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This paper examines the effect of the common practice of reserving slots for urgent patients in a primary health care
practice on two service quality measures: the average number of urgent patients that are not handled during normal

hours (either handled as overtime, referred to other physicians, or referred to the emergency room) and the average queue of
non-urgent or routine patients. We formulate a stochastic model of appointment scheduling in a primary care practice. We
conduct numerical experiments to optimize the performance of this system accounting for revenue and these two service
quality measures as a function of the number of reserved slots for urgent patients. We compare traditional methods with the
advanced-access system advocated by some physicians, in which urgent slots are not reserved, and evaluate the conditions
under which alternative appointment scheduling mechanisms are optimal. Finally, we demonstrate the importance of patient
arrival dynamics to their relative performance finding that encouraging routine patients to call for same-day appointments is
a key ingredient for the success of advanced-access.
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1. Introduction
Providing timely service is a key goal of primary
health care service providers. In its report, Crossing the
Quality Chasm: A New Health System for the 21st Cen-
tury, the Institute of Medicine’s Committee on Quality
Care in America (2001) recognized timeliness as one
of the six key measures for improvement of the qual-
ity of health care in the United States. Unfortunately
in most primary care practices, patients wait days for
the next available appointment. The paper addresses
how appointment systems balance long appointment
queues with the need to see urgent patients.

Routine and urgent patients are essentially two classes
of demand that are competing for the resources of the
practice. Urgent patients are those that must receive
same-day care. The categorization of a patient as urgent
or routine is not entirely medical. For some cases,
the patient’s symptoms would lead the physician to
categorize him as urgent. In other cases, it is more the
patient’s own sense of urgency that drives the catego-
rization. Routine patients are those that can wait. When
fewer resources are available to routine patients the
result is a long appointment queue that delays care for
these patients. The ill effects of long delays for routine
appointments are delay in care, lost patients, and
no-shows. Because urgent patients must, by definition,
receive same-day care, reducing the resources available

to them leads to a variety of phenomenon. Urgent pa-
tients are often seen in overtime hours, squeezed into the
existing schedule by double booking, or referred to other
physicians or emergency clinics thus breaking the con-
tinuity of care. For the purpose of this paper, we will
refer to patients seen outside of normal appointment
slots, by one of the above methods, as urgent overflow
patients. All of the above approaches to handling urgent
overflow patients impose costs on the practice, in terms
of some combination of pressure on staff, their work
hours, quality of care, or in-office patient waiting. There-
fore, minimizing the number of urgent overflow patients
is also an important performance goal for primary care.

The appointment scheduling system used by a
medical practice is the mechanism by which resources
are allocated to routine and urgent patients. There are
many appointment scheduling systems observed in
practice, and each physician may operate in his own
idiosyncratic way. However, these scheduling systems
can be broadly characterized, see Murray and Berwick
(2003), as being one of three models, the traditional
model, the carve-out model, and the advanced-access
model. The traditional model stratifies appointment
demands into two streams: urgent (same-day) and
routine. In this model, a patient contacts a receptionist,
who, after consultation with a nurse or the doctor,
determines the urgency of the incoming call. Routine
patients are scheduled several days or weeks into the
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future while urgent patients are often scheduled by
double booking an appointment slot because most
slots have been scheduled in advance for the routine
patients. Murray and Berwick (2003) argue that such a
system performs inefficiently as it results in wasted
capacity and/or inflated demand. Triaging reduces
the time available to see patients and double booking
can lead to high in-office waiting time for patients,
which in turn may cause physicians to rush patients
through the visit, potentially requiring more future
visits. The carve-out model operates in a similar
manner to the traditional model but reserves some
number of appointment slots for urgent care. Murray
and Berwick (2003) suggest that physicians often
reserve more carve-out time than is strictly needed to
meet the urgent demand, thus causing longer queues
for routine patients and moreover wasting time triaging
and scheduling patients. Murray and Tantau (2000)
and Murray and Berwick (2003) advocate the adoption
of the advanced-access model in order to reduce the
delays in health care. The advanced-access system, as
defined by them, differs from the traditional and carve-
out models in several important ways. First, advanced-
access does not distinguish between routine and urgent
patients so no triaging is necessary. Second, all patients
are offered appointments on the same day they call, so
there will be a relatively small appointment queue.
Third, patients are encouraged to call for appointments
the day or the day before they want to come. Such a
system will lead to reduced waiting times for patients,
but it may increase the number of patients that are
handled during overtime. The fundamental philosophy
of advanced-access can be summarized as ‘‘do today’s
work today.’’ To implement advanced-access success-
fully, a practice must work down the backlog of
appointments and make sure that its capacity to sup-
ply service is well matched with its patient panel’s
demand. The main goal of this paper is to use math-
ematical models of the above scheduling systems to
compare how they manage the competing objectives of
small routine patient queues and low urgent overflow.

Our models are based on the common scheduling
approach termed carve-out, which reserves a fraction
of the daily capacity (or slots) for urgent patients.
Under carve-out, appointment slots are designated
either routine or urgent. While urgent patients may be
scheduled in routine slots when all urgent slots are
filled, routine patients are never assigned to urgent
slots. If no slots are available, routine patients
are scheduled for later days while urgent overflow
patients are assumed to be satisfied in one of the
ways described above. By definition, in carve-out pol-
icies the urgent slots cannot be assigned to routine
patients. In this paper, we define zero-carve-out
as giving same-day appointments to patients on a
first-come-first-serve basis, and if the current day’s

capacity is full, carrying over appointments of routine
patients to the next day and satisfying all urgent
overflow on the same day in one of the ways
described above. This approach is similar to the tra-
ditional approach described above. Finally we model
advanced-access, as zero-carve-out with the subtle
difference that no distinction is made between routine
and urgent patients and all are given same-day care.
An important element of advanced-access, as defined
by Murray and Berwick (2003), is that patients are
encouraged to call for appointments as close as pos-
sible to the time they want their appointment.
Therefore, we also model the relative timing of rou-
tine and urgent call arrivals and investigate how it
affects the performance of the different scheduling
mechanisms. We find that this plays a very important
role in facilitating the success of advanced-access and
in determining system performance. Another pre-
scription for advanced-access is that supply and
demand should be well balanced, therefore we con-
struct two versions of our models, one in which supply
and demand are well balanced and one in which they
are not. We find that overloaded systems do not work
well with advanced-access unless the handling of
urgent overflow is relatively inexpensive compared
with patient delay. Finally we also investigate, for a
two-physician practice, how the appointment schedul-
ing mechanism influences continuity of care. We find
evidence that in group practices advanced-access im-
proves continuity of care.

While many doctors believe that the delays are the
inevitable result of overloaded practices, others believe
(Murray and Berwick 2003) that quite often these waits
are due to the inefficient operating procedures of the
service provider’s office, and not due to resource scar-
city. While there are many cases cited as advanced-
access successes (Murray and Berwick 2003), there is
also resistance to this approach from physicians
(Shuster 2003). Some critics of advanced-access seem
to show a lack of understanding of the queueing
dynamics that underlie the operation of a primary care
practice. This lack of understanding is not unexpected
as physicians rarely have training in industrial engi-
neering or related fields. It is exacerbated by the fact
that the advocates for advanced-access have relied on
heuristic arguments and examples of medical practices
to advance their case rather than rigorous system mod-
els. One goal of this paper is to put the comparison of
these different primary care appointment scheduling
systems on a more rigorous footing.

In the next section, we review the relevant litera-
ture. In section 3, we formulate a model of patient
service with a constant average arrival rate and an-
alyze two special cases of the model. In section 4, we
formulate a model with queue dependent arrival rates
to capture situations in which supply and demand are
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not well matched. We present results of numerical
experiments comparing the alternative appointment
scheduling systems in section 5 and summarize our
findings in section 6.

2. Literature Review
Out-patient scheduling has been well studied in the
operations research literature (see Bailey 1952, Jackson
et al. 1964, Vissers and Wijngaard 1979, Cayirli and
Veral 2003, Denton and Gupta 2003, Cayirli et al. 2008.
Most of these papers study the application of appoint-
ment scheduling rules with patient in-office waiting
time as the service criteria. In contrast, the literature in
advanced-access focuses on the time between the pa-
tient’s request and the scheduled appointment time.
O’Hare and Corlett (2004) present benefits of the
advanced-access system beyond decreasing the back-
logs experienced by a medical practice. They suggest
that the advanced-access patient scheduling along
with matching patients with their primary care phy-
sician (PCP) results in better-compensated physicians
who provide additional services to patients. Accord-
ing to O’Hare and Corlett (2004), such a scheduling
practice leads to more efficient clinic operations be-
cause it reduces the number of triage nurses required
and the use of urgent-care services or the emergency
room. Other studies, O’Connor et al. (2006), Mehrotra
et al. (2008), Belardi et al. (2004), Bennett and Baxley
(2008), and Phan and Brown (2009) have also at-
tempted to empirically determine the impact of
advanced-access on a variety of practice performance
measures. All of these studies have shown shorter de-
lays for appointments. O’Connor et al. (2006) show
fewer missed appointments. Belardi et al. (2004) have
shown improved continuity of care while Phan and
Brown (2009) have found it degraded this measure.
Interestingly, there was noticeable variability across
these studies in how advanced-access was defined and
implemented. For example, Bennett and Baxley (2008)
used carve-out as part of their advanced-access imple-
mentation, which is clearly inconsistent with how it is
defined by Murray and Berwick (2003). Therefore, we
think there is value to mathematically modeling the
key features of advanced-access in this paper to add
more rigor to the discussion of its performance.

