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ABSTRACT Scheduling medical appointments plays a fundamental role in managing patient flow and
ensuring high-quality care. However, no-shows can significantly disrupt this process and affect patient
care. To address this challenge, healthcare facilities can adopt different strategies, including overbooking
in medical consultations. While this reduces the risk of unused slots, it can generate associated costs and
affect the perception of service quality. In this article, we propose an integer linear optimization model that
maximizes the expected utility of a medical center, considering the risk of no-shows and overbooking. For
this purpose, machine learning is used to estimate the propensity of each patient to attend their medical
appointment, using real data from three medical specialties of a hospital. The results of the application
demonstrate the model’s ability to assign appointments and perform overbooking efficiently and in an
organized manner, implying an improvement in the utility of a medical center and a positive impact on
the perception of the quality of care.

INDEX TERMS Scheduling, medical appointments, overbooking, machine learning, optimization,
healthcare.

I. INTRODUCTION
Appointment scheduling and booking for medical appoint-
ments play a crucial role in healthcare centers, as patients
often require a variety of resources, such as doctors, nurses,
equipment, and examination rooms, for their care. Patient
waiting time is a key performance and quality indicator for
hospitals, as excessive waiting can lead to reduced patient
satisfaction and perception of the quality of care [1]. Thus,
it becomes essential to efficiently utilize available resources
to deliver high-quality services to healthcare system users [2].
One of the major management challenges in hospitals is

the problem of patient appointment scheduling. This involves
making decisions such as assigning physicians, exam rooms,
and finding optimal times for patients to receive care [3].
However, it is equally important to consider the likelihood
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of patients not showing up for medical consultations, as their
absence not only impacts their own health but also interferes
with the care process for other patients in the facility.
Understanding and proactively managing the possibility of
patient no-shows plays a key role in achieving comprehensive
optimization of hospital tasks, thereby elevating quality and
patient-centered care. Patients’ health can be significantly
impacted by increased indirect wait times resulting from
patient no-shows. To develop an efficient and patient-
friendly service, it is necessary to improve methods of
prioritizing waiting times based on symptomatic experience,
as highlighted by [4]. In countries with both public and
private hospitals, longer waiting times are observed in the
public sector, leading patients to seek faster care at private
facilities [5]. These prolonged waiting times can be attributed
to a variety of factors, such as the lack of effective techniques
for medical appointment planning and scheduling [6]. In an
effort to reduce the rate of nonattendance, healthcare centers
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commonly employ reminders or penalties. However, several
studies indicate that these strategies only achieve a slight
reduction in patient no-shows [7].
Therefore, one effective approach to optimize resource

utilization is through the use of appointment scheduling sys-
tems, designed to obtain patient assignments that minimize
measures, such as waiting time or physician idle time. These
systems improve the utilization of costly medical resources,
both personnel and facilities, while simultaneously reducing
patient waiting times.

When considering medical appointment scheduling rules,
two critical parameters come into play: the number of patients
scheduled in each time slot and the duration of the time slot.
The former determines the block size, i.e., the number of
patients to be attended, while the latter represents the interval
between visits [8]. There are various combinations of these
parameters, but it is usual to assign a single patient to each
time slot, varying the duration of their consultation.

Furthermore, the presence of late arrivals, no-shows, walk-
ins, and emergencies can disrupt the assignment schedule.
Physicians may also experience delays during clinical
sessions or be interrupted by non-consulting activities [9]. All
of these factors can significantly affect the scheduling and
flow of visits in a healthcare environment.

The purpose of this research is to propose a model that
allows incorporating overbooking in medical appointments,
considering the propensity that a patient attends their medical
appointment. We also use machine learning to determine
this propensity and, for this reason, we present an objective
function that represents the expected utility of the medical
center. Table 1 provides a concise overview of the key aspects,
methodology, results, practical application, and benefits of
the proposed approach.

The document is structured as follows: Section II dis-
cusses related work on medical appointment scheduling,
covering concepts related to scheduling, machine learning,
and problem-solving methods. Section III provides details
about the materials and methods utilized in the study.
Sections IV and V present a comprehensive summary of the
study’s results. Finally, Section VI discusses the conclusions
drawn from the research and outlines potential avenues for
future work.

II. RELATED WORK
Scheduling plays a fundamental part in resource allocation,
whether it involves assigning personnel, determiningmaterial
quantities for a process, or coordinating machinery. The
efficiency of operations and service delivery is highly
dependent on effective scheduling. In healthcare, there are
several challenges to patient care, and since the 1950s,
researchers have studied and proposed numerous models to
address these issues [10]. These proposals aim to improve
patient care through the development of new healthcare
systems.

