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Abstract

Forecasting Emergency Department Arrivals via Regression with ARIMA errors and
Facebook Prophet: The Case of a Montreal Hospital

Gerald Bayiapodog Potkah

This thesis is motivated by a practical problem in emergency department (ED) operations
management. Prolonged waiting times and overcrowding are prevalent in EDs as a result of the
mismatch between demand (i.e., patient arrivals) and supply of ED services (Morley, Unwin, Peter-
son, Stankovich, & Kinsman, 2018). As the gateway to modern healthcare systems, EDs are faced
with the arrival of patients with urgent and complex care needs, increased arrivals of the elderly, and
high volume of low-acuity patient arrivals. To improve the operational efficiency and healthcare de-
livery, ED administrators have to make informed decisions about efficient allocation of resources;
demand forecasting is a first step towards informing such decisions.

Using a Montreal hospital ED as a basis for our investigation, we evaluate the effectiveness of
the rarely used regression with autoregressive integrated moving average errors (regARIMA) model
in forecasting future daily and hourly ED arrivals. We also experimentally evaluate the performance
of Facebook Prophet (fbprophet) and demonstrate its competitiveness with established forecasting
methods. This insight is particularly valuable given that in the ED arrival forecasting literature, it
is viewed as a “Blackbox™ or “off-the-shelf” method and has not been used for comparison with
other established methods. Furthermore, we investigate the hypothesis that public sporting events,
particularly hockey, lead to increased arrivals to the ED by using hockey games as a predictor within

our forecasting models.
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Chapter 1

Introduction

Emergency departments (EDs) are the gateway to many acute care hospitals around the world.
EDs face significant challenges in delivering high-quality patient care due to overcrowding which
occurs when ED demand, expressed in terms of patient arrivals, exceeds ED capacity (Anneveld,
Van Der Linden, Grootendorst, and Galli-Leslie (2013); Di Somma et al. (2015)). Overcrowding
not only affects patient satisfaction but also the quality of treatment and prognosis (Kam, Sung, &
Park, 2010).

Morley et al. (2018) classified causes of emergency department overcrowding (EDOC) into
three categories: input, throughput, and output causes. Under input causes, the authors listed the
arrival of patients with more urgent and complex care needs, increase in arrivals by the elderly, and
high volume of low-acuity arrivals. Therefore, efficient management of patient flow in EDs has
become an urgent issue for many hospital administrators. The ability to accurately forecast patient
arrival (demand) can influence planning and guide the allocation of human and physical resources
to facilitate patient flow in EDs. The efficiency in patient flow has the potential to minimize patient
care delays, and improve the overall quality of care (Wargon, Casalino, & Guidet, 2010). Long-
term demand forecasts may be used to analyze infrastructure and personnel expansion plans (Batal,
Tench, McMillan, Adams, & Mehler, 2001), while short-term forecasts may support the operational
planning of available resources daily (Marcilio, Hajat, & Gouveia, 2013).

The motivation of the work presented in this thesis is the need to study and develop better fore-

casts for EDs, particularly in Quebec. Patients of the province of Quebec, Canada, are experiencing



very long waiting times in the ED. As of 2016, Quebec had the worst ED waiting times in the west-
ern world with 35 percent of patients waiting five hours or more for care, compared to 15 percent
in Ontario, five percent in Germany and the United States, and two percent in Switzerland (Authier,

2016), as can be seen in Figure 1.1.
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Figure 1.1: Emergency room wait times. Figure adapted from (Authier, 2016)

1.1 Demand Forecasting in EDs

ED demand forecasting can be classified into two categories. In the first category, different
methods are compared and the method with the most accurate forecast is selected. However, in this
setting, regression with autoregressive integrated moving average errors (regARIMA) has not been
widely considered despite the method being an established forecasting model with multiple advan-
tages over models that have been extensively studied. Also, Facebook Prophet (fbprophet), which
is a fully automated statistical method (Taylor & Letham, 2018), has not been used because it is
viewed as a “Blackbox” or “off-the-shelf” method and researchers want to develop more customized
models. In the second category, a few researchers use an “off-the-shelf” method like fbprophet as
a module within a bigger resource allocation framework with no real justification for why it was
chosen over other established forecasting methods. These observations lead to questioning how

fbprophet compares to a custom-designed ARIMA model, and whether fbprophet is then justified



to be used as a module in larger studies.

To our knowledge, this thesis is the first work that highlights these nuances in the ED demand
forecasting literature and provides a perspective for resource allocation planning problems that need
to be addressed by the research community.

Another focus of this research is on the reasons for overcrowding in the ED. Physicians have
hypothesized that public sporting events, particularly hockey, lead to increased arrivals to the emer-
gency rooms. We, therefore, investigate this hypothesis by using hockey games, a popular sport in

the city of Montreal, as a predictor within our forecasting models.

1.2 Contributions

In this thesis, we find that within the context of a Quebec hospital ED:

(1) aregression with ARIMA errors model, which exploits both exogenous variable(s) and inter-

nal dependency, is effective in forecasting both daily and hourly ED arrival counts.

(2) a Facebook Prophet model has a slightly better predictive power than regARIMA, for this
particular data, and although we are a single study, this competitiveness provides some jus-
tification for its use as a module of a bigger framework focused on scheduling and resource

allocation planning.

(3) there is inconclusive evidence of the influence of hockey games as a predictor of patient

hourly arrival.

1.3 Organization of the Thesis

This thesis is organized as follows.

In Chapter 2, we provide a background of the ED process in Canada and a Montreal hospital
in particular. Next, we present an exploratory analysis of both the current hospital ED physician
schedule structure and historical patient arrival data to identify underlying patterns, relationships,
and trends suggesting how to tackle the overcrowding and prolonged waiting time situation at a

Montreal hospital ED.



