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ABSTRACT
Current outpatient delivery systems have been problematic in their ability to effectively schedule
appointments and grant patients access to care. A better appointment system has demonstrated
improvement on these issues. The objective of this study is to develop a grid appointment system
to further improve the scheduling flexibility by determining the minimum length of appointment
slots that optimizes the total costs of patient waiting, physician idling, and overtime. This
minimum length is used for the patient type requiring the least amount of treatment time such as
return visit (RV), and multiplications of the minimum length are for patient types with longer
treatment such as new patients (NP). The results indicated that the proposed grid system adjusts
to demand changes at least 15% more cost-effective when grouping two RVs into an NP or
dividing an NP into two RVs compared to the base-line scheduling approaches that build around
the mean treatment time.

Keywords: health services, appointment, healthcare, outpatient scheduling, process
improvement

1. INTRODUCTION
Patient access to care and long wait times have long been recognized as major problems
in modern outpatient delivery systems. It impacts medical staff productivity, stress,
quality, and efficiency, as well as health-care cost and availability. The factors that may
affect the performance of outpatient delivery systems can vary greatly, such as the clinic
environment and condition, set of appointment policies used, punctuality of patients,
and demand uncertainty [1, 2]. To help alleviate negative effects from these factors, a
number of methods have been used to determine possible solutions, such as Monte
Carlo simulation [3], stochastic modeling [4, 5], dynamic/deterministic optimization
models [6, 7], and testing different scenarios for a clinical setting through simulation 
[8, 9]. Solutions that have been studied to improve outpatient delivery systems include
scheduling of resources [10, 11], studying forecasting models [12], evaluating patients
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before visits [13], the best sequence for scheduling patients [14], predicting patient
show or no-show [15], and adjusting appointment times [16]. One of the solutions that
is studied by many researchers is redesigning patient appointment templates, also
known as appointment rules. These rules determine how a patient may be scheduled
based on criteria, needs, and/or resource availability. These rules schedule patients into
blocks, where each block is considered an appointment slot and can be used for a single
patient or multiple patients [17]. The length of each block is commonly computed using
the method of minimizing costs of waiting [18-20] or just waiting itself [21]. Methods
that have been used to reduce waiting include determining when an empty appointment
slot should be placed [22] and evaluating what ancillary services a patient may need
before an appointment [23, 24]. Rather than a fixed length for each block, some
researchers studied another way of determining patient scheduling, called a Dome
Pattern scheduling scheme. This scheduling scheme works off of the concept that
appointment slot times gradually increase through to the middle of a clinic session and
then gradually decrease towards the end of the session to alleviate the effects of
physician lateness and service interruption [16] and the negative impacts from no-
shows and cancellations [25]. However, in reality, the most common existing method
we have seen to decide the block size is to apply the average value of physician
treatment time, which is presumably to be the easiest way rather than adopting a
complex algorithm. Once the number of blocks and their size are determined, patients
are scheduled according to their needs and conditions. Patients can also be scheduled
through a combination of scheduling rules [26]. The block scheduling systems are by
far the most commonly used methods.

Another method that is especially popular in primary care is the open-access
scheduling. Open-access is a concept that tries to schedule appointments for patients
during a relatively short scheduling horizon to prevent patients from becoming a no-
show. However, implementation can actually be difficult - especially for patients that
wish to obtain appointments [27-29]. This concept proposes to fulfill daily demand
regardless of clinic capacity which could be effective in meeting patients’ needs for
accessing appointments [30], accommodating walk-ins, and reducing the negative
impact of no-shows and cancellations [31], but could potentially burden clinics and
increase patient wait time [32]. One of the key issues that have not been studied to the
best of our knowledge is the flexibility of appointment scheduling slots. Many
researchers have conducted studies that tried to achieve so-called “flexible” scheduling,
but they are mostly algorithms that meet specific constraints according to facilities and
resources, such as the scheduling of physicians that meets federal guidelines and when
physicians prefer to have breaks [33-35]. Flexibility should be a concept that allows an
adjustment to an appointment scheduling that does not potentially incur extra costs or
change resource requirements, such as the change in the length of appointment slots to
meet the needs of patients without generating additional waiting for both patients and
physicians. Most appointment templates consist of multiple patient types and the slot
length of each patient type varies depending on physician treatment time [21]. The
number of slots for each patient type is estimated according to the forecast of demand
[36-38]. Although patient demand fluctuates daily, the common practice is to either
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keep the appointment slots to be the same or to develop a scheduling scheme that
accommodates these fluctuations, in that there are extra slots created for last minute
appointments [30]. Rather than dealing with daily demand changes for different types
of patients, some studies proposed to have a fixed-length appointment slot for all
patients regardless of the procedure needed [39]. This fixed-length appointment slot for
all patient types essentially embeds the high variation or uncertainty for physician
treatment time, which normally leads to higher patient wait time and physician idle time
[40]. As for the majority of clinics with schedules that have at least two patient types
such as new patients and return visit patients [41]. When patient demands come, they
incline to schedule patients into the appointment slots that are not designed for their
treatment duration, such as scheduling a return visit patient into a new patient slot or
vise versa. This creates the problem of waiting for both patients and physicians, which
could potentially lead to significant overtime.