When it comes to the mathematical models used to solve
the problem of scheduling medical appointments, many

scheduling systems rely on heuristics, dynamic program-
ming, and stochastic scheduling, as they are more resilient to
factors such as random arrivals and service times. However,
advancements in data science now allow for more accurate
predictions of these factors, enabling the use of deterministic
planning systems. Deterministic models are formulated using
integer or mixed-integer linear programming to optimize
specific performance measures for scheduling [8].
The phenomenon of patients not attending scheduled

appointments is observed in healthcare facilities around
the world. Missed appointments result in resource down-
time, lower resource utilization, and reduced productivity.
In contrast to the physical waiting time at the facility,
there is an ‘‘indirect’’ waiting time between the referral
date and the actual booking date, which can be crucial for
the early diagnosis of disease. Patient no-shows not only
impact organizational costs but also affect the effectiveness
of healthcare services provided to these patients [11].
To mitigate the effects of nonattendance, overbooking is a
popular strategy, as it allocates more capacity to the visit
schedule, leading to more timely care.

Overbooking involves scheduling more than one patient
for the same booking, similar to how airlines manage flight
reservations. However, it can cause collisions whenmore than
one person arrives for the same visit. In healthcare centers,
patients cannot be simply ‘‘bumped’’ from their appointments
as can happen in airlines. Consequently, such collisions
can increase waiting times, affecting subsequent visits [12].
Usually, overbooking is done blindly, without considering the
likelihood of a patient no-show. A more effective approach
would involve overbooking a patient when it is highly likely
that the initially scheduled patient will not show up.

A. SCHEDULING OF MEDICAL APPOINTMENT
The literature on the problem of patient appointment
scheduling focuses on two crucial variables: the time interval
between visits and the actual duration of the visit. The
first variable signifies the scheduled duration, while the
second represents the time a patient actually spends in their
visit. Studies consider different time intervals for scheduling,
assuming deterministic but unknown visit duration’s.

In [13], the authors explore three medical appoint-
ment interval structures and the use of overbooking to
address patient no-shows. Introducing flexibility in visit
start times reduces waiting times while maintaining ser-
vice provider efficiency, supported by simulation experi-
ments [14]. An alternative approach to this problem is to
adopt variable duration for medical appointments, as pro-
posed by [15] and [16], where the lengths of consultations
depend on their start time.

The literature on this topic also considers patient prior-
ity, giving certain patients preferential treatment for early
attention based on their medical condition or other relevant
factors [8], [15], [17], [18]. Patient no-shows significantly
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TABLE 1. Summary of features and desired outcomes.

impact scheduling systems. Assigning probabilities based on
historical data helps gauge prediction sensitivity [13], [17].

B. MACHINE LEARNING IN MEDICAL ATTENDANCE
Supervised learning has been shown to be effective in
predicting patient attendance at medical appointments [19].
Techniques such as linear regression, multiple regression,
time series analysis, decision trees, and neural networks are
commonly used for medical visit scheduling, optimizing it
based on predefined parameters.

In [20] and [21], machine learning techniques were
employed to estimate the probability of patient no-shows,
optimizing patient waiting time and physician overtime.
Selecting the most accurate model for scheduling medical
visits requires a systematic approach [22], [23].
Missed medical appointments can result in healthcare

facilities not using resources optimally. Among the most
common reasons cited by patients for not attending include
forgetfulness and lack of communication with the healthcare
facility [24]. Moreover, patients with emergency-related
activities and postoperative care are more prone to miss-
ing appointments [25]. To tackle no-show rates, patient
reminders via phone calls, emails, or text messages have
been implemented. Consequently, healthcare organizations
are turning to data science technologies to leverage available
information.

A literature review of 50 articles conducted in 2020
explored the prediction of patient no-shows for medical con-
sultations. Regressionmodels emerged as the most frequently
used technique to predict these absences [7]. Variables
commonly included in machine learning research on medical
appointment scheduling since 2017 encompass age, gender,
day of the week, waiting time between consultation and
appointment, previous no-show history, time of day, and
distance from the healthcare facility.

C. SCHEDULING AND MACHINE LEARNING IN MEDICAL
APPOINTMENTS
Researchers such as [8], [15], [16], [18], [20], [26], and [27]
consider various probabilities of patient no-shows using
techniques such as machine learning, reference values from
other studies, and process simulation. The purpose of having
different predictions of patient attendance for medical visits
is to use them as input data for the scheduling model to
determine the optimal solution. References [15], [20], [21],

[26] and [28] utilize machine learning methods to obtain
probability values for patient attendance at medical appoint-
ments. These researchers apply techniques that classify user
profiles based on the aforementioned variables in themachine
learning section, associating themwith a higher probability of
no-shows. The objective is to propose strategies to reduce this
no-show rate, such as reminders, appointment cancellations,
and overbooking.

