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Abstract

Health care systems are affected by sudden increases in demand that can be generated by factors such
as natural disasters, terrorist attacks, epidemics, among others. Patient demand can be divided between
scheduled and walk-in and, in pandemic scenarios, both of them must be managed in order to avoid
higher patient waiting times or number in queue. A discrete event simulation model is proposed in order
to evaluate critical indicators like: patient waiting times, number in queue, resource utilization (doctors),
using four different patient schedule appointment rules. In this study it was also considered patients
impunctuality, walk-in patients and no-show in different scenarios. The best schedule appointment rules
for each demand scenario were evaluated. After comparing six performance indicators, four schedule
appointment rules in nine different scenarios it was found that the most known scheduling rule had the
lowest queue sizes at scenarios with low or no walk-in patients, whereas, as the unpredictability of the
scenarios rose, other rules outperformed it. It was also presented to exist an inverse relation between
queue size and the physician idle time.

Keywords: discrete event simulation, idle-time, queue management, appointment scheduling, health
care.

Introduction
Since HIV in the 1980s and until Zika virus in 2015, emerging infectious diseases
challenge health systems which leads to public health emergencies (Metcalf & Lessler, 2017).

In late 2019 in China and February of 2020 in several countries, COVID-19 started to quickly
spread (Ben Hu, 2020) and impact society in many areas (Horton 2020; Couto 2021).
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Besides presenting a huge dissemination capacity, COVID-19, which is a viral disease
caused by Sars-Cov-2, can also induce many clinical symptoms. One of the most relevant is
severe acute respiratory syndrome, which requires intensive treatment and may overload health
systems (Boban, 2020; Tu, 2020).

The Sars-Cov-2 transmission occurs mainly through direct human-to-human contact, via
airborne droplets and aerosols from sneezing, coughing, and speaking (Oliveira, 2020; Lotfi,
2020). Transmission may also occur by indirect ways, such as contaminated objects and particles
suspended in the ambient air (Lotfi, 2020). Therefore, crowded and closed environments are
considered of high risk in the spread of the virus (Rader et al. 2020).

In this recent context of a highly contagious pandemic virus, it is necessary to reduce
crowding in closed environments (Lotfi, 2020; Rader, 2020) such as in health care organizations,
where there will potentially be a higher concentration of people from risk groups and infected
people. Thus, the following research question is proposed:

How to reduce the risk of infection (caused by crowding) in health care
organizations for elective (scheduled) appointments?

One way of trying to control the number of patients in queue in the waiting room of a
service is to make changes in the scheduling rules and policies for clients/patients (Meza, 1998).
Cayirli and Veral (2003) had stated that a scheduling rule is a combination of three variables:

(1) block size of scheduled patients per slot;

(i1) initial block of patients scheduled at the first operating time;

(ii1) interval between appointments.

In the present work, performance indicators were evaluated in four scheduling rules and
in nine scenarios of demand (varying no-show and walk-in patients’ rate). These scenarios were
compared using a discrete event simulation model built from data extracted from the research of
Peres (2017) and Cayirli et al. (2006). The performance indicators evaluated are:

1) Number of patients in queue;

2) Patient’s waiting time;

3) Resource utilization/idle time (doctor);
4) Patient total time in the unit.

5) Number of patients seen

All these indicators will be defined in the next paragraphs. It will also be presented why
some definitions differ from other research.

The focus of present research is:

To evaluate the impact of the use of different scheduling rules on the number of people
queued and on resource utilization in a pandemic context. Furthermore, variables such as no-
show, walk-in and patient lateness will be considered.

Discrete event simulation aims to mimic the evolution of a system with state variables
that change at discrete points in time (Banks, 2010; Law 2013). This tool can be used to simulate
the operation of health care services such as: ophthalmological surgery (Peres et al., 2017),
central sterile services department (Assad et al., 2018) and admission to primary care health
care units (Klojda et al., 2021).

Within the scope of scheduling rules, research such as that of Bailey (1952), Welch
(1964), Bosch and Dietz (2000), Harper and Gamlin (2003), Guo, Wagner and West (2004),
Wijewickrama and Takakuwa (2005), Wijewickrama (2006), Kaandorp and Koole (2007), Zhu
and Teow (2009), Anderson et al. (2015), Barghash and Saleet (2018) used different strategies
aimed to:

1. Reduce waiting time (planned versus performed): Bailey (1952), Welch (1964),

Bosch and Dietz (2000), Harper and Gamlin (2003), Wijewickrama and
Takakuwa (2005), Zhu and Teow (2009) and Anderson et al. (2015), Klassen and
Yoogalingam (2019)

2. Decrease idleness of resources (doctor): Guo etl al. (2004), Kaandorp and Koole

(2007), Zhu and Teow (2009) and Anderson et al. (2015)
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3. Reduce resource overtime (physician): Kaandorp and Koole (2007), Zhu and
Teow (2009), Barghash and Saleet (2018).
4, Reduce queued patients: Wijewickrama (2006) and Zhu and Teow (2009)

Although minimizing waiting time is an issue well covered in literature, the indicator
is usually calculated by making the difference between the scheduled time or when a patient
arrives (in lateness cases) and the time when the patient is admitted in the consultation room.
If on one hand this way brings a great efficiency measure, on the other hand, in a pandemic
context, it does not allow the organization to consider the total patient waiting time that means
exposure time which should be minimized.