In short, the block system is most effective when patients are scheduled into their
designed appointment slots and the open access approach may be able to adjust to 
daily patient demand, but will encounter long patient wait time and overtime. Some
clinics have used systems that require the minimum grid size. If the minimum grid is 
15 minutes, then for patients requiring longer treatment times will have to take an
increment of 15 minutes such as 30 or 45 minutes. The commonly used minimum grid
is either 10 or 15 minutes, supposedly, because of the assumption of average physicians’
treatment time. These systems using the minimum grid are certainly more flexible to
accommodate daily demand by combining or splitting appointment slots [42]. 
The question is how the minimum grid is determined. Therefore, this paper proposes to
develop a unique approach to determining the minimum grid that optimizes the total cost
of patient wait time, physician idle time, and overtime. The proposed minimum grid
system would not only be cost-effective but also provide flexibility to accommodate the
needs of daily patient demand.

2. METHODS
The minimum grid is designed for the patient type with the least amount of treatment
time. The other longer treatment patient types will be given their treatment length in
increment of the minimum grid. By doing this, the scheduling template is able to
combine or divide slots to meet the demand so that the length of treatment time for
different patient types is not compromised.

2.1. Model Development
The basic patient flow was developed to account for the concept of minimum grids for
simulation purposes. The model definitions and formulations are the following:

Ti,j,k = physician service time for patient k from group j at time slot i, where i = 1,2,
3, …, n, j = 1,2,3, … m, and k = 1,2,3, …, q.
n = the total number of scheduling time slots per clinic session.
m = the number of patient groups. For example, the patient groups could be new

patient, return visit, post operation.
q = the number of patients scheduled in a time slot.

Journal of Healthcare Engineering · Vol. 6 · No. 2 · 2015 241



Ti,j,k ~ G(μj, σj2), G is a probability distribution with mean μj and standard deviation
σj. Ti,j,k consists of times for all works required for a physician to serve a patient,
including preparation time, patient encounter time, and charting time.

(1)

ri,k = the no-show rate for the patient k at time slot i.
Xmin = the minimum grid (time interval) for a slot in minutes. Normally, the

minimum grid is based on the return visit patient group since they require the least
amount for treatment time. The time interval for other patient types will be a
multiplication of the minimum grid. Assuming patient groups are sorted based on
increasing order of their treatment time, the Xmin is from the first patient group and can
also be denoted as X1. The next time interval for the second patient group is X2 = 2Xmin.
The time interval for the third patient scheduled group is X3 = 3Xmin. Therefore, in
general, the time interval for group j is Xj = jXmin.

The designed starting time is determined as:

(2)

where Si,j,k = the designed starting time for the patient k from group j at time slot i, and
let Si,j,k = 0. Only the patients from the same patient group can be overbooked at the
same time slot.

Assuming punctual patient arrival, the physician finish time is determined as:

(3)

where Fi,j,k = the physician finish time with the patient k from group j at time slot i.
Ai,j,k = the actual service start time for the patient k from group j at time slot i.

(4)

The patient’s wait time is:

(5)

where Wi,j,k = the wait time for the patient k from group j at time slot i.
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The total patient wait time W is:

(6)

The physician idle time waiting for the patient is determined from eqns. 2 and 3:

(7)

where Pi,j,k = the physician idle time waiting for the patient k from group j at time
slot i.

The total physician idle time P can be determined based on eqn. 7:

(8)

The overtime for a clinic day is determined as:

(9)

where O = overtime for a clinic day, and E is the expected finish time in a clinic day
Let cw be the cost of patient wait time per minute, cP be the cost of physician idle

time per minute, and co be the cost of overtime per minute, then the total cost of patient
wait time, physician idle time and overtime (cT) is:

(10)

The objective is to find the minimum grid (Xmin) that minimizes the expected value
of cT.