The benefit of working with machine learning and artificial
intelligence is that it enables the extraction of information
from the data, helping to uncover hidden patterns. It is
also possible to develop a classification model that fits
the data set using techniques that learn and predict the
future attendance of patients at their medical appointments
with a certain associated probability. Obtaining this value
provides certainty that the scheduling model is functional for
real-world application in the medical appointment problem.
However, currently, there are relatively few research studies
linking machine learning to appointment scheduling. On one
hand, there is a need to separate patient groups classified as
‘‘attendees’’ and those with a higher probability of no-shows.
On the other hand, there is a need to determine how and when
to schedule these patients.

III. PROPOSAL OF A MEDICAL APPOINTMENT
SCHEDULING MODEL WITH MACHINE LEARNING
AND OVERBOOKING
In this section, we propose the integer linear programming
model that allows the scheduling of medical appointments.
The model will consider the following aspects:

• Three types of patients: the priority patients who are
individuals with some degree of priority for medical
care; the first-time patients who are first-time visitors
to any medical specialty at the center. These have a
higher priority for care compared to recurrent patients,
but lower than those categorized as ‘‘priority patients’’.
Finally, there are the regular patients, who have a history
of more than one previous visit to the service and are not
categorized as a priority for scheduling appointments.

• The main strategy of the medical center will be the
use of overbooking to maximize the use of medical
resources and some patients may require more than one
care slot. The medical care slots have the same duration.
To illustrate an example of this, Figure 1 show six
patients scheduled in four time slots. Patient 4 needs
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FIGURE 1. Example of a schedule with overbooking in slots 2 and 3.

two slots for his medical attention. Slots 2 and 3 are
overbooked, with two and three patients respectively.

• Each patient to be scheduled has a propensity to attend
a medical appointment, which can also be interpreted
as the probability of attendance (1- probability of non-
attendance).

• There is a maximum number of patients to be over-
booked per slot. This number is determined by a
maximum value of the sum of their propensities to
attend the medical appointment. Figure 1 shows that
the maximum number of patients to be scheduled in the
second slot is 2, and in the third slot is 3. Patients 2 and
5 have a low propensity to attend a medical appointment
(shown in grey). When their propensity are combined
with those of others who have a higher propensity, they
do not reach the established limit.

• The primary objective of the medical center is to
optimize its utility which depends mainly on the number
of patients scheduled, the propensity to attend of each
patient and the quantity of slots required to provide care
for each patient.

Next, the utility function of a medical center is obtained,
and then the optimization model is proposed.

A. FORMULATION OF THE OBJECTIVE FUNCTION
Before introducing the integer linear programming model,
we present an expected utility function for a medical center in
terms of the utilization of care slots, as shown in Equation (1).
This equation provides the criterion by which the model will
make patient scheduling decisions over a given time horizon.

U =

∑
P

IPrbpSPp − C(k) ∀p ∈ P (1)

The first component of the utility function represents the
expected revenue. I represents the revenue for using a time
slot, and Prbp is the propensity of a patient p to show up
for his or her medical appointment. To obtain this value,
we consider a set of attributes related to the patient’s behavior
in previous medical appointments. This value is given by (2),
in which Ap is the set of relevant attributes of patient p, and f
is a function, chosen under a certain context, that transforms
Ap into a propensity value.

Prbp = f (Ap) ∀p ∈ P (2)

SPp is the number of slots required to attend to patient
p. The second term represents the cost of overbooking.
This cost represents all costs incurred due to the delay in

patient care and the cost of extra care box time. These costs
are represented by C(k) and depend on the number k of
overbooked patients in a care slot. We consider the cost C(k)
as a fraction of the revenue I. We will denote this fraction αk,
which will depend on the number k of overbooked patients.
Thus, the utility function is as shown below in (3).

U =

∑
P

IPrbpSPp−Iαk ∀p ∈ P (3)

In this investigation Prbp will be obtained by using
machine learning.