Thus, in order to minimize the infection transmission risk, two key performance indicators
(KPI) are mainly relevant, unfocused in previous research and are formally presented below:

1. total patient waiting time (exposure time): The difference between patient time
arrival and the time when the consultation ends. This unusual interpretation of
indicators therefore lends originality to the proposed study.

2. queue size (crowding): the number of queued patients all over the time which is

equally unusual indicator adopted in previous research.
Other traditional performance indicators used in this research are formally presented
below:

1. idle time: total time that a resource (doctor) was available, but there was no patient
demand.

2. Patient total time in the unit: the difference between patient arrival and release
from the unit.

3. Number of patients seen: total number of patients seen by the physician in workday

Research Methodology
General Background

The health care unit evaluated has 1 doctor and 1 receptionist. Patients are seen by
appointment. There may be patients arriving without an appointment (walk-in) and scheduled
patients may not appear (no-show). Finally, the scheduled patients can also arrive before or after
the time scheduled following a certain probability distribution that will be mentioned below.

Cayirli et al. (2006) proposed seven scheduling appointment rules presented in the
following figure 2, and here four of them were implemented in the Promodel software as
described below:

Figure 1
Seven Scheduling Appointment Rules Proposed by Cayirli et al. (2006)
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The scheduling appointment rules studied in this research were IBFL, 2BEG, OFFSET
and DOME because they are more usual. Below is the explanation of each rule:

1. IBFI: (individual block/fixed interval): rule usually used by clinics that schedule
patients individually at intervals equal to the average service time;

2. 2BEG: (individual block/fixed interval): same as the IBFI rule, but with an initial
block of two patients;

3. OFFSET (individual block/variable interval): schedules the first patients between
shorter intervals and the rest are scheduled between longer intervals, when
compared to the IBFI rule;

4. DOME (individual block/variable interval): schedules the first patients between
shorter intervals, patients in the middle of the shift are scheduled between longer
intervals, and the rest are scheduled between shorter intervals, when compared to
the IBFI rule.

Instrument and Procedures

Figure 2
The Model (Authors)
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A model which simulates the operation of a health care unit was built in Promodel. The
unit has two professionals: 1 receptionist and 1 physician. Both have the capacity to see one
patient at a time.

Upon arrival at the unit, the patient waits his turn to be seen by the receptionist. After
being seen, he goes to the waiting room until the doctor is available to see him in the consultation
room. Patients are seen in arrival order. After the consultation, the patient is released and exits
the system.

The unit's workday is from 8am to Spm, with a break from 12pm to 1pm. Overtime
is not allowed. If a patient arrives after Spm he will not be seen. Every day starts with the
entire agenda booked, with two shifts of 12 patients booked in each. In the model, patient
admission has equal chances of being of the returning or new. Patients of these classifications
have different times of attendance by the doctor.
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Sample of Research and Data Analysis

The time values of the activity processes, as well as the patients’ impunctuality, were
input data extracted from the articles by Peres (2017) and Cayirli et al. (2006). They follow

statistical distributions and are described below:

Table 1
Adapted from Peres (2017) and Cayirli et al. (2006)

Factor

Distribution

Patients’ impontuality

Normal (-16.62, 27.07)

Service time at medical office for new patients

Lognormal (19.09, 6.85)

Service time at medical office for returning patients

Lognormal (15.50, 5.038)

Service time at the reception

Triangular (1, 1.5, 2)

The patients’ impontuality will sum the random variable retrieved from a normal
distribution with mean -16.62 and standard deviation of 27.07 to the planned schedule time for

each patient.

The appointment schedules for the rules IBFI and MBFI follow the interval of 20 minutes
between patients. The tables 2 and 3 explain further how the patients were scheduled for the
Dome and Off-set rules. On them, it’s stated the patient order on any given shift and the time

interval to the previous scheduled patient.

