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M any service systems that work with appointments, particularly those in healthcare, suffer from high no-show rates.
While there are many reasons why patients become no-shows, empirical studies found that the probability of a

patient being a no-show typically increases with the patient’s appointment delay, i.e., the time between the call for the
appointment and the appointment date. This paper investigates how demand and capacity control decisions should be
made while taking this relationship into account. We use stylized single server queueing models to model the appoint-
ments scheduled for a provider, and consider two different problems. In the first problem, the service capacity is fixed
and the decision variable is the panel size; in the second problem, both the panel size and the service capacity (i.e., over-
booking level) are decision variables. The objective in both cases is to maximize some net reward function, which reduces
to system throughput for the first problem. We give partial or complete characterizations for the optimal decisions, and
use these characterizations to provide insights into how optimal decisions depend on patient’s no-show behavior in
regards to their appointment delay. These insights especially provide guidance to service providers who are already
engaged in or considering interventions such as sending reminders in order to decrease no-show probabilities. We find
that in addition to the magnitudes of patient show-up probabilities, patients’ sensitivity to incremental delays is an impor-
tant determinant of how demand and capacity decisions should be adjusted in response to anticipated changes in
patients’ no-show behavior.
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1. Introduction

Patient non-attendance (commonly known as “no-
shows”) at scheduled medical appointments is a seri-
ous problem faced by many outpatient clinics (Ulmer
and Troxler 2004). Patient no-shows not only cause
administrative difficulties for clinics, but can also lead
to disruption of the patient-provider relationship and
as a result reduced quality of care (Jones and Hedley
1988, Pesata et al. 1999). The financial loss due to
patient no-shows can also be substantial (Moore et al.
2001). Studies have identified a variety of factors that
correlate with patients’ no-show behavior. These
include patient characteristics such as age, sex, ethnic-
ity, marital status, and socioeconomic status, but also
provider-related factors such as the physician sched-
uled to be seen and the patient’s appointment delay,
i.e., the time between the patient’s call for an appoint-
ment and the day the appointment is scheduled (Dag-
gy et al. 2010, Gupta and Wang 2012, Kopach et al.
2007, Norris et al. 2012). In particular, a strong rela-
tionship between appointment delays and patients’

no-show behavior has been identified in many set-
tings including primary care clinics (Grunebaum
et al. 1996), outpatient clinics in academic medical
centers (Liu et al. 2010), mental health clinics (Gall-
ucci et al. 2005), outpatient OB/GYN clinics (Dreiher
et al. 2008), and health care referral services (Bean
and Talaga 1995). The main goal of this article is to
investigate the optimal demand and capacity control
decisions for a clinic which is cognizant of such a rela-
tionship.
There are mainly two leverages that can be used

strategically by clinics to control or at least influence
appointment delays and thereby reduce the inefficien-
cies caused by no-shows. One is the size of the popu-
lation (panel size) the physician (or the clinic) is
committed to provide services for (Green and Savin
2008); the other is the number of patients to be seen
on each day via perhaps choosing to overbook (La-
Ganga and Lawrence 2007, Shonick and Klein 1977).
These two decisions can be seen as mechanisms that
control no-shows indirectly. Many clinics also engage
in practices that directly aim to reduce no-shows.
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These include sending reminders one or two days
before patient appointments, providing financial
incentives such as transport vouchers, and charging
fines to no-show patients. While such interventions
do not eliminate the no-show problem altogether,
they typically have a positive effect (see review arti-
cles such as Macharia et al. [1992] and Guy et al.
[2012]). Because patient population and baseline
no-show rates are different, the effects of these inter-
ventions may vary significantly (Geraghty et al. 2007,
Hashim et al. 2001).
This paper mainly has two objectives. First, to pro-

vide insights into the optimal panel size and capac-
ity/overbooking decisions. Second, to investigate
how these decisions should be revised in response to
changes in patients’ no-show behavior, which might
be a result of a newly implemented no-show reduc-
tion intervention such as those mentioned above. To
that end, we adopt the framework used by Green and
Savin (2008) and use a stylized representation of a
clinic’s appointment backlog, which views the sched-
uled appointments as a single-server queue. Our
objective is not to develop a decision support tool that
can readily be used to make actual panel size and
overbooking decisions in practice but rather to inform
such decisions by investigating how the two decisions
“should” depend on each other, system characteris-
tics, and patients’ no-show behavior.
Specifically, we consider two different scenarios.

First, we assume that the daily service capacity is
fixed and the clinic does not have the option of
overbooking patients. In this scenario, the only deci-
sion variable is the arrival rate of the patients,
which can equivalently be interpreted as the panel
size, and the objective is to maximize throughput,
i.e., the long-run average number of patients served
per day. For the second scenario, we assume that
the clinic’s service capacity is somewhat flexible and
thus is a decision variable together with the arrival
rate. This capacity decision can be seen as the
clinic’s overbooking decision. We assume that the
clinic has a regular daily capacity, but at extra cost
it can make additional number of appointment slots
available beyond this capacity on a daily basis. A
nominal reward of one is accrued for each patient
served. The objective of the clinic is to maximize the
long-run average net reward. For both models, we
provide characterizations of the optimal decisions
and investigate how the optimal decisions change
with changes in patients’ show-up probabilities,
which might be predicted in response to one of the
newly adopted interventions such as sending
reminders to patients. One key finding of our analy-
sis is that when making panel size and overbooking
decisions patients’ sensitivity to incremental delays
(i.e., how no-show probabilities change with addi-

tional delays) may play a more important role than
the magnitude of the no-show probabilities.
One simplifying assumption we make in our math-

ematical formulation is that patients neither cancel
their appointments nor balk. (A patient is said to balk
if s/he chooses not to book an appointment when
offered a long appointment delay.) Patient cancella-
tion and balking are commonly observed in practice
and there is evidence to suggest that patients are more
likely to cancel or balk when their appointment delays
are longer (Diwas and Osadchiy 2012, Liu et al. 2010).
It is thus natural to suspect that incorporating such
effects could have changed some of the insights that
come out of our analysis. However, our simulation
study, which we carried out to investigate this ques-
tion among others, suggested that the key insights
generated by our mathematical analysis continue to
hold even when patients may cancel their appoint-
ments or balk without making any appointments.
Our work is closely related to the operations litera-

ture on appointment systems; see Cayirli and Veral
(2003) and Gupta and Denton (2008) for in-depth
reviews. One way of classifying earlier work is
according to the type of waiting modeled. Gupta and
Denton (2008) define direct waiting for a patient as the
time between the patient’s arrival to the clinic on the
day of her appointment and the time the doctor sees
her, and indirect waiting as the time between the
patient’s request for an appointment and the time of
her scheduled appointment. Majority of the work in
the appointment scheduling literature deals with
direct waiting times mostly focusing on the trade-off
between patients’ waiting time on the day of their
appointment and physician utilization.
Since we study the design of systems in which

patients exhibit appointment delay-dependent no-
show behavior, we use a formulation that captures
patients’ indirect waiting times. As Gupta and Denton
(2008) discuss, very few articles in the literature deal
with indirect waiting times. Among the few, Patrick
et al. (2008), Gupta and Wang (2008), Liu et al. (2010),
Wang and Gupta (2011), and Sch€utz and Kolisch
(2012) all deal with developing effective dynamic
scheduling policies to determine whether or not to
admit or when to schedule incoming appointment
requests given the record of scheduled appointments.
Among this group of work, the most relevant one to
ours is Green and Savin (2008), from which we adopt
the single server queue framework. However, our
research questions and the nature of our contribution
differ significantly from theirs. Green and Savin
(2008) focus on the panel size decisions for a clinic
that uses Open Access. In contrast, we are interested
in both panel size and overbooking decisions that
optimize some system-level objective such as
throughput or long-run average net reward. While
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Green and Savin (2008) develop a model for estimat-
ing the largest panel size that an Open Access clinic
can handle, we develop analytically tractable models
that lead to useful insights on panel size and overboo-
king level decisions.
The remainder of this article is organized as fol-

lows. In section 2, we introduce our basic formulation
and investigate optimal panel size decisions for a
clinic that does not overbook. Section 3 builds on the
model of section 2 to incorporate overbooking deci-
sions. In section 4, we report the results of our numer-
ical study. Section 5 provides our concluding
remarks. The proofs of all the analytical results can be
found in the Online Appendix.