B. MATHEMATICAL FORMULATION OF THE MODEL
In the mathematical formulation of the model, we use the
expected utility function (3) as the objective function. Since
revenue I is present in both terms, we set I = 1 and interpret
αk as the penalty for overbooking.
We use the following notation and definitions. Let θ =

{∀ p ∈ P, d ∈ D, b ∈ B, s ∈ Sd b : s+ SPp − 1 ≤ Sd b, Sd b >

0} represent the notation used in the constraints. Furthermore,
it is important to clarify that ss refers to a slot different from
s but still belonging to the set S, which starts in s+ SPp − 1.
The set O = {(d, b) : ∀ d ∈ D, b ∈ B} corresponds to the
set of available time slots for overbooking.

The proposed model for scheduling medical appointments
is as follows:

Sets
P = set of patients to be scheduled,
D = set of days to be scheduled,
B = set of care box,
O = set of slots of the box b on day d where overbooking

is allowed,
Sdb = set of slots available on d in the box b.
Parameters
qd = proportion of slots available for first-time patients on

day d,
fp = binary parameter that is equivalent to 1 when patient

p has a priority for attention and 0 otherwise,
Gp = binary parameter that is equivalent to 1 when patient

p corresponds to first visit and 0 otherwise,
Prbp = propensity that patient p will show up for his

medical appointment,
SPp = number of slots needed to attend the patient p,
αk = overbooking penalty,
k=maximum number of patients assigned to the same slot

(overbooking),
maxPrb = maximum likelihood sum for patients assigned

to the same slot.
Decision variables
xpdbs = binary variable that is equal to 1 if patient p is

assigned to slot s on day d in box b and 0 otherwise,
yp = binary variable that is equal to 1 if patient p is

programmed and 0 otherwise,
updbs = binary variable that is equal to 1 if the patient p

uses the slot s on day d in the box b and 0 otherwise,
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Bdbs = binary variable that is equal to 1 if there is
overbooking in the slot s in the box b on day d and
0 otherwise.

Objective function

MaxZ =

∑
θ

ypPrbpSPp −

∑
θ

αkBdbs (4)

subject to:

yp =

∑
θ

xpdbs ∀ p, d, b, s ∈ θ (5)

∑
θ

updbs = SPpyp ∀ p, d, b, s ∈ θ (6)

xpdbsSPp ≤

∑
θ

updbss
∑

ss∈s+SPp−1

updbs

∀ p, d, b, s ∈ θ (7)∑
θ

updbs ≤ 1 ∀ p, d, b, s ∈ θ (8)

∑
θ

updbs ≤ 1 + Bdbs(maxp− 1)

∀ p, d, b, s ∈ θ ∧ ∀ (d, b) ∈ O (9)∑
θ

xpdbs ≤ 1 ∀ p, d, b, s ∈ θ (10)∑
θ

xpdbsGpSPp ≥ min(
∑
p∈P

GpSPp, qd
∑

(d,b) ∈ O

Sdb)

∀ p, d, b, s ∈ θ (11)∑
θ

xpdbsfpSPp ≥ min(
∑
b∈B

Sdb − qd
∑
b∈B

Sdb,
∑
p∈P

fpSPp)

∀ p, d, b, s ∈ θ (12)∑
θ

updbs ≥ 1 ∀ p, d, b, s ∈ θ (13)

xpdbs, yp, updbs,Bdbs ∈ 0, 1

∀ p, d, b, s ∈ θ ∧ ∀ (d, b) ∈ O (14)

The model starts by scheduling priority patients with the
parameter fp = 1, followed by first-time patients represented
by Gp = 1, and finally, regular patients represented by Gp =

0. All this while ensuring that all available slots for each day
of the planning horizon are occupied. Besides, each patient
requires a certain number of slots for their care, represented
by the parameter SPp. Generally, it is assumed that each
patient will require one slot (SPp = 1), while priority patients
are assigned two slots (SPp = 2), considering that they may
need more extensive attention.
According to the model, each patient is scheduled for a

specific day with the allocation of the necessary slots for
his or her appointment. It is important to note that only
one patient can be seen at a time. In addition, a maximum
limit of 120% (maxPrb) is considered for the sum of the
probabilities of the scheduled patients to avoid overbooking.
In other words, if a patient has a 70% probability of attending,

the model will overbook another patient who has, at most, a
50% probability of attending. This ensures that the sum of
the probabilities does not exceed the 120% limit set for each
scheduled slot.

Finally, it is established that the medical care center is
allocated a minimum number of exclusive slots for first-time
patients and priority patients. If, after assigning these patients
to their respective slots, there are still slots available, then they
are assigned to regular patients.

