When multiple slots are avail-
able, we examine two options for selecting the slot.
The first option is to randomly select an available slot,
denoted as FCFSR. The second option, motivated by
the slot-ranking guideline introduced in Section 4.1, is
to choose the least-popular feasible slot. We denote
the latter as FCFSEP. Note that, when all slots are
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equally popular, both policies operate identically and
yield the same results.

Table 1 presents the results obtained in the client-
dominance setting. The table shows the relative gaps
from the benchmark policy (FCFS®) and from the opti-
mal solution to the deterministic problem (OPTP)
for both the FCFS' and traffic light (TL) policies. Addi-
tionally, the last column indicates the extent to which
the relevant solution closes the gap between these
lower and upper bounds, that is, taking the difference
between the FCFS® solution and the solution provided
by the examined policy and then dividing it by the dif-
ference between the OPTP and FCFS® solutions. Details
of the heuristic parameters and threshold values for
each scenario are provided in Online Appendix B.

We observe that, in the weighted slots preference
case, in which some slots are more popular than others,
the TL policy improves the solution compared with the
FCFSR policy by an average of 6.2% when the program
duration variance is low (WL scenario). This improve-
ment increases as the program duration variance rises,
reaching an average improvement of 10.3% for the
high variance (WH scenario). Because the objective
function is linear in the number of rejections, the
improvement value reflects the relative increase in the
number of accepted requests. For instance, in the WM

Figure 3. Acceptance Rate Under Deterministic Demand: Provider-Dominance Case

(a) program duration between 10-30
periods (Low variance)

(b) program duration between 10-50
periods (Medium variance)

(c) program duration between 10-100
periods (High variance)
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Table 1. Results Obtained in the Client-Dominance Setting

Gap from FCFSR, %

Gap from OPTP, % Percentage gap closed

Scenario Preference Max duration TL FCFSMP TL FCFStP TL FCFSHP
WL Weighted 30 6.2 5.7 22.8 23.5 26.3 24.1
WM Weighted 50 8.1 2.3 14.3 215 41.5 11.9
WH Weighted 100 10.3 0.9 99 21.3 56.1 5.1
EL Equal 30 0.0 NA 51.6 51.6 0.0 NA
EM Equal 50 24 NA 25.3 28.5 11.0 NA
EH Equal 100 8.1 NA 14.2 24.4 41.6 NA

case, the TL policy results in an average increase of
8.1% in the total number of scheduled requests com-
pared with the FCFS® policy. The improvement trend
is also reflected in the gap from the OPTP and the per-
centage of the gap closed. We note that a gap of 9.9%
from the OPTP indicates that the TL policy achieves
approximately 90% of the maximum possible value.
Given that the maximum possible value is unachieva-
ble, we consider these results to be satisfactory.

When all slots are equally preferred, we also observe
improvements though they are more moderate. In the
EL scenario, the policy converged with the FCFS pol-
icy, resulting in no relative improvement. For the EM
scenario, we achieved an average improvement of
2.4%. The biggest improvement, 8.1%, was in the EH
scenario, in which the program duration variability
was high. This corresponds to achieving approximately
86% of the maximum possible value and reducing the
gap between the upper and lower bounds by 41.6%.

Examining the performance of the FCFS'’ policy, we
observe an average improvement of 5.7% compared
with the FCFSR in the WL scenario. However, as the
variance in program duration increases, the perfor-
mance difference between the FCFS'” and FCFSR poli-
cies decreases with only a 0.9% average improvement
in the high variance (WH) scenario. Thus, we conclude
that, as the variance in program duration increases, the
advantage of the TL policy becomes more pronounced.
This can be explained by the fact that, with higher vari-
ance, the threshold values in the TL policy differ more
significantly from the maximum program duration.
Because the FCFS policy can be seen as a special case
of the TL policy in which the threshold values are

set to the maximum program duration (in the client-
dominance case), we observe larger differences between
these policies and greater opportunities for improve-
ment. The TL policy’s ability to adjust its thresholds
based on varying program durations allows it to
manage the schedule more effectively, leading to sub-
stantial performance gains compared with the FCFSR
and FCFS! policies.

