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Abstract: Long wait times and crowding are major issues affecting outpatient service delivery, but it
is unclear how these affect patients in dual practice settings. This study aims to evaluate the effects of
changing consultation start time and patient arrival on wait times and crowding in an outpatient
clinic with a dual practice system. A discrete event simulation (DES) model was developed based on
real-world data from an Obstetrics and Gynaecology (O&G) clinic in a public hospital. Data on patient
flow, resource availability, and time taken for registration and clinic processes for public and private
patients were sourced from stakeholder discussion and time-motion study (TMS), while arrival
times were sourced from the hospital’s information system database. Probability distributions were
used to fit these input data in the model. Scenario analyses involved configurations on consultation
start time/staggered patient arrival. The median registration and clinic turnaround times (TT) were
significantly different between public and private patients (p < 0.01). Public patients have longer
wait times than private patients in this study’s dual practice setting. Scenario analyses showed that
early consultation start time that matches patient arrival time and staggered arrival could reduce the
overall TT for public and private patients by 40% and 21%, respectively. Similarly, the number of
patients waiting at the clinic per hour could be reduced by 10–21% during clinic peak hours. Matching
consultation start time with staggered patient arrival can potentially reduce wait times and crowding,
especially for public patients, without incurring additional resource needs and help narrow the wait
time gap between public and private patients. Healthcare managers and policymakers can consider
simulation approaches for the monitoring and improvement of healthcare operational efficiency to
meet rising healthcare demand and costs.

Keywords: wait times; discrete event simulation; dual practice; outpatient; arrival pattern; crowding

1. Introduction

Malaysia has a hybrid healthcare system consisting of public and private healthcare
delivery systems. The public healthcare system has provided near-universal access to
quality healthcare services for free or with a nominal fee over the years despite low levels
of government financing for health [1]. In contrast, the private healthcare system is funded
primarily by out-of-pocket payments by patients who choose to seek private healthcare
services. The growth of the private healthcare sector has partly contributed to the issue of
brain drain of skilled health workforce from the public healthcare sector, creating a need
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for policy changes to address this, with one of them being the introduction of dual practice
within the public healthcare system.

Dual practice in public hospitals has been established in Malaysia since 2007 with
an overarching objective to retain specialists serving under the Ministry of Health (MOH)
Malaysia. Senior specialists who wish to provide private services on top of public services
would receive remuneration through fee-for-service in addition to their fixed monthly
salaries. Additional revenue generated from private services would also be channelled
to the government [2]. Under the dual practice regulations, specialists are restricted to
providing private services after the completion of public service provision to ensure that
private services do not affect public care provision and resource use [2]. Nevertheless, the
existence of different patient queues as well as sharing of public healthcare facilities and
resources among public and private patients in dual practice settings may inadvertently
affect healthcare service access and efficiency if services are not well-regulated [3–5].

The impact of dual practice on outpatient care access among public and private
patients in MOH hospitals offering the service is, however, still largely unknown. Long
wait times for public patients are thought to be accentuated in dual practice systems [3,4,6],
which undermines equitable access to care due to faster access for patients with the ability
to pay for private services [7]. This indicates the need to understand the impact of dual
practice on wait times for both public and private patients in the case of Malaysia. Another
challenge is that within Malaysia’s public healthcare system at large, long wait times and
crowding continue to be barriers to timely and efficient outpatient care provision, despite
commendable improvements in healthcare access [8]. These barriers have been attributed
to the increase in healthcare utilisation as well as the scarcity of health funding and resource
allocation [8,9]. Long wait times can lead to unnecessary delays in care, poorer perceived
quality of care, and lower patient satisfaction [10–13], which highlights the importance of
wait time improvement to ensure optimal service delivery.

Resource-constrained healthcare policymakers face hard choices in determining effec-
tive and efficient strategies for wait time improvement without inadvertently increasing
cost or burden to the public healthcare system. This is due to the inherent complexity in
healthcare systems [14], and recommendations to improve outpatient services would need
to be tested and deliberated on before implementation to prevent potential unintended
effects on operational processes, performance measures, and service provision. As such,
there is a potential for the use of operational research techniques to aid in healthcare
decision-making [15,16].

Discrete event simulation (DES) is an operational research technique that can be
used to simulate behaviours of complex systems and create models that represent real-
world systems with the incorporation of resource constraints and entities with specific
attributes [17,18]. Operational characteristics in the model can be changed by conducting
scenario analyses to evaluate possible impacts from strategies and identify the most ef-
fective strategy without changing the actual system. DES has been used to study patient
or operational flow, patient appointment scheduling, resource allocation, and capacity
planning to evaluate outcomes on wait times, service performance, and resource utilisa-
tion [15,17,19–28].

Although there have been numerous DES studies on patient arrival/healthcare provider
scheduling strategies to reduce wait times, such as by changing patient appointment
or service/provider schedules [29–35] or implementing even distribution of arrival pat-
tern/consultation slots [36,37], these studies have mainly focused on single patient groups.
It is still unclear how such wait time improvement strategies will impact public and private
patients in dual practice settings. Thus, this study aims to evaluate the effects of changing
consultation start time and patient arrival on wait times and crowding in an outpatient
clinic with a dual practice system using a DES approach.
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2. Materials and Methods

A DES model was developed to understand the impact of changing consultation
start time and patient arrival on outpatient wait times and crowding. The simulation
process involved real-world data collection for model data input, base case DES model
building and validation, as well as scenario testing. DES was selected instead of other
modelling techniques such as system dynamics because the problem under study involves
constrained resources [18]. The model would allow for random variation in inputs over
time, as entities change in state and flow through queues and activities [38–40]. Entities can
also be modelled at the individual level with variability in arrival and service times [33].

2.1. Setting

This study was conducted in a Malaysian public tertiary hospital in 2017. The Obstet-
rics and Gynaecology (O&G) specialist outpatient clinic within the hospital was selected
as the study site as it served the overall highest annual number of private patients in
the hospital as of the year when the study was conducted. The clinic provides prenatal,
early pregnancy assessment, antenatal, postnatal, general gynaecology, contraception, and
infertility care services, where patients can choose to seek care as a public or private patient.
Private patients pay (fee-for-service) to access specialist care provided by their preferred
specialists under the dual practice system in the study hospital, while public patients
access healthcare services with nominal to no charge but do not have the option to choose
their doctors.