In Chapter 3, the literature review is presented. First, we survey ED patient demand/arrival
forecasting methods and discuss how these methods are categorized in the literature. Next, we
survey predictor variables that are considered important for ED arrival prediction.

In Chapter 4, we investigate two rarely considered forecasting models for daily arrival prediction
at a Montreal hospital based on five predictor variables. In addition, we investigate the importance
of sporting events in forecasting future arrivals to a Montreal hospital ED based on physicians’
observation of high arrival rates on days when there is a hockey game.

In Chapter 5, we extend the study in Chapter 4 by investigating the performance of regARIMA
and fbprohet in predicting hourly arrivals.

In Chapter 6, we conclude and briefly describe some directions for future research.



Chapter 2

Canadian Emergency Department

Setting and Initial Analysis

In this chapter, we provide a background of the typical emergency department (ED) process in
Canada and a Montreal hospital in particular. We describe the results of exploratory data analysis
on both the current hospital ED physician schedule structure and historical patient arrival data. This
chapter shows that there is a mismatch between demand (i.e., number of patients) and the staff levels

at the Montreal hospital ED, which suggests a need to forecast accurately in this particular setting.

2.1 Canadian ED setting

Canada has a publicly funded healthcare system (Evans (1988); Allin and Rudoler (2015)). The
emergency care delivery setting can be explained by looking at the throughput of patients in the ED

(Figure 2.1).
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When patients arrive at the ED, they are assessed and placed into different priority classes based
on the severity of their cases. In Canada, this is done with the guidance of a five-point Canadian
Triage and Acuity Scale (CTAS), with level 1 being the most severe and level 5 the least severe.
Each class is associated with a wait time target (Table 2.1). The purpose of the CTAS guideline is
to help the EDs maintain an efficient flow of patients to meet the demand of new arrivals. However,
the uncertainty in arrivals can lead to failure in performance benchmarks across the triage levels.
The reader is referred to (J Murray (2003); Hinson et al. (2019)) for a review on CTAS performance

in emergency medicine.

Table 2.1: CTAS Benchmark

Triage Description Time to Nurse | Time to Physician
Level Reassessment Assessment

I Resuscitation Continuous Immediate

II Emergency Every 15 min < 15 min

I Urgent Every 30 min < 30 min

v Less urgent Every 60 min < 60 min

\



The less severe patients are directed to a waiting area while the severely ill are attended to im-
mediately. For example, patients who arrive by ambulance usually go through an initial assessment
immediately and a charge nurse decides their level of acuity. The waiting patients are usually as-
signed to an examination room in the order of their acuity level, to be assessed and treated by a
physician. Some patients go through some sort of diagnostic procedure(s) and are reassessed by
the attending physician. The physician evaluates the patient’s condition and provides the required
treatment and decides to either admit or discharge the patient or may have to wait for a consultant
to get the disposition decision.

The Montreal hospital is an acute care institution. As part of the Integrated University Center
(CIUSSS), its emergency department is one of the busiest for distress cases in Montreal with over
40,000 annual visits (Gouvernement du Québec, 2021). Physicians at this hospital are not paid by
the hospital but are reimbursed directly by the Quebec government health insurance program on a
fee-for-service basis. The hospital’s ED operates 24 hours a day, 7 days a week.

To get a detailed picture of the time points for the analysis, we used a simplified version of the
process flow presented in Figure 2.1, since the data obtained from the Montreal hospital’s ED does

not contain all the necessary patient routes in the ED; this simplified process is shown in Figure 2.2.

Patient Length of stay at the ED
P Time
ait time =

-;
Patient Patient Time to Discharge Admit
arrival Triage MD Decision Decision

Figure 2.2: The Montreal hospital ED patient flow process time points



2.2 Data Description and Definitions

Two sources of data are used to understand the situation at the Montreal hospital ED: patient
arrival data and past physician schedule data.

2.2.1 Patient Arrival Data

The data provided by the CIUSSS authority consisted of 39,950 individual patients who were
registered and triaged in the hospital ED between April 1, 2017, and March 31, 2018. The patient-

level information included
* time of arrival, i.e., the date and time the patient was registered and triaged,
* mode of arrival, i.e., the principal means by which a patient arrived at the ED,
 time to MD, i.e., the time a patient first sees a physician,
* time to admission, i.e., the time a physician decided to admit a patient,
* time to discharge, i.e., the time a physician decided to discharge a patient,

* patients’ triage level, i.e., the appropriate level of care based on a patient’s symptom(s) and

medical history, and

* patient’s classification based on their ability to walk unassisted, i.e. stretcher or ambulatory.

2.2.2 Physician Schedule Data

The data collected on the service side included the number, the type, and the target number of
shifts assigned to each physician at the ED.

Based on information from the physicians, a physician is either assigned an ambulatory shift to
cater to patients who can walk unassisted or a stretcher shift to cater to patients on stretchers. Physi-
cians on-call are usually assigned to the stretcher task. Also, during the hours between 13:00 and
21:00, and overnight, a physician works in both treatment areas. The shift assignment is however

based on the physician’s skill set and seniority. Since the physicians work on a contract basis, and



many are part-time (i.e., they have other medical practices), they dictate their availability, the type
and the number of shifts they can handle in a planning horizon. Some physicians do not take night
shifts anymore (due to seniority), others try to avoid doing weekends, while others prefer evenings
etc. Hence, the distribution of shifts is highly variable.

However, the following set of schedule rules govern the distribution of shifts to physicians at

the Montreal hospital ED:

* Non-availabilities, i.e., each physician MUST give 1.5x days of availabilities per shift re-
quested per period. If only part of the day is left available, it will be considered a day of 0.5

availability.

