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ABSTRACT

Simulation modeling has been around for many years and produced many papers. Arguably, there has
been a lack of impact in the health arena, some may say due to modeling such a large, complex, diverse
and often interconnected industry. Other observations suggests that academics get rewarded for publish-
ing large complicated models with detailed analysis rather than focusing on the requirements of the envi-
ronment or the needs of implementation. This paper attempts to add to the modeling debate by suggesting
that average simulation process times can act as estimators for real length of stay. This paper will also il-
lustrate how average process time models could be used to help reconfigure emergency care services
models. Average time simulation models have the potential to make a valuable contribution to modeling
and they support simplified, transparent models with shortened development time.

1 INTRODUCTION

This paper will show that average simulation process times can act as estimators for real length of stay in
health care environments. Using average time can help to simplify models, make them more transparent
and reduce modeling development time. This paper will use real, readily available A&E data to develop
these simplified models. Using a stepped approached, this paper will describe how using real local A&E
data can be used to develop simplified models in a shortened development time. These simplified models,
clearly linked to real local data, can help stakeholders to open up ‘black boxes’ and get a better under-
standing of high level interactions of their health care system. The data will also be used to illustrate how
average time simulation models might be used to help reconfigure emergency care services and provide
modeling insights into those services. These simplified models could be of great benefit as the author’s
experience is that stakeholders often desire models with a short turnaround time. These models can be
used to provide quick illustrations of new scenarios, if required leading to more intensive investiga-
tion/modeling.

Simulation modeling has been around for many years and many papers have been produced covering
a range of applications in health care. Health related simulation modeling papers include modeling geria-
tric length of stay by El-Darzi et al. (1998) and Vasilakis and Marshall (2005). Discrete-event simulation
(DES) modeling directly related to health care includes: modeling of nurses and nursing cost in an inten-
sive care unit (Griffiths et al. 2005); evaluation of strategies for prevention of mother-to-child HIV trans-
mission (Rauner et al. 2005); study of an NHS walk-in centre (Ashton et al. 2005); and use of simulation
to improve the blood supply chain (Katsaliaki and Brailsford 2007). More specifically, work linking DES
to emergency departments includes a study combining data mining and DES for a value-added view of a
hospital emergency department (Ceglowski et al. 2007) and understanding emergency department per-
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formance using simulation (Giinal and Pidd 2006). Whilst Fletcher et al. (2007) developed a national ge-
neric A&E model and discussed the application of its use at a local level.

Despite the number of simulations papers produced there has been a relative lack of 'real world’ in-
volvement and an even greater lack of evidence for ’real world’ benefit (Taylor et al. 2009). One reason
may be that health care delivery is a complex process and employs a huge number of employees deliver-
ing health care over a wide range of services. Harper and Pitt (2004) highlighted a number of issues and
challenges particular to health care modeling including: scale, complexity and changes (demographic
change, social and behavioral change, organizational change, political change, strategic change, technolo-
gical and clinical change); diversity; buy-in and credibility; conflicting objectives; and data issues.
Another observation noted by Taylor et al. was that academics are rewarded for publishing in high-quality
journals and that real world links are either implicitly understood or not required as research built on pre-
vious work. In doing so, Taylor et al. suggested that researchers became disengaged from real world is-
sues. Similarly Proudlove et al. (2007) observed that much of the published work was conducted by aca-
demics and their performance measured value large and complicated models with detailed statistical
analysis of results rather focusing on the requirements of the environment and the needs of the people
who need to implement changes. Giinal and Pidd (2010) highlighted the extent to which DES models are
used for real decisions is rarely discussed and that stake-holders need to be convinced of the benefits.

Specifically with regards to poor modeling adoption in hospitals, Sinreich and Marmor (2004) sug-
gested the reluctance of hospital management to accept change, especially if suggestions come from a
black box. To help improve acceptance of modeling in health care Sanchez et al. (2004) suggested that
simulation professionals in health care needed to improve their personal capabilities to: make valid veri-
fied models; better understand their customer’s business needs; and to provide customers with answers
and insights to their business. Barnes et al. (1997) suggested three key elements to successful simulation
in health care were: Communication and participation; User-friendly simulation software; and using simu-
lation as a decision making tool.

