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Abstract 

In primary care allocating appointments to sequential requests 

can result in sub-optimal scheduling. Optimal scheduling re-

quires hiring of consultants to analyze historical patterns. 

Many practices focus their resources on larger problems in-

stead of optimizing appointment schedules. We simulate simple 

heuristics to compare their performance with optimal schedules 

uncovered using offline optimization models. We use uncapac-

itated appointment calendars for a nationally representative 

heterogeneous primary care panel to meet all patients’ re-

quests. The stochastic nature of appointment requests gives a 

distribution for daily appointments and for the uncovered opti-

mal capacity. The First Minimum heuristic gives near-optimal 

schedules and can be easily implemented in small practices us-

ing pen-and-paper, without any investment in computer-sys-

tems.  
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Introduction 

Behind the popularity of appointment systems for primary care 

is the expectation to be seen by the doctor at a predetermined 

time and minimizing the inconvenience of waiting in the hall. 

In many developed countries computer-based appointment sys-

tems allow easy reservation of patient appointments, frequently 

using self-service portals. Appointment systems give an ad-

vance notice of demand which helps predict staff workload. 

Though self-service based reservations allow users to select 

from the available choices, the human scheduler or front-desk 

staff still provides a higher confidence when it comes to making 

intelligent decisions and understanding patients’ needs [1]. 

Such computer-based appointment systems are unavailable in 

primary care in low and middle-income countries [2]. In such 

primary care providers that try to provide appointments, the 

scheduling staff makes decisions that must be aligned to the 

provider’s objectives. These scheduling decisions are fre-

quently sequential. They also eliminate accidental double-

booking. Yet, the sequential nature makes it difficult to know if 

the decisions are optimal. Schedulers are often provided guide-

lines or policies to help in decision making to help in specific 

objectives. Examples of such objectives include: (i) reduce de-

lay and waiting time to improve patient satisfaction, (ii) im-

prove utilization to reduce staff idle time, (iii) increase revenue 

by increasing number of patients. Often, these objectives try to 

manage conflicting goals. The stochastic nature of appointment 

requests makes it difficult to balance such conflicting objec-

tives: (i) improving utilization can increase delays, (ii) increas-

ing number of patients see can reduce patient satisfaction, (iii) 

reducing wait time can lead increase in staff idle time. Balanc-

ing conflicting objectives is susceptible to sub-optimal sched-

uling. 

Markov Decision Processes are frequently used in determining 

an optimal scheduling policy for patient appointments [3–6], 

which require consultants and computer systems for proper im-

plementation. Two stage stochastic programming [7] can help 

to make a broad scheduling template which again requires anal-

ysis by experts for implementation. Thus, optimal scheduling is 

out of reach for most practices and patients. In this paper, we 

will evaluate simple heuristics that allows near-optimal sched-

uling. These heuristics are simple enough to be implemented by 

a front-desk staff and can be used with paper-based appoint-

ment systems typically appointment calendars. These methods, 

in our opinion are particularly attractive to practices that do not 

have resources to implement computer-based appointment sys-

tems. In this paper, we use a US nationally representative pa-

tient panel to simulate appointment requests. These appoint-

ment requests are allocated based on the heuristics to an unca-

pacitated appointment calendar. We then use the full 

knowledge of all the requests to determine the optimal appoint-

ment allocation to the uncapacitated calendar, using offline op-

timization to evaluate the performance of the heuristics. The use 

of an uncapacitated model helps to focus on need for minimiz-

ing capacity to meet all patient requests. 

Opportunity for optimal decisions 

The patient-scheduler interaction holds the key to unlock opti-

mal decisions. The scheduler discusses patients’ needs and 

schedules appointments at can best fit the available slots. If the 

patient is flexible in their needs, decisions can be made that al-

low for better scheduling. Patients with rigid needs may not 

have many choices and may either experience delays or the pro-

vider may need to accommodate them at the expense of over-

time. However, the number of patients with rigid healthcare 

needs are small in proportion, while most patients are relatively 

healthy and somewhat flexible. This flexibility by most of the 

patients is the essence in improved scheduling. We use the an-

nual number of appointment requests as a surrogate measure for 

patient health status which influences that patient’s flexibility. 

