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Abstract

Delays beyond recommended wait times, especially for specialist services, are associated with adverse health outcomes.
The Alberta Surgical Initiative aims to improve the referral wait time—the time between a referral is received at the central
intake to the time a specialist sees the patient. Using the discrete event simulation modelling approach, we evaluated and
compared the impact of four referral distribution policies in a central intake system on three system performance measures
(number of consultations, referral wait time and surgeon utilization). The model was co-designed with clinicians and clinic
staff to represent the flow of patients through the system. We used data from the Facilitated Access to Surgical Treatment
(FAST) centralized intake referral program for General Surgery to parameterize the model. Four distribution policies were
evaluated — next-available-surgeon, sequential, "blackjack," and "kanban." A sequential distribution of referrals for surgical
consultation among the surgeons resulted in the worst performance in terms of the number of consultations, referral wait
time and surgeon utilization. The three other distribution policies are comparable in performance. The "next available sur-
geon" model provided the most efficient and robust model, with approximately 1,000 more consultations, 100 days shorter
referral time and a 14% increase in surgeon utilization. Discrete event simulation (DES) modelling can be an effective tool
to illustrate and communicate the impact of the referral distribution policy on system performance in terms of the number
of consultations, referral wait time and surgeon utilization.

Keywords Surgical consultation - Wait time management - Discrete-event simulation model - Central intake - Referral and
consultation - Access

Introduction

Delays beyond recommended wait times, especially for spe-
cialist services, are associated with adverse health outcomes
and increased personal costs and costs to the healthcare
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system [1-4]. Thus, access to surgical services, including
consultation and surgery, is a priority area of improvement
identified by Alberta Health Services (AHS). The Alberta
Surgical Initiative (ASI) commits to ensuring that all sched-
uled surgeries in the province occur within clinically recom-
mended timeframes by 2023. The ASI aims to improve the
referral wait time, defined as the time between a referral sent
by the referring physician to the time the patient consults
with the specialist.

The Facilitated Access to Surgical Treatment (FAST) is
a centralized intake and triage referral program that pro-
cesses surgical referrals in the Edmonton Zone and intends
to improve access to care [5]. The program has handled more
than 52,000 referrals since its inception in 2015. Central
intake systems have been shown to have a range of opera-
tional and quality-of-care benefits [6—8]. Distribution poli-
cies at the central intake are defined as the rules that govern
the assignment of a patient to one of the surgeons providing
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consultation for the condition specified in the referral. Cur-
rently, the FAST program operates using a "next-available-
surgeon" policy. Referring providers are asked if they wish
to refer to the surgeon with the shortest wait time or a par-
ticular surgeon of their choice. The vast majority of referring
providers choose to refer to the "next available surgeon";
these patients are assigned to the surgeon who has both the
expertise needed and the shortest waiting time based on
recent data on their practice. Patients for whom a specific
surgeon is requested are assigned to that surgeon regard-
less of waiting time. Various distribution policies have been
used in the past by the central intake; these policies will be
discussed in the next section.

In the healthcare literature, Gunal and Pidd [9], Katsaliaki
and Mustafee [10], and Zang [11] published the most recent
reviews of the literature on healthcare applications of DES.
In these studies, operational decisions are "tested" in a simu-
lation model to identify bottlenecks and match resources
and demand to improve system performance [12—16]. The
most common system performance measure is the time a
patient waits between referral and consultation. In Canada,
examples include a DES simulation model to aid capac-
ity planning decisions and wait time reduction for General
Surgery [17] and the analysis of the radiotherapy planning
process [18].

This study evaluates and compares the impact of several
referral distribution policies in a central intake system on
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Fig. 1 Modelling Process
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three system performance measures — the number of consul-
tations, referral wait time and surgeon utilization.

Methods

We use discrete event simulation (DES) to represent the
process of referral arriving at the central intake, being dis-
tributed to surgeons, and surgical consultations being com-
pleted, and compare four referral distribution policies for
patients with gallbladder disease.