2. Panel Size Decisions without an
Overbooking Option

We consider an appointment-based service system
(e.g., a primary care clinic) where the service provider
can control the appointment demand arrival rate. In
this section, we assume that the service provider does
not have the option of overbooking appointments and
thus the service capacity is fixed. Because our objec-
tive is to provide insights on general design ques-
tions, following Green and Savin (2008), we assume a
macroscopic view of the appointment system and
model the scheduled appointments as a single server
queue. In the rest of the paper, we use the words
patient and customer interchangeably.

2.1. Model Description
Suppose that new appointment requests arrive
according to a Poisson process with rate k, and they
are scheduled for the earliest available time. We
assume that customers do not cancel their appoint-
ments, and therefore the new appointment requests
join the appointment queue from the very end. To
better interpret how our model approximates what
happens in practice, suppose for now that the length
of each appointment slot is deterministic with length
1/l. Note that the actual service time of customers
may have some variability, but the server is assumed
to be able to finish the service within 1/l units of
time. Therefore, when a new patient arrives, the ser-
vice provider can tell the patient precisely when her
appointment is. Our queue is a “virtual” queue for
the appointments, a list of scheduled customers. It
does not empty out at the end of each day. During the
times when the clinic is closed, there will not be any
activity in this queue. No one will join and no one
will leave. Therefore, we can ignore those “dead”
periods, merge the time periods during which the
appointment queue is active, and carry out a steady-
state analysis with the understanding that time is

measured in terms of work days and work hours.
Note that in our model, customer waiting time is not
determined by waiting in the clinic (called direct wait-
ing) but by waiting elsewhere for the day and time of
the appointment to come (called indirect waiting).
When the time for the patient’s appointment

arrives, the patient may not show up. However, if she
shows up, she shows up on time. We assume that
whether or not a customer shows up for her appoint-
ment depends on the number of customers ahead of
her, i.e., the appointment queue length, upon the arri-
val of her request for appointment.1 Consider a cus-
tomer who finds j 2 Z scheduled appointments in
the queue (including the customer in service), where
Z denotes the set of non-negative integers. We use
pj 2 [0,1] to denote the probability that this cus-
tomer will show up for her appointment. It is possible
that some of these j customers ahead of her may not
show up for their appointments, but this does not
change the fact that this new customer will have to
“wait” for j appointment slots to pass because she will
not show up at the clinic until her scheduled appoint-
ment time (if she shows up at all). (It might be helpful
for the reader to view the server of this queue as
“serving” appointment slots as opposed to patients.
The server does not idle when the appointment is a
no-show, it “serves” the no-show appointment slot.
Serving the appointment slot takes the same amount
of time regardless of whether the holder of that
appointment slot showed up or not and therefore the
waiting time of a new patient is determined by the
number of currently scheduled appointment slots.)
Motivated by empirical studies (see, e.g., Grune-

baum et al. 1996) which find that the length of a
patient’s appointment delay is positively correlated
with her no-show probability, we assume that
pj ≥ pj+1 for j 2 Z and let p∞ = limj?∞pj (see Corol-
lary 2.11 in Browder, 1996). To avoid a trivial scenario,
we also assume that there exists 0 < j < k such that
pj > pk, which also implies that p0 > 0. We assume
that for every scheduled customer who shows up, the
system accrues one nominal unit of reward. If a
scheduled patient does not show up or there are no
scheduled patients in the queue, the provider might
be able to fill in the slot by a walk-in patient who also
leaves a reward of one. If neither a scheduled nor a
walk-in patient appears in an appointment slot, the
provider collects zero reward. We assume that the
probability of successfully filling in an empty slot by a
walk-in patient is ξ independently of the system state.
This assumption is a better fit in cases where the clinic
has dedicated providers to serve walk-ins. For exam-
ple, in two large community health centers, each of
which serves more than 26,000 patients annually in
New York City, walk-in patients are seen by provid-
ers who exclusively see walk-ins and may be diverted
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to physicians who see scheduled patients only when
some of these scheduled ones do not show up (D. Ro-
senthal, Personal communication, E. Fleck, Personal
communication). To avoid an unrealistic and trivial
scenario, we assume that ξ 2 [0,1).
Defining qj as the probability that the appointment

slot assigned to a patient who sees j appointments
ahead will not be wasted (i.e., used by either that par-
ticular patient or a walk-in), we have

qj ¼ pj þ ð1� pjÞn: ð1Þ

We call {qj, j = 0,1,. . .} fill-in probabilities. Then,
qj+1 = ξ + (1�ξ)pj+1 ≤ ξ + (1�ξ)pj = qj, which in turn
implies that the limit of qj as j?∞ exists. We use q∞
to denote this limit.
Define Πj(k,l) to be the steady-state probability

that there are j appointments in the queue includ-
ing the ongoing service (which may actually be a
“no-show service”). Let T(k,l) denote the long-run
average reward that the system will collect and
q = k/l be the traffic intensity in the system. Then,
we can write

Tð�; lÞ ¼ �
X1
j¼0

Pjð�; lÞqj þ lð1� qÞn: ð2Þ

The first term on the right-hand side of Equation (2) is
the reward obtained from patients who show up for
their scheduled appointments and walk-in patients
who are served in place of no-show patients. From
PASTA (e.g., Kulkarni, 1995), Πj(k,l) is the probability
that there are j scheduled appointments at the arrival
time of a new appointment in steady state and with
probability qj this appointment will be filled in either
by the patient who makes the appointment or a walk-
in patient in case of a no-show. The second term is the
reward obtained from walk-in patients when there
are no scheduled patients in the queue. To see that,
we note that the steady-state probability that the ser-
ver has no scheduled customers waiting is 1 � q.
That is, in the long run, l(1�q) slots per day have no
scheduled customers in them. Since each of these
slots will be filled by a walk-in with probability ξ, the
long-run average reward rate accrued from these
slots is l(1�q)ξ.
Because appointment arrivals occur according to a

Poisson process and time spent on each appointment
is deterministic, the appointment queue can be mod-
eled as an M/D/1 queue. One can numerically com-
pute the steady-state distribution for this queue, i.e.,
fPjð�;lÞg1j¼0 but we do not have a closed-form expres-
sion and as a result it is very difficult if not impossible
to carry out mathematical analysis and establish
structural properties. To overcome this problem, we
approximate the steady-state probabilities assuming

that service times are exponentially distributed, i.e.,
the appointment queue is an M/M/1 queue.
For the M/M/1 queue, it is well-known that (e.g.,

Kulkarni, 1995)

Pjð�; lÞ ¼ ð1� qÞqj; 8j 2 Z; ð3Þ

if q = k/l < 1. Then, using Equations (1) and (3),
one can write Equation (2) as

Tð�; lÞ ¼ ð1� nÞ�
X1
j¼0

ð1� qÞqjpj þ ln: ð4Þ

Let W denote the waiting time (appointment delay)
for a random customer before her service in steady
state (regardless of whether the customer shows up
or not). It is well known that in an M/M/1 queue
with an arrival rate of k and service rate of l such
that k < l,