From the schedulers’ point of view, there is no way of being 

certain about the sequence of patients’ requests and their corre-

sponding appointment preferences. What may seem like the 

right decision for allocating the previous patient appointment 

request, may turn out to be a bad decision when we encounter 

the subsequent patients’ conflicting request. Though human 

schedulers cannot compete with complex algorithms that can 

use forecasting, stochastic processes and advanced optimiza-

tion methods to come up with optimal schedules, they can un-

derstand patients’ needs better than algorithms. Schedulers 

need easy guidelines and heuristics to implement policies that 

can give near-optimal schedules. 

Methodology 

We consider a panel of patients represented by set � associated 

with a primary care. This panel is partitioned into � different 
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classes. Each class indexed by � is represented by the set ��. For 

any two classes � and �� we have �� ∩ ��� � ∅ and � � ⋃ ���  

The panel size is 	 �  |�| and a class � has 	� � |��| patients. 

The probability of request for appointment for each patient of 

class �� on any day is ��. We assume that the requests for suc-

cessive appointments are independent of each other. The prob-

ability of requesting an appointment on any day for patients in 

class � is ��. We assume that the appointment requests follow 

the Bernoulli distribution. So the number of days for the next 

appointment follows the Geometric Distribution. We denote �� 

as the random variable that determines the number of days after 

the previous appointment. 

Let ��,�� be the requested day for appointment number � for 

patient � ∈  ��. Let ���,�� be the corresponding allotted day for 

request ��,��. We have the next appointment request given in 

equation 1. 

���,�� � ���,���� � �	 where �	 ∼  Geo��	� � ∈

 �	  

1

The appointment can then be scheduled on a day given by con-

straints in expression 2. 

���,�� � �	 � ���,�� � ���,�� � �	 

���,�� � ���,��  �  ���,�� 

2

Here �� is the flexibility that a patient can tolerate in the devia-

tion of the allotted day of appointment corresponding to the re-

quest. We use ���,��: � ��,�� � �� and ���,��: �  ��,��  � �� for 

the lower and upper limits for ���,��. 

An optimal allocation of all appointments will try to minimize 

the capacity required over a long horizon. This minimum ca-

pacity is the least number of appointment slots needed to ac-

commodate all patient requests within their flexibility toler-

ances. Any slots more than this minimum capacity can be pro-

vided at the expense of lower utilization than necessary. 

Though we intend to uncover this minimum capacity, we will 

also understand the distribution of slots utilized every day. We 

can have this minimum capacity as a hard capacity limit that the 

practice can work on. Analysis of daily slots utilized will help 

in setting up with an operating capacity that is less than the hard 

capacity. Any demand more than the operating capacity and 

within the hard capacity limit can be addressed using overtime 

policies. This can help to increase utilization and retain flexi-

bility for infrequent surges in demand.  

Figure 1 At the end of the third appointment of Patient-1 on day 

34 shown by ��	,
�, she requests for a next (fourth) appointment 

on day 37 denoted by �	,��. She has a flexibility of 2 days, so 

her lower limit for the appointment is on day 35 denoted by 

��	,�� and her upper limit is on day 39 denoted by ��	,��. 

Figure 2 The scheduler looks up for the minimum slots allotted 

for other appointments on each of the days from day 35 to day 

39. She finds that day 36 has the minimum number of slots allot-

ted so far (two slots). This is the only day which has two slots. 

She allocates the request �	,�� = 37 on day ��	,�� = 36. There 

are now three slots allotted on day 36. 

Heuristics and Simulation 

We simulate the appointment scheduling system for each pa-

tient in the panel. Each patient’s appointment request is gener-

ated using equation 1. The appointment request is assumed to 

have come at the end of their previous appointment. All patients 

schedule their next appointment after their previous appoint-

ment. The request for appointment is only for a particular day. 

The appointment corresponding to �,� is allotted such that it 

satisfies the constraints in expression 2. The simulation is ini-

tialized by randomly generating the first appointment request 

�,	 from equation 1 by assuming ��,� � 0 for all patients. 