2.2. Example Result from Simulation Optimization
The simulation was modeled using a Microsoft Excel macro function applied to a
hypothetical physician’s daily clinic schedule as an example to demonstrate the use
of the method. The model is based on that (1) all patients who arrived would be on
time; (2) inter-appointment time such as time spent on non-clinical activities was not
considered; (3) two different patient types included were new patient (NP) and return
visit patient (RV) and let j = 1 for RV and 2 for NP; (4) the physician service time is
assumed to be Ti,j,k ~ Gamma(15, 102), Ti,2,k ~ Gamma (30, 202); (5) there are a total
of 24 patient slots (8 NP and 16 RV) distributed evenly throughout a clinic day; 
(6) the costs were cw = 10, cp = 50, co = 75 in $ per hour; (7) no show rate is assumed
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as ri,k = 0.15; (8) no overbooking and expected finish clinic time in a 8-hour day from
8:00 am to 4:00 pm for a total of 480 minutes (E = 480) without lunch break. The goal
is to find the minimum grid, Xmin, that minimizes the estimate of the total cost of 
cT = cwW + cpP + coO assuming a set of scheduling templates (see Table 1). To be
noted, the scheduling patient sequence changes according to patient type demand
distributions, which change the number of patients scheduled in a clinic day (see
section 3.3). Right-skewed distributions such as Lognormal distribution [43, 44],
Gamma distribution [45, 46], and Exponential distribution [18] are commonly used
to model physician treatment time. For the length of appointment slots, X1 = Xmin is
for the RV slot and X2 = 2Xmin is for NP. A simulation optimization technique is used
to find the minimum grid from 100 simulation runs that are produced. Each
simulation run represents a possible scenario for a clinic day. Hence, our simulation
optimization is representative of a Monte Carlo simulation technique that runs
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Table 1. An example of a set of scheduling template

Appointment Patient Type Slot Length at Xmin = Appointment
Slot (i) 14 minutes Time

1 RV 14 8:00
2 RV 14 8:14
3 NP 28 8:28
4 RV 14 8:56
5 RV 14 9:10
6 NP 28 9:24
7 RV 14 9:52
8 RV 14 10:06
9 NP 28 10:20
10 RV 14 10:48
11 NP 28 11:02
12 RV 14 11:30
13 RV 14 11:44
14 RV 14 11:58
15 NP 28 12:12
16 RV 14 12:40
17 RV 14 12:54
18 NP 28 1:08
19 RV 14 1:36
20 NP 28 1:50
21 RV 14 2:18
22 RV 14 2:32
23 NP 28 2:46
24 RV 14 3:14 



multiple trials to converge the solution. The simulation optimization algorithm is the
following:

Step 1: Select grid size
The initial grid size (X) should be selected around the mean service time of the patient
type that requires the least amount of physician service time. The appointment slot
length for patients requiring longer service time will be scheduled at the integer
multiplication of X. For the example demonstrated here, the slot length for RV should
be X and the length for NP should be 2X.

Step 2: Find the total cost
Once the grid size is chosen, the simulation of a clinic flow with 100 replications is run
to compute the expected total cost cT(X). Let cT(X) be the total cost estimated by the
minimum grid size X.

Step 3: Repeat Step 1 and Step 2
Repeat Steps 1 and 2 for a grid size of increment (or decrement) of one minute from the
selected grid size and compute the total cost. X takes an integer value in minutes, i.e.,
12 minutes, for the convenience of scheduling systems.

Step 4: Total Cost Comparison
Compare the total cost of cT(X) to cT(X + 1) or cT(X – 1). This step is to determine the
direction to the minimum cost. If cT(X) > cT(X + 1), then the selected grid size becomes
X + 1 ; if cT(X) > cT(X – 1), then the selected grid size becomes X – 1. Once the direction
is determined (either increment or decrement of the selected grid size), the one-minute
increment (or decrement) of the grid size will be continue trialed by repeating steps 2, 3,
and 4 until the stopping criteria is reached. The optimal solution search stops when
cT(X) < cT(X + 1) and cT(X) < cT(X – 1). Then this X is considered to be Xmin.

The simulations resulted in that the total cost of patient wait time, physician idle
time, and overtime are minimized at 182 where the minimum grid size (Xmin) is 
14 minutes (See Figure 1). Therefore, the patient appointment time for the given set of
scheduling templates is made according to 14 minutes for RV and 28 (2 × 14) minutes
for NP, as shown in Table 1.