Robinson and Chen (2009) model appointment
scheduling for a single provider to compare traditional
and advanced-access systems. Their focus is on the
impact of no-shows, which we do not model here
but they consider only one class of patients. They do
not distinguish between urgent and routine patients.
Gerchak et al. (1996) study advanced scheduling of
elective surgery when time of elective surgery, arrivals
of emergency surgery, and time of emergency surgery
are all uncertain. Their system is analogous to ours, in

that the elective and emergency surgeries are analogous
to routine and urgent patients, respectively. Their ob-
jective is to minimize the time required for all surgeries
over regular time and the penalty for not scheduling
some elective surgeries for that day. The key difference
between our work and Gerchak et al. (1996) is that they
assume that the demand for all elective surgeries for the
day is known before the schedule is decided. In our pa-
per we assume that patients call one by one (all before
the day’s work begins) and receive appointments when
they call. To provide a patient with an appointment
when he calls, the capacity of the day (and future days)
needs to be known. Therefore, we look at a static capacity
reservation policy, which we believe is most appropriate
for our setting. In Gerchak et al. (1996), the schedule for
each day is made only at the beginning of the day,
therefore they examine a queue dependent acceptance
rule for elective surgeries. Further, Gerchak et al. (1996)
assume that all routine demand arrives before ‘urgent’
demand (by definition). We relax this assumption in our
paper and we characterize the trade-off between the
equilibrium queue of routine patients and the urgent
overflow as a function of the urgent reservation level and
the arrival pattern of urgent and routine patients.

Gupta and Wang (2008) develop a Markov decision
process model for appointment booking in order to
maximize revenue by modeling patient choice explic-
itly. They argue that a patient’s perception of urgency
is an important factor in determining his overall sat-
isfaction, that is, a patient who perceives his need to
be urgent incurs a higher cost of not being served on
the same day. Similar to Gerchak et al. (1996), in
Gupta and Wang (2008), all routine patients arrive
first because they describe all patients that request
same-day appointments as urgent patients. Green and
Savin (2005) model the process of scheduling patients
for a doctor’s office as a dynamic program, with a
T-day horizon. They determine daily threshold values
that control the number of routine appointments
offered for that day in order to maximize the reve-
nue of the practice. Our focus is different than these
papers, in that we focus on the effects of reserving
capacity for urgent patients and the impact of the
arrival dynamics of urgent and routine patients on the
queue of routine patients and urgent overflow.

3. Model Formulation
Although individual practices differ, our experience
observing primary care facilities (Dobson et al. 2009)
suggests the following description is typical. A pri-
mary care practitioner receives calls from patients
seeking appointments throughout the day. However,
there is often a high call volume early in the morning,
followed by a low call volume throughout the rest of
the day. While the time required to provide care at a
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physician’s office varies from patient to patient, med-
ical offices schedule appointments using standard-
sized slots. Thus, we model the day as a number of
slots, c, suppressing the details of how long a patient
waits within a day. Service time variability will not
change the number of routine patients seen during a
particular day because routine patients are seen on an
appointment basis. Service time variability may po-
tentially induce an in-office wait for patients, but it
does not change their expected time between the day
of request for an appointment and the day of ap-
pointment. The office receives calls from patients with
varying levels of urgency. We classify patients into
two categories of urgency: urgent patients and routine
patients. A patient calling for a routine appointment
will be given the first available slot on or after the day
he requests his appointment. If he does not receive a
slot on his requested day he is placed in the queue,
which we call the routine queue. Urgent patients are
those patients that request to be seen the same day
and the doctor agrees need to be seen on that day.

The appointment process works as follows. A pa-
tient calls on day T and requests an appointment for
day T1t. If the patient is urgent (t 5 0), he is given an
appointment on day T, if one is available in either an
urgent slot or an unreserved routine slot. If one is not
available, he becomes an urgent overflow patient and
is handled according to the policy for this practice,
e.g., seen in overtime on day T, or sent to another
facility or physician. If the patient is routine, then he is
given an appointment right away for the next avail-
able routine slot on or after T1t.

In our model we make the following operating
assumptions:

A1. Demand on a particular day is the number of
patients who want to be seen by the physician
on that day and not the number of patients who
physically call on that day

A2. Patients call one by one with appointment
requests

A3. Patients with same-day appointment requests
call at the beginning of the day (before the work
begins)

A4. Patients are offered appointments based on
availability of open slots at the point in time
when they call

A5. A routine patient accepts the first available
appointment on or after his preferred date

A6. An urgent patient is scheduled in a routine slot if
no urgent slot is available and a routine slot is
empty for that day

A7. There is no reneging from the routine queue

A8. There is no balking from the routine queue

A9. Arrivals of routine and urgent patients are
independent

Assumption A1 is a simple re-arrangement of de-
mand and hence is not limiting. Assumption A2 is a
close representation of reality as the probability of re-
ceiving two or more patient calls at the same time is
negligible. Further, Assumption A2 allows us to se-
quence the arrival of routine and urgent appointment
requests. Assumption A3 limits the state space of our
mathematical model because it allows us to avoid
tracking the exact timing of appointment requests.
Gupta and Wang (2008) similarly assume that urgent
patients arrive at the start of the workday and Gupta
and Denton (2008) provide an illustrative example of
the arrival process of calls to a primary care clinic
where they observe that call volumes to the clinic are
highest at the start of the day. A limitation of this
assumption is that it ignores the possibility that some
reserved urgent and unscheduled routine slots may
not be utilized, even if there exists demand for the
day, due to the late arrivals of some requests. This
assumption implies that our model underestimates
both the urgent overflow as well as the routine queue
length. We do not believe this limitation is significant
because a practice can place the urgent slots later in
the day. If routine patients are scheduled sequentially
from the earliest available slot, such a strategy greatly
diminishes the likelihood of having unused slots for
the day. Assumption A4 is consistent with how pa-
tients obtain appointments from their PCPs in reality.
Assumptions A3 and A5 ensure that there are no lost
slots because of the timing of requests. Assumption 6
conforms to practice. Assumption A7 is not often seen
in reality, however, if routine patients decide to renege
from the queue and not inform the physician’s office
(i.e., become a no-show, visit another physician, or go
to the emergency room), that action does not affect the
queue, because it leaves the slot unused. Assumption
A8 is relaxed later in the paper when we examine a
model that is overloaded. Assumption 9 is standard.

We use the following notation:

c Capacity of the practice (number of patients that
can be seen daily)

cu Capacity reserved for urgent patients

cr Daily unreserved capacity, i.e., cr 5 c–cu, nomi-
nally for routine patients

qk Length of routine queue at the beginning of day k

�q Average length of the routine queue, E(qk)

Du
k Number of urgent patients that request an

appointment for day k (all patients call at the
beginning of day k)

Dr
k Number of routine patients that request an

appointment for day k (all patients call one by
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one on some day before or at the beginning of
day k; calls can arrive over different days)

pr(x) Probability that demand of routine patients on a
particular day is x

pu(x) Probability that demand of urgent patients on a
particular day is x

lr Mean daily demand of routine patients

lu Mean daily demand of urgent patients

l Mean daily demand of all patients, lr1lu

ak Number of urgent overflow patients for day k

�a Average daily number of urgent overflow
patients, E(ak)

Sk Number of routine slots occupied by urgent
patients on day k

Note that the exact definition of Sk depends on the
sequence in which routine and urgent patients arrive
for day k and we make this precise later in this section.

One measure of performance is the length of the
queue at the beginning of the day, before any same-
day requests, which we denote as qk. The length of the
queue is the number of patients who requested ser-
vice for a previous day but remain unserved on day k.
The queue length on day k11, qk11, satisfies:

qkþ1 ¼ qk þDk
r þ Sk � cr

� �þ
; ð1Þ

where [x]1 is max(x, 0).
Let us examine the collection of patients repre-

sented by the sum qk1Dr
k. Those represented by qk

requested their appointments for day k� 1 or earlier
and were not served by day k� 1. Those represented
by Dr

k requested an appointment on day k and will be
served on day k or later. They all received an ap-
pointment when they called. It would, of course, be
possible to keep a detailed accounting of who was
assigned each day, and at each point in time describe
the state vector of who is scheduled over the future
days. Yet, for our purpose, which is to measure the
queue length, qk11, on morning k11, i.e., those re-
questing service before k11 who are not yet served by
the beginning of day k11, we need to know only the
quantities in Equation (1).

Let us consider a small example. First we discuss
how patients would actually receive slots if they were
placed in the order they called, and then we discuss
how our model will assign them to slots and show that
in terms of the queue length there is no difference. As-
sume all the previously booked patients called last
week and received an appointment for the day they
requested. Call the patients on Tuesday T1, . . ., Tn� 1, the
patients on Wednesday, W1, . . ., Wn� 1, the patients on
Thursday, R1, . . ., Rn, and the patients on Friday, F1 and
F2, where n 5 cr. On Monday, three new routine pa-
tients, A, B, and C, call (in that order) and request

service for Tuesday. The schedules for Tuesday and
Wednesday are nearly booked. There is one free slot
available for both days. Thursday is completely booked,
and Friday has many open slots (see Figure 1). Patient
A receives an appointment for Tuesday, patient B re-
ceives an appointment for Wednesday, and patient C
receives an appointment for Friday. No other patients
call until Friday morning. The queue length is the
number of patients who requested an appointment for
a previous day but were carried over to a later day. The
queue lengths at the beginning of each day are 0, 2, 1,
and 1 for Tuesday, Wednesday, Thursday, and Friday,
respectively. First note that A, B, and C are not in queue
on Tuesday morning because they requested an ap-
pointment on Tuesday. The fact that they called earlier
does not put them in the queue for Tuesday morning.