EðWÞ ¼ �

lðl� �Þ : ð5Þ

The service provider’s objective is to maximize the
long-run average reward collected, by choosing the
appointment demand rate k for a fixed service capac-
ity l while making sure that the expected delay (time
until appointment for a newly arriving patient) does
not exceed a prespecified level j. Thus, under the M/
M/1 approximation, the optimal k can be found by
solving the following optimization problem:

max0���l Tð�; lÞ
s.t. EðWÞ� j:

ðP1Þ

with T(l,l) defined as T(l,l) = limk?lT(k,l) =
l[ξ + (1�ξ)p∞] = lq∞ (see Lemma 1 in the online
Appendix) and E(W) = ∞ for k = l. Note that the
long-run average reward T(k,l) = T(l,l) for any
k > l and therefore one can restrict attention to
k 2 [0,l] in problem (P1). That is, the optimal
panel size will never lead to an overloaded system,
where the arrival rate exceeds the service rate even
when j = ∞.
In the following, we provide characterizations of the

optimal arrival rate for a fixed value of service capacity
with and without a service level constraint on the
expected appointment delay, and investigate how
these optimal arrival rates change with customers’
show-up probabilities. As in Green and Savin (2008), if
one assumes that each individual in the panel calls to
make an appointment with an exponential rate k0,
choosing k is equivalent to choosing the panel size
N = ⌊k/k0⌋where ⌊x⌋ is the integer part of x. Thus, our
results for the optimal arrival rate have direct interpre-
tations in the context of optimal panel size decisions.
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Table 1 summarizes our notation some of which
will be introduced in section 3.

2.2. Characterization of the Optimal Panel Size
We first investigate how the reward function T(k, l)
changes with the arrival rate k and give a character-
ization of the unique optimal arrival rate for problem
(P1) for a given l.

PROPOSITION 1. For k 2 [0,l], the long-run average
reward T(k,l) is a strictly concave function of k and
hence T(k,l) has a unique maximizer denoted by ��1. In
addition, if there exists s 2 (0,1) such that

p0 þ
X1
j¼1

ðjþ 1Þsjðpj � pj�1Þ ¼ 0; ð6Þ

then ��1 ¼ ls; otherwise, T(k,l) is strictly increasing in
k 2 [0,l] and ��1 ¼ l. Thus, when j = ∞, the unique
solution to (P1), ��

1 is given by ��1; otherwise it is given
by minf�b; ��1g where kb = jl2/(jl+1) is the arrival rate
for which the constraint on the expected waiting time is
satisfied as an equality.

Let q�1 ¼ ��
1=l denote the optimal traffic load for

problem (P1) for fixed l or equivalently the optimal
utilization, i.e., the fraction of time the physician is
scheduled to see patients. One important observation
we can make from Proposition 1 is that the walk-in
probability ξ has no effect on the optimal panel size.
If there is no restriction on the expected delay, i.e.,

j = ∞, the optimal traffic load is independent of the
service capacity. In this case, when the appointment
delays do not have a significant impact on customers’

show-up probabilities, we have q�1 ¼ 1. If, however,
the no-show rate drops fast as the appointment delay
increases, then there exists an optimal arrival rate,
which is strictly less than the service rate, i.e., q�1 \ 1.
Thus, even when there is no restriction on the
expected waiting time, the service provider does not
prefer demand to be as high as possible since high
demand would lead to long waiting times, which in
turn would result in low show-up rates diminishing
the system reward rate. Low demand rates would
lead to high show-up rates, but clearly, the service
provider would not want to set it so low as to cause
the server idle frequently. Thus, there is an ideal value
for the arrival rate (an ideal panel size for a healthcare
clinic) that helps the system hit the “right” balance.

2.3. Effects of Introducing Policies to Improve
Show-Up Probabilities
In this section, we investigate how the panel size
should be adjusted in response to the adoption of a
new policy, which is expected to change customers’
show-up rate. As we discussed in section 1, such poli-
cies include making reminder phone calls, sending
text messages or email reminders, providing financial
incentives, and charging no-show fees. Specifically,
we investigate how the optimal panel size changes
with the show-up probabilities p ¼ fpjg1j¼0.
Consider the service system described in section 2.1

with show-up probabilities denoted by fpjg1j¼0: Sup-
pose that once the new policy is adopted, the only
change will be in customer show-up probabilities,
which we will denote by fp̂jg1j¼0. Also, suppose that
once the new policy is adopted, customers are more

Table 1 Notation Used in the Paper

Symbol Description

k0 Individual patient demand rate
N Panel size
k Total patient demand rate, k = Nk0
l Provider service rate
q Traffic intensity, q = k/l
pj Show-up probability when a patient sees j patients ahead of her upon her arrival
ξ Probability of filling a no-show slot by a walk-in
qj Probability that an appointment slot booked by an arriving patient who sees j patients in the system upon her arrival is not wasted,

qj = pj + (1�pj)ξ
Πj(k,l) The steady-state probability that an arrival sees j appointments in the queue
T(k,l) The long-run average throughput rate
W The appointment delay for a random customer before her service in steady state
j Maximum allowed value for the expected appointment delay
��
1 The optimal demand rate when overbooking is not an option

q�1 The optimal traffic intensity when overbooking is not an option, q�1 ¼ ��
1=l

x(l) Daily cost function when the daily service rate of the clinic is set to l
M Regular daily capacity of the service provider
R(k,l) The expected daily net reward for the service provider in steady-state
Λ(q) Effective server utilization when the traffic intensity is q
��
2 The optimal demand rate when overbooking is an option

l�2 The optimal overbooking level
q�2 The optimal traffic intensity when overbooking is an option, q�2 ¼ ��

2=l
�
2
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likely to show-up, i.e., p̂j � pj for all j 2 Z. Now,
when is the optimal panel size larger, before the new
policy takes effect or after? More precisely, letting �̂�

1

denote the optimal arrival rate when show up proba-
bilities are given by fp̂jg1j¼0, which one is larger, ��

1 or
�̂�
1?
There are two different ways of coming up with an

answer to this question based on intuition. First, if
patients are more likely to show up under the new
policy, i.e., the probability of showing up is higher for
any given queue length, the provider might tend to
believe that the clinic can handle more patients
effectively (after all there is less loss of efficiency due to
no-shows) and choose to increase its panel size. Alter-
natively, one might argue that because patients are
more likely to show up, the expected load per patient
on the system is higher and thus there is less incentive
to admit more patients. Consequently, the optimal
panel size should be lower. As it turns out, both of
these arguments are flawed. The answer is a little more
subtle. First, consider the following simple example:

EXAMPLE 1. Suppose that l = 20, ξ = 0, and j = ∞.
Let pj = (0.9)j+1 for j 2 Z; p̂0 ¼ 1, p̂1 ¼ 0:9, and

p̂j ¼ ð0:9Þjþ1 for j 2 {2,3,. . .}. Thus, p̂j � pj for all

j 2 Z. But, one can show that ��
1 ¼ 15:19 while

�̂�
1 ¼ 14:95. (In the M/D/1 setting, ��

1 and �̂�
1 are

16.24 and 15.97, respectively.) That is, the optimal
panel size is smaller when customers are more likely
to show up.