2.2. Operational Characteristics and Patient Flow

Discussions were held with hospital managers, O&G clinic administrative staff, and
healthcare providers to understand resource availability, patient load, patient flow, and
clinic processes. The clinic has ten consultation rooms, two nurses’ stations, one registration
counter, two vital sign measurement stations, a laboratory, and a general waiting area. Hu-
man resources include doctors, specialists who provide only public services or both public
and private services, nurses, healthcare assistants, and administrative staff. Approximately
seven doctors and three specialists are available to see patients with appointments (new
and follow-up cases) or without an appointment (walk-ins with referral) from 8:00 a.m. to
1:00 p.m. on working days, while the number of doctors available after 1:00 p.m. is depen-
dent on clinic schedule and patient load. Private patient registration typically starts after
11:30 a.m., and private services are provided by two specialists from Monday to Thursday.
An average of 86 public and seven private patients were seen on a typical working day
(October 2017) (Table S1).

The public patient flow starts at the outpatient department, with patients getting a
queue number at the general (QMS) counter for outpatient registration at the study hospital
starting at 7:00 a.m. Patients are required to register and pay for services at the revenue
counters before proceeding to their respective clinics. The QMS and revenue counters are
shared among specialist clinics, including O&G (public Obstetrics (Obs) or Gynaecology
(Gyn) patients), paediatrics, otorhinolaryngology, ophthalmology, and general medicine
(general patients). Patients then proceed to the O&G clinic counter to register and obtain
an O&G clinic queue number. Patients must undergo vital sign screening at the vital
sign measurement station before consultation and proceed to the laboratory if required.
Patients then wait for consultation. Once consultation is completed, patients obtain new
appointment dates at the nurses’ station before leaving the clinic. The private patient flow
differs from public patients in that they register at a designated private patient counter
after 11:30 a.m. before proceeding to the O&G clinic. This designated counter serves as a
registration, appointment, and revenue counter for private patients. Clinic processes are
similar to that of public patients except for specialist-only consultation. They need to return
to the designated counter for payment and appointment after consultation. An overview
of patient flow based on patient type is shown in Figure 1.
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share the same QMS and revenue counters with O&G patients. Obstetrics patients: Patients ob-
taining obstetrics services at the O&G clinic. Gynaecology patients: Patients obtaining gynaecol-
ogy or fertility services at the O&G clinic. Private patients: Patients obtaining private obstetrics or 
gynaecology services at the O&G clinic. Lab: laboratory; QMS: general outpatient registration 
counter. 
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We conducted a TMS at the outpatient department and O&G clinic in October 2017, 

collecting data on time taken for registration and clinic processes at each location (station). 
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ical record number was recorded at the O&G clinic counter. 
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Figure 1. Flow diagram for patients at the outpatient department and O&G clinic. Note: General
patients: Patients who attend outpatient clinics other than O&G clinic (non-O&G services) and share
the same QMS and revenue counters with O&G patients. Obstetrics patients: Patients obtaining
obstetrics services at the O&G clinic. Gynaecology patients: Patients obtaining gynaecology or fertility
services at the O&G clinic. Private patients: Patients obtaining private obstetrics or gynaecology
services at the O&G clinic. Lab: laboratory; QMS: general outpatient registration counter.

2.2.1. Time-Motion Study (TMS)

We conducted a TMS at the outpatient department and O&G clinic in October 2017,
collecting data on time taken for registration and clinic processes at each location (station).
Given the resource-intensive procedure, the TMS was divided into two parts:

1. Observation 1 involved the recording of the time taken for public patient registration
processes at the QMS counter, revenue counters, and O&G clinic counter over five
working days. Due to fast processing times and multiple patients checking in concur-
rently at QMS and revenue counters, we randomly sampled patients at different time
intervals during the TMS.

2. Observation 2 involved the recording of the time taken for clinic processes for public
and private patients at the O&G clinic counter, vital sign measurement station, labora-
tory, consultation rooms, and nurses’ station as well as registration and appointment
processes at the private patient counter over five working days. Patients’ medical
record number was recorded at the O&G clinic counter.

2.2.2. Time Required for Case Review and Management

Discussions with hospital managers, doctors, and specialists involved obtaining infor-
mation on work schedules, estimates of time for electronic medical record (EMR) review,
documentation, consultation for follow-up/new cases, and case discussion between doc-
tors and specialists as these processes are highly variable, case-specific, and could not be
tracked during TMS. Approximately 10% of daily cases seen by doctors required a specialist
discussion/consultation.
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2.3. Data Management

Data required for this study were extracted and provided by medical record officers
from the study hospital. Data were extracted from the study hospital’s Total Hospital
Information System (THIS) database, and these include patient medical record number,
age, gender, discipline, type of service and patient (follow-up or new patient), appointment
booking date and time, arrival times, and electronic registration time at the revenue counter.
Patients’ medical record number in THIS and TMS data were linked to (1) exclude non-O&G
clinic patients at the QMS and revenue counters, and (2) consolidate arrival times, process
times (difference between the start and end times at each location), and time in between
each process for each O&G patient observed during the TMS. Patients with missing data,
data inconsistency, standard process flow deviation (e.g., obtaining laboratory services
after consultation, multiple laboratory visits), atypical consultation times (multiple/long
consultation sessions), registration time anomalies, or who only had laboratory services
(i.e., did not have a doctor consult session) were excluded from analysis (Figures S1 and S2).
Both THIS and TMS data were used to determine the turnaround time (TT) from arrival to
O&G counter registration (registration TT) and from O&G counter registration to departure
(clinic TT). TT includes both process times and patient wait times at the O&G clinic.

2.4. Simulation

The applied simulation method was DES. The DES model was built using FlexSim
Healthcare software (FlexSim Software Products, Inc., Orem, UT, USA, version 5.3.10). We
created a replica model of QMS, private patient, and revenue counters at the outpatient
department and the O&G clinic using the software. Operational characteristics and patient
flow as described in Section 2.2 were simulated in our DES model. Reporting of DES
study was conducted according to the Strengthening the Reporting of Empirical Simulation
Studies (STRESS-DES) guidelines [41]. Its use has been reported in other healthcare DES
studies [33,40].