For our model, patients can be viewed as requesting
their appointments on the day they want their appoint-
ments and we process first the queue from the previous
day and then the requests for that day as suggested by
Equation (1). Thus for our example, patients T1, . . .,
Tn� 1, A, B, and C all request an appointment for Tues-
day and T1, . . ., Tn� 1, and A would be placed on
Tuesday. Patients B and C would be queued to the
next day and would be in the queue on Wednesday
morning. We could alternatively view patients W1, . . .,
Wn� 1 as requesting appointments for Wednesday. Pa-
tients B and C would be scheduled on Wednesday as
well as W1, . . ., Wn� 2. Patient Wn� 1 would be carried
over to Thursday morning. Patients R1, . . ., Rn then re-
quest appointments for Thursday. Patients Wn� 1 and
R1, . . ., Rn� 1 would receive slots on Thursday. Patient Rn

would be carried over to Friday morning. It is impor-
tant to see that, although the sequencing of patients is
different, the queue lengths at the beginning of Tuesday
through Friday are the same, namely 0, 2, 1, and 1. The
average delay incurred by patients is not affected by the

Monday Tuesday Wednesday Thursday Friday

Full

Open Open

Open

Full
Full

Full

Appointment
Requests

Patient A

Patient C

Patient B

Start of Day Queue: 0 12 1

Figure 1 Example of Patient Arrival and Appointment Scheduling Process
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sequence. Thus Equation (1) needs to track only the
queue length.

The number of urgent overflow patients for day
k11 is,

akþ1 ¼ ðDkþ1
u � cuÞþ � Skþ1: ð2Þ

We model the objective function of the doctor’s
office as a profit maximization problem defined
below,

max
cu2f0;:::;cg

Rrlr þ Rulu �W�qðcuÞ �H�aðcuÞ; ð3Þ

where Rr is the value generated from a routine patient,
Ru is the value earned from an urgent patient, W is the
waiting cost (e.g., loss of good-will) per day of a routine
patient, and H is the cost incurred for an urgent over-
flow patient (e.g., cost of overtime, loss of revenue due
to emergency room referral). To simplify the presenta-
tion, without loss of generality, we adjust the units so
that W 5 1. Given this adjustment, it can be easily seen
that the maximization problem in (3) can be reduced to
the following cost minimization problem:

min
cu2f0;:::;cg

�qðcuÞ þH�aðcuÞ: ð4Þ

In this model, all patients are eventually served; we
call this the base model. In section 4 we introduce an
alternative model for environments with queue depen-
dent arrival rates of routine patients. We call this the
overload model. In section 5 we investigate the sensitivity
of the optimal cu to the parameter H and different pa-
tient arrival dynamics. We also compare performance
with that of the advanced-access system as defined by
Murray and Berwick (2003). Advanced-access is equiv-
alent to the system we have modeled above with zero-
carve-out and with all patients being treated as urgent.

Next we present mathematical formulations of two
special cases of the model described above in which
we specify Sk in terms of known quantities in the
model. In the first we assume that the demand of
routine patients ‘‘arrives’’ first, before the demand of
urgent patients. In the second special case we assume
urgent patients arrive first, before the routine patients.
Considering these special cases simplifies the analy-
sis. Clearly reality is somewhere in between but the
results from the special cases provide bounds on the
general system performance.

3.1. Routine Patients Arrive First
For this section we assume that all routine patients
arrive before the urgent patients, hereafter referred to
as routine-first. Routine patients are likely to call before
the day they want to see the physician, and because
we are defining the demand of a particular day as the
number of patients who wanted appointments for that
day, it makes sense to view routine patients as ‘‘ar-
riving’’ first. That is, the routine demand already

physically existed in the system but was only ac-
counted for in our model on that day. Urgent patients
by definition are those patients who call on a partic-
ular day and must be seen on the same day; therefore,
their demand physically arrives on the same day. We
also assume that both routine and urgent demand
follow the Poisson distribution. Based on the assump-
tions, we obtain Sk 5 minf(Du

k � cu)1, (cr� qk�Dr
k)1g.

Substituting for Sk in Equation (1) we obtain the fol-
lowing expression for the queue length:

qkþ1 ¼ ½qk þDk
rþminfðDk

u � cuÞþ; ðcr � qk �Dk
rÞ
þg � cr�þ

¼ ½qk þDk
r � cr�þ: ð5Þ

Let Pr(q|Q) be the probability that qk11 5 q given
that qk 5 Q then

PrðqjQÞ ¼
prðq�Qþ crÞ if q40;

Pcr�Q

i¼0

prðiÞ if q ¼ 0:

8><
>: ð6Þ

LEMMA 1. The Markov chain defined by (5) with transition
probabilities given by (6) has a stationary distribution if
and only if the mean demand of routine patients, lr, is less
than the daily unreserved capacity of the clinic, cr (� c).

The proofs of all results are contained in the Appendix.
Lemma 1 provides a simple test for determining

whether too many slots have been allocated to urgent
patients thus making the system unstable. The number
of urgent overflow patients on day k can be expressed as

ak ¼ ðDk
u � cuÞþ �minfðDk

u � cuÞþ; ðcr � qk �Dk
rÞ
þg

¼ ½ðDk
u � cuÞþ � ðcr � qk �Dk

rÞ
þ�þ: ð7Þ

The quantity (Du
k � cu)1 gives us the number of ur-

gent patients in excess of dedicated urgent slots for the
day. The quantity (cr� qk�Dr

k)1 is the number of rou-
tine slots for the day that are not assigned to routine
patients (because routine patients are assumed to arrive
before urgent patients). Thus, the average number of
urgent overflow patients each day is given by �a ¼ E½ak�.

3.2. Urgent Patients Arrive First
In this section, we assume that all urgent patients ar-
rive before the routine patients, hereafter referred to
as urgent-first. This is an extreme case that we do not
expect to see in practice but find to be a mathemat-
ically convenient benchmark. First, patients in the
queue are assigned to the routine slots and, if any
remain, they queue to the next day identically to the
routine-first case. Then, urgent patients are allocated
to the urgent slots, any remaining routine slots, and
overflow in that order. Note, to be consistent with the
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routine-first case, we assume that routine patients are
not scheduled during slots reserved for urgent pa-
tients even if those slots are vacant.

For this special case, it is possible to allow the left-
over routine patients that arrive on a particular day to
be scheduled in the unused urgent slots. Because all
routine patients call for same-day appointments and
all urgent patients arrive before the routine patients,
there is no negative effect of allocating routine pa-
tients to unused urgent slots. Such a policy would
make better use of capacity and reduce the routine
queue length and in turn reduce the average urgent
overflow because a reduced routine queue implies
more available routine slots for the excess urgent pa-
tients. We do not take this approach here because we
model this extreme case for the sole purpose of gen-
erating bounds on our two performance measures. If
we allow routine patients to be scheduled in unused
urgent slots, then the two performance measures ob-
tained in this case will not act as bounds for our
general realistic setting where arrivals of routine and
urgent patients are mixed. Moreover, we would like
this case to be consistent with the definition of carve-
out policies for which urgent slots can be used only
for urgent patients. Based on these assumptions we
obtain Sk 5 minf(Du

k � cu)1, (cr� qk)1g. Substituting
for Sk in Equations (1) and (2) yields

qkþ1 ¼ ½qk þmin½ðDk
u � cuÞþ; ðcr � qkÞþ�

þDk
r � cr�þ;

ð8Þ

ak ¼ ½ðDk
u � cuÞþ � ðcr � qkÞþ�þ: ð9Þ

Let Pr(q|Q, y) be the probability that qk11 5 q given
that qk 5 Q and Du

k 5 y. Thus we obtain the following
expression for Pr(q|Q, y):

PrðqjQ; yÞ¼

prðq�Qþ crÞ Q � cr;

prðq�Qþ c� yÞ Qocr; y � cu;Qþ y� cu � cr; q40;

Pcr�Q�ðy�cuÞ

i¼0

prðiÞ Qocr; y � cu;Qþ y� cu � cr; q¼ 0;

prðqÞ Qocr; y � cu;Qþ y� cu4cr;

prðq�Qþ crÞ Qocr; yocu; q40;

Pcr�Q

i¼0

prðiÞ Qocr; yocu; q ¼ 0:

8>>>>>>>>>>>>><
>>>>>>>>>>>>>:

ð10Þ

LEMMA 2. The Markov chain defined by Equation (8) has a
stationary distribution if and only if the mean demand of
routine patients, lr, is less than the daily unreserved
capacity of the clinic, cr( � c).

3.3. Analysis
We want to investigate how the performance of the
practice changes with the number of slots in a day that
are reserved for urgent patients, cu, hereafter referred

to as the reservation level. Let �qrðcuÞ, �quðcuÞ, and �qðcuÞ be
the average length of the routine queue, for a given cu,
for the cases in which routine patients arrive first,
urgent patients arrive first, and the arrivals are mixed,
respectively. Similarly, let �arðcuÞ, �auðcuÞ, and �aðcuÞ be
the average urgent overflow, for a given cu.

PROPOSITION 1. �qrðcuÞ � �qðcuÞ � �quðcuÞ.

PROPOSITION 2. �auðcuÞ � �aðcuÞ � �arðcuÞ.

PROPOSITION 3. �qrðcuÞ, �quðcuÞ, and �qðcuÞ are increasing in
cu, the reservation level.

4. Model with Queue Dependent
Demand Rate (Overload Model)

In the previous section we assumed that no matter how
long the queue is, a routine patient will always make an
appointment. In reality a routine patient may seek an
appointment with another physician when he cannot
get an appointment with his physician within his
desired time frame, or he may choose not to go to a
physician at all. In such a case the demand rate of
routine patients will be a decreasing function of the
length of the routine queue. The demand rate of urgent
patients will still be constant because these patients are
always seen on the same day and hence are not affected
by queue lengths. For the purpose of this analysis, we
assume that the observed routine demand rate when the
queue is of length q, lr(q), is given by, [lr� eq]1, where lr

is the underlying demand rate of routine patients, q is
the length of the routine queue, and e40 is a parameter
representing the sensitivity of routine patients to the
queue length. We also assume that the physician will
not give any appointments beyond a certain queue
length, M. This assumption is not limiting if we consider
M as the panel size of the physician’s practice.

LEMMA 3. The system described above is an irreducible,
aperiodic, and positive recurrent Markov chain and thus
has a steady-state distribution for both the urgent- and
routine-first cases.