* Undesirable shifts (i.e., all weekend shifts from 13:00 on Friday to 7:30 on Monday, and
overnights). Based on staffing at the time, 35-40% of shifts per period for a physician are

expected to be undesirable. His/her availabilities given must reflect this ratio.

* Overnight shifts, i.e., preference for overnights will be a priority in assigning preferred shifts.
If overnight shifts remain unfilled after all preferences accommodated, overnight shifts will

be distributed equitably among remaining active/associate members of ED

» Christmas break, i.c., each year, there will be a quota for shifts to work during the 2-week
Christmas period. The quota will be determined by the number of shifts worked in the pre-

ceding year, not to exceed 7 shifts per physician.

* Summer, i.e., each year, there will be a quota for shifts to work during the 3 period Summer

block. The quota will be determined by the number of shifts worked in the preceding year.

» Spring break, i.e., preference for time off will be given to those who worked the preceding

Spring Break first.

* Holiday weekends, i.e., each physician must make themselves available for a minimum of 1 of
(Easter weekend or Thanksgiving weekend) AND a minimum of 1 of (Victoria Day weekend
or St Jean Baptiste weekend). Christmas and New Year are covered under the Christmas

schedule. Canada Day and Labour Day weekends are covered under the Summer period.



* vacations/extended non-availability, i.e., any vacation or non-availability greater than 14

days is considered extended.

The most important of these rules is the rule about undesirable shifts; there is usually not enough
availability for weekends.

Through our discussions, it seemed that in addition to the national CTAS benchmark (Table
1.1), the Montreal hospital ED has some internal targets for the number of patients that are to be
seen based on triage code: CTAS 1 (1 patient/hr), CTAS2 (1.5 patients/hr), CTAS3 (2 patients/hr),
CTAS4 (3 patients/hr), and CTASS (4 patients/hr).

2.3 Diagnostic study

The Montreal hospital ED has seven daily shifts with start times at 7:00 AM, 8:00 AM, 1:00
PM, 3:00 PM, 4:00 PM, 6:00 PM, and 11:00 PM. To verify the half-hourly aggregate treatment
capacity, we looked at the half-hourly distribution of the average number of patients present in the
ED and the number of assigned physicians (i.e., staff level), between the period of September 11,
2017, to October 8, 2017 (Figure 2.3). The figure clearly shows a mismatch of patients flow and

personnel schedules.
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The above analysis was done using data covering a one-month planning horizon. To ensure
that the analysis holds for all the planning horizons spanning the available data (i.e., 12 months
worth of patient arrival data), the distributions of arrival over time of the day for all the planning
horizons spanning the available data were checked for similarity. At the Montreal hospital ED, the
planning horizon is a month. The graphs plotted over the same axes (Figure 2.4) show that the
distributions are “alike”, which suggests that the same schedule can be used for every day in the

planning horizons under investigation.

Arrival Rate

140

120

100

Total # of patients

0:00 2:24 4:48 712 9:36 12:00 14:24 1648 1312 21:36 000

Time in 30 minute intervals
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Figure 2.4: Arrivals vs. Time of Day: Different planning horizon
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The equality of the distributions was further ascertained by applying the pairwise Kolmogorov-
Smirnov (KS) test (Table 2.2). The null hypothesis of the KS test states that there is no difference
between the two distributions. The KS test failed to reject the null hypotheses for all pairwise
comparisons, indicating there is sufficient evidence to support the fact that there is no difference
between the distributions of arrival over time of the day for all the planning horizons. In the table,
1% corresponds to the first planning horizon (i.e., Apr 24 — May 21), 2" corresponds to second
planning horizon (i.e., May 22 — June 18), etc.

Table 2.2: P-values for pairwise Kolmogorov-Smirnov (KS) test

2nd 3rd 4th Sth 6th 7th 8th 9th 10th | 11th | 12th
Ist 1.00 | 1.00 | 0.69 | 096 | 037 | 052 | 1.00 | 096 | 1.00 | 1.00 | 0.96
2nd 1.00 | 096 | 096 | 0.69 | 085 | 0.69 | 096 | 096 | 1.00 | 1.00
3rd 0.85 | 1.00 | 052 | 0.69 | 052 | 085 | 096 | 1.00 | 0.96
4th 1.00 | 096 | 1.00 | 096 | 0.85 | 0.69 | 0.85 | 0.96
5th 096 | 1.00 | 0.69 | 096 | 085 | 0.96 | 1.00
6th 1.00 | 0.69 | 0.69 | 0.37 | 0.52 | 0.85
7th 096 | 1.00 | 0.69 | 0.85 | 0.96
8th 096 | 096 | 096 | 0.69
9th 096 | 1.00 | 1.00
10th 096 | 1.00
11th 0.96

Also, the distributions of half-hourly arrival rate by the day of the week with a 95% confidence
band (Figure 2.5) show where demand for care is highest and lowest within and between days. The
peak times were 9:30 am, 9:30 am, 10:30 am, 11:00 am, 10:00 am, 1:00 pm, and 2:30 pm from

Monday to Sunday respectively.
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Figure 2.5: Arrivals vs. Time of Day: Different days of the week

The door-to-doctor time, the total time (in hours) from arrival to initial physician assessment
(i.e., the time to MD), can be considered a bottleneck in ED operations that leads to overcrowding
(Zhao et al., 2015). This period corresponds to the waiting time in the treatment area and it is a key
indicator of overcrowding in Canadian EDs as determined by a Delphi study among experts (Ospina
et al., 2007). The analysis of the door-to-doctor time revealed that the overcrowding in the Montreal
hospital ED is a result of congestion caused by acuity levels 3 and 4 patients waiting for too long to
get treatment (Figure 2.6). The number of patients waiting is dependent on the time of the day and

the number of patients being treated is an indicator that reflects the efficiency of the ED process.
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Figure 2.6: Congestion During the Day

The diagnostic study indicated the following about the patient demand:

(1) The number of patient arrivals varies over time of the day, but not over days of the week,

suggesting that a daily schedule should be used for every day of the week.