Arrival times of general and O&G patients from THIS, process times from TMS, as
well as time taken for EMR review and consultation from expert opinion were used as input
data to fit the best probability distributions for each patient type and to reflect real-world
process times in the model using FlexSim’s ExpertFit software. Detailed input parameters
are available in Table S2. As the focus of the simulation was on wait time and crowding
at the O&G clinic, patient arrival data during TMS Observation 2 period were used for
simulation. A total of 4802 patients with complete arrival time and patient type data
were included in the simulation (Table S3). They were divided into general (non-O&G),
public Obs, public Gyn, and private patients, and were modelled as entities with attributes
based on age (elderly, non-elderly) and appointment type (follow-up/new case). General
patients were modelled only at the QMS and revenue counters. Other entities include
healthcare providers and administrative staff. O&G clinic scheduling rules such as private
patient ratio per specialist were also included. Patients arrive according to real-world block
arrival patterns, wait/queue when resource constraints occur during registration or clinic
processes, and exit from the system at the end of clinic processes at the nurses’ station or
private patient counter. Block arrival pattern was characterised by a random number of
patient arrivals at any time point, with a large number of arrivals during peak hours. A
random distribution of patient arrival was used in the base case model, and patients were
simulated from arrival at the QMS counter to departure from the O&G clinic to determine
the overall TT.

Assumptions set in the DES base case model include: (1) all patients visit each station
once during their O&G clinic visit, (2) patients were served based on a first-in, first-out
rule, (3) assignment to doctors is done randomly, (4) doctors work continuously until
all patients are served, (5) nurses assisting doctors/specialists for procedures were not a
constraint factor, and (6) one-hour lunch break was considered for specialists before serving
private patients in the afternoon. The base case accounts for the time taken due to atypical
consultation time and inactive consultation rooms (more than 15 min) during active clinic
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hours. Patients with atypical consultation times occupy consultation rooms for an extended
period, rendering doctors and consultation rooms (resources) to appear constrained in the
system during this period. A total of 30 independent replications were run to allow the
sampling distribution to have an approximate normal distribution based on the Central
Limit Theorem [42]. The length of each replication was five working days at the clinic. DES
model layouts are available in Figures S3 and S4.

2.4.1. Model Validation

Model face validation was conducted through stakeholder engagement discussions
on DES model development with hospital managers to ensure that the model was a close
representation of the O&G clinic system. Model validation also involved comparison of
base case model outputs on clinic and registration TT against TMS findings before using
the model for scenario analyses. Simulation of the base case model with random or even
distribution of patient arrival produced similar output on overall TT, with a minimal
difference of around three min (Table S4), thus allowing it to be used as the base case for
scenarios with either random or even distribution of patient arrival.

2.4.2. Simulation Experiment with Scenarios

Several scenarios (Table 1) were developed based on consensus among research team
members to understand the effects of changing consultation start time and/or patient
arrival on overall TT and patient crowd reduction. For example, based on the results from
TMS, we matched consultation start time with staggered patient arrival time to evaluate
the effect on overall TT. Changes in overall TT reflect the change in patient wait times at
the O&G clinic as process times remained constant across all scenarios. Staggered patient
arrival in scenario simulation is defined as an evenly distributed number of patients and
arrival pattern for every 30-min slot. Each scenario simulation consisted of 30 replications.
O&G patients were simulated from arrival at the QMS counter to departure from the O&G
clinic. In comparison with the base case, an assumption made for all scenarios was that
there is no atypical or prolonged consultation and inactive consultation room during active
clinic hours to allow resources to be available for the consultation queue.

Table 1. Operational characteristics and patient arrival for base case model and scenario analyses.

Simulation Arrival
Pattern

QMS
Registration
Start Time

Consultation
Start Time

Maximum
Number of

Public
Patient

Arrival in
Every

30-min Slot

Last Public
Patient

Time Slot

Private
Patients’

Start Time

Maximum
Number of

Private
Patient

Arrival in
Every

30-min Slot

Base case Random TMS
(7:00 a.m.)

TMS
(~9:00 a.m.) TMS (22) ~12:00 p.m. TMS

(11:30 a.m.) TMS (9)

Scenario 1 Even TMS
(7:00 a.m.)

TMS
(~9:00 a.m.) TMS (22) ~12:00 p.m. TMS

(11:30 a.m.) TMS (9)

Scenario 2 Even TMS
(7:00 a.m.) 8:15 a.m. TMS (22) ~12:00 p.m. TMS

(11:30 a.m.) TMS (9)

Scenario 3 Even 7:30 a.m. 8:15 a.m. 10 12:00 p.m. 1:30 p.m. 2

Scenario 4 Even 7:30 a.m. TMS
(~9:00 a.m.) 10 12:00 p.m. 1:30 p.m. 2

Scenario 5 Even 8:00 a.m. TMS
(~9:00 a.m.) 7 3:00 p.m. TMS

(11:30 a.m.) TMS (9)

Scenario 6 Even 8:00 a.m. TMS
(~9:00 a.m.) 10 12:30 p.m. 1:30 p.m. 2

Scenario 7 Even 8:00 a.m. TMS
(~9:00 a.m.) 10 12:30 p.m. 11:00 a.m. 2

QMS: general outpatient registration counter; TMS: time-motion study.
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The number of patients for each 30-min slot was either seven or ten, based on resource
availability, where there is a maximum of ten consultation rooms. The optimal number
of consultation rooms was reduced to seven in one scenario (Scenario 5) to account for
inactive consultation rooms as doctors might have other duties during clinic hours. There
were no changes in resources and the total number of patients in the base case or scenario
simulation. DES model results were generated from the software and exported as Excel
files for analysis. Model outputs on overall TT and the number of patients waiting at the
clinic area (crowd) per hour for each scenario were compared against that of the base case.

2.5. Statistical Analysis

We conducted Kruskal–Wallis H test to compare TMS process times and TT between
patient types, as well as Mann–Whitney Test to compare consultation times between Obs
public and private patients (as most of them were Obs patients). Data analyses were
performed using IBM SPSS Statistics (version 26.0, IBM, Armonk, NY, USA).

3. Results
3.1. TMS Process Times and Turnaround Times

The median registration and clinic TT for private patients were significantly shorter
(p < 0.01) compared to public Obs and Gyn patients due to the differences in registration
processes and arrival times (Table 2), while consultation time was found to be significantly
shorter for public compared to private patients. Details on patient selection for TMS
observations were included in Figures S1 and S2.

Table 2. Process times and turnaround times based on TMS.