3. RESULTS
The proposed minimum grid scheduling system has two advantages over the other
scheduling methods. It is cost-effective in terms of patient wait time, physician idle
time, and overtime. It is also flexible or interchangeable among appointment slots of
different patient types to meet the demand. To further demonstrate the effectiveness,
comparison of cost and interchangeability are conducted with some base-line
scheduling approaches through simulations. The base-line scheduling methods used to
compare with the proposed minimum grid scheduling (PS) are:

Single block (SB) – patients are scheduled in individual blocks at fixed intervals of the
mean treatment time.

Journal of Healthcare Engineering · Vol. 6 · No. 2 · 2015 245



Double block (DB) – two patients are scheduled at the same time at fixed intervals that
sums up the mean treatment times.

Single block with an initial double book (SI) – patients are scheduled in individual
blocks at fixed intervals of the mean treatment time with two patients in the first block.
The method is to prevent physician from idling in the beginning of a clinic session when
the first patient does not show.

Dome scheduling (DS) – the first and last quarters of individual blocks at the fixed
interval of less than the mean treatment time and the second and third quarters of blocks
at the fixed interval of longer than the mean treatment time. This is similar to ‘plateau-
dome’ method [16]. To simplify this scheduling method, the first and last quarters are
one minute less than the mean treatment time and the second and third quarters are one
minute more than the mean treatment time to ensure that patients are scheduled within
an 8-hour clinic day.

3.1. Cost Effectiveness
To illustrate the cost-effectiveness of this proposed approach, the comparison between
the proposed minimum grid approach and a common approach using mean treatment
time as the length of appointment slots is conducted. Key factors for designing
scheduling templates were incorporated to ensure that the cost effectiveness was across
the board of different scenarios. For simplicity, only two patient types, NP and RV, are
considered. The key factors considered are: treatment time ratio between NP and RV,
cost ratio between physician idle time, and patient wait time, treatment time variation,
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Figure 1. The optimal total cost of $182 occurs when minimum grid Xmin =
14 minutes.
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no-show rate, and the demand for each patient type. The detail descriptions of each
factor are:
• Treatment time ratio between NP and RV is used with the primary purpose to

demonstrate the treatment time difference in terms of a ratio between NP and
RV. Five levels of ratios are considered here: 1.5, 1.75, 2, 2.25, and 2.5. This
means if RV treatment time is 15 minutes on average, then NP treatment times
are 22.5, 26.25, 30, 33.75, and 37.5 minutes, respectively. Since the length of
NP and RV treatment times are different by clinics and specialties, these five
levels should demonstrate the range difference to generalize the impact of this
factor. For simulation purposes, Gamma distribution is used for treatment time
distribution.

• Cost ratio of physician idle and patient wait time (cP/cw) is taken at five levels: 1,
3, 5, 10, and 20, assuming $10 per hour for patient wait time and overtime is 1.5
times the physician’s idle cost. The physician idle time costs are $10, $30, $50,
$100, and $200, respectively. The cost ratios of physician idle and patient wait
time are different between physicians and among specialties. These five levels
should be sufficient to indicate the differences from low to high cost ratios.

• Treatment time variation is analyzed by coefficient of variation (CV). CV is an
indication of the relative ratio between variation and mean of the treatment time.
Five levels are adopted: 1, 0.8, 0.67, 0.57, and 0.5.

• No-show rates are taken at three levels: 5%, 15%, and 30%. There are many other
factors that contribute to patient no-show and it differs by clinics and specialties.
These three levels should cover the range of no-show rates in majority of clinics.

• Demands for patient types at three different scenarios are considered. A total of
24 patients in a clinic day are assumed. The first scenario consists of 8 NP and
16 RV slots. The second scenario has 6 NPs and 18 RVs. The third scenario
includes 4 NPs and 20 RVs. The slots are distributed evenly throughout a day.
These three different scenarios represent the demand difference among clinics
and how they impact the scheduling template design. The three scenarios are
shown in Table 2.

There were a total of 1125 combination cases presented and 100 simulations were run
for each case. They were run through the proposed minimum grid approach (PS) and other
base-line approaches. The analysis of variance (ANOVA) is used to analyze whether the
proposed approach (PS) is superior to other base-line approaches at α = 0.05. The
ANOVA result, shown in Table 3, indicates that the proposed minimum grid system is
significantly lower in total cost than the other approaches. The average cost is reduced,
compared to the minimum grid approach (PS), by 21.8%, 24.7%, 15.6%, and 21.8% when
compared to single block (SB), double block (DB), single block with initial overbook
(SI), and dome scheduling (DS), respectively. The maximum cost saving is 54.7%, 49.8%,
49.8%, and 55.2%, respectively, for the scenario with most NP slots, the highest NP/RV
treatment time ratio, the highest cost ratio, the highest coefficient of variation, and the
highest no-show rate. A box plot is demonstrated in Figure 2 for visual comparison.