4.1. The Optimization Problem with Queue
Dependent Arrival Rate
Let �LrðcuÞ be the average throughput of routine
patients given a reservation level cu. The optimization
problem for the doctor’s office is

max
cu2f0;:::;cg

Rr
�LrðcuÞ þ Rulu �W�qðcuÞ �H�aðcuÞ: ð11Þ

Again, we adjust the units to make W 5 1, and the
optimization problem can be reduced to

max
cu2f0;::;cg

FðcuÞ ¼ Rr
�LrðcuÞ � �qðcuÞ �H�aðcuÞ; ð12Þ
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because lu is constant. It is easy to see that the optimal
reservation level is non-decreasing in H and non-
increasing in Rr.

4.2. Approximation for the Overload Scenario
In this section we present a simple heuristic method to
determine the optimal reservation level for an over-
loaded system with queue dependent arrival rates,
i.e., one in which the base demand exceeds the
capacity. Owing to the heavy load conditions we can
write down the following intuitive approximations:

1. �LrðcuÞ ¼ cr:
2. �qðcuÞ ¼ lr�cr

e :
3. �aðcuÞ ¼ E½ Du � cuð Þþ�:

The first is the result of assuming that, with a
heavily loaded system and thus a long queue, the
routine patients will capture all the routine slots and
thus cr will be the throughput of routine patients. The
second uses the first and the function for observed
demand, lr(q), and solves for the queue length. The
third simply says that urgent patients use only the cu

urgent slots. In numerical experiments we find these
approximations to be extremely robust. For example,
with a total capacity of 20 slots, a routine arrival rate
of 28 or greater leads to differences of o2% in the
objective function between the approximation and
simulated values. Substituting these approximations
into (12) yields

max
cu2f0;:::;cg

FðcuÞ ¼ Rrðc� cuÞ �
lr � cþ cu

e

�HE½ðDu � cuÞþ�:
ð13Þ

To solve the maximization problem we compute the
marginal value of an additional slot reserved for ur-
gent patients, namely

DFðcuÞ ¼ Fðcu þ 1Þ � FðcuÞ ¼

� Rr þ
1

e

� �
þHð1� PrðDu � cuÞÞ:

ð14Þ

It is easy to see that DF(cu) is decreasing in cu be-
cause Pr(Du � cu) is increasing in cu, therefore, there
exists a unique cu that maximizes the profit function.
The optimal cu is the least value of cu such that

Pr Du � cuð Þ � H � Rr � 1=e
H

: ð15Þ

We find that the reservation level determined by
this heuristic technique is highly accurate when com-
pared with that produced by our numerical
experiments. We can see from the structure of Equa-
tion (15) that the optimal reservation level is very
sensitive to the relative values of the various revenue
and penalty parameters.

5. Numerical Experiments
In this section we evaluate the system performance for
different reservation levels for both the base and over-
load models. A day’s work for an internal medicine
practice typically involves seeing 20–25 patients. For our
numerical computations we take c 5 20. Different values
of c give us the same insights as the value we have
chosen. We conducted numerical studies for different
values of lr and lu. Again, the insights from all the ex-
periments are similar; hence, we present only a subset of
our experiments in this paper. The parameter values for
the additional numerical experiments were chosen from
the range cAf20, 25g, lrAf15, 17.5g, and luAf5, 10g.

For the special cases of routine-first and urgent-first
we perform exact calculations in the numerical stud-
ies. To analyze the more realistic situation in which
urgent and routine case arrivals are mixed together
we use Monte Carlo simulations. In these simulations,
the demand of urgent and routine patients for a par-
ticular day is each given by the Poisson distribution.
First, we schedule any routine patients in queue left
over from the previous day. Next, we generate the
day’s demand for urgent and routine patients for that
day, and finally we sequence the arrivals of the later
two groups. To do this last step, we generate a uni-
form [0, 1] random number for each patient. If the
number is less than a parameter p, which indicates the
tendency of urgent patients to arrive before routine
patients, then we schedule one patient from the ur-
gent list, otherwise one from the routine list. This
procedure is repeated until all the demand for the day
has been scheduled. Using these three parameters (lu,
lr, and p) allows us to specify different cases for the
arrival dynamics while keeping constant the relative
load of the two patient types on the system. The sim-
ulation was run for a period of 100,000 iterations
with a run-in period of 1000 iterations to determine
the two performance measures. The run length and
the run-in period were found to be sufficient to ensure
convergence to steady state. More details about the
simulation are available on request.

The remainder of this section is organized as fol-
lows. In section 5.1 we present the results of numerical
experiments on our base model. We present graphs
that illustrate Propositions 1, 2, and 3. We then show
the impact of both H and p on the total cost and the
corresponding optimal scheduling policy. In section
5.2 we present the results of the overload case and in
section 5.3 we analyze a case in which the primary
health care practice has two physicians.

5.1. Base Model Results
Before determining the optimal reservation level we
look at each component of the objective function,
Equation (4), independently to better understand the
main factors driving the results. In Figure 2, we plot
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the average length of the routine queue as a function
of the reservation level, cu. Each series in Figure 2
represents a different demand arrival scenario,
urgent-first (p 5 1), routine-first (p 5 0), or simulations
of the intermediate cases with p in f0.75, 0.5, 0.25g.

Figure 2 shows that, consistent with Proposition 1,
the length of the routine queue for a given cu increases
with p. We also see, not surprisingly, that the routine
queue increases with cu (or with decreasing cr) in all
scenarios, and, as cu exceeds three, this increase is
quite rapid. For advanced-access the routine queue
will, by definition, always be zero.

In Figure 3, we plot the daily average number of
urgent overflow cases as a function of the arrival
dynamics (p) for different reservation levels. For
advanced-access, this quantity is constant across

p and is shown as a benchmark. The figure shows
that the average urgent overflow for a given cu de-
creases with p (see Proposition 2). We also see that for
low values of p (when routine patients are mostly ar-
riving first), increasing the reservation level decreases
the urgent overflow because it prevents the routine
patients from completely filling the schedule. But,
when p increases this relationship reverses and in-
creasing the reservation level increases urgent overflow.
This increase occurs because an increase in cu causes the
routine queue to increase, which reduces the room for
urgent patients in the routine appointment slots. We
also note that except for the lowest values of p, in ab-
solute terms the amount of urgent overflow is not
strongly affected by cu. Finally, we see that advanced-
access leads to significantly more overflow than the
carve-out approaches because in advanced-access no
patients are allowed to queue.

Figure 4 shows a bubble plot of the optimal cost and
scheduling policy (AA stands for advanced-access)
as a function of H for different arrival patterns for
routine and urgent patients. We let H range from 0.05
to 30. If we assume that it takes a physician 20 minutes
to treat an urgent case, then an H of 30 is similar to
saying that we value 20 minutes of physician (plus
staff and facility) work during overtime 30 times more
than a 1-day delay that a patient experiences in seeing
his physician. According to a cost survey of family
practices (MGMA 2008), if we average total practice
costs across patient encounters the average cost
of handling a visit is approximately US$120, which
overstates the marginal cost because it includes fixed
costs. Scaling by the conventional 1.5 to reflect overtime
gives US$180 per visit. The range of H 5 0.05 to 30 is
equivalent to patients valuing 1 day of delay from
US$3600 to US$6. Therefore, we believe an upper bound
of 30 gives a sufficient range for the true value of H.
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In a typical medical practice that allows routine
patients to book appointments in advance, we expect
p to be small or zero. However, one tenet of advanced-
access is not to book routine patients in advance but
rather to have them call the day they want service.
Such a policy would have urgent and routine patients
mixed together randomly suggesting a p closer to 0.5.
Therefore, in Figure 4, we examine the impact of both
p and H on total costs and optimal scheduling poli-
cies. The size of the bubbles in Figure 4 represents the
scaled total cost of the system. Figure 5 summarizes
Figure 4 showing which of the three scheduling pol-
icies is optimal in the H–p space. For a given H and p,
and arrival rates lr, lu a primary care practice can
choose its optimal policy based on figures like Figures
4 and 5. For example, if a practice has determined that
the value of H 5 15 and p 5 0.25, then the optimal
policy is to reserve two slots for urgent patients. The
figures are based on numerical experiments where
HAf0.05, 0.55, . . ., 30.05g and pAf0, 0.125, . . ., 1g. For
clarity we only present a subset of the results in Figure
4. Readers can request the results of the complete set
of numerical experiments from the authors.

We see that for a fixed value of H it is optimal to
reserve more capacity for smaller values of p than for
larger values because when routine patients come first
they get better access and are less likely to queue
while urgent cases are forced into overflow. For p
fixed and low, as H increases it is optimal to reserve
more capacity because you want to reduce urgent
overflow. We can also clearly see that for low values of
p, the range of H values for which it is optimal to
reserve no capacity for urgent cases is smaller than for
larger p. For high values of H (H � 13.55 for our range

of parameters), the cost is decreasing in p. Therefore,
getting routine patients to call for appointments closer
to the date when they want to come decreases costs
and facilitates zero-carve-out scheduling. The critical
thing to note is that for our range of parameter values,
if p � 0.5 it is not optimal to reserve any capacity for
urgent patients even if the cost of overflow is very
high. For intermediate values of H, HA[7.05, 13.55)
and HA[4.05, 7.05), the cost is minimum at p 5 0.5
and p 5 0.25, respectively. Note at both these ranges of
H, the cost is minimized at a value of p, where
zero-carve-out policy is optimal. Further note that for
lower values of H, advanced-access or zero-carve-out
policies are optimal irrespective of the value of
p. This illustrates the importance of this element of the
capacity reservation operating principles. Modifying
patient appointment-making behavior, for intermediate
to high values of H, is a key success factor to imple-
mentation of no-reservation systems. As overflow costs
increase, however, pure advanced-access becomes less
attractive and even while it may be optimal to have no
reserved capacity for urgent patients it may be optimal
to allow queuing of routine patients so that the practice
does not incur too much overflow.