Median (Q1–Q3) Time (Hours: Min)

Observation 1
Public (n = 338)

Private (n = 32)
Obs (n = 191) Gyn (n = 147)

Registration TT a, b 00:45 (00:31–00:55) 00:29 (00:22–00:38) 00:14 (00:12–00:16)
Registration and payment b - - 00:04 (00:02–00:07)

Observation 2
Public (n = 357)

Private (n = 32)
Obs (n = 180) Gyn (n = 177)

Clinic TT a 01:39 (01:15–02:08) 01:33 (01:11–01:54) 01:06 (00:43–01:33)
Vital sign measurement 00:02 (00:01–00:03) 00:02 (00:01–00:04) 00:01 (00:01–00:01)

Laboratory c 00:04 (00:03–00:06) - 00:03 (00:02–00:04)
Consultation d 00:13 (00:10–00:20) 00:10 (00:07–00:17) 00:17 (00:13–00:21)

Appointment setting 00:02 (00:01–00:04) 00:02 (00:01–00:04) 00:02 (00:01–00:05)

TT: turnaround time. a Kruskal–Wallis H test, statistically significant, p < 0.01. b Registration processes for private
patients were observed during TMS Observation 2 period. c Gyn: n = 2 (excluded from analysis), Obs: n = 51
and Private: n = 21. d Mann–Whitney Test (between Obs public and private patients (as the majority of private
patients were Obs patients (n = 29, 91%))), statistically significant, p = 0.021.

3.2. Model Validation

Figure 2 shows the comparison between base case outputs and TMS findings on
registration and clinic TT for each patient type. The output values were close to those
measured in the actual system. Face validation with hospital managers and research team
members confirmed the close representation of the base case to the actual clinic system.
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3.3. Effects of Scenarios on Overall TT and Number of Patients Waiting at the Clinic

Figure 3 shows the percentage change in (median) overall TT from the base case
for public and private patients in each scenario. Reduction in overall TT was observed
in Scenario 1 (even arrival pattern and typical consultation times). Earlier consultation
start time for public patients resulted in overall TT reduction of up to 36% for public
and 15% for private patients (Scenario 2). When consultation start time was adjusted to
match registration start time and staggered arrival (ten public and two private patients
per time slot), a greater reduction in overall TT was observed for both patient groups
(maximum of 40% for public and 21% for private patients) (Scenario 3). However, early
public patient arrival and staggered arrival without a congruent consultation start time
(Scenario 4) resulted in the lowest overall TT reduction for public patients, although a
reduction in overall TT for private patients (similar to that of Scenario 3) was still seen with
staggered private patient arrival. Overall TT reduction of 45% for public patients can be
achieved if the number of staggered arrivals is reduced to seven public patients per time
slot and consultation sessions are extended till afternoon (Scenario 5), but there would be a
slight increment in overall TT for private patients. Scenarios 6 and 7 led to similar overall
TT reductions (up to 35%) for public patients when staggered arrival was simulated with
public patients’ last slot set at 12:30 p.m. However, there was a minimal reduction in overall
TT for private patients in Scenario 6, while early staggered arrival of private patients in
Scenario 7 further increased the overall TT for private patients.
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Based on the percentage change in the (average) number of patients at the clinic
waiting area at every hour from the base case (Figure 4), a similar trend was observed with
overall TT reduction, where an incremental reduction in patient crowd was observed from
9:00 a.m. to 1:00 p.m. in Scenarios 1, 2, and 3. Scenario 4 led to a lower percentage of
crowd reduction during peak hours (9:00 a.m. to 12:00 p.m.) compared to Scenarios 2 and 3
but had a similar increase in crowd percentage (5%) as with Scenario 3 from 8:00 a.m. to
9:00 a.m. due to early public patient arrival (7:30 a.m.). Although Scenario 5 resulted in
the highest percentage of crowd reduction for public patients, the crowd percentage was 7
to 16% higher from 2:00 p.m. to 4:00 p.m. due to staggered public patient arrival and the
shift in public patients’ last time slot (3:00 p.m.). Scenarios 6 and 7 led to similar changes
in crowd percentage, where staggered public patient arrival resulted in better percentage
of crowd reduction than without (Scenario 1) from 8:00 a.m. to 11:00 a.m., but with lower
crowd percentage reduction from 12:00 p.m. to 1:00 p.m. due to private patient arrival in
combination with ongoing public patient arrival (until 12:30 p.m.) or early private patient
arrival (11:00 a.m.).
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4. Discussion

The study showed that there were significant differences in TT between public and
private patients, with private patients having considerably shorter overall TT. Depending on
simulation configurations, each scenario would result in different levels of reduction in wait
times and patient crowd. Timely consultation start time that is congruent with staggered
arrival was found to result in the most optimal reduction in wait times and crowding for
public and private patients at the O&G clinic without the need for additional resources.

The comparatively short process time at each station but high median registration
and clinic TT during TMS for public patients might indicate that time was spent mostly on
queuing and waiting for registration, as well as waiting after registration and in between
clinic processes until the start of consultation. This was also reported in other studies [32,43],
where wait times can be substantially greater than process times in settings with variability
in patient arrivals, especially if utilisation of resources is close to maximum. Although it
is recognised that private patients have different registration processes and arrival times,
bulk arrival of public patients under block appointment scheduling enabled doctors to
complete most public service provision before 1:00 p.m. and specialists to start private
service provision in the afternoon. This might have led to significantly longer registration
and clinic TT for public patients and crowding during peak hours but not for private
patients due to their arrival after peak hours and the lower number of private patients
compared to public patients. These reflect the need for effective strategies to bridge the
wait time gap between public and private patients.

Reduction in overall TT by solely changing the consultation start time reaffirms that
a part of the wait time and crowding issue is attributed to waiting for consultation after
registration and other clinic processes among public patients (Scenario 2). Similarly, in other
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scenarios (Scenarios 3, 5, 6, and 7) where consultation start times were in concordance with
staggered arrival time, reductions in overall TT are evident for public patients. In line with
literature, delays in clinic start time negatively impact wait times as all appointments would
be affected by late start time or doctors’/healthcare providers’ (un)punctuality [44,45].
However, a high patient load with block arrival will still require patients to wait, especially
during peak hours regardless of consultation start time or arrival time as the limiting factors
are the number of consultation rooms and doctors. While it may not be feasible to increase
these resources in a resource-constrained setting, changing the number of patient arrivals to
spread out patient load through staggered arrival can be an alternative solution. Scenario
analyses showed that timely consultation start time which matches patient arrival, and
implementation of staggered arrival (Scenario 3) would reduce overall TT for all patient
types and contribute to patient crowd reduction during clinic peak hours. The greater
reduction in wait times for public patients compared to that of private patients would help
narrow the wait time gap between public and private patients. Early staggered arrival
without a congruent consultation start time (Scenario 4) did not result in better reductions
in overall TT and crowding for public patients, indicating that a combination of strategies
is needed concurrently to obtain desired outcomes in a dual practice setting.