In the provider-dominance case, we first examine a
linear revenue function R(L) =L, where the revenue
gained from scheduling a session is proportional to the
client’s program duration. As shown in Table 2, an
interesting outcome is that, for both the WL and WM
scenarios, all thresholds identified in the TL policy
match the lower bound of the program duration, effec-
tively aligning with the FCFS' policy. In the WH sce-
nario, a slight improvement is observed with Lﬁ/p =25,

whereas all other thresholds remain at the lower bound.
When slot preferences are equal, selecting the least pop-
ular slot becomes irrelevant, and consequently, the
FCFS® policy yields the best results in these cases. Over-
all, the gap from the deterministic optimal solution
remains modest, not exceeding 12.1% and in most cases
is below 10%. This suggests that, under a linear cost
structure, the FCFS policy performs well.

Next, we examine a strictly convex revenue function
R(L)=L2/100, in which clients with longer program
durations yield, on average, higher revenue. As shown
in Table 3, the TL policy consistently outperforms the
FCFS policies across all scenarios. In the weighted slots
preference cases, the improvement of the TL policy
over the FCFSR policy increases with the variance in
program durations: from 4.5% in the WL scenario to

Table 2. Results Obtained in the Provider-Dominance Setting, R(L) = L

Gap from FCFSR, %

Gap from OPTP, % Percentage gap closed

Scenario Preference Max duration TL FCFSLP TL FCFSEP TL FCFStP
WL Weighted 30 3.8 3.8 7.6 7.6 30.8 30.8
WM Weighted 50 2.7 2.7 6.9 6.9 26.0 26.0
WH Weighted 100 1.9 1.7 6.8 6.9 20.0 18.3
EL Equal 30 0.0 NA 12.1 12.1 0.0 NA
EM Equal 50 0.0 NA 9.4 9.4 0.0 NA
EH Equal 100 0.0 NA 7.6 7.6 0.0 NA
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Table 3. Results Obtained in the Provider-Dominance Setting, R(L) = 1%/100

Gap from FCFSR, %

Gap from OPTP, % Percentage gap closed

Scenario Preference Max duration TL FCFSMP TL FCFStP TL FCFSHP
WL Weighted 30 45 3.8 13.6 14.1 21.3 18.2
WM Weighted 50 6.8 2.8 14.0 17.3 28.2 11.5
WH Weighted 100 10.5 1.6 14.1 21.0 36.7 5.6
EL Equal 30 0.6 NA 16.1 16.5 2.8 NA
EM Equal 50 3.6 NA 15.9 18.8 15.5 NA
EH Equal 100 11.6 NA 14.0 229 38.9 NA

10.5% in the WH scenario. Conversely, the FCFS'?
improvement over FCFSR decreases as the variance
increases, dropping from 3.8% in WL to 1.6% in WH.
This trend indicates that the advantage of the TL policy
becomes more pronounced with higher variance in
program durations. The effectiveness of the TL policy
is also evident when looking at the gap from the deter-
ministic optimal solution and the percentage of the gap
closed. For instance, in the WH scenario, the TL policy
closes 36.7% of the gap compared with only 5.6% by
the FCFS” policy. Notably, even in scenarios in which
all slots are equally preferred, the TL policy demon-
strates significant advantages when program duration
variance is high. In the EH scenario, the TL policy
achieves an 11.6% improvement over FCFSR, closing
38.9% of the gap from the optimal solution. These results
highlight the effectiveness of the TL policy in environ-
ments with high variability in program durations, espe-
cially under a strictly convex revenue structure.