The modelling process

Our approach followed the key steps for simulation model
development described in the literature [19—23]. The model-
ling process (Fig. 1) was a collaborative effort of a team of
clinical staff, physicians and researchers from the AHS Sur-
gery Strategic Clinical Network™ (SCN™) and researchers
from the University of Calgary. We defined the system, its
boundaries, the current distribution policy and the system
performance measures and constructed the conceptual model
of the current system through discussions and analyses of
available data. The conceptual model was translated into a
DES model implemented in the ARENA [24] software.
The system represented by the model is the referral to
surgical consult system focused on the management of
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patients with gallbladder disease. This disease was chosen
as an example of a common condition that often requires
surgical consultation and on which recent data was avail-
able from the FAST program. The entities in the simulation
model are the referrals arriving at the central intake and the
patients linked to the referrals, each assigned to a surgeon
for a surgical consult. The relevant events are the receipt of
the referral at the central intake, the assignment of patients
to surgeons for a surgical consult, the surgical consultation,
and the patient's exit from the surgical consultation.

The relevant system performance measures collected in
our simulation model were the mean referral wait time, the
mean number of surgical consultations in the system and the
surgeon consultation capacity utilization. The mean referral
wait time was the number of days between the receipt of the
referral at the central intake and the consultation with the
surgeon, averaged across all the simulated referrals received
after the model warm-up period and averaged across all the
simulation replications. The mean number of surgical con-
sultations was the number of consultations after the warm-
up period averaged across all the simulation replications.
Finally, the consultation capacity utilization is the average
capacity utilization of each surgeon for all replications,
averaged across all surgeons. Surgeon consultation capac-
ity utilization is the ratio of the surgeon's time used for a
consultation to the surgeon's available time for consultation.

The distribution policy used in our model is the next
available surgeon. We run the ARENA model for 30 repli-
cations taking advantage of the software's feature to gener-
ate "random samples" for each replication from a defined.
Figure 2 represents the flow of the entities in the simulation
model.
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The model was parameterized using the FAST program
data collected between July and December 2019. The July
to December period represents a "typical” or stable period
of operation in terms of the volume of referrals and surgi-
cal consultations. A total of 659 gallbladder referrals were
received in this period, for an average of 108 gallbladder
referrals a month, distributed for a surgical consultation
to 39 surgeons. The daily rate was assumed to fit a Pois-
son distribution, which satisfies the assumptions of inde-
pendence between referral arrivals with a known average
arrival rate and orderliness [25]. The number of arrivals,
X~ Poisson(%). From the data available, the probability
that a referral requested a preferred surgeon was 14%. In
building our simulation model, we assumed that a pre-
ferred surgeon would be requested with the same probabil-
ity as observed in the data. Data on the existing waitlists
for each surgeon were also provided to inform conditions
at the beginning of the simulation for the period observed.

Because data on each surgeon's available gallbladder
consultation capacity was unavailable, we calibrated our
model by adjusting the observed consultation capacity. We
used a fixed factor to multiply each surgeon's observed
consultation capacity to achieve a reasonable level of
agreement between the observed mean referral wait time
(65 days, SD=41, N=659) and the simulated mean refer-
ral wait time (66 days, 95%CI1[42,91], n=30). The clini-
cal staff, physicians and researchers involved in the AHS
Surgery SCN validated the logical structure and results
of the model.
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Fig.2 Flow of arrival of referrals for gallbladder surgical consultation to surgical consultation in the simulation model
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The arriving referral is placed at the back of the shared queue because there are other
referrals waiting for a surgical consult. When surgeon D becomes available, the patient
on the top of the queue is assigned to surgeon D.

Fig. 3 Next-available-surgeon scenario example with five surgeons

Alternative distribution policies

Next-available-surgeon When a referral arrives at central
intake, it is assigned to a surgeon, who can immediately
provide a consultation. If no surgeon is available to provide
the consultation or if other referrals are waiting, the referral
is placed at the back of a shared queue. As soon as a surgeon
becomes available, the referral at the top of the shared queue
is assigned to the available surgeon (Fig. 3).

Referrals

For referrals that request a preferred surgeon, the referral
is placed in a queue for that surgeon. When the requested
surgeon becomes available, the patient with the longest wait-
ing time in the shared queue and the surgeon's queue will be
seen by the surgeon.

Sequential distribution When a referral arrives at central

intake, it is assigned to the surgeon next to the surgeon on the
list who was assigned the previous referral (Fig. 4). Referrals
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If the previous referral was assigned to surgeon A, the current referral is assigned to surgeon B.
The following referral will be assigned to surgeon C, followed by surgeon D, then surgeon E/last
surgeon and then back to the first surgeon on the list.