We noted that whilst configurations on staggered arrival would reduce overall TT for
public patients, it would increase private patients’ overall TT (Scenarios 5 and 7). Private
services are fairly optimised for private patients (e.g., shorter wait times, services start
in the afternoon in outpatient settings) under the dual practice system at the time of the
study [2], rendering staggered arrival for private patients less beneficial for them if public
service provision is not somewhat completed before the start of private services. This may
also explain why a timely consultation start time that matches staggered arrival time (for
public patients) improves wait times for both patient types, creating a win-win situation.
The increase in patient crowd from 2:00 p.m. onwards corroborates the increase in overall
TT for private patients, further demonstrating the unfavourable impact on private patients’
overall TT if there is a delay in private service provision inflicted by slower clearance of
public patients due to staggered arrival.

Crowd reduction at the O&G clinic, particularly during clinic peak hours was in
parallel with overall TT reduction in all scenarios, suggesting that matching consultation
start time and staggered patient arrival could also contribute to crowd reduction in addition
to wait time reduction. Although this study did not simulate the effects of crowding at QMS
and revenue counters that were shared among multiple specialist clinics, disproportionate
patient arrival patterns for all patient types were observed (Table S3), with many of them
queuing for registration early in the morning, and peak arrivals occurring between 8:00 a.m.
to 10:00 a.m. The heavy patient flow (up to a maximum of 152 patients per 30 min)
and crowding within a confined area might potentially lead to staff stress [46] and poor
patient experience or satisfaction [47,48]. Additional research on strategies to mitigate such
situations in outpatient settings would be useful for crowd reduction, especially when
physical distancing is required amid the COVID-19 pandemic.

This study has several limitations. Patient no-shows or lack of punctuality, crowding
caused by patients’ family member(s), time spent waiting before the start of QMS counter
registration, and healthcare providers’ idle time were not included in the simulation. The
inclusion of patient and healthcare provider behaviours in such simulation studies would
provide a more comprehensive understanding of the effects of simulation configurations
on wait times and crowding. Simulation of patient flow ends with patients’ departure
from the O&G clinic/private patient counter, thus processes occurring beyond this point,
such as pharmacy processes, were not simulated. The exclusion of patients with process
flow deviations or multiple consultation/laboratory services may result in a more efficient
system in the base case model compared to the real-world situation, which underestimates
clinic TT. DES model outputs are dependent on input data, and the potential impact on
wait times and crowding can be overestimated because models are simplifications of the
real-world system [49].
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Implications for Research, Policy, and Practice

Strategies such as configurations on consultation start times and patient arrival can be
considered in outpatient clinic settings with distinct patient groups who share the same
resources, such as in dual practice systems to improve wait times and reduce crowding.
Although healthcare facilities differ in process flows, facility setup, and practices, simulation
can aid in determining areas for improvement in process flow or patient scheduling, leading
to better patient care experience through shorter wait times or increased service efficiency.
Future research can focus on the feasibility of implementation, patient/healthcare provider
acceptability, and changes to resource availability to determine if additional resources can
offer the same or better reduction in wait times or crowd control. Additionally, qualitative
study to obtain narrative inputs from healthcare providers of the clinic would provide
valuable insights for patient flow optimisation.

Although the dual practice system in MOH Malaysia is thought to improve specialist
retention and enable private patients to gain benefits such as the ability to choose their
preferred specialists and appointment time allocations [2], dual practice systems may lead
to unintended effects or have negative impacts that may outweigh the positive [3,6,50,51].
Thus, there is a need for continuous monitoring and evaluation by hospital managers and
the MOH to ensure benefits are gained while maintaining optimal public service provision.

As for the wait time gap between public and private patients in a dual practice system
setting, healthcare policymakers should consider the benefits, risks, and implications of
this system towards outcomes on healthcare access (wait times), utilisation, and resource
use, and ensure that effective strategies are implemented to improve timely provision of
outpatient services for patients regardless of status. The study has demonstrated that DES
can be used to identify strategies to reduce wait times and crowding in an outpatient setting
with a dual practice system; this can be leveraged to assist healthcare policymakers in
formulating evidence-based policies for outpatient service enhancement.

5. Conclusions

Although public patients had longer wait times than private patients based on registra-
tion and clinic turnaround times in a dual practice outpatient setting, changing consultation
start time to match patient arrival time and implementing staggered patient arrival can
potentially improve both public and private patients’ wait times and reduce crowding,
especially during clinic peak hours without incurring additional need for resources. The
greater reduction in wait times for public patients compared to private patients would
narrow the wait time gap between public and private patients. Healthcare managers
and policymakers should consider using simulation approaches as a tool for continuous
monitoring and improvement of healthcare operational efficiency to meet rising healthcare
demand and costs.
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QMS, private patient, and revenue counters at the outpatient department, Figure S4: DES model
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distributions in base case model simulation, Table S5: Base case and scenario simulation outputs on
overall TT, Table S6: Base case and scenario simulation outputs on the number of patients at the O&G
clinic waiting area per hour.

Author Contributions: Conceptualization, W.H.F., E.H.T., S.S., I.A.R., S.M.S., S.J. and R.M.Y.S.;
Methodology, W.H.F., E.H.T., R.K., S.S., I.A.R., S.M.S., S.J., R.M.Y.S. and M.K.M.N.; Software, W.H.F.,
I.A.R., R.K. and M.K.M.N.; Validation, W.H.F., E.H.T., R.K., S.S., I.A.R., S.M.S., S.J., R.M.Y.S. and
M.K.M.N.; Data curation, W.H.F., E.H.T., S.S., K.F.T., I.A.R. and S.M.S.; Visualization, W.H.F. and
E.H.T.; Writing—original draft preparation, W.H.F., E.H.T., S.S. and K.F.T.; Writing—review and

https://www.mdpi.com/article/10.3390/healthcare10020189/s1
https://www.mdpi.com/article/10.3390/healthcare10020189/s1


Healthcare 2022, 10, 189 13 of 15

editing, W.H.F., E.H.T., R.K., S.S., K.F.T., I.A.R., S.M.S., S.J., R.M.Y.S. and M.K.M.N. All authors have
read and agreed to the published version of the manuscript.

Funding: This research was funded by the National Institutes of Health, Ministry of Health Malaysia
and is registered in the National Medical Research Register (www.nmrr.gov.my) [NMRR-17-575-35270].

Institutional Review Board Statement: The study was conducted in accordance with the Declaration
of Helsinki and was approved by the Medical Research and Ethics Committee (MREC), Ministry of
Health Malaysia (MREC appended ref: (8) KKM/NIHSEC/P17-677, dated 22 May 2017).