These results can be attributed to the structure of the
revenue function, in which clients with longer program
durations contribute more to the overall revenue. As
the variance in program durations increases, the adap-
tive threshold mechanism of the TL policy becomes
more effective in prioritizing these high-revenue cli-
ents. Unlike the FCFS policies, which schedule without
considering program duration, the TL policy adjusts its
thresholds to favor longer programs. Similar to the
client-dominance case, this adaptability allows the TL
policy to better align scheduling decisions with the
objective function in mind, leading to more significant
performance improvements over the FCFS policies,
particularly in environments with high variability in
program durations.

7. Discussion

Appointment scheduling is a central operational chal-
lenge in healthcare, particularly when clients require a
series of recurring treatment sessions. In such settings,
scheduling decisions must balance client convenience,
which supports adherence and continuity of care, with
the provider’s need to manage capacity efficiently over
extended periods. A distinctive feature of our problem
is that each client must be assigned to a fixed day—time

slot that recurs throughout the entire treatment pro-
gram. This realistic but restrictive requirement creates
long-term capacity commitments and substantially
increases the complexity of acceptance decisions. It
also differentiates our setting from most multiap-
pointment scheduling models, in which appointments
can be placed flexibly across periods.

Because scheduling occurs sequentially under uncer-
tainty with only probabilistic information about future
arrivals, we model the multisession appointment sched-
uling problem as a Markov decision process. This
framework captures the dynamic nature of the problem
and the persistent consequences of each acceptance
decision. Our aim was to design policies that accommo-
date heterogeneous client characteristics, differences in
time preferences, availability, and program durations,
respecting providers” operational constraints and the
structure imposed by recurring appointments.

We examined two objectives: minimizing rejected
requests (client dominance) and maximizing provider
revenue (provider dominance). Analyzing each objec-
tive separately and conditional on the slot-selection
structure adopted in Section 4.1, we establish that the
optimal acceptance policy exhibits a threshold with
respect to program duration. However, the direction of
this threshold depends on the objective: under client
dominance, shorter programs should be prioritized to
preserve future flexibility, whereas under provider
dominance, longer programs yield higher cumulative
value. These structural insights illustrate how prioriti-
zation shifts when the operational objective changes.
The two reward structures represent stylized extremes
that isolate different prioritization logics. In practice,
healthcare systems often balance access considerations
with financial sustainability, leading to intermediate
objective functions that mitigate exclusion at either
end of the duration spectrum. The threshold struc-
tures identified here clarify how such trade-offs arise
and provide a foundation for designing more bal-
anced policies that account for both efficiency and
access considerations.

To address the large state space of the MDP, we
introduced the traffic light heuristic, an easily imple-
mentable policy informed by the structural insights
developed in our analysis. The heuristic groups states
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with similar characteristics and applies a common
threshold within each group, thereby reducing the
dimensionality of the decision space. Our computa-
tional experiments show that FCFS', which accepts a
request if a preferred slot is available but assigns the
client to the least popular slot, outperforms the stan-
dard FCFSR benchmark in both dominance regimes,
highlighting the benefit of incorporating preference
information. Moreover, the value of threshold-based
policies, and of the traffic light heuristic in particular,
increases with program duration variance. In such
cases, the heuristic yields substantial performance gains
relative to both FCFS benchmarks and performs com-
petitively with the deterministic upper bound.

Taken together, these computational findings also
suggest several operational insights. First, explicitly
accounting for recurring capacity commitments is most
valuable in environments with high variability in pro-
gram durations or uneven slot demand. In such settings,
treating sessions as independent appointments may
lead to systematic misallocation of highly requested
time blocks or underestimation of long-term opportu-
nity costs. Second, simple structural rules, such as priori-
tizing less popular slots and applying duration-based
thresholds, provide an anticipatory mechanism that
mitigates these effects without requiring full dynamic
optimization. Importantly, these benefits do not depend
on a particular calibration of the heuristic. Accordingly,
the traffic light framework can be adapted by introduc-
ing more refined scheduling-state or slot-popularity cat-
egories though this comes at the cost of additional
computation.