This paper will use conventional A&E data and illustrate how this service could be reconfigured into
an Urgent Care Centre (UCC). The developed model will show examples how patients might be grouped
to model patient pathways. The ability to model specific patient pathways, such as adult emergency
treatment, adult minor treatment, elderly treatment and paediatric treatment could have direct inputs into
health care planning processes and provide valuable real world information to health care planners and
their clients. These models will also be able to provide valuable insights into utilization of treatment area,
queues and length of stay. Although the models described in this paper are focused on emergency care,
opportunities present themselves to develop similar models in other health care environments.

The models developed are modular by design, supporting rapid development for new applications.
These models would have relatively low levels of abstraction as defined by Sinreich and Marmor (2004).
Sinreich and Marmor described low levels of abstraction as models designed for specific systems and
models that are simple and easy to use after a quick explanation. Their simplicity supports rapid feedback,
early process reviews and discussions - supporting Bowers et al. (2009) observation that the development
phase is the biggest benefit of simulation modeling. Lower levels of abstraction marks a move away from
generic models as described by Codrington-Virtue et al. (2005b), Codrington-Virtue et al. (2005a), Giinal
and Pidd and Fletcher et al. (2007). Lower levels of abstraction were also applied to model patient group-
ings in contrast to clustered patients by diagnosis groups by Codrington-Virtue et al. (2006). Low levels
of abstraction and the application of readily available data to drive the model helped to make these devel-
oped models easier to understand for the health community, minimizing objections to black box models
as referenced by Sinreich and Marmor (2004).

The remainder of this paper is outlined as follows. Section 2 provides an overview of the health care
planning process, A&Es and Urgent Care Centres. Section 3 will outline the staged approach used to de-
velop the model where stage 1 showed how real data was used to group patients (by acuity and type) and
define their arrival patterns. Stage 2 determined resources’ using patient group activity and stage 3 de-
scribes running and calibration of the model by comparing errors in length of stay between real and mod-
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eled patient groups with adjusted process times if applicable whilst stage 4 describes model validation and
verification. Sections 4 follows with a discussion on the findings and Section 5 outlines limitations and
further work in context of this paper.

2 HEALTH CARE PLANNING AND EMERGENCY CARE PROCESSES

2.1 Health care planning

Health care planning is often used to determine the size and layout of health care facility. The health care
planning process function might include demand and capacity planning to: determine the correct number
and size of rooms or treatment areas; assess admissions avoidance, length of stay reductions, demographic
and planned services changes; and design models of care, schedules of accommodation, room layout and
design to optimize patient flow and movement through clinical areas. Health care planning often work
closely with estate planners as well as other managers to help facilitate user groups and stakeholder meet-
ings. Health care planners also often consider patient types and patient groupings to design appropriate
pathways. In England, health care planners often work in accordance with building guidance documents
known as Health Building Notes (HBNs). Often accumulated data is used to determine capacity and de-
mand, for example, average process time, patients per week etc. This information often provides useful
information with regards to the health planning process (for instance the average number of rooms re-
quired over a period of time) however a weakness is that it is often not sensitive to variation during the
time period. DES is an ideal tool to complement the health care planning process in that it can provide in-
formation on variance throughout the modeling process. DES can also be adapted to model specific pa-
tient routes (pathways) adding valuable insight to the health care planning process.

2.2 Accident and Emergency (A&E) and Urgent Care Centre (UCC) processes

A&Es (also known as emergency departments) are an area of interest to health care planners as they re-
ceive a range of patients requiring different services. Better analysis of patient groups and their pathways
allows focusing of care towards particular patients. This focus can help to improve both health outcomes
for the patient as well as reduce their length of stay in the facility. A&E departments in the UK treat a
wide range of patients, ranging from minor injuries to life threatening conditions and it forms a significant
source of hospital admissions. Within a traditional A&E model, patients often arrive into A&E via two
generic routes: Ambulance arrivals - where patients arrive via an ambulance; or Walk-in arrivals - non-
ambulance arrivals. On arrival into A&E, patients are often triaged into categories for treatment by clini-
cal staff. Table 1 illustrates triage code categories and their descriptions for the A&E data source used for
this study. The triage codes in Table 1 illustrates the wide range of patients that arrive in A&E. Triage
types range from immediate treatment (code 1) to non-urgent treatment (codes 5 and 6). After treatment
in A&E, patient are either discharged home or admitted into hospital. Treatment within A&E is often
supported by a range of activities including imaging and pathology.