Informed Consent Statement: Not applicable.

Data Availability Statement: Data that support the findings of this study are available from the
Ministry of Health Malaysia, but restrictions apply to the availability of these data and so are not
publicly available. The data, however, can be obtained from the corresponding author and Head
of Centre for Biostatistics and Data Repository, National Institutes of Health, Ministry of Health
Malaysia on reasonable request and with permission from the Director-General of Health Malaysia.

Acknowledgments: We would like to thank the Director-General of Health Malaysia for his permis-
sion to publish this article.

Conflicts of Interest: The authors declare no conflict of interest. The funder had no role in the design
of the study; in the collection, analysis, or interpretation of data; in the writing of, or in the decision
to publish the manuscript.

References
1. Rannan-Eliya, R.P.; Anuranga, C.; Manual, A.; Sararaks, S.; Jailani, A.S.; Hamid, A.J.; Razif, I.M.; Tan, E.H.; Darzi, A. Improving

Health Care Coverage, Equity, And Financial Protection Through A Hybrid System: Malaysia’s Experience. Health Aff. 2016, 35,
838–846. [CrossRef]

2. Ministry of Health Malaysia. Guidelines for Implementation of Fee Order (Medical) (Full Paying Patient) 2007; Ministry of Health
Malaysia: Putrajaya, Malaysia, 2015.

3. Ferrinho, P.; Van Lerberghe, W.; Fronteira, I.; Hipólito, F.; Biscaia, A. Dual practice in the health sector: Review of the evidence.
Hum. Resour. Health 2004, 2, 14. [CrossRef] [PubMed]

4. Hipgrave, D.B.; Hort, K. Dual practice by doctors working in South and East Asia: A review of its origins, scope and impact, and
the options for regulation. Health Policy Plan. 2014, 29, 703–716. [CrossRef] [PubMed]

5. McPake, B.; Russo, G.; Hipgrave, D.; Hort, K.; Campbell, J. Implications of dual practice for universal health coverage. Bull. World
Health Organ. 2016, 94, 142–146. [CrossRef]

6. Socha, K.Z.; Bech, M. Physician dual practice: A review of literature. Health Policy 2011, 102, 1–7. [CrossRef]
7. Domenighetti, G.; Vineis, P.; De Pietro, C.; Tomada, A. Ability to pay and equity in access to Italian and British National Health

Services. Eur. J. Public Health 2010, 20, 500–503. [CrossRef]
8. Rifat, A.; Berman, P.; Hsiao, W.; Myers, E.; Yap, W.A. Malaysia Health Systems Research Volume 1 Contextual Analysis of the

Malaysian Health System; Ministry of Health Malaysia: Putrajaya, Malaysia; Harvard T.H. Chan School of Public Health:
Boston, MA, USA, 2016.

9. Institute for Health Systems Research (IHSR). National Health and Morbidity Survey (NHMS) 2019: Volume II: Health-
care Demand; Institute for Health Systems Research (IHSR), National Institutes of Health, Ministry of Health Malaysia:
Shah Alam, Malaysia, 2020.

10. Anderson, R.T.; Camacho, F.T.; Balkrishnan, R. Willing to wait?: The influence of patient wait time on satisfaction with primary
care. BMC Health Serv. Res. 2007, 7, 31. [CrossRef]

11. Johannessen, K.A.; Alexandersen, N. Improving accessibility for outpatients in specialist clinics: Reducing long waiting times
and waiting lists with a simple analytic approach. BMC Health Serv. Res. 2018, 18, 827. [CrossRef]

12. McIntyre, D.; Chow, C.K. Waiting Time as an Indicator for Health Services Under Strain: A Narrative Review. Inquiry 2020, 57,
46958020910305. [CrossRef] [PubMed]

13. Sun, J.; Lin, Q.; Zhao, P.; Zhang, Q.; Xu, K.; Chen, H.; Hu, C.J.; Stuntz, M.; Li, H.; Liu, Y. Reducing waiting time and raising
outpatient satisfaction in a Chinese public tertiary general hospital-an interrupted time series study. BMC Public Health 2017,
17, 668. [CrossRef]

14. Marshall, D.A.; Burgos-Liz, L.; IJzerman, M.J.; Osgood, N.D.; Padula, W.V.; Higashi, M.K.; Wong, P.K.; Pasupathy, K.S.; Crown, W.
Applying dynamic simulation modeling methods in health care delivery research-the SIMULATE checklist: Report of the ISPOR
simulation modeling emerging good practices task force. Value Health 2015, 18, 5–16. [CrossRef]

15. Jacobson, S.H.; Hall, S.N.; Swisher, J.R. Discrete-Event Simulation of Health care Systems. In Patient Flow: Reducing Delay in
Healthcare Delivery, 2nd ed.; Hall, R., Ed.; Springer: Boston, MA, USA, 2013; pp. 273–309.

www.nmrr.gov.my
http://doi.org/10.1377/hlthaff.2015.0863
http://doi.org/10.1186/1478-4491-2-14
http://www.ncbi.nlm.nih.gov/pubmed/15509305
http://doi.org/10.1093/heapol/czt053
http://www.ncbi.nlm.nih.gov/pubmed/24150504
http://doi.org/10.2471/BLT.14.151894
http://doi.org/10.1016/j.healthpol.2010.10.017
http://doi.org/10.1093/eurpub/ckq001
http://doi.org/10.1186/1472-6963-7-31
http://doi.org/10.1186/s12913-018-3635-3
http://doi.org/10.1177/0046958020910305
http://www.ncbi.nlm.nih.gov/pubmed/32349581
http://doi.org/10.1186/s12889-017-4667-z
http://doi.org/10.1016/j.jval.2014.12.001


Healthcare 2022, 10, 189 14 of 15

16. Bradley, B.D.; Jung, T.; Tandon-Verma, A.; Khoury, B.; Chan, T.C.Y.; Cheng, Y.-L. Operations research in global health: A scoping
review with a focus on the themes of health equity and impact. Health Res. Policy Syst. 2017, 15, 32. [CrossRef] [PubMed]

17. Zhang, X. Application of discrete event simulation in health care: A systematic review. BMC Health Serv. Res. 2018, 18, 687.
[CrossRef]

18. Karnon, J.; Stahl, J.; Brennan, A.; Caro, J.J.; Mar, J.; Möller, J. Modeling using discrete event simulation: A report of the
ISPOR-SMDM Modeling Good Research Practices Task Force–4. Med. Decis. Mak. 2012, 32, 701–711. [CrossRef] [PubMed]