In Example 1, the optimal reward rate increases
from 10.39 to 11.01 (from 11.51 to 12.17 in the M/D/1
setting) when p increases to p̂. In fact, more generally,
one can prove that for any fixed k the reward rate
under p̂ is always larger than that under p if p̂j � pj
for all j. However, when patient show-up probabili-
ties increase, increasing the panel size in response
may actually result in lower reward rate. This shows
that our first intuitive reasoning, which we discussed
above, is incorrect. What really matters when deter-
mining the optimal load on the system is the marginal
sensitivity of customers’ show-up probabilities to
incremental changes in appointment delays. It is pos-
sible that even though customers are more likely to
show up, they might have become relatively more
sensitive to incremental changes in their delays and
this might cause the service provider to try to keep
the queue lengths shorter than they used to be.
Now, consider the following condition:

CONDITION 1. p̂jþ1pj � pjþ1p̂j for all j 2 Z.

When pj > 0 and p̂j [ 0 for all j, the condition
above is equivalent to p̂jþ1=p̂j � pjþ1=pj, which

essentially says that show-up probabilities under the
new system are less sensitive to additional delays
since the percentage drop for additional waiting is
always less under the new system. It turns out that
Condition 1 is sufficient to ensure that the optimal
panel size is larger under the new system.

PROPOSITION 2. Under Condition 1, �̂�
1 ���

1. In other
words, the optimal panel size is larger when customer
show-up probabilities are less sensitive to additional
appointment delays.

Proposition 2 makes it clear that what matters
for the panel size decision is the customers’ sensitivity
to delays. In Example 1, Condition 1 holds in
the opposite direction because pj+1/pj = 0.9, but
p̂jþ1=p̂j ¼ 0:9 for j = 0,2,3,. . . and p̂2=p̂1 ¼ 0:81. There-
fore, it is not surprising for the optimal panel size
to drop under the new show-up probabilities. Prop-
osition 2 also implies that the intuitive argument
that the optimal panel size should decrease when show-
up probabilities increase is incorrect because one can
easily come up with examples in which the show-
up probabilities satisfy Condition (1) and p̂j � pj for
all j.
In short, our analysis in this section suggests that

with a new intervention that is strongly expected to
improve patient show-up rates, providers would real-
ize higher patient throughput if they do not change
their panel size. However, one should be careful
when choosing a new panel size in order to further
benefit from changes in show-up probabilities since
changes based on one’s intuition alone might be coun-
terproductive. It appears that, it is particularly impor-
tant for the service provider to get a good sense of
how the customers’ sensitivities to additional delays
will change with the new intervention. If the interven-
tion helps reduce customer sensitivity to additional
delays, then our results suggest that there is room for
further improvement in throughput by increasing the
panel size.

3. Joint Panel Size and Overbooking
Level Decisions

One approach clinics use in order to improve the utili-
zation of the appointment slots is to book more
appointments than the clinic’s regular daily capacity
typically allows. In this section, we assume that in
addition to the panel size, the service provider can
also choose the number of appointments scheduled
per day. We model this in a stylized manner by mak-
ing service rate (i.e., number of appointments sched-
uled per day) another decision variable in addition to
the arrival rate.
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3.1. Description of the Model
The assumptions regarding the arrival of the appoint-
ment requests, service, and customer no-show behav-
ior are the same as those for the model described in
section 2.1. In order to integrate overbooking and
panel size decisions, we adopt a reward/cost formu-
lation that is similar to the one used in Liu et al.
(2010). Specifically, we assume that for every filled
appointment slot, the service provider collects a nom-
inal reward. The daily cost incurred to the clinic is a
function of the service rate l it sets, i.e., the number of
appointments scheduled per day. We use x(l) to rep-
resent this cost function. We assume that there is a
fixed cost of operating the clinic independently of the
service rate chosen by the clinic and we assume that
this cost is zero without loss of generality. As for the
variable cost, we let M ≥ 0 be the regular daily capac-
ity of the clinic and thus max{0, l � M} can be
thought of as the overbooking level. We assume that
there is a cost if the clinic chooses to go above this
capacity. This cost can be seen as the direct financial
cost (e.g., overtime cost for the staff) and/or the indi-
rect cost of patient dissatisfaction as a result of long
waits on the day of the appointment and less time
devoted to the care of each patient. Intuitively, the
more the clinic overbooks, the higher this cost would
be; in addition, it seems reasonable to assume that this
cost increases faster at a higher overbooking level.
Thus, we assume that x(l) = 0 if l ≤ M, x(�) is contin-
uous on [0, ∞), strictly increasing and strictly convex
on [M, ∞), and twice differentiable on (M, ∞).
Let R(k, l) denote the expected daily net reward for

the service provider. Then,

Rð�; lÞ ¼ Tð�;lÞ � xðlÞ
¼ ð1� nÞ�

X1
j¼0

ð1� qÞqjpj þ ln� xðlÞ ð7Þ

where T(k, l) is given by Equation (4). The objective
of the service provider is to choose the arrival and
service rates which maximize R(k,l) while enforcing
the expected appointment delay to remain below a
certain level j. Then, our problem (P2) can be writ-
ten as

max�;l:0��� l Rð�; lÞ
s.t. EðWÞ� j

ðP2Þ

with R(l, l) defined as R(l, l) = lim k?lR(k,l) =
lq∞ � x(l) and lim k?lE(W) = ∞.

3.2. Characterization of the Optimal Solution
In this section, we establish some structural properties
of the optimal solution to problem (P2). We first study
the model without the service level constraint, i.e.,

setting j = ∞. We know from Proposition 1 that for a
fixed l, there exists a unique value of k that maxi-
mizes the reward T(k, l). We denote this optimal
value by k(l). Then, maximizing R(k, l) with respect
to k and l is equivalent to maximizing R(k(l), l) with
respect to l only.
Let ��2 and �l2 denote the optimal values for k and l

in problem (P2) without the waiting time constraint.
From Lemma 2, which is provided in the online
Appendix, we know that for 0 ≤ l ≤ M, R(k(l), l) is a
linear and strictly increasing function of l, which
immediately implies that the optimal service rate is
no less than the regular daily capacity, i.e., �l2 � M.
This is not surprising since there is no incentive for
the service provider not to use the capacity that is
already available with zero additional cost. In order
to derive a complete characterization of ��2 and �l2, we
rewrite the reward function T(k, l) as follows

Tð�; lÞ ¼ lKðqÞ;
where

KðqÞ ¼ ð1� nÞ
X1
j¼0

ð1� qÞqjþ1pj þ n: ð8Þ

Hence Λ(q) can be regarded as the “effective” server
utilization (proportion of time the server is busy
with serving patients, either scheduled ones who
actually show up or walk-ins) when the traffic inten-
sity, k/l equals q.
Let x+(l) denote the right derivative of x(l). Then,

x+(l) is a strictly increasing function for l 2 [M,∞)
and it has an inverse, denoted by (x+)�1(�), which is
also strictly increasing in its domain. Let �q1 denote the
optimal traffic intensity for problem (P1) when j = ∞.
Recall that �q1 does not depend on l. Hence, Kð�q1Þ is
the effective server utilization when system through-
put (i.e., long-run average rate at which patients are
served) is maximized when there is no restriction on
the expected waiting time. Then, we can prove the fol-
lowing proposition.