ANOVA results also reveal the impact from each factor on the total cost. When there
are more NP slots, there is a higher NP/RV ratio, cost ratio, coefficient of variation, and
lower no-show rate that results in a higher cost. Having more high treatment slots such
as NP means the overall treatment time is longer which leads to the higher chances of
going overtime and a higher cost on patient wait time. The same trend as to the higher
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Table 2. Three different scenarios of demand for each patient type

Patient Slots Scenario 1 Scenario 2 Scenario 3

1 RV RV RV
2 RV RV RV
3 NP NP RV
4 RV RV NP
5 RV RV RV
6 NP RV RV
7 RV NP RV
8 RV RV NP
9 NP RV RV
10 RV RV RV
11 NP NP RV
12 RV RV RV
13 RV RV RV
14 RV RV RV
15 NP NP RV
16 RV RV NP
17 RV RV RV
18 NP RV RV
19 RV NP RV
20 NP RV NP
21 RV RV RV
22 RV RV RV
23 NP NP RV
24 RV RV RV

Table 3. ANOVA results of 1125 different scenarios for total cost

Source DF SS MS F-test P-value

approach 4 287930000 71983000 2832.4 < 0.0001
treatment time ratio 4 1250700000 312680000 12303 < 0.0001
cost ratio 4 9341500000 2335400000 91893 < 0.0001
treatment time variation 4 1106200000 276550000 10882 < 0.0001
no-show rate 2 29765000 14882000 585.6 < 0.0001
demand 2 846660000 423330000 16657 < 0.0001
residuals 562479 14295000000
total 562499 
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NP/RV treatment time ratio means longer NP treatment time. This will certainly
increase higher patient wait and chances of overtime. The high cost ratio implies that
there are specialty clinics. When the cost of a physician’s time is higher, the overtime
cost is also higher accordingly. For the no-show rate, since the high no-show rate
creates uncertainty of patient flow, the impact of total cost could go either way. It could
benefit less patient wait time and lower the chances of overtime, but physician idle time
may be increased. In terms of CV, the higher CV generates higher uncertainty of
treatment that could either lead to higher treatment times which increases patient wait
time and overtime or lead to lower treatment time that produces physician idle time. In
either case, the total cost is increased.

3.2. Appointment Slot Interchangeability
The uniqueness of the proposed minimum grid system is to be able to either combine
or divide appointment slots to meet daily demand without compromising patient wait
time and clinic resources. The interchangeability of appointment slots was compared
between the proposed and the base-line approaches. The demand for the second
scenario, which consists of 6 NPs and 18 RVs, was studied. The comparison was
conducted based on cases of combining 4 RVs into 2 NPs and dividing 2 NPs into 
4 RVs. Let μj be the average treatment time for patient type j. Combining 2 RVs 
( j = 1) into a NP ( j = 2), if 2μ1 < μ2, then patient delay could be generated and
compounded for the rest of clinic day, or if 2μ1 > μ2, then physician idle could occur.
For dividing an NP into 2 RVs, if 1/2μ2 < μ1, patient wait would likely occur. On the
other hand, if 1/2μ2 > μ1, then physician idle is inevitable. The proposed grid system
accounts for these problems in developing a minimum grid for accommodation.

In the case of combining 2 RVs into an NP, two sets of consecutive RVs were
selected from scenario 2: slots 5 and 6, slots 17 and 18. Two NP slots were created for
a total of 22 patients in a clinic day. The same level of factors of treatment time ratio,
cost ratio, treatment time variation, and no-show rate were also considered for

Figure 2. Box plot for approach comparison in total cost where × represents 
the average.
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comparison. The ANOVA result indicated that the proposed grid system outperformed
the base-line approaches in total cost at a significance level of 0.05. The proposed
approach (PS) has a total cost of $190.4 per clinic day that is 21.9%, 15.1%, 24.7%, and
21.7% lower than the single block (SB), the single block with initial overbook (SI), the
double block (DB), and the dome scheduling (DS), respectively. The maximum cost
saving from 100 simulation runs is 48.1%, 42.1%, 44.4%, and 48.5% as compared to
the base-line approaches at the highest NP/RV treatment time ratio, highest cost ratio,
highest coefficient of variation, and highest no-show rate.