(2) The proportion of patients served in successive half-hours is time-dependent and thus can be

exploited in modelling.

(3) The demand distributions over time, of all planning horizons (28 days/planning horizon) for
the 2017 — 2018 fiscal year, are statistically similar suggesting that a single physician schedule

be used for all days of the year with no variation by days of the week or season.

(4) Congestion in the ED is time-dependent and hence the efficiency of the ED process is reflected

in the number of patients being treated.

On the service side, the schedule rules were not strictly followed. For example, undesired shifts
(i.e., weekend and overnight shifts) were not equally distributed and the vacation/non-availability

rules were not respected. Also, the distribution of shifts was highly variable.

14



After discussing the diagnostic results with the ED physicians, they were interested in improving
the waiting times. Therefore, our next research goal was to match the demand and supply of care.
We proposed two possible recommendations to achieve this goal: (1) add extra shift(s) to the current
schedule or (2) redesign the current shift schedule.

The ED administration believed adding an extra shift is a good first step. However, the follow-
up question was where should the extra shift be added? Intuition will suggest that shifts should be
added during periods of increased patient arrival. However, the likelihood of future patient demand
is not well known and must be modelled using forecasting techniques(Ernst, Jiang, Krishnamoorthy,
& Sier, 2004). Hence, the remainder of this thesis focuses on the evaluation of techniques for

forecasting arrivals.

2.4 Conclusion

In this chapter, we provided a background of the ED process in Canada and a Montreal hospital
in particular. We carried out an exploratory analysis on both the Montreal hospital ED physician
schedule structure and historical patient arrival data to identify the underlying cause(s) of the mis-
match between demand (i.e., number of patients) and the staff levels at the hospital ED. Our results
show, in summary, that the physician schedule rules were not strictly followed and that congestion
in the ED was caused by acuity levels 3 and 4 patients waiting for too long to get treatment. The
results and the physicians’ observations highlighted the need to forecast accurately in this particular

setting, motivating the rest of this thesis.
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Chapter 3

Literature Review

In EDs, management has to make resource allocation decisions at operational (short-term), tac-
tical (medium-term) and strategic (long-term) levels. In all three levels of decision-making, fore-
casting methods play a key role. Forecasts based on long-term (i.e., monthly and yearly) forecasting
horizons are important for strategic and tactical planning decisions, for example, staffing, while fore-
casts based on short-term (i.e., hourly and daily) horizons help with operational planning decisions
such as rostering (Cote, Smith, Eitel, and Akcali (2013)).

The problem of forecasting ED arrivals has been extensively studied. An exhaustive review and
analysis on applications of statistical forecasting in hospital emergency departments were conducted
by Gul and Celik (2020). They identified forty-three studies and observed that four categories of
models, namely, time series, regression-based, data mining-based, and hybrid were prevalent in
those studies. Our review of the literature is based on these four modelling strategies because it is
the current research trend, and it will provide the reader with the rationale as to why the forecasting
methods used in this thesis were chosen.

This chapter is organized as follows. Section 3.1 provides a classification of the type of forecast-
ing methods used in studies on patient arrival forecasting. Details of the type of predictors usually
considered important for patient demand/arrival are given in Section 3.2 and concluding remarks

are provided in Section 3.3.
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3.1 Methods

In an extensive part of the literature, studies compare forecasting models from multiple cate-
gories on the same dataset and select the method with the most accurate forecasts. This comparison
excludes models labelled as “Blackbox” or “off-the-shelf”. In this context, the superiority of one
model over another depends on the data under analysis (De Gooijer & Hyndman, 2006).

Most studies focus on analyzing total patient arrivals (e.g., Whitt and Zhang (2019), Rostami-
Tabar and Ziel (2020)) while very few propose separated forecasting models for different types of
patients (e.g., Sun, Heng, Seow, and Seow (2009), Chen et al. (2011)) since the arrival pattern as well
as the availability of resources to serve them vary. Some other studies analyze patients in different
severity levels to reveal that they could be modelled by the same set of predictors (e.g., M. Xu,
Wong, and Chin (2013). Therefore, we developed separate forecasting models for different priority
types. We considered low (CTAS 3,4, and 5) and high (CTAS 1 and 2) acuity patients because the
treatment area of most, if not all, hospitals in Canada is divided based on this classification. We also
considered walk-in patients (i.e., based on the mode of arrival) and WILAAB patients (i.e., walk-in
patients who are low acuity and ambulatory) who are more likely to be deterred from visiting the
ED by bad weather (e.g., snowstorm) and for whom sporting events could be a factor in deciding or
planning a visit to the ED.

Below, Figure 3.2 presents a table that lists most of the methods surveyed by Gul and Celik

(2020) while Figure 3.1 presents a table that defines all the acronyms used to describe the methods.