Table 2

Interval between Appointments Using the Dome Rule

Patient Interval (minutes)
1 .
2 15
3 15
4 15
5 15
6 15
7 25
8 25
9 25
10 25
11 20
12 20
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Table 3
Interval between Appointments Using the Off-set Rule

Patient Interval (minutes)

1

2 15
3 15
4 15
5 15
6 15
7 25
8 25
9 25
10 25
11 25
12 25

Nine different scenarios were tested with varying rates of No-show and Walk-in for each
scheduling rule presented. These inputs variations among the scenarios are described in Table 4:

Table 4
Scenarios of Number of Walk-in Patients and Rate of No-show

Scenario  Distribution that represents time between walk-in patients (minutes) Rate of no-show

(%)
1 No Walk-in 10
2 No Walk-in 20
3 No Walk-in 30
4 Normal (140, 20) 10
5 Normal (140, 20) 20
6 Normal (140, 20) 30
7 Normal (70, 20) 10
8 Normal (70, 20) 20
9 Normal (70, 20) 30

Each combination of scheduling rule and scenario was simulated 100 times, and the
results were exported and compiled utilizing the Rstudio software.
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In each scenario seven performance indicators were collected.
Maximum queue size

Average queue size

Average waiting time

Physician idle time

Average crossing time

Average number of patients a day

Sk —

Research Results

Considering four schedule appointment rules, six performance indicators and nine
scenarios it is expected to present 216 results. But, in order to show how the best schedule
appointment rules can change depending on walk-in and no-show scenarios, in this section,
only the best rule and their value are presented by each scenario and performance indicator.

Table 5
Maximum Queue Size

Maximum queue size (MQS)

Scenario Best performing scheduling rule Value
1 IBFI 2.69
2 IBFI 24
3 IBFI 2.19
4 Dome 3.36
5 IBFI 272
6 IBFI 24
7 Dome 3.89
8 Dome 297
9 Off-set 2.82

The IBFI scheduling rule performed best in average queue size and maximum queue size
in 5 of the 9 scenarios, according to Tables 5 and 6. In the other scenarios, Dome and Off-set
alternated in the position of best performing rule.

Table 6
Average Queue Size

Average queue size (AQS)

Scenario Best performing scheduling rule Value
1 IBFI 0.55
2 IBFI 0.35
3 IBFI 0.32
4 Dome 0.77
5 IBFI 0.5
6 IBFI 0.37
7 Off-set/Dome 112
8 Dome 0.64
9 Off-set/Dome 0.52
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The 2BEG rule proved to be the only one not to be the most advantageous for these
parameters in any of the scenarios tested. The likely reason is that the rule consists of scheduling
two patients at the very first time, which causes a queue to be scheduled from the very beginning
of the clinic's operation.

It is emphasized that as the number of walk-in patients increases, IBFI stops being the
most appropriate rule for these parameters. In the three scenarios in which there is a higher rate
of walk-in patients, the IBFI rule is disadvantaged by the Dome and Off-set rules.

Table 7
Average Waiting Time

Average waiting time (AWT)

Scenario Best performing scheduling rule Value (min)
1 Dome 10.36
2 IBFI 8.5
3 Off-set 8.58
4 Off-set 12.95
5 Dome 11.22
6 IBFI 10.15
7 Off-set 13.82
8 Dome 11.08
9 Off-set 9.44

Regarding the waiting time (Table 7) and total patient time (Table 8) indicators, Dome,
IBFI and Off-set appear as the best choices, depending on the scenario. Once more, the 2BEG
rule does not present the best performance in any of the proposed scenarios.

Table 8
Patient Total Time

Patient total time (PTT)

Scenario Best performing scheduling rule Value (min)
1 Dome 34.24
2 IBFI 29.97
3 Off-set 30.52
4 Dome 36.45
5 IBFI 31.47
6 IBFI 28.83
7 Dome 40.77
8 Dome 32.32
9 Off-set 29.67

The Dome rule is the one that appears most frequently as the best choice, being indicated
in 4 out of 9 scenarios in patient total time indicator, while Off-set appears in 4 out of 9 scenarios
in Average waiting time.
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Table 9
Physician Idle Time

Physician idle time (IDT)

Scenario Best performing scheduling rule Value (%)
1 2BEG 21.94
2 Dome 31.12
3 Dome 35.88
4 2BEG 16.32
5 IBFI 25.22
6 2BEG 33.65
7 2BEG 12.02
8 2BEG 2147
9 2BEG 25.98

In the physician idleness indicator, the 2BEG rule stands out as the best choice in 6 of the
simulated scenarios. This reflects the lack of the policy that allows on average more patients to
be seen without overtime (Table 10) due to the loading of a scheduled queue at the beginning
of each shift.

The Off-set rule does not provide the lowest physician idleness in any combination of
no-show and walk-in scenarios.