Fig.4 Sequential scenario example with five surgeons
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that request a preferred surgeon are sent to that surgeon. If the
next referral does not request a preferred surgeon, the assign-
ment resumes from the last surgeon in the sequence.

Blackjack distribution In this scenario, all surgeons have
the same maximum waitlist size. Individual surgeons are
assigned additional referrals so that all surgeons have a simi-
lar waitlist (Fig. 5). When all surgeon's waitlists have the
maximum number, an arriving referral is held in a shared
queue. According to their arrival order, referrals on the
shared queue are assigned to surgeons' waitlists.

For referrals that request a preferred surgeon, the referral
is placed in a queue for that surgeon. A surgeon may exceed
the maximum waitlist size if a significant number of referrals
request that surgeon.

Kanban distribution Each surgeon has a waitlist size equal
to their monthly consult rate in this scenario. When a referral
arrives at the central intake, it is assigned to the next surgeon
on the list whose waitlist size is less than his monthly consult
rate (Fig. 6). When all surgeons' waitlists are full, an arriving
referral is held in a shared queue and assigned to surgeons
according to their arrival order.

Referrals

surgeon B

Current referral is assigned to

For referrals that request a preferred surgeon, the referral
is placed in a queue for that surgeon. A surgeon may exceed
her waitlist size if a significant number of referrals request
that surgeon.

Results

We ran the DES model for each of the four scenarios for
30 replications. Each replication had a simulation run of
3 years, including a 1-year warm-up. Table 1 summarizes
the performance measures for the Next-available-surgeon,
Sequential, Blackjack, and Kanban scenarios using the list
of surgeons arranged randomly.

The number of gallbladder referrals assigned by central
intake to surgical consult and number of gallbladder con-
sults The mean number of gallbladder referrals received at
the central intake for all scenarios is comparable, as can be
inferred from the overlapping 95% confidence interval of
their means. The mean number of gallbladder consultations
was significantly lower (inferred from the non-overlapping
95% CI) in the Sequential, 1,686 consults 95% CI [1,686,
1,711] than in the Next-available- surgeon, 2,652 consults
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For example, the maximum waitlist size is five patients. When a referral arrives, it is assigned to the
next surgeon in the list whose waitlist size is less than five patients. The current referral is assigned
to surgeon B because surgeon A has a maximum of 5 patients on his waitlist and surgeon B only has
three patients. Assuming that the next referral comes while the number of patients in each of the
surgeon's waitlists remains the same, the next referral is still assigned to surgeon B. The number of
patients on surgeon B's waitlist equals five. Suppose another referral arrives with no change in the
number of patients in each of the surgeons' waitlists. This referral will be assigned to surgeon D and
not surgeon C because surgeon D has only four patients on his waitlist while surgeon C already has

five patients on his.

Fig. 5 Blackjack scenario example with five surgeons
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The arriving referral is assigned to surgeon B because his waitlist size is lesser than his monthly consultation rate.
Assuming that the next referral arrives while the number of patients in each of the surgeon's waitlists remains the
same, the next referral will be assigned to surgeon D. The next two referrals will be assigned to surgeon E.

Fig.6 Kanban scenario example with five surgeons

95% CI [2,633, 2,672], Blackjack, 2,567 consults 95% CI
[2,545, 2,588], and Kanban, 2,595 consults 95% CI [2,574,
2,615] scenarios.

Mean referral wait time The mean referral wait time for the
Sequential scenario, 172 days 95% CI [169, 175], is signifi-
cantly higher (inferred from the non-overlapping 95% CI)
than the other three scenarios — 66 days 95% CI [42, 91] for
the Next-available-surgeon and 72 95% CI [66, 77] days for
Blackjack and Kanban).

Table 1 Comparison of the performance measures of the four scenarios

Mean consult capacity utilization The results show that
the surgeons' consult capacity is fully utilized in the Next-
available-surgeon scenario. The same can be said about the
Blackjack, and Kanban scenarios, but with some variation
across the 39 surgeons (SD =3% for Blackjack and SD=4%
for Kanban). For the Sequential policy, the capacity utiliza-
tion is much lower (86%) when compared to the other three
scenarios, with a higher variation across the 39 surgeons
(SD=24%).