17



81

Methods Predlctors Category
Acronyms Description Acromyms Description Acronyms Description
AMNN Artificial Meural Network AMaxT Mean maximum temperature DM Data mining models
ARIMA Autoragressive Integrated Moving Average AMInT Mean minimum tempearature Hy Hybrid
ARIMANX  Autoregressive Integrated Moving Average with exogenous variable(s) AQ Air Quality Reg Regression models
ES Exponential Smoothing AT Averase [mean) temper ature TS5 Time series models
foprophet Facebook Prophet BHLSAHL Days before holiday,/ Days after holiday
GA Genetic Algorithm CUR Care utilization ratio
GEE Generalized Estimating Equation DOW Days of the week
GLM Generalized Linear Mode HL Holidays
HW Holt-Winters HZR Health zone or residence
LR Linear Regression IF Influenza
IR1 Logistic Regression MaxT Maximum Temperature
(L1 Moving Average MinT Minimum Tempearature
MHW Multiplicative Holt-Winters MOY Months of the year
MLP Multilayer Parceptron PH Public holidays
MSARIMA NMultvariate Seasonal Autoregressive Integrated Moving Average QoY Quarter of the year
MVARIMA NMultivariate Vecor Autoregressive Integrated Moving Average RF Rainfall
SARIMA  Seasonal Autoregressive Integrated Moving Average RH Relative Humidity
SARIMAX Seasonal Autoregressive [ ntegrated Moving Average with exogenous variable(s) 5B School breaks
SMHW Seasonal Multiplicative Holt-Wintars 5F SnowTall
SR Systematic Review SMI Stock Market Index
55 Simple seasonal exponential smoothing ,/TG Temper ature difference (gap)
SV Support Vector Machine TOD Time of the day
SVR Support Vector Regression Woy Week of the year
TBATS Trigonometric Exponential Smoothing State Space model W5 ‘Wind speed [air velocity)
VAR Vector Autoregression YD Yellow dust

Figure 3.1: Acronyms of methods, category of methods and predictors in Figure 3.2
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Authors [year] Region Forecast Horizon Methods Predictors Category
Sunet al. (2009) Singapor Daily ARIMA PH, A0, AT, RH 5

Joneset al. (2004 USA  Hourly VAR TOD, DOW TS

Wargon etal [2008) Multigle All SR DOW, MOY, HL AT, RF TS, Reg

Kamet 2l [2010) Korez  Daily MA, SARIMA, MSARIMA MOY, DOW, QOY, HL, AT, MinT, MasT, TG, RF, SF, AV, RH, YD =

Chen etal. [2011) Taiwan Monthly ARIMA AMa:T, AMinT, RH, RF, SMI =

Chase etal [2012) US.A  Hourly Lok R Res

Marilio etal. [2013) Brazil  Daily LM, GEE, SARIMA DOW, HL, BHL, AHL, IF, AT TS, Reg
Coteetal (2013) usa Al LR Yr, TOD, DOW, MOY Res

Xuet al [2013) Hong Ko Draily ANN, LR DOW, IF, HL, RF, AT, WS DM, Res

Kadri etal [2014) France Daily ARIMA DOW TS

Berzzet al [2014) Belgium Monthhy ES Dow 5

Mai et al. [2015) Australia Monthby ARIMA, MVARIMA DOW TS

Arous & Abdul-Mour [2015) Canads Weskly LR, SARIMA, SARIMAX WO, AT, MaxT, MinT, TO, RF, SF Res, TS

Zlotnik et 2l (2015) Spsin  Daily SVR, M5P, GEE DOW Res

Ekstrom etal. [2015) Sweden Hourly LR DOW, TOD Res
Calegariet al. (2016) Brazil  Daily S5, SMHW, SARIMA, MSARIMA MOY, DOW, AT, MinT, MaxT, TG, RF, WS, RH TS

¥uetal [2016) Chinz  Daily ARIMA-LR, GLM, ARIMA, ARIMAX, ARIMA-ANN  MirT, MaxT, PH, DOW, MOY, 5B TS, Reg, Hy
Afilalet al. [2018) France Daily ARIMA DOW TS

Rosychuck etal. [ 2018) Canads  Monthly SARIMA Age, Sex, HIR =

Juang etal. (2017) Taiwan Monthly ARIMA Dow 5
Carvalho-Silvaetal (2018)  Portugal Daily ARIMA, SARIMA, MAMHW, HW, ES RF, MaxT TS

Jiang et 2l [2018) Hong Koi Diaily ANN, GA, SARIMA, ARIMAX, LR, SVM HOD, DOW, MOY, PH, BHL, AHL, MinT, Ma:T, MeanT, MDF, MRH, RF, WS DM, Rez, TS, Hy
Yucesanet al, (2018 Turkey Dsily LR, ARIMA, ANN, ES, ARIMA-ANN, ARIMA-LR.  MOY, DOW, TOD Reg, TS, DM, Hy
Camiat etal [2013)* Canada Daily fbprophet TOD, DOW Res

Whitt & Zhang [2019) lsrmel Dy LR, SARIMA, SARI MAX, MLF DOW, MOY, HL, MaxT, MinT, RF, BHL, AHL Res, TS, DM, Hy
Rostami-Tabar & Ziel [2020) UK Daly Naive, AR, ES, LR DOW, HL TS, Rez
Choudhury & Urena (20200 US.A  Hourly ARIMA, HW, TBATS, ANN TOD, DOW TS, DM
Tuominen et 3. [2021)* Finlznd  Daily SARIMA, foprophet, GLM MOY, DOW T3, Rez

Figure 3.2: Summary of reviewed literature. A table adapted from Gul and Celik (2020). Red star (*) indicates studies that used Facebook
Prophet model



3.1.1 Times series models (TS)

Among the reviewed papers, the vast majority applied time series models to forecast ED daily
arrivals (Sun et al. (2009), Jones et al. (2009), Kam et al. (2010), Chen et al. (2011), Marcilio et al.
(2013), Kadri, Harrou, Chaabane, and Tahon (2014), Kim et al. (2014), Mai, Aboagye-Sarfo, San-
filippo, Preen, and Fatovich (2015), Aroua and Abdul-Nour (2015), Ekstrém, Kurland, Farrokhnia,
Castrén, and Nordberg (2015), Calegari et al. (2016), Q. Xu, Tsui, Jiang, and Guo (2016), Rosy-
chuk, Youngson, and Rowe (2016), Carvalho-Silva, Monteiro, de Sa-Soares, and Déria-Nobrega
(2018), Yucesan, Gul, and Celik (2018), Whitt and Zhang (2019), Choudhury and Urena (2020)).
The simplicity and effectiveness of this category of models make it attractive for practical applica-
tions (Kadri et al., 2014). The models focus on three components (i) long-term trends, (ii) cyclical
changes, and (iii) the effect of unexpected events; these models predict future arrivals based on past
arrivals (Wargon, Guidet, Hoang, & Hejblum, 2009). Among the time series models, the autore-
gressive integrated moving average (ARIMA) and its different extensions (e.g., Seasonal ARIMA,
Multivariate ARIMA) were the most widely used.