PROPOSITION 3. Suppose that j = ∞, i.e., there is no
restriction on the expected appointment delay. Then,
given the show-up probability vector p ¼ fpjg1j¼0, the
optimal service rate �l2 and arrival rate ��2 for problem
(P2) take the following form:

�l2 ¼
1 if xþðlÞ�Kð�q1Þ; 8l�M,
M if xþðMÞ�Kð�q1Þ,
ðxþÞ�1ðKð�q1ÞÞ otherwise,

8<
:

and ��2 ¼ �q1�l2. Furthermore, ð ��2; �l2Þ is the unique opti-
mal solution to problem (P2).
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The expression for �l2 provided in Proposition 3
may seem technical but in fact it has a straightfor-
ward interpretation. Notice that x+(l) is the marginal
cost of additional unit capacity when the service
capacity is l. The service provider would be willing
to increase the service capacity (and the arrival rate
along with it) up to the point where marginal cost
equals the rate with which the system generates rev-
enue, which is equal to the effective server utiliza-
tion. This corresponds to the third case in the
statement for �l2 in Proposition 3. However, if the
marginal cost is below this revenue generation rate
no matter what the service capacity is (which is unli-
kely in practice), then there is no point in restricting
the number of people to be seen on a given day and
thus �l2 ¼ 1. If the marginal cost is higher even at
the regular capacity, then there is no incentive to
overbook and thus �l2 ¼ M.
Next, we consider problem (P2) with a non-trivial

service level constraint, i.e., j < ∞.

COROLLARY 1. If j < ∞ and there exists a finite l such
that x+(l) > 1, then there exists a finite optimal value
for l.

The condition given in Corollary 1 essentially
implies that as one adds more appointments for a
given day there is a certain level beyond which the
incremental benefit of having one more appointment
is outweighed by its incremental cost. Suppose that
this realistic condition holds. It is not possible to obtain
closed-form expressions for optimal arrival and ser-
vice rates. However, we can show that optimal rates
possess some convenient structural properties, which
can be helpful in devising simple solution methods.
Let ð��

2, l
�
2Þ denote an optimal arrival and service rate

pair when there is a constraint on the expected waiting
time. Then, we can show the following.

PROPOSITION 4. Let c be defined as c ¼
�q1

jð1��q1Þ if �q1\1;

1 if �q1 ¼ 1:

�
: Then, for a fixed show-up probabil-

ity vector p={pj}, if c\ �l2, then l�2 ¼ �l2 and ��
2 ¼ ��2.

Otherwise, l�2 � c and the service level constraint is
binding at optimality, i.e., ��

2=l
�
2 ¼ 1 � 1=ðjl�2 þ 1Þ.

Proposition 4 suggests a relatively easy way to
obtain an optimal solution. If c\ �l2, then the optimal
solution is given by the optimal solution to (P2) with
no service level constraints, which is directly available
from Proposition 3. If c � �l2, then the problem
reduces to an optimization problem with a single
decision variable since in this case ��

2 can be expressed
explicitly in terms of l�2. More specifically, an optimal
service rate can be obtained by solving the following
optimization problem:

maxl� 0 RbðlÞ ð9Þ
where

RbðlÞ¼ð1�nÞl 1� 1

jlþ1

� �X1
j¼0

1

jlþ1

� �
1� 1

jlþ1

� �j

pj

þln�xðlÞ: ð10Þ

Consider the non-trivial case where �q1 \ 1. When
j = ∞ meaning that there is no restriction on the
expected delay, c = 0. Consequently, l�2 ¼ �l2 and
��
2 ¼ ��2, as expected.
Since Rb(l) defined in Equation (10) is not necessar-

ily unimodal in l, multiple optimal solutions may
exist. Therefore, in the following, we shall refer to l�2
as the smallest optimal service rate, i.e., l�2 ¼
infflo : RbðloÞ�RbðlÞ for all l � 0g. Then, we know
from Proposition 4 that the corresponding optimal
arrival rate ��

2 and the optimal traffic load defined as
q�2 ¼ ��

2=l
�
2 are also the smallest choices for these two

variables.

3.3. Effects of Introducing Policies for Improving
Show-Up Probabilities and Changing the Service
Level Requirement
In this section, we investigate the sensitivity of the
optimal panel size and overbooking decisions (opti-
mal arrival and service rates in our formulation) to
customers’ show-up probabilities and j, the service
level requirement on the expected waiting time. In
section 2.3, we showed that when overbooking is not
an option and there is a fixed daily capacity, the opti-
mal panel size is larger when customers’ show-up
probabilities are less sensitive to additional delays.
When overbooking level is also a decision variable
together with the panel size, it is not clear how
“improvements” in show-up probabilities would
affect the optimal decisions. When show-up rates of
appointment slots are less sensitive to additional
delays, does that mean that the service provider has
less incentive to overbook since there is less uncer-
tainty regarding whether or not the scheduled
appointments will actually be filled? As for the panel
size, if the optimal overbooking level is higher, intui-
tion suggests that the optimal panel size would be lar-
ger as well, but it is difficult to predict how it would
change otherwise. In any case, we find that the opti-
mal panel size and overbooking level might change in
unpredictable ways.
We first investigate the sensitivity of the optimal

decisions to show-up probabilities. As in section 2.3,
suppose that as a result of a new policy that aims
to improve show-up rates, customer show-up proba-
bilities fpjg1j¼0 become fp̂jg1j¼0 and let �̂�

2 and l̂�2,
respectively, denote the optimal demand and service
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rates under this new policy (the smallest optimal val-
ues in the unlikely event that there are multiple opti-
mal solutions). Then, we can prove the following
proposition:

PROPOSITION 5. If p̂j � pj for all j 2 Z, then l̂�2 � l�2. If
p̂j � pj for all j 2 Z and Condition 1 holds (i.e.,
p̂jþ1pj � pjþ1p̂j for all j 2 Z), then �̂�

2 � ��
2, l̂�2 � l�2,

and q̂�2 � q�2, where q
�
2 ¼ ��

2=l
�
2 and q̂�2 ¼ �̂�

2=l̂
�
2.

REMARK 1. In the second part of Proposition 5, it is
sufficient to assume that p̂0 � p0 (instead of p̂j � pj
for all j 2 Z) together with Condition 1.

According to Proposition 5, if customers are more
likely to show up under the new policy, the service
provider chooses to increase the overbooking level.
There is a cost of working with a higher overbooking
level but the service provider knows that appoint-
ment slots are more likely to be filled in and thus the
system is more likely to benefit from an increase in
the capacity. However, it turns out that even if the ser-
vice provider chooses to work at a higher overbook-
ing level, it does not mean that she would choose to
work with a larger panel as well (see Example 2
below). A larger panel size and a higher overbooking
level are not guaranteed to be optimal when custom-
ers are more likely to show up. These show-up rates
also need to be less delay sensitive for the service

provider to choose both a higher overbooking level
and a larger panel size.

EXAMPLE 2. Suppose that p0 = 0.4 and pj = 0.38 for
all j ≥ 1, and p̂0 ¼ 1 and p̂j ¼ 0:4 for all j ≥ 1. Let
ξ = 0, j = ∞ and x(l) = al2 where a is a positive
constant. Then, T(k,l) = k[0.4(1�q) + 0.38q] = l(0.4q �
0.02q2). For a fixed l, T(k,l) is strictly increasing in
q 2 [0,1]. Hence �q1 ¼ 1 and R(k(l),l) = 0.38l � al2.
It then follows that ��

2 ¼ l�2 ¼ 19
100a. Now, note that

T̂ð�;lÞ ¼ �½ð1� qÞ þ 0:4q� ¼ lðq� 0:6q2Þ. Hence
�̂�
2 ¼ 5

6 l̂
�
2, and R̂ð�ðlÞ; lÞ ¼ 5

12 l � al2. It follows that
l̂�2 ¼ 5

24a [ l�2 ¼ 19
100a as expected since p̂j [ pj for all j;

however, �̂�
2 ¼ 5

6 � 5
24a ¼ 25

144a \��
2 ¼ 19

100a and
q̂�2 ¼ 5

6 \ 1 ¼ q�2.