For the case of dividing an NP into two RVs, two NPs were selected from scenario 2:
slot 7 and slot 19. Four RV slots were created for a total of 26 patients in a clinic day. 
The same level of factors of treatment time ratio, cost ratio, treatment time variation, and
no-show rate were taken into account for comparison. The ANOVA result also indicated
that the proposed grid system has a significant lower total cost than the common
approach. The proposed approach has a total cost of $193.3, that is 20.2%, 14.1%, 22.3%,
and 20.1% lower than SB, SI, DB, and DS, respectively. The maximum cost saving is
50.9%, 44.9%, 46.4%, and 51.6% in comparison to the base-line approaches at the highest
NP/RV treatment time ratio, highest cost ratio, highest coefficient of variation, and highest
no-show rate.

3.3. Case Study
A real-life case study for a physician in a primary care clinic is presented here to first
demonstrate the feasibility of our proposed approach and then to evaluate its
effectiveness over the existing scheduling scheme. The physician is currently seeing
five types of patients: follow up (FU), new patient (NP), office visit (OV), physical
exam (PE), and well child care (WCC). The service times (mean, standard deviation)
including preparation and charting times in minutes are (24.8, 12.1), (39.6, 8.4),
(24.6, 10.7), (37.2, 10.8), and (19.5, 8.6), respectively. The patient type demand
distributions are 32.3%, 3.8%, 55.6%, 3.8%, and 4.5%. The clinic currently schedules
the last patient at 11:40 am in the morning (starting at 8 am) and 4:40 pm in the
afternoon (starting at 1 pm). The existing scheduling scheme has two different
scheduling time slots, 20 or 40 minutes. Patients who are FU and OV are scheduled
in 20-minute slots and patients who are classified as NP, PE, and WCC are scheduled
in 40-minute slots. The current no-show rate is at 21%. A simulation model is built
using the proposed minimum grid concept, assuming service times follow Gamma
distribution, no physician lateness, punctual patient arrival, and cost of patient wait
time is $10 per hour, physician idle time is $50 per hour, and clinic overtime is 
$75 per hour. One hundred simulations were run. Each simulation represents a
possible clinic day. The number of patients seen in a clinic day is adjusted to patient
type distributions. The maximum number of patients that can be scheduled in a clinic
day are 22 patients where all patients are identified as 20-minute patients. 
The minimum number of patients that can be scheduled are 12 patients that consist of
five 40-minute patients and a 20-minute patient in the morning and the afternoon. The
simulation optimization results indicate that the scheduling scheme should have a
minimum grid of 18 minutes, rather than the current 20 minutes, where the expected
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total cost is minimized. The total expected cost for the proposed 18/36 schedule is at
$159 per clinic day and for the current 20/40 schedule is at $167. This clinic has been
using the concept of the minimum grid system. However, the determination of the
minimum grid is arbitrarily chosen; perhaps it is more convenient without actually
collecting data on physician’s service time.

3.3.1. Number of Patients Scheduled Accounting for Demand Uncertainty
Through the case study, the demand distributions for each patient type were considered
to determine the minimum grid size. The number of patients scheduled depended on the
appointment slot time needed (either 20 or 40 minute appointments) and the total
scheduled time for the clinic session needed to be 480 minutes or less. Figure 3
indicates that the average number of patients scheduled from 100 simulation runs was
21.6 with the maximum of 24 and the minimum of 19 patients. Each simulation run
represented a possible clinic day. The total cost of each run was computed and the
overall expected cost was calculated from 100 runs to conclude the minimum grid size.

4. DISCUSSION
4.1. Impact of Factors on the Minimum Grid
The proposed minimum grid system considered the treatment time difference among
patient types and demonstrated the efficiency in total cost of patient wait time,
physician idle time and overtime. In addition, it also provided a cost-effective way of
interchanging appointment slots to meet daily demand. To understand how the
minimum grid changes according to clinical differences, the following discussion is
conducted in terms of the factors introduced in Section 3.1. The factors are treatment
time ratio between NP and RV, cost ratio between patient wait time and physician idle
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Figure 3. The number of patients scheduled for each simulation run in the case
study.
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time, the size of treatment time variation, patient no-show rate, and the demand for
appointments. After 100 simulation runs for each scenario (1125 scenarios in total), the
ANOVA results indicated that all factors significantly impact the determination of 
the minimum grid at a level of 0.05; see Table 4.
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Table 4. ANOVA results of 1125 different scenarios for the minimum grid