Another benefit of advanced-access, not captured in
our analysis above, is that it greatly reduces the tri-
aging and office-to-patient communications needed to
set up appointments. In particular, under advanced-
access, it is never necessary to determine if a patient is
urgent while under more traditional approaches it is.
With carve-out scheduling, the scheduler must deter-
mine who is allocated to the urgent slots and even
with zero-carve-out it is necessary to know which
patients to handle as overflow when the current day’s
appointment schedule is full. As a result under
advanced-access the labor required per visit is reduced
and therefore cost is potentially reduced. We view the
cost of triaging as a fixed cost and therefore one should
view Figures 4 and 5 as underestimating the range for
which advanced-access would be optimal.

5.2. Results for the Overload Model
The results of the numerical experiments from section
5.1 are based on parameter values that ensure stabil-
ity, i.e., demand and capacity are well matched. In
practice, physicians may take on too many patients or
may fall behind because of short-term capacity short-
ages, for example, their own or staff vacations. Our
model of queue dependent demand rates is designed
to capture these phenomena by allowing demand to
exceed capacity for limited periods.

Figures 6 and 7 present the average length of
the routine queue and the average urgent overflow for
both the routine-first and urgent-first cases with
the demand rate of routine patients dependent on
the queue length, q. For our experiments, we assume

Figure 5 Optimal Policy in the H–p Space (c = 20, kr = 15, and ku = 5)
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lr(q) 5 [l0� eq]1, l04c, and e40. In this case the rou-
tine queue is almost always greater than the daily
capacity, and therefore all the urgent patients that
cannot be scheduled in the urgent slots are almost
always seen during overtime. Thus in this overload
scenario, the routine-first and urgent-first cases per-
form similarly. The number of appointment slots
reserved for urgent patients has a strong impact on
both performance measures and it is clear that in an
overloaded practice improving one measure is at the
expense of the other. The implication is that one
cannot effectively implement advanced-access in a
practice with insufficient capacity.

5.3. Model of Practice with Two Physicians
Many primary care practices are organized as group
practices. In typical group practices, individual phy-

sicians have their own patient panels yet cover for
each other to improve patient access to care. If a pa-
tient calls for an appointment with his physician, he
may be offered an earlier appointment with a different
physician in the group who has an available appoint-
ment slot. We refer to cases in which a patient sees a
physician other than his primary physician as ‘‘cross-
overs.’’ While the option of cross-over can improve
access by taking advantage of physician resource
pooling, it can reduce continuity of care, which may
ultimately reduce care quality. There are a variety of
protocols a practice can use for offering patients cross-
over appointments and, of course, patients choose
whether or not to accept them. Our goal here is not to
identify the optimal protocol but rather to gain insight
into how the appointment scheduling mechanism, i.e.,
traditional, carve-out, or advanced-access, affects con-
tinuity of care in a group practice. In this section we
use a simulation model of a simple cross-over proto-
col in a two-physician practice to investigate how the
appointment scheduling mechanism influences the
trade-off between access and continuity of care. In our
simulation model we assume that there are two phy-
sicians A and B and that each arriving patient is a
member of panel A or B with equal probability. In a
practice with carve-outs for urgent patients, we as-
sume that patients are allocated to physicians each
day as follows. If there is a queue of routine patients
then they are handled sequentially. An A-patient will
be assigned to a routine slot for physician A, and if
there are none, a routine slot for physician B, and if
there are none, he will be queued to the next day.
A new arrival of a routine A-patient is assigned to
a routine slot for physician A, and if there are none, a
routine slot for physician B, and if there are none, he
will be queued to the next day. A new arrival of an
urgent A-patient is assigned an urgent slot with phy-
sician A. If none is available, then the following
sequence is followed: routine slot with physician A,
urgent slot with physician B, routine slot with phy-
sician B, and finally he becomes an overflow patient
for physician A. B-patients are handled analogously
for these three cases. In the case of advanced-access,
there is no distinction made between urgent and rou-
tine patients and no queue is maintained. An arriving
patient is assigned to his physician first, and, if there
are no slots available, he is seen by the other physi-
cian. If there no slots available for either physician
then this patient is overflow and each physician sees
her own overflow patients in overtime, i.e., there is no
cross-over in overtime.

For our numerical experiments we simulate a prac-
tice with two doctors using the same parameter
values we used in the base model above. Each phy-
sician is assumed to have 20 appointment slots
available each day. For each physician the arrival rate
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is 15 per day for routine patients and 5 per day for
urgent patients. In addition to computing the system
cost using the objective function in Equation (4) we
calculate the expected number of cross-over cases per
day as a measure of (lack of) continuity of care, i.e.,
when the number of cross-over cases is low then the
level of continuity of care is high.

In Figure 8, we plot the expected daily number of
cross-over patients as a function of urgent reservation
level for the scenario when routine patients call first
(p 5 0) and when routine and urgent patient calls are
interspersed (p 5 0.5). We also plot the expected daily
cross-over for advanced-access as a benchmark. It is
clear from the figure that as the reservation level in-
creases, continuity of care is diminished and that
continuity of care is better for advanced-access vs. the
alternative scheduling mechanisms. Increasing the
number of slots reserved for urgent cases potentially
wastes capacity and increases the average queue
length. The wasted capacity causes more routine
patients to cross-over. Some of the routine patients
in the queue may also cross-over. In advanced-access
systems, there is no wasted capacity and no queue.
There may be somewhat more overflow work but we
have assumed that this work is done without cross-
over. As a result advanced-access has better continuity
of care.

In Figure 9, we plot the relative cost improvement
of a two-physician practice over a single-physician
practice in which the optimal scheduling mechanism
is used for different values of the relative cost of
overtime to waiting time. The cost reduction fraction
is computed as (2C1�C2)/(2C1), where C1 and C2 are
the optimal costs (routine waiting1urgent overflow)

of a single-physician and two-physician practice, re-
spectively. In the same plot we show the expected
daily cross-over. First we observe that the resource
pooling of a group practice yields benefits between
20% and 30% over the solo practice. We note that there
are some kinks in these graphs because as H changes
the optimal reservation changes for both the single
and two-doctor practices, but these policies do not
necessarily change at the same points. To achieve
these benefits, the practice must take on some degra-
dation in the continuity of care. When H is low and it
is optimal to operate with advanced-access, approx-
imately 5% of visits are cross-over visits. For higher
values of H, it is optimal to push more work into a
queue and in these cases the method leads to more
cross-over (approximately 10%) as patients take the
first available physician. If a practice seeks to maintain
better continuity of care, it must sacrifice some of the
benefits of group practices. The results presented here
overstate the amount of cross-over that occurs be-
cause we assume that patients will seek the earliest
available appointment without regard to continuity of
care, while in reality this may not be true.

5.4. Implementation
To implement this model in practice, as a decision-
making tool, requires estimating several parameters,
in particular, arrival rates, revenue rates, overflow
patient costs, and the cost of waiting. Some of these
will have both objective and subjective components.
In general we do not believe these to be particularly
difficult to derive.

Arrival and revenue rate parameters can be derived
from historical data on types of visits and insurance

E
xp

ec
te

r 
F

ra
ct

io
n

 o
f 

C
ro

ss
-O

ve
r

p = 0.5

p = 0

PureAdvancedAccess

0.12

0.13

0.11

0.09

0.1

0.08

0.07

0.06

0.04

0.05

0 1 2 3 4

Reservation level

Figure 8 Expected Daily Fraction of Cross-over Patients vs. Urgent
Reservation Level

0.350.35

0.3

0.25

0.3

0.20.2

0.25

0.150.15

%
 C

o
st

 r
ed

u
ct

io
n

0.10.1

0.05

0

0.05
p = 05, % cost reduction

p = 0, % cost reduction

p= 0,Cross-Over

0
0

5 10 15 20 25 30

H

F
ractio

n
 o

f C
ro

ss-O
ver

Figure 9 Cost Improvement and Expected Daily Fraction of Cross-over of
Two-Physician Practice over Single Physician with Optimal
Scheduling vs. Relative Cost of Overtime to Waiting Time

Dobson, Hasija, and Pinker: Reserving Capacity for Urgent Patients in Primary Care
Production and Operations Management 20(3), pp. 456–473, r 2011 Production and Operations Management Society 467



reimbursements. The cost of an urgent overflow
patient can be viewed as the marginal cost of seeing
an additional patient scaled by some factor for the
inconvenience of working late. This cost will have an
objective component that involves the marginal
labor rates for overtime of support staff as well as
additional variable costs for keeping the practice
open later such as energy usage. In a physician-owned
practice, there is also the subjective question of the in-
dividual physician’s indifference point for staying at
work later.

The cost of waiting appears to be the most challeng-
ing parameter to estimate. However, there are a variety
of approaches to take. For example, determining the
cost of waiting for surgery in Canada is addressed in a
study conducted for the Canadian Medical Association
2008. Alternatively, a practice could query its panel
to determine a reservation price for being delayed in
receiving an appointment by 1 day, a strategy that
marketing professionals do regularly. Thus, while po-
tentially involved the problem of parameter estimation
seems solvable.

6. Conclusions and Extensions
In this paper, we investigated the carve-out and
advanced-access appointment scheduling systems
and evaluated the assertions of the advocates of
advanced-access appointment scheduling. Our nu-
merical experiments and simulations show that in a
practice that is not overloaded (i.e., lroc), the optimal
policy (advanced-access, zero-carve-out, or cu40, i.e.,
carve-out) depends both on the ratio of the cost of
handling an urgent overflow patient to the cost of
delaying a patient, parameter H, and on the arrival
dynamics of the urgent and routine patients, captured
in the parameter p. For very low values of H, ad-
vanced-access is optimal for all values of p. For higher
values of H, carve-out is better with the amount of
carve-out increasing in H. For a given H, the form of
the solution is further affected by the arrival dynam-
ics. Higher values of p, where a larger percentage of
urgent cases make appointments first, result in
lower costs and fewer reserved urgent slots. This ob-
servation supports the assertions of advocates for
advanced-access who suggest that physicians encour-
age patients to call on the day they want to be seen.
For overloaded practices, the arrival dynamics do not
influence the optimal reservation level. In such a sys-
tem, the trade-off between the benefit of serving a
routine patient and the cost of not serving an urgent
patient (or serving the urgent patient during over-
time) determines the optimal reservation level.