The objective function maximizes the probability of slot
occupancy of the medical center considering the penalty
for overbooking. Constraint (5) states that if patient p is
scheduled, they must be assigned a day d, a slot s, and a
box b. Constraint (6) indicates that if patient p is scheduled,
the number of assigned slots must match their requirements.
Constraint (7) ensures that the slots assigned to patient p
are exclusively theirs. Constraint (8) prevents assigning more
than one patient to a non-overbooking slot. Constraint (9)
captures the slots where multiple patients are assigned and
limits the maximum number of patients assigned to the
same slot. Constraint (10) ensures that a patient can only
be scheduled once. Constraints (11) and (12) establish a
minimum number of slots to be assigned to first-time patients
and prioritized patients, respectively. Lastly, constraint (13)
requires all available slots to be occupied, and constraint (14)
ensures non-negativity of the variables.

IV. MODEL APPLICATION TO REALWORLD DATASET
In this section, the model proposed above will be applied to
real data obtained from the medical appointment history of
three medical specialties at Dr. Guillermo Grant Benavante
Hospital in the city of Concepción, Chile. The database
contains medical consultation records from the first semester
of the year 2021, with a total of approximately 340,000
entries. The three selected medical specialties were those
with a monthly non-attendance rate greater than 10%.
These specialties are Neurology, Gynecology, and Otorhino-
laryngology. Consequently, the database comprises 10,000
medical appointment records.

The data presented in this study is available upon request to
the respective hospital. Due to its private and sensitive nature,
which contains personal and confidential information about
the patients, the data is not publicly accessible.

An important aspect for the model’s application is
determining the propensity of each patient to attend a medical
appointment, as shown in Equation (2). Given that we have
historical data related to the patients’ attendance at their
previous medical visits, machine learning will be used to
identify patterns to determine this propensity.

This section provides details on how patient atten-
dance propensity has been calculated using machine learn-
ing techniques. A machine learning algorithm is utilized
to identify specific characteristics of patients who are
more likely to miss their medical appointments. Test
instances are also created to verify the functionality of the
model.
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A. DETERMINATION OF THE PROPENSITY TO ATTEND
MEDICAL APPOINTMENTS BY MACHINE LEARNING
Regarding Prbp (Equation (2)), in this investigation, the
function f (; ) will be a Machine Learning algorithm. This
trained algorithm will allow us to obtain the behavior pattern
of patients based on a set of Ap features that describe the
historical background related to the patients’ attendance
at appointments. Through the application of the trained
algorithm, we will obtain the propensity to attend their
medical appointment for each patient to be scheduled.

The historical background of patients in the database
included attributes such as the date of the medical appoint-
ment, type of care, medical specialty, patient’s age, commune
of residence of the patient, among others. After a data
cleaning process, it was necessary to apply the SMOTE
algorithm [29] to generate a balance between the number of
attendees and absentees in the database

The most relevant features were determined using the
information gain criterion [30]. These include the difference
in days between the creation of the record and the actual date
of the medical appointment, the type of activity and medical
care required by the patient, the number of times the patient
has previously missed and attended medical appointments,
and the establishment of origin from which these patients
come, among others.

After identifying these most relevant features, five com-
monly used machine learning models were trained and tested
using Rapidminer software [31]:

• Decision Tree [DT] [32]: It’s a model structure resem-
bling an inverted tree. In this tree, each node represents
a question or test about a specific attribute, and
each branch represents the outcome of that ques-
tion. The leaves of the tree contain the decisions or
predictions.

• Neural Network [NN] [33]: It’s a machine learning
model inspired by the human brain. It consists of
layers of interconnected nodes (neurons) with weighted
connections that adjust during training to predict the
class of a new element.

• Support Vector Machine [SVM] [34]: It aims to find
the optimal hyperplane for effectively distinguishing
between various classes in the data space. Throughout
training, it identifies support vectors—critical data
points that play a key role in delineating the classifica-
tion decision boundary.

• Linear Regression [LR] [35]: Predicts categories by
fitting a linear equation to data, adjusting coefficients to
minimize errors during training.

• Naive Bayes [NB] [36]: Is a probabilistic machine
learning model used for classification, utilizing Bayes’
theorem to calculate the probability of a data point
belonging to a specific class based on observed features.

The deliberate selection of these models was based on
their proven effectiveness and versatility in various fields,
in addition to some applications described in subsection II-B

FIGURE 2. Training and validation set for the algorithms.

TABLE 2. Results of machine learning algorithms.

For training, testing, and selection of the most appropriate
machine learning algorithm, the process shown in Figure 2
was used. The training process consists of a training subset
and a validation subset. Using data from January to April
2021 as the training set, the algorithm was trained to learn
the attendance patterns of the patients present in the data.
Subsequently, using data from May 2021 for validation, the
parameters of each algorithm were adjusted to achieve the
best possible predictions for this month with each of them.
After parameter adjustment, the performance of each model
was tested by predicting the month of June 2021. The results
of this testing process are presented in Table 2.