Table 1: A&E Triage codes by description, number of attendance and % of attendance

Triage codes Description Number %
1 Immediate 875 0.7
2 Very urgent 11,860 9.7
3 Urgent 38,626 31.5
4 Standard 69,464 56.6
5 Non-urgent 372 0.3
6 Non-urgent 1,530 1.2
- Total 122,727 100.0
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Table 1 shows that 58% of patients require treatment for minor illness and injuries (codes 4 to 6) and
42% (code 1 to 3) of patients required care that is more urgent. Arguably, patients with minor injuries and
illnesses might receive more effective treatment by General Practitioners (GPs) or Nurse Practitioners.
New models of care suggest that conventional A&E’s may not be the most effective method of treating
such a wide range of patients.

Alternative models of care suggest that emergency care might be delivered more efficiently by segre-
gating major and minor patients. One alternative care model is to supplement an A&E provision with an
Urgent Care Centre (UCC). UCCs (supported by GPs and specialist nurses) are becoming increasingly
common in the UK and they focus their care delivery towards attendees with minor injuries and illnesses
leaving conventional A&Es to focus their care delivery towards more seriously ill patients. Emergency
Nurse Practitioners or Emergency Care Practitioners sometimes run UCCs. A multi-professional team in-
cluding GPs, nurses and pharmacist usually supports Emergency Nurse Practitioner’s. Often, especially in
urban areas, UCCs are located adjacent to A&E departments and act as the point of entry into the emer-
gency department. There is evidence to show that when compared to A&E clinicians, primary care physi-
cians deliver efficient quality care. To further support the clinical case a study at the City Hospital, Bir-
mingham, UK (Ansari et al. 2008) showed Primary care physicians saw more patients at lower cost
compared to senior house officers with no difference recognized in the number of investigations. Review-
ing Table 1, this study assumed that triage codes 4, 5 and 6 met the criteria of UCCs minor illness and
minor injuries and triage code 1, 2 and 3 met the criteria for A&E. As such, Table 1 was updated to show
A&E and UCC criteria and this is illustrated in Table 2.

Table 2: Table 1 A&E triage codes re-assigned to A&E and UCC codes

Triage Description New model
1 Immediate A&E
2 Very urgent A&E
3 Urgent A&E
4 Standard uccC
5 Non-urgent ucCC
6 Non-urgent UCC

3 MODEL DEVELOPMENT USING REAL DATA

Increasingly, it is considered good practice to separate treatment pathways for adults and paediatrics to
focus treatment and care to their requirements. As such, elderly and paediatric patients are sometimes
considered special groups. Elderly patients are sometimes in a confused state and their range of illnesses
often results in extended stays in emergency departments. In contrast, paediatric patients are often priori-
tized for treatment. Within this model, paediatric and elderly patients were defined as special cases and as
such defined their own individual pathways. In the model, paediatric and elderly patients were defined by
age: paediatric 16 years of age or under and elderly 75 years of age or older. The remaining adult group
was divided into two distinct pathways dependent on acuity: Adult - A&E; and Adult - UCC. Although
resuscitation patients often require the most urgent attention, they formed a relatively low number of the
overall attendances and consequently were not modeled in this study. A summary of the UCC patient
groups (Pathways) derived from real data (1 year’s activity) is shown in Table 3. Models were developed
using the simulation software Simul8 working in conjunction with interactive input and output Excel
worksheets.
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Table 3: UCC pathways (derived from A&E data) showing number of patients and percentages. Resusci-
tation data included for completeness but was not modeled as a pathway.

Pathway Number of patients Percentage (%)
Adult-A&E 31,641 25.8
Adult-UCC 47,135 34.4

Elderly 12,538 10.2
Paediatric 30,538 24.9
Resuscitation 875 0.7
Total 122,727 100

An overview of the model schematic is shown in Figure 1. The first step in the model (Pathway Ar-
rivals) generated simulation icons in accordance with their pathway arrival pattern. Once generated, simu-
lation icons passed though a queue bin before entry in to a simulation work centre to be processed. Queue
bins acted as waiting areas (queuing area) if resources were unavailable at the work centre. In Figure 1,
queue bins are shown as Pathway Queues. At the simulation work centres (shown as Pathway Process in
Figure 1), patient icons were ’treated’ in simulation time using average process times generated by the
model. The average process time in this model only refers to direct doctor/nurse clinical treatment time.
The treatment area might be a room or a cubicle and term ’room’ in this study relates to either treatment
area type. This model also assumed that resources (rooms) were fully staffed to treat simulation patients
during the process time. Resources (shown as Pathway Resources in Figure 1) were assigned (if available)
at the start of the simulation work centre process and released on completion. Exit from the simulation
work centre completed the simulation process.