Although a physician is unlikely to be able to sub-
stantially affect the parameter p for her practice (why
tell a patient who has called in to make an appoint-

ment for a few days hence that he should call back on
the desired day), the results of this paper suggest
the following positive feedback loop. If carve-out is
being used, then an increase in p results in fewer
reserved urgent slots to minimize system costs. This
change will, in turn, reduce the average queue and
then the experience of the patient in terms of the like-
lihood of getting an appointment when calling on his
desired appointment day would be better, i.e., more
likely to get the appointment that day, thus making it
more likely he would call on the desired appointment
day for his next appointment, which implies an in-
crease in p.

We have presented a simplified view of practice
operations that has focused on appointment schedul-
ing and not on the details of the execution of those
visits during the day, in order to understand when a
policy of zero-carve-out or advanced-access may be
better. There are a number of issues that occur in
practice that could be studied to enrich our under-
standing of advanced-access and other scheduling
policies further. In the following, we discuss some
real-life issues faced by primary health care practices
that are not captured in our study. We have assumed
that service times are constant for all cases. In practice,
there is variability in patient visit durations. We do
not think this assumption is very limiting because
physicians can modulate their work pace. During a
session, if a physician falls behind schedule because
one patient visit has taken longer than expected she
could shorten the time she spends with others. Also,
variability in visit time will affect the variability in the
hours worked in a day (and thus potentially affect
the number of slots the doctor makes available) and
the patient’s in-office waiting time but not the two
measures we investigated.

Another extension would be to model no-shows
and double booking. Many practices experience some
rate of no-shows and some use double booking
and increasing panel size as a means to maintain
high utilization of the physician. There is some em-
pirical evidence to show that reducing queue length
can reduce the no-show rate and the need for double
booking (Moore et al. 2001). Furthermore, Robinson
and Chen (2009) have shown in their models, in which
they consider only a single class of patients, that
advanced-access policies dominate traditional double-
booking policies for a wide range of system parameters.
It would be interesting to see whether advanced-access
is again a robust solution with both urgent and routine
patients. Intuitively, no-shows without double booking
create a loss of capacity and thus a loss of revenue for
the physician. Double booking may be able to maintain
the revenue on average but the variance in workload on
a day goes up so a would be affected. A careful analysis
of this interaction would be interesting.
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In practice, there are also different classes of appoint-
ments: standard visits, extended visits, physicals, etc.
The differences in service times across these appoint-
ment types are predictable but may affect the
appointment queuing dynamics as will the fact that
some appointments need to be scheduled farther ahead
for clinical reasons. We have also not modeled the fact
that a benefit of reducing the queue of routine patients
with advanced-access is that the practice avoids turning
routine patients into urgent patients because delayed
treatment has caused a patient’s health to deteriorate.
A potential extension of our model would make the
fraction of urgent patients (lu/(lu1lr)) endogenous
and dependent on the queue length. Our intuition, de-
veloped in this paper, suggests that this change would
tip the balance further in favor of advanced-access.

Finally we know that real-office practices experi-
ence transients that our steady-state model does not
capture. First, there will be reductions in capacity
when the physician must be out of the office for numer-
ous events: sickness, vacation, professional meetings.
Although physicians often form group practices to
help with such situations, it is clear that the capacity
of even group practices will vary over time for these
reasons. Second, there will be predictable patterns
of demand (Gupta and Denton 2008), e.g., Monday
will be heavier because people become sick over the
weekend, or August and September will be heavier as
schools restart. Third, there are unpredictable spikes
in demand such as a particularly virulent flu which
will cause demand to rise for a few weeks. Some
standard capacity and demand management tech-
niques can deal with the predictable portion of these
variations, yet this implies a deviation from the pure
policies that we suggest for the steady state. It would
be interesting to understand if dividing the patient
requests into a third stream of requests, e.g., physicals,
in addition to routine and urgent patients, and match-
ing the remaining demand with the remaining
capacity by scheduling the third stream appropri-
ately, leads to any adjustments to our understanding
of what policies are best. Lastly, as discussed earlier
we do not explicitly model the exact time of the ar-
rival of each appointment request. A more fine
grained simulation model is required to capture the
real-life dynamics of arrivals of patient calls.
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Appendix. Proofs
PROOF OF LEMMA 1: The number of arrivals of routine
cases in a day is Poisson and cr40. Therefore the

Markov chain is irreducible and aperiodic. Assume
the stationary probabilities for the Markov chain exist.
If p(q) is the steady-state probability that the routine
queue length is q, then

pð0Þ ¼
Xcr

Q¼0

pðQÞ
Xcr�Q

i¼0

prðiÞ: ðA1Þ

pðqÞ ¼
Xcrþq

Q¼0

pðQÞprðq�Qþ crÞ; for q40: ðA2Þ

Define the generating functions, ~pðzÞ, ~prðzÞ for each
z in the open unit disk of the complex plane, as

~pðzÞ ¼
X1
q¼0

pðqÞzq; ðA3Þ

~prðzÞ ¼
X1
i¼0

prðiÞzi: ðA4Þ

Using Equations (A1)–(A4):

~pðzÞ ¼
Pcr�1

q¼0 pðqÞ
Pcr�q

i¼0 prðiÞðzcr � zqþiÞ
� �

zcr � ~prðzÞ
:

Now, since limz!1�~prðzÞ ¼ 1; @
~prðzÞ
@z

���
z¼1
¼ lr using

L’Hôpital’s rule we obtain

lim
z!1�

~pðzÞ ¼
Pcr�1

q¼0 pðqÞ
Pcr�q

i¼0 prðiÞðcr � q� iÞ
� �

cr � lr
:

However, since limz!1� ~pðzÞ ¼
P1

i¼0 pðiÞ, this implies
that stationary probabilities exist if and only if cr4lr. &

PROOF OF LEMMA 2: The Markov chain is irreducible
and aperiodic as the number of routine and urgent
arrivals for a day follow Poisson distribution and
cr40. Assume the Markov chain is positive recurrent.
This implies that stationary probabilities exist. We use
a similar procedure as in proof of Lemma 1 to show
that stationary probabilities exist if and only if cr4lr.
Let p(q) be the steady-state probability that the queue
length of the routine cases is equal to q,

pðqÞ ¼
X1
Q¼0

X1
y¼0

Prðqkþ1 ¼ qjqk ¼ Q;Dk
u ¼ yÞpuðyÞpðQÞ:

The steady-state probabilities are

pð0Þ ¼

prð0ÞpðcrÞ þ
Pcr�1

Q¼0

Pcrþcu�Q

y¼cu

Pcr�Q�ðy�cuÞ

i¼0

prðiÞ
 !

puðyÞpðQÞ

þ
Pcr�1

Q¼0

P1
y¼crþcu�Qþ1

prð0ÞpuðyÞpðQÞ

þ
Pcr�1

Q¼0

Pcu�1

y¼0

Pcr�Q

i¼0

prðiÞ
� �

puðyÞpðQÞ

8>>>>>>>>>><
>>>>>>>>>>:

9>>>>>>>>>>=
>>>>>>>>>>;
:

ðA5Þ
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and for q40,

pðqÞ ¼

Pcr�1

Q¼0

pðQÞ
Pcrþcu�Q

y¼cu

prðqþ cr �Q� ðy� cuÞÞpuðyÞ
 

þ
P1

y¼crþcu�Qþ1

prðqÞpuðyÞ þ
Pcu�1

y¼0

prðqþ cr �QÞpuðyÞ

þ
P1

Q¼cr

pðQÞ
P1
y¼0

prðq�Qþ crÞpuðyÞ
 !

8>>>>>>>>>><
>>>>>>>>>>:

9>>>>>>>>>>=
>>>>>>>>>>;
:

ðA6Þ

Define the generating functions, ~pðzÞ, ~prðzÞ for each
z in the open unit disk of the complex plane as

~pðzÞ ¼
X1
q¼0

pðqÞzq; ðA7Þ

~prðzÞ ¼
X1
i¼0

prðiÞzi: ðA8Þ

Using Equations (A5)–(A8) we obtain

~pðzÞ ¼
Pcr�1

q¼0 pðqÞ½Fðz; qÞ þ Gðz; qÞ þHðz; qÞ�zcr

zcr � ~prðzÞ
;

where

Fðz; qÞ ¼
Xcu�1

y¼0

puðyÞ
Xcr�q

i¼0

prðiÞ þ ~prðzÞzq�cr

 

�zq�cr
Xcr�q

i¼0

ziprðiÞ
!
;

Gðz; qÞ ¼
Xcrþcu�q

y¼cu

puðyÞ
Xcr�q�ðy�cuÞ

i¼0

prðiÞ þ ð~prðzÞ
 

�
Xc�q�y

i¼0

ziprðiÞÞzqþy�c

!
;

Hðz; qÞ ¼ 1�
Xc�q

y¼0

puðyÞ

0
@

1
A~prðzÞ �

~prðzÞzq

zcr
:

Now, since limz!1� ~prðzÞ ¼ 1; @
~prðzÞ
@z

���
z¼1
¼ lr using

L’Hôpital’s rule we obtain

Because limz!1� ~pðzÞ ¼
P1

i¼1 pðiÞ cr4lr. &

PROOF OF PROPOSITION 1: In order to prove �qrðcuÞ �
�qðcuÞ � �quðcuÞ, it is sufficient to show that the
following two inequalities hold for a given cu (see
Shaked and Shanthikumar, 1994):

Q0
r � q0 � q0

u ðA9Þ

and

E½qkþ1
r jqk

r ¼ qr� � E½qkþ1jqk ¼ q� � E½qkþ1
u jqk

u ¼ qu�
whenever qr � q � qu:

ðA10Þ

We know that qkþ1 ¼ ½qþDk
r þ Sk � cr�þ, qkþ1

r ¼ ½qr þ
Dk

r � cr�þ and qkþ1
u ¼ ½qu þmin ðDk

u � cuÞþ; ðcr � quÞþ
	 


þDk
r � cr�þ.