19. Günal, M.M.; Pidd, M. Discrete event simulation for performance modelling in health care: A review of the literature. J. Simul.
2010, 4, 42–51. [CrossRef]

20. Liu, S.; Li, Y.; Triantis, K.P.; Xue, H.; Wang, Y. The Diffusion of Discrete Event Simulation Approaches in Health Care Management
in the Past Four Decades: A Comprehensive Review. MDM Policy Pract. 2020, 5, 2381468320915242. [CrossRef] [PubMed]

21. Zhu, Z.; Heng, B.H.; Teow, K.L. Analysis of Factors Causing Long Patient Waiting Time and Clinic Overtime in Outpatient Clinics.
J. Med. Syst. 2012, 36, 707–713. [CrossRef]

22. Griffin, J.; Xia, S.; Peng, S.; Keskinocak, P. Improving patient flow in an obstetric unit. Health Care Manag. Sci. 2012, 15, 1–14.
[CrossRef]

23. Young, N.; Taetgmeyer, M.; Zulaika, G.; Aol, G.; Desai, M.; Ter Kuile, F.; Langley, I. Integrating HIV, syphilis, malaria and
anaemia point-of-care testing (POCT) for antenatal care at dispensaries in western Kenya: Discrete-event simulation modelling of
operational impact. BMC Public Health 2019, 19, 1629. [CrossRef]

24. Viana, J.; Simonsen, T.B.; Dahl, F.A.; Flo, K. A hybrid discrete event agent based overdue pregnancy outpatient clinic simulation
model. In Proceedings of the 2018 Winter Simulation Conference, Gothenburg, Sweden, 9–12 December 2018; pp. 1488–1499.

25. Mohiuddin, S.; Gardiner, R.; Crofts, M.; Muir, P.; Steer, J.; Turner, J.; Wheeler, H.; Hollingworth, W.; Horner, P.J. Modelling patient
flows and resource use within a sexual health clinic through discrete event simulation to inform service redesign. BMJ Open 2020,
10, e037084. [CrossRef]

26. Tellis, R.; Starobinets, O.; Prokle, M.; Raghavan, U.N.; Hall, C.; Chugh, T.; Koker, E.; Chaduvula, S.C.; Wald, C.; Flacke, S.
Identifying Areas for Operational Improvement and Growth in IR Workflow Using Workflow Modeling, Simulation, and
Optimization Techniques. J. Digit. Imaging 2020, 34, 75–84. [CrossRef] [PubMed]

27. Peres, I.T.; Hamacher, S.; Oliveira, F.L.C.; Barbosa, S.D.J.; Viegas, F. Simulation of Appointment Scheduling Policies: A Study in a
Bariatric Clinic. Obes. Surg. 2019, 29, 2824–2830. [CrossRef]

28. Douglas, J.M.; Jonathan, F.B.; Koenig, K.M. Designing and scheduling a multi-disciplinary integrated practice unit for patient-
centred care. Health Syst. (Basingstoke) 2019, 9, 293–316. [CrossRef]

29. Ahmadi-Javid, A.; Jalali, Z.; Klassen, K.J. Outpatient appointment systems in healthcare: A review of optimization studies. Eur. J.
Oper. Res. 2017, 258, 3–34. [CrossRef]

30. Cayirli, T.; Veral, E. Outpatient scheduling in health care: A review of literature. Prod. Oper. Manag. 2003, 12, 519–549. [CrossRef]
31. Gupta, D.; Denton, B. Appointment scheduling in health care: Challenges and opportunities. IIE Trans. 2008, 40, 800–819.

[CrossRef]
32. Sun, Y.; Raghavan, U.N.; Vaze, V.; Hall, C.S.; Doyle, P.; Richard, S.S.; Wald, C. Stochastic programming for outpatient scheduling

with flexible inpatient exam accommodation. Health Care Manag. Sci. 2021, 24, 460–481. [CrossRef] [PubMed]
33. Viana, J.; Simonsen, T.B.; Faraas, H.E.; Schmidt, N.; Dahl, F.A.; Flo, K. Capacity and patient flow planning in post-term pregnancy

outpatient clinics: A computer simulation modelling study. BMC Health Serv. Res. 2020, 20, 117. [CrossRef]
34. Jin, X.; Sivakumar, A.; Lim, S. A simulation based analysis on reducing patient waiting time for consultation in an outpatient eye

clinic. In Proceedings of the 2013 Winter Simulation Conference, Washington, DC, USA, 8–11 December 2013; pp. 2192–2203.
35. Kern, C.; König, A.; Fu, D.J.; Schworm, B.; Wolf, A.; Priglinger, S.; Kortuem, K.U. Big data simulations for capacity improvement

in a general ophthalmology clinic. Graefes Arch. Clin. Exp. Ophthalmol. 2021, 259, 1289–1296. [CrossRef]
36. Pan, C.; Zhang, D.; Kon, A.W.; Wai, C.S.; Ang, W.B. Patient flow improvement for an ophthalmic specialist outpatient clinic with

aid of discrete event simulation and design of experiment. Health Care Manag. Sci. 2015, 18, 137–155. [CrossRef]
37. Vieira, B.; Demirtas, D.; van de Kamer, J.B.; Hans, E.W.; van Harten, W. Improving workflow control in radiotherapy using

discrete-event simulation. BMC Med. Inform. Decis. Mak. 2019, 19, 199. [CrossRef]
38. Lim, M.E.; Worster, A.; Goeree, R.; Tarride, J.-É. Simulating an emergency department: The importance of modeling the

interactions between physicians and delegates in a discrete event simulation. BMC Med. Inform. Decis. Mak. 2013, 13, 59.
[CrossRef] [PubMed]

39. Fialho, A.S.; Oliveira, M.D.; Sá, A.B. Using discrete event simulation to compare the performance of family health unit and
primary health care centre organizational models in Portugal. BMC Health Serv. Res. 2011, 11, 274. [CrossRef] [PubMed]

40. Saidani, M.; Kim, H.; Kim, J. Designing optimal COVID-19 testing stations locally: A discrete event simulation model applied on
a university campus. PLoS ONE 2021, 16, e0253869. [CrossRef]

41. Monks, T.; Currie, C.S.M.; Onggo, B.S.; Robinson, S.; Kunc, M.; Taylor, S.J.E. Strengthening the reporting of empirical simulation
studies: Introducing the STRESS guidelines. J. Simul. 2019, 13, 55–67. [CrossRef]