Our analysis focuses on a single-provider setting
and on client heterogeneity expressed through avail-
ability and program duration. This scope allows us to
isolate the dynamic scheduling implications of recurring
appointments and long-term capacity commitments
under uncertainty without conflating them with pro-
vider selection, referral, or coordination decisions. Even
within this focused setting, the MSAS problem exhibits
rich intertemporal structure, giving rise to threshold-
based acceptance behavior and slot-dependent opportu-
nity costs.

7.1. Modeling Scope, Limitations, and Extensions
The model developed in this paper focuses on a styl-
ized setting designed to isolate the core intertemporal
trade-offs induced by recurring capacity commitments.
In particular, we assume a single session per period, at
most one request arrival per period, and immediate
treatment initiation. These assumptions enable a tracta-
ble MDP formulation and allow us to derive clear struc-
tural insights regarding acceptance and assignment
decisions. In practice, treatment plans may involve more
complex patterns, such as multiple sessions per period,
less frequent visits, or multiple request arrivals within a

given period. Incorporating such features requires a
richer representation of the scheduling process.

In the current formulation, each accepted client occu-
pies the same slot in consecutive future periods, so the
system state can be represented through the remaining
duration of each recurring commitment. More general
treatment frequencies fundamentally alter this recur-
rence structure. For example, multiple sessions per
period require simultaneous assignment of several
recurring slots, whereas less frequent visits generate
nonconsecutive future slot occupancies. As a result, the
model needs to explicitly track future occupancy pat-
terns across periods, substantially enriching the state
representation, action space, and transition dynamics.
Similarly, multiple arrivals per period require sequen-
tial or batch decision making within each period.

A related extension concerns the timing of treatment
initiation. In the current model, accepted clients begin
treatment immediately. Allowing delayed starts intro-
duces additional decision variables governing admis-
sion timing and requires tracking scheduled future
starts beyond immediate availability. Taken together,
these extensions enrich the modeling framework but
preserve the fundamental structure of the problem, in
which each accepted client induces a persistent capac-
ity commitment over time. From a practical perspec-
tive, some of these features can often be incorporated
at the heuristic level, for example, by linking multiple
slot assignments or applying sequential decision rules
within a period. At the same time, these richer sched-
uling environments also motivate the development of
more scalable solution methodologies. In particular,
approximate dynamic programming and reinforce-
ment learning approaches may provide useful alterna-
tives for high-dimensional settings in which exact
structural analysis becomes less tractable. Exploring
such methods and comparing them with the structure-
based heuristic proposed here, represents an impor-
tant avenue for future research.

Beyond extensions to the scheduling structure itself,
the proposed framework also naturally gives rise to
richer objective formulations and operational settings.
One promising direction involves mixed objective func-
tions combining constant and nonconstant reward com-
ponents. Preliminary deterministic results suggest that
threshold structures persist but shift depending on the
relative weight of each reward term: dominance of the
constant component favors shorter programs, whereas
the increasing component promotes longer programs.
Such formulations may also be interpreted as incorpo-
rating an implicit penalty for rejection, simultaneously
providing a natural way to represent different levels of
treatment urgency or intensity through the reward
structure. Fully characterizing these interactions in the
stochastic setting remains an open challenge.
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Additional extensions include programs that involve
time-dependent slot changes, models in which clients
choose among provider-generated offers, and systems
with multiple providers. In a multiprovider environ-
ment, the recurring-slot structure continues to induce
intertemporal capacity commitments at the provider-
slot level, but the decision space expands to include
provider selection and cross-provider coordination.
Whereas capacity pooling across providers may miti-
gate some local bottlenecks, the core trade-off identi-
fied in this paper, between program duration and
future slot-specific demand, remains central. Thus, we
expect the structural insights regarding slot ranking
and duration-based thresholds to extend, operating
within a higher dimensional allocation framework. In
multiprovider contexts, both centralized and decen-
tralized organizational structures merit investigation
as they may lead to different coordination mecha-
nisms, flexibility levels, and system-wide perfor-
mance outcomes.
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