One major disadvantage of ARIMA forecasting is the process of identifying the correct model.
If done without using an automated statistical package, the process is usually computationally ex-
pensive and subjective. In such a situation, experience and skill are key to choosing a reliable
model. This disadvantage can be overcome, however, using auto.arima function in R, which utilizes
the Akaike Information Criterion (AIC) to identify the best ARIMA model by selecting the right
combination of parameters within the arguments provided.

Although ARIMA models can be effective in capturing seasonality and the overall trend, they
however are generally poor at predicting series with turning points (i.e., values that fall significantly

outside the linear trend) which must be included in the analysis.

3.1.2 Regression-based models (Reg)

Cote et al. (2013) wrote a tutorial for ED directors advocating the use of regression analysis
to forecast ED arrivals. The authors explained that regression models are capable of handling a

wide variety of data patterns typically found in the ED arrival time series and that their results are
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easy to understand and interpret. In this category of models, the arrivals are considered to be a
function of independent variables (e.g., day-of-week, month, average daily temperature etc.), with
the relationship defined by a straight line. Cote et al. (2013) demonstrated how to use a simple linear
regression with calendar variables to forecast yearly, monthly, daily, and hourly arrivals to an ED.
Marcilio et al. (2013) applied two variants of the linear model, namely a generalized linear model
(GLM) and generalized estimating equations (GEE), to forecast the total daily patient arrivals to an
ED in Sao Paulo, Brazil. The models were explored with the mean daily temperature as the predictor
variable. Ekstrom et al. (2015) used linear regression to predict daily arrivals using visits to health
care guide websites between 6 pm and midnight and day of the week as independent variables. The
authors believe that using internet data allows for a model that reflects a behavioural trend. Whitt
and Zhang (2019) investigated a linear regression model based on calendar and weather variables,
while Rostami-Tabar and Ziel (2020) proposed a penalized linear regression model to generate both
point and probabilistic daily forecast of ED attendance, considering fixed-date, flexible-date, and
long-date holiday-based events in addition to existing effects in the historical data.

Unlike classical linear regression which depends on the sum of the effects of individual predic-
tors, generalized additive models (GAMs) use the sum of smooth functions to predict outcomes.
Facebook Prophet (fbprophet) uses an additive regression model with four components: (1) a piece-
wise linear or logistic growth curve to detect changes in trends by selecting change points from the
historical data, (2) a seasonal component modelled using Fourier series, (3) a user-provided list of
relevant holidays, and (4) regressor effect in the prediction of future ED arrivals (Taylor & Letham,
2018).

According to Taylor and Letham (2018), the fbprophet modelling approach blends the advan-
tages of a fully automated statistical method and judgmental forecasting. The integration of both
the statistical and judgemental methods have been discussed, in the forecasting literature, as the best
way to obtain a more reliable forecast (Soyiri and Reidpath (2013), Hyndman and Athanasopoulos
(2018)). Judgemental methods are used to adjust statistical forecasts, taking account of informa-
tion that was not able to be incorporated into the statistical model (Hyndman, 2011). This char-
acteristic of fbprophet is particularly useful for ED administrators who are non-statisticians/non-

data-scientists but have extensive ED settings knowledge which is often needed to make reliable
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time-series forecasts.

However, none of the papers considered in Gul and Celik’s survey (Figure 3.2) used Facebook
Prophet (fbprophet), because it is viewed as a “Blackbox” or “off-the-shelf” method. On the other
hand, some researchers have used fbprophet as a module towards some bigger goal, such as schedul-
ing with no real justification for why it was chosen over other approaches. For example, Camiat,
Restrepo, Chauny, Lahrichi, and Rousseau (2021) estimated the future demand (patient arrival) as a

module in a scheduling framework using fbprophet.

3.1.3 Data mining-based models (DM)

Given the growing availability of data and computing power, data-mining methods like arti-
ficial neural networks (ANNSs), convolutional neural networks (CNNSs), recurrent neural networks
(RNNS), etc. have become an important forecasting method considered by researchers. According
to Gul and Celik (2020), the most frequently applied data mining-based models to forecast ED pa-
tient arrivals are ANNs. These models are data-driven, self-adaptive, and can model both linear and
non-linear processes, which is common in the real world (Khashei & Bijari, 2010).

M. Xu et al. (2013) proposed a three-stage methodology to evaluate and forecast ED daily
arrivals. The ANN model was constructed to represent the association between key variables identi-
fied in the first stage and patient arrivals and was trained and validated before being compared with
the two benchmarking methods. Their result showed the ANN method outperformed the regression
models and they recommended the use of the ANN model in practice. Whitt and Zhang (2019) in-
vestigated alternative models, including the multilayer perceptron (MLP) model, which is an ANN
machine learning method, to forecast daily arrival totals using publicly available data of the Ram-
bam Hospital ED in Haifa, Israel. Their results showed the MLP was outperformed by a SARIMA
model. Yucesan et al. (2018) compared ANN to other models in forecasting the number of daily
patient arrivals, showing that the ANN model outperformed the linear regression model using the
same input variables.