At each step in the simulation, time labels were attached to the simulation icons. These labels were
used to calculate and store arrival times, queuing times and treatment times for all the simulation icons
traveling on their modeled pathways. The same sub-routines were used by all the work centre process to
log and store the time labels. This technique both optimized modular design (using verified code) and
supported rapid development of new pathways.

Pathway (1)
Resources
rF 3
L 4
Pathweay (1) | Pathway (1) | Pathway (1) o Eit
Avrrivals Clueues Process
Pathway (n) _|Fathway (n) | Fathway (n) o Exit
Artivals Clueues Process
rF 3
L 4
Pathweay (n)
Resources

Figure 1: Schematic showing simulation model process.

Simulation data was recorded for 24 hours commencing at midnight after a 24-hour warm up period.
A typical trial run was 50 simulations. The remainder of this section will show the staged model devel-
opment and illustrate how real data was used to define arrival patterns, set room resources and provide
evidence of model validation and verification between real and simulated data.
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3.1 Extracted data to group patients by acuity and type and definition of their arrival patterns -
Stage 1

This sub-section will describe how real data was extracted to group patients into pathways and used to de-
fine their arrival patterns. Patient categories in the model were assigned pathways as shown in Table 3.
Using the defined patient pathways, each pathway arrival profile was extracted from real A&E data and
this used to generate arrival profiles (Pathways Arrivals) in the simulation model. An example of the ar-
rivals profile for adult-UCC is illustrated in Figure 2. Figure 2 shows the average arrival by hour over the
data collection period of a year. In addition, Figure 2 shows the calculated percentage proportions split
over 24 hours. The hourly percentage uses the arrivals per day (129.14) to calculate the patients per hour,
which is used to calculate the inter arrival time. Using the adult-UCC example, 0 ArrivalHr (00:00 hrs to
00:59 hrs) saw 2.29% of the activity over an average 24 hours and this equated to 2.96 patients per hour
(129.14 patients per day x 2.29%). The inter arrival time (20.30 = 60/2.96) was imported at the start of the
mode run and updated hourly during the run cycle.

Disp Code 02 (AN h Arrivals per day
Triage Desc 03 |Adult - UCC - 1259.14
Data -]
ArrivalHr w|Sum of LoS ave Sum of attn percent patients per hr | Int arrival time
1] 313.07 1.079 229% 255 20.30
1 33752 913 1.94% 2580 23,99
2 34E.79 794 1.68% 2158 2755
3 300.90 551 1.17% 1.51 /75
4 328.61 449 0.95% 1.23 45.78
5 318.29 375 0.50% 1.03 55.40
5] 316.60 518 1.10% 1.42 4228
7 3257 an4 1.92% 245 2473
g 305.45 1,792 3.50% 4.91 1222
g 289.70 25354 B.22% 5.04 745
10 330,26 3543 7.62% 9.71 5.18
il 355.63 3455 7.40% 9.55 525
12 356.23 3302 7.01% 9.05 653
13 32962 25659 5.30% 8.13 735
14 313.69 2769 5.57% 758 7.91
15 33652 2772 5.85% A8 7.80
16 33414 2,750 5.53% 753 755
17 323.08 2529 5.00% 775 774
15 344.71 28N 5.30% g.14 737
19 777 2595 551% 711 5.44
20 321.09 2,143 4. 65% 587 10.22
21 324.60 1,822 3.87% 485 12.02
22 310.83 1518 3.43% 4.43 13.54
23 336.62 1,255 2.66% 3.44 17.45
Grand Tatal 7804.07 47,135

Figure 2: Adult - UCC arrival input example.