Next-available-surgeon

Sequential Blackjack Kanban

Mean number of gallbladder referrals received at Central
Intake (2 years), 95% CI 95% CI [LL, UL] n=30

Performance measures

Mean number of gallbladder consults (2 years), 95% CI
[LL, UL], n=30

Mean Referral Wait Time, T2 to T5, n=30

2,628 referrals
[2,614, 2,642]

2,652 consults
[2,633, 2,672]

Mean, 95% CI 66 days
[LL, UL] [42,91]
Minimum 35 days
25" percentile 48 days
50% percentile (median) 58 days
75" percentile 65 days
90" percentile 72 days
95" percentile 84 days
Maximum 953 days
Mean Consult Capacity Utilization
Mean (SD), n=39 100%
(SD=0)

2,624 referrals
[2,608, 2,640]

1,686 consults
[1,686, 1,711]

172 days
[169, 175]

0

0

60 days
305 days
513 days
629 days
1,016 days

86%
(SD=24%)

2,617 referrals
[2,601, 2,634]

2,567 consults
[2,545, 2,588]

72 days
[66, 77]

1 days
24 days
47 days
88 days
167 days
279 days
994 days

99%
(SD=3%)

2,620 referrals
[2,602, 2,638]

2,595 consults
[2,574, 2,615]

72 days
[66, 77]

6 days
39 days
54 days
76 days
115 days
164 days
950 days

99%
(SD=2%)
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Table 2 Mean referral wait times of the four scenarios for patients who specified a surgeon in their referral and those who did not

Performance  Next-available-surgeon Sequential Blackjack Kanban
gt(e)asure w/o specific w/ specific w/o specific w/ specific w/o specific w/ specific w/o specific w/ specific
replications)  SUrgeon surgeon surgeon surgeon surgeon surgeon surgeon surgeon
Mean 2,338 cons 314 cons 1,483 cons 216 cons 2,271 cons 296 cons 2,292 cons 303 cons
number of [1,501, 3,175] [202, 427] [952,2,013] [138, 293] [1,458,3,083] [190, 402] [1,472,3,112] [194,411]
gallbladder
consults
(2 years), 95%
CI[LL, UL]
Referral Wait Time, T2 to T5
Mean, 95% CI 55 days 148 days 169 days 194 days 61 days 156 days 61 days 156 days
[LL, UL] [49, 61] [139, 158] [90, 247] [111,277] [45,76] [92,220] [45,76] [92,220]
0" percentile 35 days 38 days 0 days 0 days 1 days 4 days 8 days 10 days
(min)
25" percentile 47 days 61 days 0 days 7 days 23 days 52 days 39 days 50 days
50% percentile 56 days 76 days 57 days 95 days 43 days 104 days 53 days 81 days
(median)
75" percentile 63 days 143 days 301 days 335 days 79 days 252 days 72 days 185 days
90™ percentile 69 days 376 days 509 days 536 days 134 days 443 days 99 days 411 days
95" percentile 71 days 520 days 623 days 662 days 194 days 595 days 123 days 545 days
Maximum 75 days 953 days 998 days 977 days 908 days 960 days 607 days 949 days

Table 2 presents the expected referral wait times for the
four scenarios by type of referral: referrals that requested
a preferred surgeon and those that did not.

In all scenarios, the patients who requested a preferred
surgeon waited longer than those who did not. In the
Next-available surgeon policy, patients who requested a

surgeon waited 93 days longer than those who did not. In
the Sequential scenario, those who requested a surgeon
waited, on average, 21 days more than those who did not.
For both the Blackjack and Kanban scenarios, patients
who requested a surgeon waited, on average, 95 more days
than those who did not.