Table 2 shows the predictive performance of each machine
learning algorithm using four hit-based indicators. Accuracy
represents the overall proportion of patients correctly pre-
dicted by the model. Precision is the number of patients
correctly predicted to ‘‘attend’’ divided by the total number
of patients the algorithm predicts will ‘‘attend’’. Recall is the
number of patients correctly predicted to ‘‘assist’’ divided
by the total number of patients who actually showed up. F-
measure is the harmonic mean of precision and recall, and
is used to balance the precision and recall of a model in a
single metric. AUC (Area Under the Curve) is an indicator
that measures the area under the ROC [37], [38] curve. The
ROC curve is a graphical representation of the performance
of a classifier that relates the true positive and false positive
rates in a binary prediction classifier performance. The value
of each indicator varies between 0 and 1. The higher the
value, the better the performance of the model according to
the indicator criteria. The Support Vector Machine (SVM)
algorithm is chosen, as it demonstrates better performance in
the Recall, F-measure and AUC indicators.

B. SCHEDULING MEDICAL APPOINTMENTS USING THE
MODEL
After determining the propensity, we employ the proposed
model to create a weekly schedule. To do this, we initially
assume that each time slot has a duration of 15 minutes,
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TABLE 3. Results of appointment scheduling for the neurology specialty using the model.

TABLE 4. Results of appointment scheduling for the gynecology specialty using the model.

aligning with the average time it takes for each patient to
receive medical attention. Consequently, on average, each
patient will occupy only one time slot for their scheduled
procedure, except in cases where two time slots are required.
Additionally, it has been established that doctors maintain
a continuous schedule of 8 hours, starting from 8:00 A.M.
and concluding at 4:00 P.M., equivalent to 32 time slots of
15 minutes each. It is important to note that the number of
consultation rooms may vary across specialties; however, for
the purpose of observing patient scheduling behavior, we will
consider only one consultation room (box) as a reference.

We estimate k = 2 to mitigate inefficiencies arising
from overcrowding and longer waiting times. Given this
value of k = 2, it was necessary to calculate the value of
αk=2. To achieve this, 9 groups of patients were scheduled,
and for each group, the alpha parameter was varied from
0.1 to 0.9 in increments of 0.1. The sizes of the 9 patient
groups were 200, 250, 300, 350, 400, 450, 500, 550, and
600. For each alpha value and group size, the occupancy
rate was calculated, defined in the Equation (15), where the
denominator corresponds to the occupancy propensity of the
slots and the nominator is the number of slots scheduled for
the patients.

Occupancy rate =

∑
ypPrbpSPp∑
ypSPp

(15)

The average occupancy rate obtained for each αk=2 value
is shown on the Figure 3. For low values of alpha (0.1, 0.2,
and 0.3), the model employs a higher degree of overbooking
in patient scheduling. For alpha values of αk=2 = 0.4 and
0.5, the model reduces the extent of overbooking. Starting
from an alpha value of αk=2 = 0.6, the model no longer
utilizes overbooking, resulting in sub optimal outcomes. The
highest occupancy rate is attained with an alpha value of

FIGURE 3. Occupancy rate based on αk=2 value.

αk=2 = 0.5, and this value is selected (the literature suggests
αk=2 = 0.3 [15]).

Tables 3, 4, and 5 show the results obtained from the
application of the model to different groups of patients, with
values of k = 2 and αk=2 = 0.5, illustrating the occupancy
rate trends for each medical specialty. The first column

∑
yp

refers to the number of patients scheduled by the model, the
second column

∑
ypSPp is the slots scheduled for patients,

the third column
∑
ypSPpPrbp is the occupancy propensity

of these slots, the fourth column is the occupancy rate and
then there is the value of the objective function (Z) and the
value of the overbooking. From this it can be seen that the
three specialties achieve an occupancy rate of up to 57%.
However, this value varies depending on the size of the patient
cohort.

C. EFFECTIVENESS OF THE APPLICATION OF THE MODEL
To assess the model’s effectiveness, the scheduling approach
will be compared to the current hospital practices, which
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TABLE 5. Results of appointment scheduling for the specialty of otorhinolaryngology using the model.

TABLE 6. Random scheduling (hospital) of appointments for the neurology specialty.

TABLE 7. Random scheduling (hospital) of appointments for the gynecology specialty.