We use three flexibility scenarios. The scenario “Hi” has the 

highest flexibility while the scenario “Lo” has the lowest flexi-

bility for each patient class. The three scenarios that we will 

analyze are compared in the expression 3. 

�	

� � �	

���  �  �	
� ∀� 3

�	 � �	�∀� � ��  

The decision for allocation of an appointment is based on the 

heuristic considered. The candidate heuristics do not require 

any complex calculations and thus can be easily replicated by a 

front desk staff. We have the following heuristics: 

Uniform Random Any day in the interval ����,��, ���,��� is cho-

sen with a same (uniform) probability. We consider this heuris-

tic to see if random allocation can work better. 

First Minimum The day with the minimum number of appoint-

ments in the interval ����,��, ���,��� is allotted. Ties are broken by 

selecting the earliest of such days. We consider this heuristic 

assuming we want to allocate most of the appointments as early 
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as possible, while balancing the number of appointments on all 

days. 

Last Minimum The day with the minimum number of appoint-

ments in the interval [�(�,�),�(�,�)] is allotted. Ties are broken by 

selecting the latest of such days. This allows us to keep open 

earlier slots for frequently visiting patients that have less flexi-

bility, while balancing the number of appointments on all days. 

We can see an illustration of the first-minimum heuristic in Fig-

ure 1 where a patient makes an appointment request, and in Fig-

ure 2 where the scheduler allocates a slot to that request. The 

subsequent request for appointment is dependent on the previ-

ous appointment allotted as we see from equation 1. We record 

all the requests for appointments for optimal allocations. 

At the end of each simulation, we analyze the number of ap-

pointments on each day. The number of appointments A� on day 

� is in given equation 4. 

�� =  � 1

���,����,

�∈� 

 

 

4
 

The minimum capacity needed for allocation of each scenario 

is given in expression 5. 

 �∗ = max
�

�� 5

Offline Optimization 

Offline optimization, in contrast to online optimization, consid-

ers all problem data available a priori. It is used to benchmark 

the online optimization or heuristics [8]. The requests are se-

quentially generated in the simulation runs. In offline optimiza-

tion, all such appointment requests for all the patients corre-

sponding to each simulation run are known before allocating 

appointments. 

We propose an integer linear optimization problem to find the 

minimum capacity that is needed to allocate all the patient re-

quests while satisfying the flexibility constraints. The integer 

linear optimization problem is given in problem 6. 

 

minimize �  6 

subject to  

���,�	,� ≤ �  

� ���,�	,� = 1 ∀��, �	

��,��

�� ���,��

 
 

� ≥ 0  

���,�	,� ≥ 0, Binary    

The tuple (�, �) represents the information related to �th ap-

pointment for patient �. The binary decision variable 	��,��,� in-

dicates the appointment allotted related to request 
��,�� on day 

� in the interval [���,��,���,��] as shown in the constraints of ex-

pression 2. Each appointment request is allotted exactly once. 

The sum of all appointments for each day � is restricted by the 

capacity �.  

We can determine the daily sum of allotted appointments using 

equation 7 from the appointments allotted in the optimal solu-

tion.  

��
∗ = � ���,�	,�

��,�	

  ∀ 
 7

Experiment Evaluations 

In the simulation we use a panel of 2000 patients. The panel 

constitutes of 20 classes of patients. This panel composition 

data has been taken from [9] which has in turn been summarized 

from MEPS [10]. We use equation 3 to construct ad-hoc flexi-

bility for different patient classes for the simulation. 

We evaluate each simulation and optimization run for 1250 

days (5 years x 50 weeks /year x 5 days / week). Each flexibil-

ity-heuristic scenario is simulated 100 times with different ran-

dom seeds. Thus, each scenario has 125,000 simulation days. 