A major detriment of using ANN is that it is computationally very expensive, time-consuming to
train with traditional CPUs, and requires a lot of data (Donges, 2021). Furthermore, ANN modelling

cannot be easily reproduced by hospital managers if the model is to be updated with new data.
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3.1.4 Hybrid models (Hy)

Hybrid models are integrations of two or more methods. These models provide higher accuracy
performance in many applications (Yucesan et al., 2018). Common combinations include regression
+ data mining, regression + time series, and regression + time series + data mining. The hybrid
model combines the advantages of the individual models.

Using two real-world data sets collected from hospitals in DaLian, LiaoNing Province, China,
Q. Xuetal. (2016) compared the forecasting performance of the regression + time series (ARIMA-LR)
hybrid approach with several widely used models namely GLM, ARIMA, ARIMA with explanatory
variables (ARIMAX), and ARIMA—ANN hybrid model. Their result showed the hybrid ARIMA-LR
model outperformed existing models in terms of forecasting accuracy. M. Xu et al. (2013) used
ARIMA-ANN to forecast the ED arrivals. Whitt and Zhang (2019) investigated alternative models
to forecast daily arrival totals using publicly available data of the Rambam Hospital ED in Haifa,
Israel. Their results showed the seasonal autoregressive integrated moving average with exogenous
regressors (SARIMAX) model outperformed the others.

None of the forty-three papers surveyed by Gul and Celik from 2009 to 2018 explicitly men-
tioned regression with autoregressive integrated moving average errors (regARIMA) despite it being
an established forecasting method. In contrast, another model, ARIMAX, of the same family of dy-
namic regression models as regARIMA, has been widely used. In regARIMA, the effects of the
exogenous variables are not mixed up with the effects of the autoregression part, as is the case with
ARIMAX, and hence the regression coefficients are interpreted the usual way (Hyndman, 2010).
This characteristic makes regARIMA very attractive as it avoids interpretation errors which can be

a serious issue in real-world applications.

3.2 Important predictors

Some factors have been shown to influence patient arrival rates in the literature of ED arrival
forecasting (see Figure 3.2).
Snowfall, for example, has been shown to reduce ED volume in a study carried out in Toronto,

Canada by Shah, Murray, Mamdani, and Vaillancourt (2019). Meanwhile, the predictive impact of
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temperature on daily ED patient arrival continues to be uncertain as the effect of the temperature
variable depends on the geographical location and characteristics of the ED (Wargon et al. (2009),
Marcilio et al. (2013)).

Also, the inclusion of public holidays as a factor of ED patient arrival has yielded contradictory
results (Rostami-Tabar & Ziel, 2020). Rostami-Tabar and Ziel (2020) highlighted that some studies
reported an increased ED patient volume on holidays, while others reported a decrease.

However, the impact of calendar variables is highly significant in ED arrivals forecasting. For
example, Whitt and Zhang (2019) found that the day-of-week factor explained most of the variance
in the daily arrival totals. They observed that being the first day of the week in Israel, Sunday, had
the highest number of patient visits while the weekend days (i.e., Friday and Saturday) had fewer
patient visits. In another study carried out in Singapore, Sun et al. (2009) reported that the highest
arrival rates happened on Mondays. The authors attributed the high demand on Mondays to the
closure of public primary care facilities on Sundays.

Wargon et al. (2009) named local events, such as fairs and exhibits, and sporting events as
variables that may affect patient arrivals. Kadri et al. (2014) suggested that the variation of arrivals
according to day-of-the-week in their study could be as a result of special events such as festivals
and sports in the region. Hughes et al. (2018) highlighted that soccer games have a relatively minor
influence on ED arrivals, detectable at the hourly level. They explained that a few hours before and
during the period of a soccer game, the numbers of arrivals at the EDs where the local population
has an interest in the game may be lower than usually expected, while the arrival may increase
immediately following the end of the game. The authors also pointed out that studies that have
investigated the impact of sporting events (both live and televised) on daily ED arrivals have yielded
contrasting results: from no impact observed to increased arrivals due to assault. Ranse et al. (2019)
demonstrated that there is an impact on ED services from mass gathering events while Weiss and

Elixhauser (2016) demonstrated that some ED arrivals are sports-injury related.

24



3.3 Conclusion

In this chapter, we reviewed forecasting models for ED patient demand, which were grouped
into four categories based on Gul and Celik’s classification, namely time series, regression-based,
data mining-based and hybrid models. There are advantages and disadvantages of utilizing models
within and between these different classes of models. However, the literature does not portray a
particular model or class of models as the best. Instead, it reinforces the idea that the superiority of
one model over another depends on the data under analysis. Hence researchers try different models
for a particular dataset.

We observed that regARIMA model, an established forecasting method, has not been mentioned
in the literature, but ARIMAX has been widely used. Furthermore, the performance of fbprophet
has not been compared to other established forecasting methods but has been used as a module in
bigger studies.

We also reviewed independent variables considered important for predicting patient arrival to
the ED. Weather variables, holidays and sports events were reported to have yielded contradictory
results in terms of impacting patient arrival to the ED. That is, some studies reported an increase
in ED patient arrival, while others reported a decrease. However, the impact of calendar variables,
particularly day-of-week (DOW) was reported to be highly significant in ED arrivals forecasting.

In the subsequent chapter, we will present our study on forecasting the daily ED patient demand

of an acute care institution located in Montreal, Quebec.
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Chapter 4

Forecasting Daily Number of Patient

Arrivals to An Emergency Department

4.1 Introduction

The arrival of patients with more urgent and complex care needs, the increase in the arrival of the
elderly, and the high volume of low-acuity patient arrivals are some of the key causes of a supply-
demand mismatch in emergency departments (EDs) resulting in prolonged ED waiting times and
eventually problems with overcrowding (Morley et al., 2018). A reliable prediction of future arrivals
(demand) provides ED administrators with insights necessary to make resource allocation decisions
to eliminate the supply-demand mismatch and improve the operational efficiency and healthcare
delivery of the ED.