FIGURE 4. Occupancy rates for medical specialties scheduled by model
and hospital (random).

involve random scheduling but prioritize patients defined as
high-priority and those attending for their first visit.

Tables 6, 7, and 8 display the resulting occupancy rates for
each patient groupwhen scheduled according to the hospital’s
current practices.

It is observed that the values vary depending on the size
of the group to be scheduled and the propensities of the
scheduled patients to attend their medical appointments.

Figure 4 illustrates the comparison of the average occu-
pancy rates obtained using the proposed model (Model)

FIGURE 5. Mean occupancy rate of the model and the hospital (random).

and the current hospital practices (Random). The average
occupancy rate is calculated as the mean of the occupancy
rates obtained for each group of scheduled patients. Also
demonstrates that at a confidence level of 0.95, the confi-
dence intervals of the means do not overlap. Consequently,
a significant difference is evident between the average
results generated by the model and the outcomes of the
hospital’s scheduling. These distinctions highlight that the
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TABLE 8. Random scheduling (hospital) of appointments for the otorhinolaryngology specialty.

TABLE 9. P-value results of applied tests.

model allows for more efficient scheduling of medical
appointments by considering each patient’s propensity to
attend and implementing overbooking.

Figure 5 depicts the average performance of both the
model and the hospital’s scheduling. It is evident that the
model achieves a significantly higher occupancy rate than
the hospital’s scheduling. This is supported by the non-
overlapping confidence intervals of the means at a confidence
level of 0.95.

To demonstrate that the average performance of the model
is significantly higher, a mean test is conducted between
the performance of both schedules. Before defining the
appropriate test, it is necessary to check the normality of the
data and the homogeneity of variance.We utilize the Shapiro-
Wilk test for normality and the Bartlett test for variance
homogeneity.

Table 9 displays the results of both tests. Since the p-
values in the Shapiro-Wilk test for both Hospital and Model
are greater than the significance value of 0.05, it can be
concluded that there is no statistical evidence to reject the
null hypothesis, indicating that the data follows a normal
distribution. However, as the p-value in the Bartlett test is
less than the significance value of 0.05, there is statistical
evidence to reject the null hypothesis, suggesting that the
variances in both schedules are different.

Given that the data follows a normal distribution and there
are significant differences in the variances between the two
schedules, the most appropriate method to test the equality
between the average performances of both schedules is the
‘‘Analysis of Variance with Heterogeneity of Variances,’’
also known as Welch’s ANOVA. Table 9 reveals that the
p-value of this test is less than the significance value of
0.05, indicating a highly significant difference in the average
occupancy rates of both schedules. This implies that using
the proposed model for scheduling medical appointments
achieves a higher occupancy rate than the current hospital
practices.

TABLE 10. Computational results.

D. COMPUTATIONAL RESULTS
The model was implemented using the AMPL language
and solved using the CPLEX 22.1.1.0 solver. The solver
was allocated a computational time limit of 3600 seconds,
and the system specifications included an 11th Gen Intel(R)
Core(TM) i7-11800H 2.30 GHz processor with 16.00 GB of
RAM.

The computational results presented in Table 10 highlight
the outstanding performance of the AMPL model. Each row
corresponds to a specific medical specialty and provides
information on the goodness-of-fit (GAP) and computation
time in seconds for each instance. The model achieved an
optimal solution with a GAP of 0.00%, indicating highly
accurate solutions. Computation times varied based on the
medical specialty and instance size. This efficiency allows
the model to handle longer time horizons for appointment
scheduling, making it a valuable tool for healthcare facilities
seeking optimal and timely solutions.

V. DISCUSSION
The proposed model aims to optimize the utilization of health
center time slots by combining overbooking and considering
a patient’s propensity to attend their medical appointment.
It prioritizes first-time patients, followed by high-priority and
recurrent patients, ensuring comprehensive coverage of all
available slots for the day. The model incorporates various
constraints based on facility policies and can be tailored to
specific scenarios.

The test instances demonstrated the model’s ability to
logically and efficiently schedule patients, resulting in a
high number of scheduled patients and overbooked slots.
Tables 3, 4, and 5 show that the number of scheduled patients∑
ypSPp is consistently greater than the number of available

slots
∑
yp. It is also possible to observe that the higher the

number of patients to be scheduled, the higher the value of
Z and the higher the occupancy rate. This is due to the fact
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FIGURE 6. Application methodology of the proposed smart model of scheduling of medical appointment in a
medical center.

that by increasing the universe of patients to be scheduled,
the model can choose a subset with a higher propensity.