Next, we investigate how changes in the service
level requirement, which is determined by j, affect
the optimal decisions. For example, if the service pro-
vider commits herself to providing customers shorter
waiting times, how should she adjust the panel size
and the daily overbooking level? Intuition suggests
that because the goal is to reduce the average waiting
time, a reasonable adjustment would be to reduce the
panel size and increase the overbooking level appro-
priately. Interestingly, however, that is not necessarily
the case. As an example, suppose that pj = 0.99j for
j 2 Z and x(l)=0.01l2. In this case, Figure 1 shows
how the optimal demand rate ��

2, the optimal service
rate l�2, and the optimal traffic load q�2 ¼ ��

2=l
�
2
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Figure 1 The Optimal Decisions and Traffic Intensity vs. Service Level Parameter j
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change with the service level parameter j which var-
ies from 0.07 to 0.27. Recall that j is the allowable
maximum value set by the provider for the average
waiting time of scheduled customers. One can
observe that the optimal arrival rate and service rate
are not monotone in j. Interestingly, for small values
of j, the optimal decision is to increase the overbook-
ing level even as the service level requirement gets
less restrictive, i.e., as j gets larger (see Figure 1b).
However, for sufficiently large values of j, the opti-
mal panel size decreases with less restriction, i.e., with
larger j (see Figure 1a).
In Figure 1c, we observe that, unlike the optimal

arrival and service rates, the optimal traffic load
behaves as expected. It is monotonically increasing in
j. In fact, this behavior is not exclusive to this particu-
lar example and Proposition 6 proves that the optimal
load q�2 is an increasing function of j.

PROPOSITION 6. The optimal traffic load q�2 increases as
the service level requirement becomes less restrictive, i.e.,
q�2 increases with j.

According to Proposition 6, if the provider works
with a less strict service level, the load on the system,
and as a result expected length of the appointment
queue will increase under the optimal policy. How-
ever, as our earlier example demonstrates, this does
not mean that the clinic will actually be serving a
larger panel of patients since from the clinic’s point of
view, it might be preferable to decrease both the panel
size and overbooking level appropriately.
Finally, in this section we investigate how the

optimal panel size and overbooking level change
with walk-in probability ξ. When overbooking is not
an option, we found that the walk-in probability has
no effect on the optimal panel size. However, it turns
out that when overbooking is an option, higher
walk-in probabilities not only lead to higher overboo-
king levels but also larger panel sizes and traffic
intensities.

PROPOSITION 7. When ξ increases, the optimal demand
rate ��

2, the optimal overbooking level l�2 and the optimal
traffic intensity q�2 for problem (P2) increase.

When the probability that an appointment slot is
not wasted is higher, overbooking is more likely to
benefit the clinic and thus the optimal overbooking
level is higher. This result may seem counterintuitive
at first. After all one reason clinics overbook is to alle-
viate the effect of no-shows on the system. However,
one should note that the increase in the overbooking
level is mainly due to the fact that the panel size is
also a decision variable. When the overbooking level
is higher, the clinic can handle more patients on a

daily basis and therefore the optimal panel size is also
larger. In fact, it turns out that the fractional change in
the optimal panel size is larger than the fractional
change in the optimal overbooking level, leading to a
larger traffic load. When the no-show slots are more
likely to be filled in by walk-ins, the clinic can handle
a larger load efficiently.
In summary, lower no-show rates will always help

if one is willing to keep the same panel size and over-
booking level. There is room for further improvement
if the provider is willing to make some changes. How-
ever, our analysis in this section suggests that one
needs to be careful when choosing a new panel size
and overbooking level as it might have some un-
expected consequences. For example, even though a
lower no-show rate encourages the provider to see
more patients in a day, it does not mean that the pro-
vider should increase the panel size. Only when
patient sensitivity to additional delays also decreases,
a larger panel size would necessarily be more benefi-
cial. On a separate note, our results also point to inter-
esting relationships among expected appointment
delay (the service level requirement), optimal panel
size, and overbooking level. As it turns out, requiring
the expected appointment delay to be lower may lead
to a larger optimal panel size or a lower overbooking
level.
Before we move on to the description and discus-

sion of our numerical study, it might be helpful to
provide a summary of our key analytical findings
established in sections 2 and 3. In particular, Table 2
sorts out the conditions needed for the optimal panel
size and overbooking level to be larger depending on
whether only the former or both can be freely deter-
mined by the service provider.

4. Numerical Study

In this section, we report the findings of our extensive
numerical study conducted to investigate whether the
insights obtained using our analytical model depend
on some of the key modeling assumptions (sections
4.1 and 4.2) and also how the panel sizes that are opti-
mal according to our formulation compared with

Table 2 Summary of the Key Insights

Scenarios N* (N*,l*)

No-show rate ↓ ? (?, ↑)
Sensitivity to delay ↓ ↑ (?,?)
No-show rate ↓ & Sensitivity to delay ↓ ↑ (↑,↑)

The second column indicates the changing direction of the optimal panel
size N* (when only the panel size can be chosen) in different scenarios.
The third column shows the changing directions of both the optimal
panel size and overbooking level (N*,l*) when both can be chosen. “↑”,
“↓” and “?” respectively mean “increases,” “decreases,” and “no definite
answer.”
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those that are determined to be ideal for implement-
ing Open Access in the literature (section 4.3).

4.1. Comparison of the M/M/1 and M/D/1 Models
So far in this paper, mainly for analytical tractability,
we assumed that the appointment queue can be mod-
eled as an M/M/1 queue. In some respects, however,
the M/D/1 queue can seem like a more fitting choice.
This is mainly because in our formulation the server
is essentially “serving” appointment slots whose
lengths are deterministic. It is thus of interest to inves-
tigate whether the results would change significantly
if the appointment queue were assumed to operate as
an M/D/1 queue. First, it is important to note that as
we have already indicated, Example 1 demonstrates
that under both the M/M/1 and the M/D/1 setup,
having patients who are more likely to show-up does
not mean that the optimal panel size is also larger.
Thus, our numerical experiments concentrated on
investigating whether having less delay sensitive
patients, as defined in Condition 1, would lead to a
larger optimal panel size even under the M/D/1
setup.
To populate our numerical experiments, we

adopted the following parametric form for patient
show-up probabilities:

pj ¼ 1

1þ eaþbj
; ð11Þ

where a and b are parameters and b > 0 so that pj
decreases with j. One reason we chose this paramet-
ric form was that it naturally arises if one uses logis-
tic regression to estimate show-up probabilities as a
function of patients’ appointment delay. The form is
also compatible with Condition 1 in the sense that if
we let p̂j ¼ 1=ð1þ eâþb̂jÞ, then Condition 1 holds
when â � a and b̂ � b (see Lemma 6 in the Appen-
dix). One implication of this in light of Propositions
2 and 5 is that under our M/M/1 formulation any
collective increase in the estimated show-up proba-
bilities would lead to a larger optimal panel size
and a higher optimal overbooking level regardless
of which one of the two parameters the change is
captured by.
In the numerical experiments, we assumed that the

regular daily capacity M = 20 and the daily cost func-
tion x(l) = 0.29[(l�M)+]2. We varied the show-up
probability parameters a and b, the delay threshold j
and the walk-in rate ξ. Specifically, we considered
36 different combinations of these four parameters
by choosing them so that a 2 {�5,�3,�1},
b 2 {0.01,0.03,0.05}, j 2 {0.5,1}, and ξ 2 {0,0.5}.
For each combination, we calculated the optimal
panel size and overbooking level under the assump-
tion that the appointment queue operates as an

M/M/1 queue as well as the assumption that it oper-
ates as an M/D/1 queue. Table 3 provides the results
for a selected subset of the 36 combinations.
While not all the results are reported here, we find

that across all 36 combinations we tested, the average
absolute percentage difference between the optimal
panel size under the M/M/1 setup and that under
the M/D/1 setup is only 3.3%. That for the overbook-
ing level and the average net reward are only 0.23%
and 2.98%, respectively. Furthermore, all the key
structural results obtained under the M/M/1 setup
continue to hold under M/D/1 setup. In particular,
for any fixed combination of j and ξ, the optimal
panel size and overbooking level in both cases are
decreasing in a for fixed b and decreasing in b for
fixed a.