Source DF SS MS F-test P-value

treatment time ratio 4 56764 14191 40876.8 < 0.0001
cost ratio 4 537343 134336 386950.7 < 0.0001
treatment time variation 4 215 54 155.2 < 0.0001
no-show rate 2 178851 89425 257587.9 < 0.0001
demand 2 8346 4173 12020.7 < 0.0001
residuals 112483 39050 0.35
total 112499 820569 

Figure 4. The impact of individual factors on the determination of the minimum grid.
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The minimum grid (Xmin) system adjusts to each scenario. In general, Xmin increases
when treatment time ratio and variation increase and when cost ratio, no-show rate, and
demand of NP decrease, as shown in Figure 4. Figure 4 indicates that cost ratio has the
most significant impact on the changes of the minimum grid, while the treatment time
variation has the least impact. The increase of treatment time ratio and variation means
the uncertainty of treatment time increases. In order to accommodate the uncertainty, a
larger Xmin is necessary. On the other hand, the higher cost ratio means that physician
idle time is valued higher than patient wait time. To prevent a physician from idling,
Xmin would have to be smaller to ensure that the next patient will always be in the exam
room before the physician finishes the current patient. In terms of no-show rate, the
higher no-show rate means that the patient flow could be more relaxed since the 
no-show appointment slots often serve as a buffer for physicians to catch up with their
clinic flow. In this case, the smaller Xmin would help eliminate the waiting from both
patients and physicians. As for the demand, it is very intuitive that the higher NP
demand means the clinic has a tendency to run longer since NP would normally take a
longer time than RV. In order for a clinic to finish on time and prevent overtime, a
smaller Xmin is adjusted since overtime incurs the highest cost.

The minimum grid ranges from 8 to 23 minutes in 1125 scenarios. To further
understand the impact of each factor, a decision tree analysis was conducted. The
decision tree was done using R 2.12.1 version statistical software. For simplicity of the
analysis, let TR be the treatment time ratio, CR be the cost ratio, NS be the no-show
rate, CV be the treatment time variation, and D be the demand. The purpose is to discuss
how the minimum grid decision is classified and extrapolated based on these factors.
Figure 5 demonstrated the decision tree results in detail and graphical formats.

The detail decision tree features the splits with the count of scenarios, deviance, and
the value of the minimum grids. The asterisk indicated the end node for the classification
of the minimum grids. The results provide the insight of how 1125 scenarios are sliced
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Figure 5. The decision tree results in detail (left) and graphical (right) formats.

Decision tree for the minimum grid
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8) CR > = 15 75  33.52000 8.920000 ∗
9) CR < 15 75  44.74667 10.506670 ∗

5) NS < 0.225 300  505.39670 12.696670 
10) CR > = 15 150  170.19330 11.926670 ∗
11) CR < 15 150 157.33330 13.466670 ∗
3) CR< 7.5 675 2862.43900 15.441480 
6) CR> = 2 450 1016.49800 14.497780 

12) NS> = 0.225 150  167.76000 13.040000 ∗
13) NS < 0.225 300 370.58670 15.226670 

26) TR < 1.875 120  104.00000 14.500000 ∗
27) TR > = 1.875 180  160.97780 15.711110 ∗

7) CR < 2 225  643.66220 17.328890 
14) NS > = 0.225 75  55.94667 16.026670 ∗
15) NS < 0.225 150  396.94000 17.980000 
30) TR < 2.125 90  114.10000 17.100000 ∗

31) TR > = 2.125 60  108.60000 19.300000 ∗



by these factors. Only three factors are used for the significant splits, i.e., CR, NS, and
TR, since they have the most significant impact. The first significant split is done by CR.
To be classified with the minimum grid of 12 minutes, the condition should be CR ≥ 7.5,
NS < 0.225, and CR ≥ 15. For the minimum grid to be about 16 minutes, the
classification should be CR < 7.5, CR ≥ 2, NS < 0.225, and TR ≥ 1.875. This discussion
helps clinics to be able to predict the minimum grid size and understand the magnitude
of minimum grid changes due to the changes of clinic conditions.