As Sk is the number of routine slots occupied by
urgent patients on day k, Sk � (Du

k � cu)1 and Sk �
(cr� qk)

1. Therefore, 0 � Sk � min[(Du
k � cu)1, (cr� qk)

1].
Thus, whenever qr � q � qu,

E½qkþ1
r jqk

r ¼ qr;D
k
u;D

k
r � � E½qkþ1jqk ¼ q;Dk

u;D
k
r �

� E½qkþ1
u jqk

u ¼ qu;D
k
u;D

k
r �:

) E½qkþ1
r jqk

r ¼ qr� � E½qkþ1jqk ¼ q� � E½qkþ1
u jqk

u ¼ qu�:

Also, qr
0 5 q0 5 qu

0 5 0. &

PROOF OF PROPOSITION 2: We first prove that
�auðcuÞ � �aðcuÞ. For this proof it is sufficient to show
that for a given demand realization (Du

1 , Du
2, . . ., Du

N),
(Dr

1, Dr
2, . . ., Dr

N)8N � 0 the following two conditions
hold:

1. a0� au
0 � 0.

2.
PN

k¼0ðak � ak
uÞ � 0 given

PN�1
k¼0 ðak � ak

uÞ � 0:

By definition qu
0 5 q0 5 0.

Assume that qu
k� 1 � qk� 1. It was shown in the proof

of Proposition 1 that qu
k � qk.

Thus by induction, qu
k � qk � 0 8 k � 0.

Therefore, in order to show that conditions 1 and 2
hold, it is sufficient to show that the following two
conditions hold:

(A) a0� au
0 � qu

1 � q1.

(B)
PN

k¼0ðak � ak
uÞ � qNþ1

u � qNþ1 givenPN�1
k¼0 ðak � ak

uÞ � qN
u � qN:

lim
z!1�

~pðzÞ ¼

Pcr�1
q¼0 pðqÞ

Pcu�1
y¼0 PuðyÞ

Pcr�q
i¼0 ðcr � q� iÞprðiÞ

	 

þ
Pcrþcu�q

y¼cu
puðyÞ

n
Pcr�q�ðy�cuÞ

i¼0 prðiÞðc� q� y� iÞ þ ðy� cuÞ
� �

þ 1�
Pc�q

y¼0 puðyÞÞðcr � qÞ
� �

cr � lr
:
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Now

ak
u ¼½ðDk

u � cuÞþ � ðcr � qk
uÞ
þ�þ

¼ðDk
u � cuÞþ �min½ðDk

u � cuÞþ; ðcr � qk
uÞ
þ�:

ak ¼ðDk
u � cuÞþ � Sk

¼ðDk
u � cuÞþ �min½ðDk

u � cuÞþ; ðcr � qk � ~Dk
rÞ
þ�;

where ~Dk
r is the number of routine patients that got a

same-day appointment on day k.
In order to show that condition (A) is satisfied, we

need to show that the following holds:

min½ðD0
u � cuÞþ; cr� �min½ðD0

u � cuÞþ; ðcr � ~D0
r Þ�

� q1
u � q1:

ðA11Þ

By definition qu
1 5 [Dr

01min[(Du
0 � cu)1,cr]� cr]

1 and
q1 5 [Dr

01min[(Du
0 � cu)1,(cr�Dr

0)]� cr]
1.

We examine all possible cases:
Case 1: qu

1, q1 6¼0.
) q1

u � q1 ¼ min½ðD0
u � cuÞþ; cr� �min½ðD0

u � cuÞþ;
ðcr � ~D0

r Þ�;
Case 2: qu

1 6¼0 and q1 5 0.
Equation (A11) can be rewritten as �min½ðD0

u �
cuÞþ; ðcr � ~D0

r Þ� � D0
r � cr.

As q1 5 0, the above inequality holds, therefore
(A11) holds.

Case 3: qu
1 5 q1 5 0.

We know that min½ðD0
u � cuÞþ; cr� �min½ðD0

u � cuÞþ;
ðcr � ~D0

r Þ� � 0.
Therefore (A11) as well as condition (A) hold.

Assume that
PN�1

k¼0 ðak � ak
uÞ � qN

u � qN . We now

want to show
PN

k¼0ðak � ak
uÞ � qNþ1

u � qNþ1 in order
to complete the proof.

XN

k¼0

ðak � ak
uÞ � qN

u � qN þ aN � aN
u :

Therefore it is sufficient to show

aN � aN
u � ðqNþ1

u � qN
u Þ � ðqNþ1 � qNÞ; ðA12Þ

where aN � aN
u ¼ min½ðDN

u � cuÞþ; ðcr � qN
u Þ
þ� �

min½ðDN
u � cuÞþ; ðcr � ~DN

r � qNÞþ�.
Again we examine all cases.
Case 1: If qu

N, qN � cr , then (qu
N11� qu

N)� (qN11� qN)

5 0 and min½ðDN
u � cuÞþ; ðcr � qN

u Þ
þ� �min½ðDN

u� cuÞþ;
ðcr � ~DN

r � qNÞþ� ¼ 0:
Hence, (A12) holds.
Case 2: If qu

N � cr and qNocr, then min½ðDN
u � cuÞþ;

ðcr � qN
u Þ
þ� ¼ 0.

(i) If qN þDN
r þmin½ðDN

u � cuÞþ; ðcr � ~DN
r � qNÞþ�

�cr � 0, then qN þDN
r � cr � �min½ðDN

u � cuÞþ;
ðcr � ~DN

r � qNÞþ�.
Therefore, (qu

N11� qu
N)� (qN11� qN) 5 Dr

N� cr1qN

� aN� au
N.

Hence, (A12) holds.

(ii) If qN þDN
r þmin½ðDN

u � cuÞþ; ðcr � ~DN
r � qNÞþ��

cr40, then ðqNþ1
u � qN

u Þ � ðqNþ1 � qNÞ ¼ �min½ðDN
u �

cuÞþ; ðcr � ~DN
r � qNÞþ�.

Hence, (A12) holds.
Case 3: If qu

N, qNocr.

(i) If qN þDN
r þmin½ðDN

u � cuÞþ; ðcr � ~DN
r � qNÞþ� �

cr40 and qu
N1Dr

N1min[(Du
N� cu)1,(cr� qu

N)1]� cr40,
then

ðqNþ1
u � qN

u Þ � ðqNþ1 � qNÞ ¼ min½ðDN
u � cuÞþ; ðcr � qN

u Þ
þ�

�min½ðDN
u � cuÞþ; ðcr � ~DN

r � qNÞþ�:

Hence, (A12) holds.
(ii) If qN þDN

r þmin½ðDN
u � cuÞþ; ðcr � ~DN

r � qNÞþ� �
cr � 0 and qNu1Dr

N1min[(Du
N� cu)1,(cr� qu

N)]� cr40.
(A12) holds because: (qu

N11� qu
N)� (qN11� qN) 5

Dr
N1min[(Du

N� cu)1, (cr� qu
N)1]� cr1qN, and

DN
r þmin½ðDN

u � cuÞþ; ðcr � qN
u Þ
þ� � cr þ qN

� min½ðDN
u � cuÞþ; ðcr � qN

u Þ
þ�

�min½ðDN
u � cuÞþ; ðcr � ~DN

r � qNÞþ�:

(iii) If qN þDN
r þmin½ðDN

u � cuÞþ; ðcr � ~DN
r � qNÞþ�

�cr � 0 and qu
N1Dr

N1min[(Du
N� cu)1,(cr� qu

N)1]
� cr � 0.

(a) If min[(Du
N� cu)1, (cr� qu

N)1] 5 (cr� qu
N)1 then

min½ðDN
u � cuÞþ; ðcr � qN

u Þ
þ� �min½ðDN

u � cuÞþ;
ðcr � ~DN

r � qNÞþ� � ðcr � qN
u Þ
þ � ðcr � ~DN

r � qNÞþ

� qN � qN
u :

(b) If min[(Du
N� cu)1, (cr� qu

N)1] 5 (Du
N� cu)1 and

min½ðDN
u � cuÞþ; ðcr � ~DN

r � qNÞþ� ¼ ðDN
u � cuÞþ, then

min½ðDN
u � cuÞþ; ðcr � qN

u Þ
þ� �min½ðDN

u � cuÞþ;
ðcr � ~DN

r � qNÞþ� ¼ 0 � qN � qN
u :

(c) If min[(Du
N� cu)1,(cr� qu

N)1] 5 (Du
N� cu)1 and

min½ðDN
u � cuÞþ; ðcr � ~DN

r � qNÞþ� ¼ ðcr � ~DN
r � qNÞþ,

then ðDN
u � cuÞþ � ðcr � ~DN

r � qNÞþ � 0.

) min½ðDN
u � cuÞþ; ðcr � qN

u Þ
þ� �min½ðDN

u � cuÞþ;
ðcr� ~DN

r � qNÞþ� � 0 � qN � qN
u .

We have shown for all possible cases that (A12)
holds. This completes the proof of the first part.

We now have to prove that �aðcuÞ � �arðcuÞ. For this
proof it is sufficient to show that for a given demand
realization (Du

1, Du
2, . . ., Du

N), (Dr
1, Dr

2, . . ., Dr
N)8N � 0 the

following two conditions hold

1. a0
r � a0 � 0.