With three heuristics and three flexibility tolerances, we evalu-

ate nine scenarios. The simulation is run prior to the optimiza-

tion to use the same appointment requests to preserve equiva-

lence within each scenario. We capture the allotted appoint-

ments for further analysis. 
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Figure 3 Histogram showing daily allotted appointments. The vertical axes represent the density, and the horizontal axes represent 

the number of allotted appointments each day. The heuristic’s simulated daily allocation and the optimal daily allocation are shown 

in different colors for comparison. The mean of the daily allotted appointments is the same for the optimal allocation and the heuristic 

simulation. The heuristics have lower spread and thus lower variation than the optimal allocation. The optimal allocation has a nega-

tive skew while being capped at a lower value. We can also see a trend in the mean reducing as the flexibility increases from Lo to 

Mid to Hi. The “Last minimum” has lower mean and higher variability than the “First Minimum” heuristic. 

 

Figure 4  Histogram showing the distribution of the minimum capacity. The simulation and the offline optimization for each scenario 

are run 100 times to understand the distribution of the capacity needed. As the dashed lines indicate the mode of the distribution 

which is also noted in the chart. While the theoretical minimum capacity needed to accommodate all patients in the panel requesting 

for the exact same day is equal to the panel size, the probability of such an event is extremely low and has not been realized in the 

simulation.

Results 

Daily allotted appointments 

We can visually compare the daily appointments allotted in 

each heuristic-flexibility scenario in Figure 3. The optimal daily 

appointment allocated for each scenario have the same mean as 

the simulation. However, the simulation has a lower spread, 

since the optimal allocations are skewed to the left. So, an op-

timal allocation will have more days with less appointments 

than the different heuristics. The optimal allocation attempts to 

minimize the maximum number of appointments on each day 

while meeting all the appointment requests within their toler-

ance’s flexibility. The optimal allocation does not optimize the 

variability, which is why the heuristics have a better variability 

than the optimal allocation. The First Minimum allocation heu-
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ristic has a spread much closer to its corresponding optimal al-

location, than the Last Minimum allocation heuristic. The 

spread for the “Uniform Random” heuristic is the worst, which 

implies that a random allocation within the flexibility tolerance 

of the patients is a bad idea. 

As the flexibility increases from “Lo” to “Mid” to “Hi”, the 

mean reduces for the “First Minimum” and for the “Last Mini-

mum” heuristic. The flexibility scenarios also influence the 

spread. The spread for “Hi” flexibility is better than a “Lo” flex-

ibility when we compare to their corresponding optimal alloca-

tions.  

Capacity 

Equation. 5 uses the simulation to get the minimum number of 

slots needed every day such that all appointments can be allot-

ted. This can be considered as the minimum capacity to handle 

all requests. Theoretically, a practice would require the capacity 

at least equal to panel size since all patients can request for ap-

pointments on the same day. The probability of such an event 

will be extremely small, and thus such a large capacity would 

be practically unnecessary. Instead, the distribution of the dis-

covered capacity may provider better insight. The histogram in 

Figure 4 compares the minimum required capacity of the simu-

lations and the offline optimization. From all the flexibility sce-

narios, it is evident that capacity required for the “First Mini-

mum” heuristic is the closest as compared to its corresponding 

optimal capacity and the “Last Minimum” is also a close con-

tender. 

Discussion 

The use of scheduling heuristics may be a good-enough solu-

tion for many practices that have larger issues to spend their 

energies on. This is especially needed for small practices that 

have limited resources for any advanced scheduling. For prac-

tices that need more resources or those that need finer schedul-

ing and capacity management, other optimal scheduling meth-

ods need to be explored. Online optimization may provide 

improvements over heuristics. The stochastic nature of appoint-

ment requests also beckons exploration of stochastic decision 

methods, especially dynamic programming and its approxima-

tions. The simplification of uniform flexibility for patients in 

the same class can be looked at closely, because it is this flexi-

bility that, in the first place, allows near-optimal scheduling. 

Conclusion 

A simple solution that can be implemented immediately by ap-

pointment scheduling staff in primary care practices is to allo-

cate each appointment request with the flexibility tolerances ac-

cording to the first-minimum heuristic. Our solution does not 

require complex decision making. All it needs is accounting for 

the appointments allotted every day. The appointment calendar 

can be implemented using a simple paper diary. The First Min-

imum heuristic is near-optimal among the simple heuristic can-

didates. 
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