4.2. Implementation of the Minimum Grid System
The implementation of the minimum grid system is relatively straightforward. Often in
a real clinic setting, the physician or the scheduler cannot know the sequence of the
request for appointment slots in advance. Continuing with the case study from section
3.3, the total cost was optimized when the minimum grid was 18 minutes, which
generates a scheduling scheme of 18/36. The clinic will first set up the daily scheduling
template starting from 8:00 am in the morning and 1:00 pm in the afternoon with an 
18-minute increment. The schedule will look like 8:00, 8:18, 8:36, 8:54, 9:12, 9:30,
9:48, and so on. The last slot will be scheduled at 11:18 am in the morning and at 4:18
pm in the afternoon for a total of 24 slots. When a scheduler receives a request for an
appointment, he/she needs to first identify if the patient requires 18 minutes or 36
minutes. If the patient requires 36 minutes then the scheduler will block two slots. For
example, if this first patient requires 18 minutes, the second patient requires 
36 minutes, and the third patient requires 18 minutes, then the first patient will be
scheduled at 8:00, the second patient will be at 8:18 and the third patient will be at 8:54
since the second patient requires 36 minutes. The 8:36 slot is combined to
accommodate the second patient’s need and is no longer available. One may feel the
scheduled appointment time at ‘odd’ times (such as 8:18 or 8:26) is difficult for patients
to follow and for clinics to implement. Actually, clinics could easily round appointment
times to the nearest 5-minute interval [11, 36] since the effect is minimal [12]. 
The schedule will then look like 8:00, 8:20, 8:35, 8:55, 9:10, 9:30, 9:50, and so on. One
of the key contributions for the minimum grid approach is the interchangeability as
presented in section 3.2. This approach allows a scheduling template to be more flexible
to accommodate patients’ treatment needs.

5. CONCLUSIONS
This paper demonstrates a dynamic approach to designing patient appointment template
by determining the minimum grid (length of appointment slot) that optimized the total
cost of patient wait time, physician idle time, and overtime. The minimum grid is used
for the patient type with the least treatment time. Other patient types will just be
scheduled at the length of the integer multiplications of the minimum grid. Unlike other
common approaches such as scheduling appointment slots based on the average
treatment time of each patient type that does not normally account for the daily
appointment demand, the proposed minimum grid system is not only cost-effective but
also provides flexibility to appointment scheduling that allows combining slots or
splitting a slot to meet patients’ needs for an appointment of different patient types
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without increasing patient wait time or physician idle time. Five factors were taken into
consideration to demonstrate the effectiveness for different clinic conditions. Among a
total of 1125 scenarios, the proposed minimum grid system results in a significant cost
savings of at least 15.6% on average and 49.8% on maximum in comparison to the
base-line approaches. The example of the interchangeability among slots for flexible
scheduling also illustrates that combining slots result in a cost saving of at least 15.1%
on average and 42.1% of maximum and dividing slots result in at least 14.1% on
average and 44.9% of maximum on cost savings. Even though the example is only for
two patient types, it can easily be expanded into more patient types. A case study is
provided from a primary care facility to demonstrate the feasibility and how the
minimum grid changes with clinic condition. Three primary factors, cost ratio, no-show
rate, and treatment time ratio, are identified to impact significantly the minimum grid
determination. The challenge now is to actually implement this approach into
scheduling systems to further demonstrate its effectiveness and simplicity and address
any specific system limitations of any clinics in the model to generalize the approach.
This paper provides a unique scheduling approach that is cost-effective without
generating additional waiting to patients and physicians. In addition, it improves patient
access to care, fully utilizes medical resources, reduces clinic cost, and may ultimately
enhances quality of care.
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NOMENCLATURE
A Actual appointment starting time
c Cost
CR Cost ratio
CV treatment time variation/coefficient of variation
D Demand
DB Double block scheduling method
DF Degree of freedom
DS Dome scheduling method
E Expected clinic finish time 
F Appointment finishing time 
FU Follow-up patients
G Probability distribution
m Total number of patient group
MS Mean square
n Total number of appointment slots per clinic session
NP New patients
NS No-show rate
O clinic overtime
OV Office visit patients 
P Physician idle time 
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PE Physical exam
PS The proposed scheduling method
q Total number of patients scheduled in a time slot
r No-show rate
RV Return visit patients
S Designated appointment starting time
SB Single block scheduling method
SI Single block scheduling method with an initial double book
SS Sum of square
T Physician treatment time
TR Treatment time ratio 
W Patient wait time 
WCC Well child care
X Scheduled time interval of an appointment slot

Greek
α Statistical significant level
μ Mean/average
σ Standard deviation

Subscripts
i Index number for n
j Index number for m
k Index number for p
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