2.
PN

k¼0ðak
r � akÞ � 0 given

PN�1
k¼0 ðak

r � akÞ � 0:

Using a method similar to the one used in the
earlier proof it is easy to show that the above
mentioned conditions hold. &
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PROOF OF PROPOSITION 3: It is sufficient to show that �q(cu)
is increasing in cu because �qrðcuÞ and �quðcuÞ are special
cases. Assume ĉu � cu. Let qkðĉuÞ ¼ q̂k and qk(cu) 5 qk.
We want to show that for a given demand realization
(Du

1, Du
2, . . ., Du

k11), (Dr
1, Dr

2, . . ., Dr
k11)8k � 0 the fol-

lowing two conditions hold:

1. q̂0 � q0:
2. q̂kþ1 � qkþ1 if q̂k � qk:

Condition 1 holds because q̂0 ¼ q0 ¼ 0:

By definition, q̂kþ1 ¼ q̂k þDk
r þmin ðDk

u � ĉuÞþ;
	�

ðc� ĉu � q̂k � D̂k
rÞ
þÞ � cþ ĉu�þ and qkþ1 ¼ qk þDk

r

�
þ

min ðDk
u � cuÞþ;

	
ðc� cu � qk � ~Dk

rÞ
þÞ � cþ cu�þ, where

~Dk
r and D̂k

r are the number of routine patients that got
a same-day appointment on day k with cu and ĉu,
respectively. We examine all cases.

Case 1: If qk � c� cu and q̂k � c� ĉu:
q̂kþ1 ¼ q̂k þDk

r � cþ ĉu

� �
and qk11 5 [qk1Dr

k� c1cu].
As q̂k � qk and ĉu � cu, condition 2 holds.
Case 2 (i): If qkoc� cu, q̂k � c� ĉu and qk11 5 0 then

condition 2 holds as q̂kþ1 � 0:
Case 2 (ii): If qkoc� cu, q̂k � c� ĉu and qk1140, then

q̂kþ1 � qkþ1 ¼ q̂k þ ĉu � qk

�min ðDk
u � cuÞþ; ðc� cu � qk � ~Dk

rÞ
þ	 

� cu

� q̂k þ ĉu � qk � cþ cu þ qk þ ~Dk
r � cu

¼ q̂k þ ĉu � cþ ~Dk
r � 0:

Hence condition 2 holds.
Case 3: If qkoc� cu, and q̂koc� ĉu:
For this case in order to show condition 2 holds, it is

sufficient to show

ðq̂k � qkÞ þ ðĉu � cuÞ
� min ðDk

u � cuÞþ; ðc� cu � qk � ~Dk
rÞ
þ	 


�min ðDk
u � ĉuÞþ; ðc� ĉu � q̂k � D̂k

rÞ
þ

� �
:

ðA13Þ

(i) If minððDk
u�ĉuÞþ; ðc� ĉu�q̂k � D̂k

rÞ
þÞ¼ðDk

u � ĉuÞþ
min ðDk

u � cuÞþ; ðc� cu�qk � ~Dk
rÞ
þ	 

�minððDk

u � ĉuÞþ;
ðc� ĉu � q̂k � D̂k

rÞ
þÞ � ðDk

u � cuÞþ � ðDk
u � ĉuÞþ:

(a) If (Du
k � cu)1 5 0 and ðDk

u � ĉuÞþ ¼ 0, then (A13)
holds, which implies that condition 2 holds.

(b) If (Du
k � cu)1 5 Du

k � cu and ðDk
u � ĉuÞþ ¼ 0:

Here Dk
u � ĉu � 0. This implies that Dk

u � cu �
ĉu � cu. Therefore (A13) holds.

(c) If (Du
k � cu)1 5 Du

k � cu and ðDk
u � ĉuÞþ ¼ Dk

u � ĉu,
then (A13) holds.

(ii) If minððDk
u � ĉuÞþ; ðc� ĉu � q̂k � D̂k

rÞ
þÞ ¼ ðc� ĉu

�q̂k�D̂k
rÞminððDk

u � cuÞþ; ðc� cu � qk� ~Dk
rÞ
þÞ�

minððDk
u � ĉuÞþ; ðc� ĉu � q̂k � D̂k

rÞ
þÞ � ðq̂k � qkÞ þ

ðĉu � cuÞ � ð~Dk
r � D̂k

rÞ:

It can be shown that ð~Dk
r � D̂rkÞ � 0, which implies

that (A13) holds. &

PROOF OF LEMMA 3: The arrivals for both the urgent and
routine cases is given by the Poisson distribution. The
probability of starting from any state (state space
being the routine queue length) and reaching state
zero and then to any other state is 40. Therefore, the
chain is irreducible. Also Prðqkþ1 ¼ 0jqk ¼ 0Þ4

Pcr
i¼0ð

prðiÞpuðcr � iÞÞ40 for any k � 0, thus this irreducible
chain is aperiodic.

An irreducible aperiodic Markov chain has either
all transient states or all null recurrent states in which
case there exists no stationary distribution or has all
positive recurrent states in which case there exists a
unique steady-state distribution (Ross 1992). Thus, in
order to complete this proof we need to show that not
all states in this chain are transient or null recurrent.

Define Pk
ij ¼ Prðqkþm ¼ jjqm ¼ iÞ, i.e., the probability

that the process goes from state i to state j in k steps. The
state space for this chain is f0, 1, . . ., Mg. Thus we have

XM
j¼0

Pk
ij ¼ 1; 8i 2 f0; 1; :::;Mg; 8k � 0:

If state j is transient or null recurrent, then Pij
k ! 0

as k! 1. If this held for all states, we would obtain
the condition 1 ¼ limk!1

PM
j¼0 Pk

ij ¼
PM

j¼0 limk!1
Pk

ij ¼ 0, which is a contradiction. Therefore, not all
states can be transient or null recurrent. &

References

Bailey, N. T. J. (1952). A study of queues and appointment systems
in hospital outpatient departments, with special reference to
waiting times. J. R. Stat. Soc. B 14: 185–199.

Belardi, F. G., S. Weir, F. W. Craig. (2004). A controlled trial of an
advanced access appointment system in a residency family
medicine center. Fam. Med. 36: 341–345.

Bennett, K. J., E. G. Baxley. (2008). The effect of a carve-out advanced
access scheduling system on no-show rates. Fam. Med. 41(1):
51–56.

Cayirli, T., E. Veral. (2003). Outpatient scheduling in health care: A
review of literature. Prod. Oper. Manag. 12(4): 519–549.

Cayirli, T., E. Veral, H. Rosen. (2008). Assessment of patient classification
in appointment system design. Prod. Oper. Manag. 17(3): 338–344.

Canadian Medical Association. (2008). The Economic Cost of Wait
Times in Canada. Prepared for Canadian Medical Association by
Centre for Spatial Economics. Milton, Ontario, Canada.

Denton, B., D. Gupta. (2003). A sequential bounding approach
for optimal appointment scheduling. IIE Trans. 35: 1003–1016.

Dobson, G., E. Pinker, R. L. Van Horn. (2009). Division of Labor in
Medical Office Practices. Manuf. Serv. Oper. Manage. 11: 525–537.

Gerchak, Y., D. Gupta, M. Henig. (1996). Reservation planning for
elective surgery under uncertain demand for emergency sur-
gery. Manage. Sci. 42(3): 321–334.

Green, L., S. Savin. (2005). Designing appointment systems for
outpatient healthcare facilities. Presented at the INFORMS
Conference, San Francisco, November 2005.

Gupta, D., B. Denton. (2008). Appointment scheduling in health
care: Challenges and opportunities. IIE Trans. 40: 800–819.

Dobson, Hasija, and Pinker: Reserving Capacity for Urgent Patients in Primary Care
472 Production and Operations Management 20(3), pp. 456–473, r 2011 Production and Operations Management Society



Gupta, D., L. Wang. (2008). Revenue management for a primary-care
clinic in presence of patient choice, working paper. Oper. Res. 56:
576–592.

Institute of Medicine, Committee on Quality of Health Care in Amer-
ica. (2001). Crossing the Quality Chasm: A New Health System for the
21st Century. National Academy Press, Washington, DC.

Jackson, R. R. P., J. D. Welch, J. Fry. (1964). Appointment systems in
hospitals and general practice. Oper. Res. Q. 15: 219–237.

Mehrotra, A., L. Keehl-Markowitz, J. Z. Ayanian. (2008). Imple-
menting open-access scheduling of visits in primary care
practices: A cautionary tale. Ann. Int. Med. 148: 915–922.

MGMA. (2008). Cost Survey for Single-Specialty Practices—2008
Report Based Upon 2007 Data. Medical Group Management
Association.

Moore, C. G., P. Wilson-Witherspoon, J. C. Probst. (2001). Time and
money: Effects of no-shows at a family practice residency clinic.
Fam. Med. 33: 522–527.

Murray, M., D. M. Berwick. (2003). Advance access: Reducing waiting
and delays in primary care. J. Am. Med. Assoc. 289: 1035–1040.

Murray, M., C. Tantau. (2000). Same day appointments: Exploding
the access paradigm. Fam. Pract. Manag. 7: 45–50.

O’Connor, M. E., B. S. Matthews, D. Gao. (2006). Effect of open
access scheduling on missed appointments, immunizations,
and continuity of care for infant well-child care visits. Arch.
Pediat. Adolesc. Med. 160: 889–893.

O’Hare, C. D., J. Corlett. (2004). The outcomes of open access
scheduling. Fam. Pract. Med. 11: 35–38.

Phan, K., S. R. Brown. (2009). Decreased continuity of in a residency
clinic: A consequence of open access scheduling. Fam. Med. 41:
46–50.

Robinson, L. W., R. R. Chen. (2010). The effects of patient no-shows
on appointment scheduling policies. Manuf. Serv. Oper. Manage.
12: 330–346.

Ross, S. (1992). Applied Probability Models with Optimization Applica-
tions. Reprint edn. Dover Publications, Mineola, NY.

Shaked, M., J. G. Shanthikumar. (1994). Stochastic Orders and Their
Application. Academic Press, New York, NY.

Shuster, M. (2003). Letter to the editor re: Advanced-access sched-
uling in primary care. J. Am. Med. Assoc. 290(3): 332–333.

Vissers, J., J. Wijngaard. (1979). The outpatient appointment
system: Design of a simulation study. Eur. J. Oper. Res. 13:
459–463.

Dobson, Hasija, and Pinker: Reserving Capacity for Urgent Patients in Primary Care
Production and Operations Management 20(3), pp. 456–473, r 2011 Production and Operations Management Society 473