4.2. Impact of Customer Cancellation and Balking
One simplifying assumption we made in our mathe-
matical analysis was that patients neither cancel their
appointments nor balk, i.e., choose not to join the
appointment queue when they find the appointment
delay long. In this section, we investigate the effect of
this simplification on our key findings via simulation.
In our simulation model, we assumed that a patient

who finds j scheduled appointments in the queue,
independently of the others, would choose to join the
appointment queue with probability e�gj, where g > 0
is the parameter for balking intensity. This probability
model captures the fact that patients are more likely
not to schedule an appointment when the appoint-
ment queue/delay is longer. Note also that a larger g
indicates a higher likelihood to balk for any given
queue length j.
To model cancellations, we assumed that each

patient who joined the appointment queue, indepen-
dently of the others and the system state, would
choose to cancel her appointment after some random
amount of time that has exponential distribution.
However, cancelation only occurs if the patient has
not received service until then. In line with what
mostly happens in practice, when an appointment is
canceled, appointments that follow the canceled
appointment are not rescheduled to fill in the newly

Table 3 Selected Comparison Results between the M/M/1 and M/D/1
Systems

Parameters N�
2(M/M/1) l�2(M/M/1) N�

2(M/D/1) l�2(M/D/1)

(a,b) = (�5, 0.05) 2642 22.3 2709 22.4

(a,b) = (�3, 0.05) 2546 22.1 2630 22.2

(a,b) = (�1, 0.05) 2342 21.4 2449 21.5

(a,b) = (�1, 0.03) 2428 21.5 2516 21.6

(a,b) = (�1, 0.01) 2551 21.6 2608 21.7

The optimal panel size is denoted by N�
2 , and l�2 represents the optimal

overbooking level. The results are derived by assuming j = 1 and ξ = 0.
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vacated slot. Thus, the canceled appointment slot
leaves a “hole” in the queue leaving other scheduled
appointments intact. When a new appointment
request arrives, rather than scheduling it at the end of
the queue, one of these holes is filled if there are any.
Specifically, the patient is scheduled for the slot that is
closest to service. (If the first available slot happens to
be the first one in the queue, then the second hole in
the queue is filled because the “service” for the first
slot has already started. This is to capture the fact that
very late cancelations cannot be filled.) If there are no
holes in the queue, the appointment is scheduled at
the end of the queue. As in the previous section,
patients who do not cancel their appointments, show
up with probabilities that follow the parametric form
Equation (11).
We considered three different balking intensities

g 2 {0,0.001,0.003} and three different cancelation
rates h 2 {0.1,0.2,0.5}. For each combination of g and
h, we varied the show-up probability parameters. In
particular, we chose a 2 {�5,�1} and b 2 {0.01,0.05}.
To get a better sense of what exactly these choices
mean, consider a provider who sees 20 patients per
day. Then, when g = 0.001, for a patient who finds an
appointment queue length of 2 or 5 days, and 10 days
at the time of her arrival, the balking probability is
respectively 4%, 10%, and 18%. When h = 0.1, her
cancelation probability before appointment is, respec-
tively, 18%, 39%, and 63%. Finally, when a = �5 and
b = 0.01 her no-show probability is, respectively, 1%,
2%, and 5%.
We assumed that the regular daily capacity M = 20,

the daily cost function x(l) = 0.29[(l�M)+]2 and
service times were deterministic. We also assumed
there were no walk-in patients and there is no restric-
tion on the expected delay, i.e., ξ = 0 and j = ∞. Thus,
in total, we considered 36 combinations for the choice
of (g,h,a,b). For each combination, we varied the panel
size N with a step size of 10 and the daily service
capacity level lwith a step size of 0.1, and ran simula-
tion for each pair of (N, l). We used the batch-means
method with a batch length of 3000 days and 11
batches, where the first batch was used as the

warm-up period. We computed the average reward
for each pair of (N,l) and named the pair that
gave the largest average reward the optimal solution.
We summarize our results in Table 4, where Cases 1
through 4 correspond to four different combinations
of the show-up probability parameters (a,
b) = (�5,0.01), (�5,0.05), (�1,0.01), and (�1,0.05),
respectively.
One can observe from Table 4 that the higher the

balking intensity, the larger the optimal panel size.
This is not surprising because balking makes the
appointment queue lengths (and hence delays)
shorter on average, which in turn means that patients
are more likely to show-up giving the clinic an incen-
tive to increase its panel size. The effect of balking on
the overbooking level is more salient. We observe that
the optimal overbooking level does not appear to
have a monotone relationship with the balking inten-
sity, most likely due to the fact that the clinic has the
flexibility to choose the panel size as well. The clinic
can manage different degrees of balking behavior by
playing with the panel size appropriately but keeping
the overbooking level more or less constant.
As in the case of balking, a higher cancellation rate

leads to a larger optimal panel size (see Tables 3 and
4). However, the reader should note that in our simu-
lation model, patients who cancel their appointments
do not reschedule, and thus cancellation has the effect
of reducing the load on the clinic and thereby
enabling it to handle a larger panel of patients. Thus,
while our results suggest that with no or little
rescheduling, the optimal panel size increases with
cancellation rate, it would be natural to expect that the
same insight might no longer hold when a high per-
centage of canceled appointments are rescheduled.
Cases 1 through 4 can be seen as being ordered

from being the least sensitive to incremental delay to
the most. From Lemma 6, we know that in Case 2
patients are more sensitive than patients in Case 1
and patients in Case 4 are more sensitive than patients
in Case 3. Cases 2 and 3 can actually not be ordered
(Condition 1 does not hold either way) but we can
numerically verify that Case 2 patients are less sensi-

Table 4 Optimal Panel Sizes and Overbooking Levels under Cancellation

(N*, l*) Case 1 Case 2 Case 3 Case 4

g = 0 h = 0.1 (3170, 22.5) (2990, 22.4) (2820, 21.8) (2550, 21.5)
h = 0.2 (3400, 22.6) (3230, 22.5) (2910, 21.5) (2660, 21.5)
h = 0.5 (3590, 22.4) (3590, 22.4) (3290, 21.7) (2890, 21.6)

g = 0.001 h = 0.1 (3310, 22.6) (3080, 22.5) (2860, 21.8) (2580, 21.6)
h = 0.2 (3510, 22.5) (3290, 22.5) (2970, 21.6) (2700, 21.5)
h = 0.5 (3820, 22.5) (3600, 22.5) (3300, 21.7) (2900, 21.5)

g = 0.003 h = 0.1 (3390, 22.5) (3170, 22.5) (2940, 21.8) (2620, 21.4)
h = 0.2 (3650, 22.5) (3360, 22.5) (3020, 21.9) (2710, 21.4)
h = 0.5 (3870, 22.5) (3680, 22.5) (3430, 21.8) (2920, 21.3)

N* denotes the optimal panel size, and l* represents the optimal overbooking level. The results are derived by assuming j = ∞ and ξ = 0.
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tive than Case 3 patients at least when delays are
relatively short, specifically when there are fewer than
50 appointments in the queue, which is the case a
large proportion of the time under the optimal deci-
sions. Looking at Table 4, we can observe that the
optimal panel size and the optimal overbooking level
are larger when the patients are less sensitive to
appointment delays. Thus, this study suggests that
our analytical results continue to hold even with
patient cancellation and balking.