Table 3 Sensitivity analysis varying Waitlist size Blackjack scenario performance measures' sensitivity to fixed waitlist size

Waitlist size=5 Waitlist size=1 Waitlist size=10 Waitlist size=15

Mean number of gallbladder referrals received at Central Intake
(2 years), 95% CI 95% CI [LL, UL] n=30

Performance measures

Mean number of gallbladder consults (2 years), 95% CI [LL, UL],
n=30

Mean Referral Wait Time, T2 to T5, n=30

Mean, 95% CI
[LL, UL]

Minimum

25" percentile

50% percentile (median)

75" percentile

90" percentile

95" percentile

Maximum

Mean Consult Capacity Utilization
Mean (SD), n=39

2,617 referrals
[2,601, 2,634]

2,567 consults
[2,545, 2,588]

72 days
[66, 77]

1 days
24 days
47 days
88 days
167 days
279 days
994 days

99%
(SD=3%)

2,622 referrals
[2,604, 2,640]

2,638 consults
[2,619, 2,658]

68 days
[62, 73]

2 days
34 days
48 days
71 days
111 days
168 days
941 days

100%
(SD=1%)

2,614 referrals
[2,599, 2,630]

2,533 consults
[2,518, 2,549]

117 days
[115,118]

0 days

32 days
75 days
144 days
262 days
402 days
1,028 days

99%
(SD=5%)

2,623 referrals
[2,602, 2,644]

2,480 consults
[2,460, 2,500]

149 days
[148, 150]

0 days

33 days
108 days
199 days
341 days
477 days
1,019 days

98%
(SD=6%)
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Table 4 Kanban scenario performance measures' sensitivity to the number of months of "waitlisted patients"

Waitlist size for Scenario
D, Kanban, (1 X monthly

Capacity)

Waitlist size=Roundup Waitlist size =Roundup
(2 X monthly Capacity) (3 X monthly Capacity)

Mean number of gallbladder referrals received at Central
Intake (2 years), 95% CI 95% CI [LL, UL] n=30

Performance measures

Mean number of gallbladder consults (2 years), 95% CI
[LL, UL], n=30
Mean Referral Wait Time, T2 to T5, n=30

Mean, 95% CI [LL, UL] 72 days
[66, 77]
Minimum 6 days
25" percentile 39 days
50% percentile (median) 54 days
75" percentile 76 days
90 percentile 115 days
95™ percentile 164 days
Maximum 950 days

Mean Consult Capacity Utilization
Mean (SD), n=39

2,620 referrals
[2,602, 2,638]

2,595 consults
[2,574, 2,615]

99% (SD=2%)

2,614 referrals
[2,594, 2,634]

2,610 referrals
[2,595, 2,624]

2,572 consults
[2,556, 2,588]

2,530 consults
[2,514, 2,547]

85 days 103 days
[83, 88] [101, 104]
2 days 0 days

47 days 57 days
70 days 94 days
97 days 126 days
141 days 171 days
200 days 223 days
954 days 957 days

99% (SD=4%) 99% (SD =5%)

Impact of Blackjack and Kanban policy parameters
on performance measures

In both scenarios, the parameter for the size of the wait-
list for the Blackjack and the period for the calculation of
waitlist size for the Kanban scenario was chosen based on
discussions with the FAST program team. The following
results show the impact on the performance measures of
changes in these parameter values.

Blackjack distribution The size of the waitlist for all sur-
geons was pegged to 5 patients. Table 3 shows the result of
the simulations for waitlists of 1, 10, and 15 patients. All
the performance measures are sensitive to the size of the
waitlist.

Kanban policy For each of the surgeons represented in the
simulation, the number of gallbladder consultations per
month is the size of the waitlist. Table 4 shows the result for
a waitlist size equivalent to two months and three months'
worth of consultations for each surgeon.

Discussion and conclusion

The simulation model described here determined that the
Next-available-surgeon distribution policy performed best
in terms of reducing waiting times for consultation and
maximizing the utilization of resources. These results are
consistent with the literature on distribution strategies,

@ Springer

and other authors have demonstrated the effectiveness of
the Next-available-surgeon strategy in reducing wait times
[26, 27]. The Sequential referral distribution policy resulted
in the worst performance of the four distribution policies
simulated. It was associated with the lowest number of sur-
gical consultations delivered (1, 686 consults compared
to the next lowest, Blackjack, 2,567 consults), the longest
referral wait time (172 days, compared to the next longest,
Blackjack and Kanban, 72 days), the lowest mean surgical
consult capacity utilization (86% compared to almost 100%
for the others) and the largest surgical consult utilization
variation among surgeons (SD =24% compared to the next
largest variation, Blackjack =3%). The other two distribution
policies studied performed similarly to the Next-available-
surgeon but were more sensitive to variation in waitlist size.
Based on the simulation model results described here, we
cannot recommend the Sequential distribution of referrals.
The Sequential distribution performed the worst of all those
examined and would be expected to reduce the efficient utili-
zation of resources, increase variation between surgeons and
reduce the timeliness of access for patients.