3.2 Determine pathway room resources and process times using pathway activity - Stage 2

This sub-section describes how room resources were determined in the model. The number of room re-
sources modeled for each pathway was defined by calculations defined in Health Building Note (HBN)
11-01 (Facilities for primary and community care services). HBN 11-01 specifically related to primary
and community services and as such is particularly suited to model UCCs. In contrast, HBN 11-01 al-
though not specifically designed for emergency departments, it was used to model A&E room (cubicle)
requirements for this study. Using HBN 11-01 (with an occupancy of 80% over 24 hours, 7 days a week)
the initial number of adult-A&E rooms were calculated as follows. Using 31,641 adult-A&E attendances
and assuming 100 minutes average process time: patient/weeks per year = 31,641/52 = 608; appointment
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time = 608*(100/60) = 1,014 hrs/week; room availability at occupancy = 24*7*0.8 = 134 hrs/week;
rooms = 1,014/134 = 8 (rounded up). The other pathway rooms were calculated using the method de-
scribed above and are shown in column ’Rooms’ in Table 4.

Table 4: Pathway initial assumed process times and number of rooms. Note the process time assumes di-
rect doctor/nurse clinical treatment.

Pathway Process time (mins) | Rooms
Adult-A&E 100 8
Adult-UCC 40 5

Elderly 100 3
Paediatric 40 3

The assumed process times (also shown in Table 4) reflected approximate times based on health
planning experience with a number of Trust’s. The process times shown in Table 4 represented a starting
point in the development in the models. Process times were calibrated to best fit the actual data and this
process is described in the next stage.

33 Run and calibrate the model by comparing errors in length of stay between real and
modeled pathways and adjusting process times if applicable - stage 3

The average process (treatment) times shown in Table 4 represented a starting point to calibrate the mod-
el’s length of stay to the actual length of stay. To calibrate the model, each pathway the model ran a range
of process times to compare the modeled length of stay against the actual length of stay. Specifically, for
each pathway, the cumulative distribution of the actual length of stay was compared with the cumulative
distribution of the modeled length of stay for a range of process times. The cumulative distribution is

shown by:
0.95

F(x1,x2)= Zf(t), where

1<x1,x2
F (xl) is the cumulative distribution for actual length of stay, F’ (x2) is the cumulative distribution for the
modeled length of stay and f (t) in steps in 15 minutes up to 95% of the cumulative distribution of the
actual length of stay. The process times (rounded to the nearest whole number) with the minimum errors
between actual and modeled length of stay (2 =F (xl)— F (x2)) is shown in the adjusted column Table

5. These adjusted process times were in effect used to calibrate the model and used to validate and verify
the model. By observation, Table 5 suggested the similarity between the initial and the adjusted clinical
treatment time supported the estimates of clinical process time for the chosen pathways.

Table 5: Pathway initial and adjusted pathway process times. Note the process time assumes direct doc-
tor/nurse clinical treatment.

Pathway Process time (minutes)
Initial Adjusted
Adult-A&E 100 110
Adult-UCC 40 42
Elderly 100 92
Paediatric 40 35
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3.4  Model validation and verification - stage 4

Input-output validation techniques were applied to both pathway arrivals and pathway lengths of stays to
validate and verify the model. Using pathway arrivals and the methodology described by Banks et al.

(2000), systems outputs (real data) Z, were compared with modeled outputs /#; where j = the hour of
the day 1 toK (1to24), d, =Z, =W, and;

Using the paired f-test, the null hypothesis was represented by d =L, W =, = 0 and tested
against the alternative hypothesis of d =2, =W, =, #0, where:

Yk

Testing the t-statistic for pathway arrivals concluded acceptance (at a 95% confidence level) of the null
hypothesis for all pathways. As such, this test provided evidence that modeled data effectively matched
real data and could act as an effective arrival generator for pathways in the model. As an example, real
and modeled arrival profiles for adult - UCC (averaged over 24-hour period) is illustrated in Figure 3.

Ly

3.4.1 Arrivals

Adult UCC Arrivals - Actual Vs Sinulation

12.00

Arrivals per hr

25

e A U - T oo ST ation

Figure 3: Average actual (real) arrivals versus average simulation arrivals for adult-UCC.
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Adult UCC -Baseline Vs average Treament Times
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Figure 4: Actual (real) length of stay actual versus simulated length of stay for adult-UCC.