Table 10
Average Number of Patients per Day

Average number of patients per day (ANPD)

Scenario Scheduling rule with highest average Value
1 2BEG 21.58
2 Dome 18.88
3 2BEG 17.2
4 2BEG 2454
5 2BEG 22.01
6 Off-set 20.3
7 2BEG 28.05
8 2BEG 25.36
9 2BEG 24.2

Table 11 summarizes the results presented in Tables 5 through 10 and then a comparison
between scenarios, performance indicators, and rules is provided.
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Table 11
Best Performing Rule for Each Indicator per Scenario

Scenario MQs AQS AWT IDT PTT ANPD
1 IBFI IBFI Dome 2BEG Dome 2BEG
2 IBFI IBFI IBFI Dome IBFI Dome
3 IBFI IBFI Off-set Dome Off-set 2BEG
4 Dome Dome Off-set 2BEG Dome 2BEG
5 IBFI IBFI Dome IBFI IBFI 2BEG
6 IBFI IBFI IBFI 2BEG IBFI Off-set
7 Dome Off-set/Dome Off-set 2BEG Dome 2BEG
8 Dome Dome Dome 2BEG Dome 2BEG
9 Off-set Off-set/Dome Off-set 2BEG Off-set 2BEG

Table 11 presents the best scheduling rule for each indicator and per simulated scenario.
It is clear that there is a trade-off between physician idleness and queue size. The 2BEG rule,
which on average offers less idle time to the physician, does not present better results regarding
average and maximum queue size. On the other hand, the IBFI rule, which stands out in the
number of queue patients results, in comparison to the idleness of the physician only appears
better in one scenario.

Discussion

Previous research states that there is not a better appointment scheduling rule for all
scenarios (Cayirli et al., 2006, Anderson et al., 2015, Peres, 2017 and Barghash and Saleet,
2018). This statement is enhanced by Table 11. In addition, the same table shows how the “best
rule” depends on the set of crucial KPIs adopted by the decision makers.

Moreover, some “patterns” were found by using a discrete event simulation approach
that are presented below:

1. The IBFTI rule, the most traditional one, shows great results when there is little
no-show and walk-in. That is, when there is high predictability in the schedule.
2. IBFI schedule appointment rule is not suggested by any indicators in all scenarios

where there is a high walk-in rate (scenarios 7, 8 and 9). This result was also seen
in Perez (2017) research.

3. As long as the number of walk-in patients increases, however, the IBFI rule is
outperformed by the Dome or Off-set rules, which are more efficient in dealing
with uncertainties.

4. The 2BEG rule maximized ANPD in 7 of 9 scenarios and reduced physician idle
time in 6 of 9 scenarios. In practice, as 2BEG rule consists in allow a overbook
(schedule 2 patients in 1 patient slot) in the first slot it is expected a worse result
in comparison to other rules by evaluating the other performance indicators
proposed.

Despite the intrinsic trade-off involved in the KPI’s chosen, considering an infectious
disease transmission context, it is suggested that managers should give a particular attention
to MQS and AQS performance indicators. It also allows their operation to meet particular
government recommendations about social distancing that has been taken in many countries
(Masters et al., 2020).
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Future Directions

To further works it is suggested:

1. Apply all seven schedule appointment rules proposed by Cayirli et al, (2006) and
conduce literatures review to expand current schedule appointment rules in order
to verify some changes in the patterns presented in Table 11 and discussed above;

2. Apply optimization techniques to find the best parameters used for each schedule
appointment rules like proposed in Barghash and Saleet (2018);
3. Consider more resources or stages like other consultation rooms and imaging

exams like in Klassen and Yoogalingam (2019) and then verify the KPI proposed
at each stage;

4. Evaluate cost-effectiveness of adding resources or organizational changes using
simulation models.

Conclusions and Implications

In view of the results generated by the simulations, some conclusions can be drawn.
Considering an infectious disease pandemic scenario, it would be interesting to value scheduling
rules that optimize the average and maximum queue size indicators. In this sense, in scenarios
without walk-in or with low walk-in frequency, the IBFI rule performed best overall. However,
in scenarios with high walk-in frequency, DOME and OFFSET alternated between the position
of best rule.

On the other hand, taking into account time-related indicators such as patient waiting
time in the queue and total waiting time in the unit, it can be seen that the Dome rule out
performed in most scenarios (7 scenarios), followed by Off-set (6 scenarios) and then IBFI (5
scenarios).

Furthermore, considering the indicators of physician idle time and number of patients
seen per day, one can observe that the 2BEG rule out performed in most scenarios. This rule
particularly does not appear as best role in other performance indicators proposed because, in
practice, it promotes overbooking in the first patients’ slot.

It should be emphasized that the choice of a scheduling rule for a given health care unit
should weigh these different performance indicators and consider the trade-off between them,
and it may be valid, in a pandemic context, to give a greater weight to the indicators involving
queue size.

Finally, to the practitioners, it is presented a possible strategy to achieve better operation
indicator results that do not require organizational changes nor financial support. To current
literature, it is enhanced the importance of queue management performance indicators in a
transmissible disease context.
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