4.3. Estimating the “Optimal” Panel Size and
Comparison with Open Access
Our mathematical model is a stylized representation
of an appointment queue and is not meant to be used
primarily as decision support tool to make precise
decisions on the panel size and overbooking level.
Nevertheless, it is still of interest to investigate what
the model would suggest as the optimal panel size
and how it would compare with panel sizes that are
recommended for Open Access implementation using
data from an actual clinic.
To that end, in this section, we estimate the

“throughput maximizing” panel size using our model
and compare our numbers with those suggested by
Green and Savin (2008) for Open Access implementa-
tion. To make a proper comparison, we use exactly
the same data and the same no-show estimates used
in Green and Savin (2008). Specifically, we let the
individual appointment demand rate k0 to be 0.008
per day and the service rate to be 20 customers per
day, i.e., l = 20. We use the following parametrical
model for show-up probabilities, pj, j 2 Z:

pj ¼ 1� ðcmax � ðcmax � c0Þe�bj=lc=CÞ

where c0 is the minimum observed no-show rate,
cmax is the maximum observed no-show rate, and C
is the no-show backlog sensitivity parameter. Using
data from a magnetic resonance imaging (MRI) facil-
ity, Green and Savin (2008) estimated c0, cmax, and C
to be 0.01, 0.31, and 50, respectively. Using these
estimates, we find that the optimal panel size under
the M/M/1 setup is 2459, while that under the M/
D/1 setup is 2471. The M/M/1 model estimate sim-
ply uses ��1 obtained through Proposition 2; the M/
D/1 model estimate is obtained by numerically
maximizing T(k, 20) as defined in Equation (2)
under the assumptions of Poisson arrivals and
deterministic service times with the queue length
truncated at 1000.
As we discussed before, the goal of Green and

Savin (2008) is to estimate the ideal panel size for
Open Access, i.e., the panel size that will keep the
clinic “in balance” for Open Access implementation.
Using four different models (M/D/1/K, M/M/1/K,

and two simulation models) and four different
desired values for the same-day appointment proba-
bility, they obtained 16 different panel size estimates
ranging from 2205 to 2368. Our throughput maximiz-
ing panel size estimates are larger than what Green
and Savin (2008) suggest for Open Access. This is not
surprising mainly due to two reasons. First, having to
provide same-day service forces the service provider
to keep the panel sizes smaller. Second, our model
assumes that no-show customers do not reschedule
new appointments, while Green and Savin (2008)
assumed that all no-show customers immediately
scheduled a new appointment. Since rescheduling
means more work load per customer, it leads to a
smaller optimal panel size.
One question of interest is the secondary effects of

using a throughput maximizing panel size. The clinic
might be maximizing throughput, but how about the
effect on the delays the patients experience? Do they
wait for a long time, at least significantly longer than
they would under the same-day scheduling policy?
Table 5 clearly demonstrates the trade-off among sys-
tem throughput, customer delays, and the fraction of
customers who can book appointments within a day
or two. To be able to make a more meaningful com-
parison, following Green and Savin (2008), we trun-
cate the queue length at 400 here, i.e., we assume an
M/M/1/K queue with K = 400 instead of an M/M/1
queue. This does not affect the results in the first four
rows in the table significantly; however, it is neces-
sary for the last row since otherwise, the queue would
have been unstable.
In Table 5, the maximum throughput is 19.194 with

a panel size of 2460. In this case, the average appoint-
ment delay is 3 days (since the daily service rate is 20
patients) and approximately 28% of the patients can
be seen on the day they call for an appointment. The
clinic can improve the waiting times and same-day
access probabilities by reducing the panel size. For
example, if the panel size is 2220, approximately 90%
of the customers can get same-day appointments, but
the throughput drops to about 17.572. This is more

Table 5 Computed Values for the Key Performance Measures under
the M/M/1 Model with No Rescheduling

Panel size Throughput E(Q) E(W) PS PT

2220 17.572 7.929 0.396 0.907 0.991
2300 18.191 11.500 0.575 0.811 0.964
2380 18.783 19.833 0.992 0.626 0.860
2460 19.194 60.877 3.043 0.276 0.476
2540 18.134 338.191 16.860 0.000 0.002

E(Q) is the average appointment queue length. E(W) is the average
patient appointment delay. PS is the probability that an arriving
appointment request is accommodated in the same day. PT is the
probability that an arriving appointment request is accommodated within
the next 2 days.
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than an 8% decrease, which suggests that committing
to same-day appointments may not be optimal from a
system efficiency point of view. If the clinic is
interested in providing a high service level and
throughput is a secondary concern, then same-day
appointment scheduling could work well. If efficiency
is more important, it might pay off to be more flexible.
One can still stick with Open Access but perhaps
implement it a little less strictly by promising custom-
ers appointments within 2 or 3 days as opposed to the
same day.

5. Conclusion

This paper uses stylized models to investigate the
relationships between patients’ no-show behavior
and the optimal panel size and overbooking deci-
sions. Our results provide insights particularly for
clinics interested in reducing patient no-shows by
behavioral interventions such as sending reminders
for appointments. These interventions typically
improve patient attendance but cannot eliminate no-
shows completely. In general, clinics prefer higher
show-up probabilities, which not only mean less time
wasted and more patients served, but also help clinics
make better operational decisions because of the
reduced uncertainty. What is far less clear is how clin-
ics should alter their decisions in response to changes
in patient show-up probabilities. Our findings suggest
that responses based on one’s intuition might not
work as expected. For example, having patients who
are more likely to show-up does not necessarily imply
that the optimal panel size should be larger or smal-
ler. What appears to be more important is whether
patients are more or less sensitive to additional
delays. Past empirical studies on the effectiveness of
intervention policies have largely focused on changes
in no-show rates (Guy et al. 2012, Macharia et al.
1992), but did not investigate the changes in the sensi-
tivity of no-show probabilities to incremental changes
in appointment delays. This is an important avenue
for future research.
The generic nature of our formulation allows us to

generate insights without restricting ourselves to any
specific appointment scheduling policy, and our main
finding, which says that panel size decisions should
be informed by the sensitivity of the show-up proba-
bilities to incremental changes in appointment delays
is likely to hold under more general conditions and
various appointment scheduling schemes. Neverthe-
less, our formulation is stylized and more research is
needed to provide support for this claim. It is also
important to note that how exactly one defines “sensi-
tivity to incremental delays” may need to be reconsid-
ered if one uses a more detailed formulation of an
appointment system. Our Condition 1 in this paper,

however, can help in identifying similar conditions in
other formulations. Thus, one avenue for future work
is to model clinics that use standard appointment
scheduling policies in more detail (e.g., by explicitly
considering day and time of the appointment, patient
preferences, etc.) and investigate the connection
between optimal panel sizes and show-up probabili-
ties. Proving analytical results may not be possible,
but investigation via a simulation study would likely
be fruitful.
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Note

1The queue length at the appointment time serves as a
proxy for the delay that the patient will experience. Note
that there is no one-to-one relationship between the queue
length at the time of an appointment request arrival and
the expected delay until the appointment. In particular,
the expected delay for any two patients who see the same
number of appointments upon their request may be dif-
ferent in practice because of the times (e.g., nights and
weekends) during which the clinic will be closed. How-
ever, for a clinic which sees the same number of patients
everyday, the difference is guaranteed to be less than one
workday under the assumption that the clinic is open all
workdays.
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