3.4.2 Length of stay

Paired Z tests were performed on pathway lengths of stay where as above, real data Z; was compared

with modeled data W, where j =1to K was 95% of the real length of stay in steps of 15 minutes. Test-

ing the Z-statistic for pathway lengths of stay concluded acceptance (at a 95% confidence level) of the
null hypothesis (d =L W=, = 0) for all pathways. As an example, real and modeled arrival pro-

files for adult - UCC is illustrated in Figure 4. Figure 5 illustrates average and median lengths of stay for
pathways and overall (all pathways). Paired ¢ tests were also performed on average and median data for
pathways and all (the combined data) to compare real and modeled data as shown Figure 5. Test results
here also concluded (at a 95% confidence level) acceptance of the null hypothesis for all pathways and
therefore reinforced evidence above of good correlation between the real lengths of stay and the modeled
length of stay for pathways. As such, the paired test provided evidence that modeled outputs reflected real
outputs and as such validated the model. This validation also suggested an adequate level of model coding
(verification) within the parameters of the developed model.

Length of Stay Comparisons (minutes)
Pathways Actual Simulation model
Average | Median | Average [ Median

Adult - ALE 165 162 162 143

Adult - UCC 113 101 115 102

Elderly 192 174 191 163

Paediatric 113 102 111 92

All 135 113 134 120

Figure 5: Length of stay comparisons between actual (real) and simulated.

4 FINDINGS

This paper has shown how average simulation process times can act as estimators for real length of stay
and provide pathway information in a health care setting. This paper has shown too that a simplified mod-
el could be used to help reconfigure emergency care services and provide modeling insights into those
services. The model showed pathways lengths of stay, modeled using average process (treatment) times,
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driven by real arrival data with HBN calculated resources, matched real pathway lengths of stay within a
95% confidence level. Simplified models directly linked to real data and with reduced model develop-
ment time, allow stakeholders to open up the black box and better appreciate high-level interactions in
their systems. This opens up the model to a number of arenas including; testing parameters such as queues
during run time to determine when might they appear in the cycle, how big those queues might get and
how long might they last?; are queues pathway specific; what impact does changing resources have; and
what impact does changing process time have? For illustration, the adult-UCC queue output is shown in
Figure 6. The model also suggests similarities in the direct clinical treatment time used and the pre model
assumptions. The findings however do appear to show a difference between the average clinical time
(process time) used to drive the work centre and the overall length of stay. For example, adult-UCC used
an average process time of 42 minutes and this resulted in a modeled average time of 115 minutes (or
median time of 102 minutes) against a real world average of 113 minutes (or real world median of 101
minutes). One area to investigate would be the resources allocated. In this model (and often in the real
world) resources are calculated using activity averaged over a period. We can see from the arrival graphs
that arrivals (reference Figure 3) increases mid morning, stays quite high in the day before dropping in the
evening. Similarly, we can see queues starting to increase at around mid morning - see Figure 6 before
dropping of in the late evening. In this example, variable resources (high in the day, low at night) could be
an area for further investigation. The ability to model patients pathways in a shorten development time us-
ing simple, transparent models attempts to overcome objections to black box models as described by Si-
nreich and Marmor. Modeling assumptions could be quickly modified and the model re-run. For example,
in the light of current NHS fiscal constraints, simplified models could be used to explore the impact of
fewer resources on pathways and the impact on their length of stay. The models developed here were par-
ticularly focused towards addressing real world links, the needs of stake-holders and to be used as a deci-
sion making tool as discussed by Taylor et al., Giinal and Pidd and Sanchez et al. The findings from these
simplified models could well be a pre cursor to more detailed pathway studies and models that are more
complicated

Average Treatment Time Vs Average Queue Time

Time (mins) - Simulation trial 50

W Average of Qtime O Average of TreatmentTime

Figure 6: Adult-UCC Modeled Queues

5 LIMITATIONS AND FURTHER WORK

This study represents an early stage of development and work continues to further develop the model.
Work is continuing to better understand the differences in the real and modeled worlds between the aver-
age treatment time and the average length of stay. Other areas for development include models to assess
the impact of other variables such as day of week, month of year and the impact of patient mix. The mod-
els discussed in this paper were developed in a modular format with a mind to support rapid model devel-
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opment to model patient pathways in other health care settings. This too is an area of future work. The
example above discussed fixed resources with changing input. Changing resources throughout the day is
another area of model development.
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