The Sequential strategy would be expected to be the least
effective approach as it takes no account of a surgeon's exist-
ing waitlist and tends to increase variation between surgeons,
adding patients to waitlists that are already long and not
allocating more patients to surgeons with short waitlists.
This is a significant finding, as many surgical groups use
this strategy to distribute referrals between surgeons, assum-
ing that a "one-for-me, one-for-you" policy is the "fairest"
way to allocate the work. The results of our study suggest
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that, in fact, this method of consult distribution results in
more patients with referrals sent at an earlier date waiting
longer than patients with a later referral date. Thus, there is
a longer average wait for patients and a significant under-
utilization of surgeon consultation capacity. This problem
may be further compounded if all surgeons in the group do
not share information about their waitlist for consultation or
receive referrals from other sources, leading to significant
inequity and variation between surgical practices. Surgical
groups using a sequential model to distribute referrals might
consider adopting an alternative model that is more efficient
for reducing wait times.

Another interesting finding is that requesting a pre-
ferred surgeon for consultation increases the average time
the patient waits to be seen for all the scenarios examined.
This should be considered by both referring providers and
patients when making choices about how they wish their
referral to be handled. There may be a good reason that a
patient elects to wait longer to see a preferred surgeon sug-
gested by their doctor, but other patients may simply wish
to be seen as quickly as possible.

The Next-available-surgeon distribution policy had the
lowest mean referral wait time and the highest mean con-
sultation capacity utilization across all surgeons. Still, these
measures were similar in the Blackjack and Kanban mod-
els, suggesting that all three distribution strategies may have
benefits to consider.

Implementation considerations also contribute to the
choice of distribution policy. For the Next-available-surgeon
scenario, referrals that do not request a preferred surgeon
were held in a shared queue; regular monitoring of surgeon
availability is required for this strategy, which may not be
feasible for all programs. For the Blackjack scenario, the
wait time and capacity utilization are sensitive to the consult
waitlist size for each surgeon. For the Kanban scenario, the
wait time and utilization are sensitive to the time horizon
considered in calculating the waitlist size for each surgeon.
Clinical network managers' experience with the "Blackjack"
model suggests that the "minimum waitlist" number requires
adjustment over time to meet demand and may result in dif-
ficulty in maintaining performance in the long run. The Kan-
ban strategy is founded on the idea that previous practice
patterns will predict future performance. This may be dif-
ficult to maintain when surgeons' practice patterns change
or are highly variable.

Further work is required to identify a flexible, practical,
robust model which maximizes the benefits of the Next-
available-surgeon while maintaining the feasibility of the
data collection, decision-making and monitoring efforts.
Regardless of the distribution strategy chosen, we encour-
age all surgeons to engage in conversation about how they
handle their consultation practice as a group, share infor-
mation about their waiting times, and take steps to reduce

variation and increase efficiency to reduce waiting times and
increase equitable access for their patients. We also encour-
age referring physicians to consider these results based on
real-world data when submitting a surgical referral and to
discuss the implications with their patients in choosing the
next available surgeon versus requesting a preferred surgeon.

Considering the overall patient journey, a limitation of the
study is that it models only a segment. The impact of front-
end processes (e.g. referring physician decisions and activi-
ties, CI triaging procedures) and back-end processes (e.g.
surgical capacity —operating room and surgeon availability)
are significant factors affecting the overall patient wait time.

The main limitation of the study is its limited generalizabil-
ity. The model was constructed using data and other informa-
tion from actual referrals and consultations for patients with
suspected or confirmed gallbladder disease. It is also some-
what artificial to study a single type of referral in isolation, as
most surgeons provide care for patients with a range of condi-
tions; we did not develop a model to account for referrals being
received for a mixture of different conditions at the same time.
The model does not include all the complexities of real-world
practice. Many referrals may arrive simultaneously instead of
discretely, coming from various sources to various destinations
and in which surgeons' practices may change over time. How-
ever, studying a single type of referral allows this study to be
a concise illustration of how distribution policies in a central
intake program can directly impact system performance. It
serves as a foundation to build upon and develop more com-
plex, robust models in the future.
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