Occupancy rates in all cases indicate the model’s effec-
tiveness in efficiently allocating patient appointments to
available time slots, resulting in a well-organized and
efficient scheduling system. This is evident in the higher
average occupancy rate provided by the model in each
specialty (Figure 4) and in the overall average occupancy rate
(Figure 5) compared to the hospital’s scheduling occupancy
rate.

The model achieves an average occupancy rate of 56.29%,
which is significantly higher than the 52.26% achieved by
the hospital. This level of occupancy is considered high, as it
guarantees that at least 56% of the scheduled slots for both
instances will be occupied under any circumstances. This
indicates that the scheduling strategy implemented by the
model effectively fills a substantial portion of the available
slots with patient appointments that have a higher propensity
to attend, resulting in optimal resource utilization.

This is particularly crucial in healthcare environments as it
ensures the optimal utilization of medical resources, leading
to reduced patient waiting times and an overall enhancement
in the quality of care provided.

It is important to note that the occupancy rate can
be improved by increasing patients’ attendance propensi-
ties. In this study, the average patient attendance rate is
approximately 48%. Therefore, the model combines these
attendance probabilities with the established parameters.
For instance, when the model was applied to a set of
patients with attendance probabilities exceeding 80%, while
keeping the same parameters, the results demonstrated an
occupancy rate exceeding 79%. This illustrates that slot
occupancy is directly influenced by the probability of patient
attendance.

The available information for estimating patients’ propen-
sity to attend their medical appointment was limited in
comparison to other databases utilized in prior studies. These
alternative datasets encompassed a more comprehensive
set of patient features, including factors such as waiting
time, distance to the health facility, indigenous identity, life
insurance status, educational level, and more.

Figure 6 illustrates the application methodology of the
intelligent medical appointment scheduling model in a
medical center. It begins with a cohort of registered patients
who have requested a newmedical appointment for the period
t . Patients must be identified in the medical appointment
attendance database to acquire their historical background.
Subsequently, the most relevant features are extracted for the
trained machine learning model (Support Vector Machine) to
estimate the propensity of each patient to attend a medical
appointment. Using this propensity value, the intelligent
medical appointment scheduling model is implemented,
allocating slots to each patient for the period t . The medical
care slot is then communicated to each patient through a
defined communication channel. It is essential to monitor
the attendance of each patient at their medical appointment
and update their background with this information in the
historical patient attendance database. The machine learning
algorithm must be retrained periodically (once or twice a
year) to identify changes in patient care behavior due to the
use of the proposed model and other factors. This ensures
that the model does not lose its effectiveness and continues
to enhance its efficiency.

VI. CONCLUSION AND FUTURE WORK
The implementation of an overbooking strategy allows for
more efficient resource utilization; however, it is not without
associated costs, such as increased waiting times for some
patients, which directly impacts the perception of service
quality.

The proposed integer linear optimization model incorpo-
rates the propensity of each scheduled patient to attend,
in conjunction with the overbooking strategy. By maximizing
the expected utility function of a medical center, this model
demonstrates an efficient approach to scheduling medical
appointments, ultimately improving the utility of a medical
center.

For estimating the propensity to attend for each patient, the
Support Vector Machine (SVM) machine learning algorithm
exhibited superior performance, achieving an AUC of 85%.
The utilization of SVM and its continuous retraining with
new patient visit data positions the proposed model as an
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adaptive and intelligent medical appointment scheduling tool.
The combination of optimization techniques and data-driven
decision-making holds the potential to revolutionize medical
appointment scheduling, enhancing access to care and overall
healthcare service delivery.

The results from the application to real data from three
medical specialties lead to the conclusion that the model
efficiently allocates patients and care hours, minimizing
the generation of unused slots. Despite the low propensity
of patients in these three specialties to attend medical
appointments and the prioritization of a substantial group
of patients, the model demonstrated statistically superior
results compared to the random scheduling employed by the
hospital, while considering the same conditions of patient
propensity and priority.

To further enhance the model’s performance and robust-
ness, the study will explore a utility function where the cost
component is a function of the patients’ propensity to attend
their medical appointment.

Regarding the model’s applicability, it is imperative to
develop an integration with the data flow so that the SVM
algorithm can be automatically retrained periodically. This
will enable the propensity to attend to be updated in
accordance with the dynamic behavior of the patients.

The versatile characteristics of the developed model
expand its applicability to the scheduling of appointments
in surgical suites. This adaptation brings the potential to
optimize the efficiency of scheduling surgical procedures,
decrease patient wait times, and potentially improve the
overall quality of surgical care.
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