42. Lenin, R.B.; Lowery, C.L.; Hitt, W.C.; Manning, N.A.; Lowery, P.; Eswaran, H. Optimizing appointment template and number of
staff of an OB/GYN clinic–micro and macro simulation analyses. BMC Health Serv. Res. 2015, 15, 387. [CrossRef] [PubMed]

http://doi.org/10.1186/s12961-017-0187-7
http://www.ncbi.nlm.nih.gov/pubmed/28420381
http://doi.org/10.1186/s12913-018-3456-4
http://doi.org/10.1177/0272989X12455462
http://www.ncbi.nlm.nih.gov/pubmed/22990085
http://doi.org/10.1057/jos.2009.25
http://doi.org/10.1177/2381468320915242
http://www.ncbi.nlm.nih.gov/pubmed/32551365
http://doi.org/10.1007/s10916-010-9538-4
http://doi.org/10.1007/s10729-011-9175-6
http://doi.org/10.1186/s12889-019-7739-4
http://doi.org/10.1136/bmjopen-2020-037084
http://doi.org/10.1007/s10278-020-00397-z
http://www.ncbi.nlm.nih.gov/pubmed/33236295
http://doi.org/10.1007/s11695-019-03898-1
http://doi.org/10.1080/20476965.2019.1569481
http://doi.org/10.1016/j.ejor.2016.06.064
http://doi.org/10.1111/j.1937-5956.2003.tb00218.x
http://doi.org/10.1080/07408170802165880
http://doi.org/10.1007/s10729-020-09527-z
http://www.ncbi.nlm.nih.gov/pubmed/33394213
http://doi.org/10.1186/s12913-020-4943-y
http://doi.org/10.1007/s00417-020-05040-9
http://doi.org/10.1007/s10729-014-9291-1
http://doi.org/10.1186/s12911-019-0910-0
http://doi.org/10.1186/1472-6947-13-59
http://www.ncbi.nlm.nih.gov/pubmed/23692710
http://doi.org/10.1186/1472-6963-11-274
http://www.ncbi.nlm.nih.gov/pubmed/21999336
http://doi.org/10.1371/journal.pone.0253869
http://doi.org/10.1080/17477778.2018.1442155
http://doi.org/10.1186/s12913-015-1007-9
http://www.ncbi.nlm.nih.gov/pubmed/26376782


Healthcare 2022, 10, 189 15 of 15

43. Deo, S.; Topp, S.M.; Garcia, A.; Soldner, M.; Yagci Sokat, K.; Chipukuma, J.; Wamulume, C.S.; Reid, S.E.; Swann, J. Modeling
the Impact of Integrating HIV and Outpatient Health Services on Patient Waiting Times in an Urban Health Clinic in Zambia.
PLoS ONE 2012, 7, e35479. [CrossRef] [PubMed]

44. Santibáñez, P.; Chow, V.S.; French, J.; Puterman, M.L.; Tyldesley, S. Reducing patient wait times and improving resource
utilization at British Columbia Cancer Agency’s ambulatory care unit through simulation. Health Care Manag. Sci. 2009, 12,
392–407. [CrossRef]

45. Rohleder, T.R.; Lewkonia, P.; Bischak, D.P.; Duffy, P.; Hendijani, R. Using simulation modeling to improve patient flow at an
outpatient orthopedic clinic. Health Care Manag. Sci. 2011, 14, 135–145. [CrossRef]

46. Morley, C.; Unwin, M.; Peterson, G.M.; Stankovich, J.; Kinsman, L. Emergency department crowding: A systematic review of
causes, consequences and solutions. PLoS ONE 2018, 13, e0203316. [CrossRef]

47. Bao, Y.; Fan, G.; Zou, D.; Wang, T.; Xue, D. Patient experience with outpatient encounters at public hospitals in Shanghai:
Examining different aspects of physician services and implications of overcrowding. PLoS ONE 2017, 12, e0171684. [CrossRef]
[PubMed]

48. Wang, H.; Kline, J.A.; Jackson, B.E.; Robinson, R.D.; Sullivan, M.; Holmes, M.; Watson, K.A.; Cowden, C.D.; Phillips, J.L.; Schrader,
C.D.; et al. The role of patient perception of crowding in the determination of real-time patient satisfaction at Emergency
Department. Int. J. Qual. Health Care 2017, 29, 722–727. [CrossRef] [PubMed]

49. Comas, M.; Castells, X.; Hoffmeister, L.; Román, R.; Cots, F.; Mar, J.; Gutiérrez-Moreno, S.; Espallargues, M. Discrete-event
simulation applied to analysis of waiting lists. evaluation of a prioritization system for cataract surgery. Value Health 2008, 11,
1203–1213. [CrossRef] [PubMed]

50. Abera, G.G.; Alemayehu, Y.K.; Herrin, J. Public-on-private dual practice among physicians in public hospitals of Tigray National
Regional State, North Ethiopia: Perspectives of physicians, patients and managers. BMC Health Serv. Res. 2017, 17, 713. [CrossRef]

51. Kiwanuka, S.N.; Rutebemberwa, E.; Nalwadda, C.; Okui, O.; Ssengooba, F.; Kinengyere, A.A.; Pariyo, G.W. Interventions to
manage dual practice among health workers. Cochrane Database Syst. Rev. 2011, 7, CD008405. [CrossRef]

http://doi.org/10.1371/journal.pone.0035479
http://www.ncbi.nlm.nih.gov/pubmed/22545108
http://doi.org/10.1007/s10729-009-9103-1
http://doi.org/10.1007/s10729-010-9145-4
http://doi.org/10.1371/journal.pone.0203316
http://doi.org/10.1371/journal.pone.0171684
http://www.ncbi.nlm.nih.gov/pubmed/28207783
http://doi.org/10.1093/intqhc/mzx097
http://www.ncbi.nlm.nih.gov/pubmed/28992161
http://doi.org/10.1111/j.1524-4733.2008.00322.x
http://www.ncbi.nlm.nih.gov/pubmed/18494754
http://doi.org/10.1186/s12913-017-2701-6
http://doi.org/10.1002/14651858.CD008405.pub2

	Introduction 
	Materials and Methods 
	Setting 
	Operational Characteristics and Patient Flow 
	Time-Motion Study (TMS) 
	Time Required for Case Review and Management 

	Data Management 
	Simulation 
	Model Validation 
	Simulation Experiment with Scenarios 

	Statistical Analysis 

	Results 
	TMS Process Times and Turnaround Times 
	Model Validation 
	Effects of Scenarios on Overall TT and Number of Patients Waiting at the Clinic 

	Discussion 
	Conclusions 
	References