There is extensive literature on comparing forecasting methods for ED arrival forecasting (War-
gon et al. (2009), Gul and Celik (2020)). However, of the forty-three papers surveyed by Gul and
Celik from 2009 to 2018, none explicitly mentioned regression with autoregressive integrated mov-
ing average errors (regARIMA) despite it being an established forecasting method. In contrast,
another model, ARIMAX, of the same family of dynamic regression models as regARIMA, has
been widely used. In regARIMA, the effects of the exogenous variables are not mixed up with the
effects of the autoregression part, as is the case with ARIMAX, and hence the regression coeffi-

cients are interpreted the usual way (Hyndman, 2010). This characteristic makes regARIMA very
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attractive as it avoids interpretation errors which can be a serious issue in real-world applications.

Also, none of the papers considered in Gul and Celik’s survey (Table 1, Chapter 3) used Face-
book Prophet (fbprophet), because it is viewed as a “Blackbox” or “off-the-shelf” method and re-
searchers want to develop more custom models. Yet, on the other hand, some researchers have used
fbprophet as a module towards some bigger goal, such as scheduling (e.g., Camiat et al. (2021))
with no real justification for why it was chosen over other approaches, e.g., an ARIMA model.

According to Taylor and Letham (2018), the fbprophet modelling approach blends the advan-
tages of fully automated statistical method and judgmental forecasting method. The integration of
both the statistical and judgemental methods has been discussed, in the forecasting literature, as the
best way to obtain a more reliable forecast (Soyiri and Reidpath, 2013, Hyndman and Athanasopou-
los, 2018). Judgemental methods are used to adjust statistical forecasts, taking account of informa-
tion that was not able to be incorporated into the statistical model (Hyndman, 2011). This charac-
teristic of fbprophet is particularly useful for ED administrators who are non-statisticians/non-data-
scientists but have extensive ED settings knowledge which is oftentimes needed to make reliable
time-series forecasts.

Given this characteristic of fbprophet and the fact that there is literature evaluating forecasting
methods without considering fbprophet, and literature that just uses fbprophet without much justifi-
cation, in this chapter we investigate the naturally-arising questions: how does fbprophet compare to
a custom-designed ARIMA model, and is fbprophet then justified to be used as a module in bigger
studies?

In this chapter, we contribute to the existing literature by evaluating the effectiveness of the
rarely used regARIMA model in forecasting future daily ED arrivals. Also, we experimentally
evaluate the performance of fbprophet, a model that has not been thoroughly studied in the liter-
ature, and demonstrate its competitiveness with established forecasting methods. This insight is
particularly valuable given that several papers have been using fbprophet as a step towards a bigger
framework without evaluating its actual predictive performance. Although this is just one study, our
results provide some justification for the use of fbprophet in studies that may use it as a part of a
bigger framework. These contributions are demonstrated within the context of a Montreal hospital

ED.
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The remainder of this chapter is organized as follows. Section 4.2 presents the methodology.
Detailed results and interpretations are provided in Section 4.3. Concluding remarks are provided

in Section 4.4. Limitations and future research directions are described in Section 4.5.

4.2 Methodology

Our goal is to develop and evaluate models for predicting the number of patients arriving at the
emergency department of a Montreal hospital. We first develop a custom regARIMA model and

then compare it with the out-of-the-box fbprophet method.

4.2.1 Data

The data used consists of five emergency room patient arrival categories: low acuity patients
(i.e., with CTAS 4 and 5); high acuity patients (i.e., with CTAS 1, 2, and 3); walk-in patients (i.e.,
based on the mode of arrival); WILAAB patients (i.e., walk-in patients who are low acuity and

ambulatory); and total patients (i.e., a summation over all patient categories).'

4.2.2 Predictors

The choice of predictors is based on both background knowledge from the literature review and
discussion with ED physicians.

In the literature of ED arrival forecasting, prior arrivals are considered the most important pre-
dictors of future arrivals, which is the basic assumption of time series models (Wiler, Griffey, &
Olsen, 2011). Calendar variables such as day-of-week are highly significant. Some authors (e.g.,
Whitt and Zhang (2019), Sun et al. (2009)) found that the day-of-week factor explained most of
the variance in daily ED arrival totals. Meanwhile, Rostami-Tabar and Ziel (2020) highlighted that
some studies report an increase in ED patient volume on holidays, while others report a decrease.
The importance of weather variables on ED arrivals depends on the geographical location and char-
acteristics of the ED (Wargon et al. (2009), Marcilio et al. (2013)). Snowfall, for example, has been

shown to reduce ED volume in a study carried out in Toronto, Canada by Shah et al. (2019). Some

'For a description of the CTAS classifications, see Chapter 2.
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studies have highlighted that including temperature adds uncertainty to the forecasting model in
exchange for little improvement on forecasting accuracy (Marcilio et al., 2013). At the Montreal
hospital ED, the physicians had observed higher patient arrival rates on the days when there is a
hockey game. Mass gathering events, such as fairs and exhibits, and sports have been suggested as
variables that may affect patient arrivals (Wargon et al. (2009), Kadri et al. (2014)). Correia, Brail-
lard, Combescure, Gerstel, and Spechbach (2018) concluded that their results support the hypothesis
that the broadcasting of large-scale sporting events such as tennis matches decreases admission rates
in emergency units. However, Hughes et al. (2018) pointed out that studies that have investigated
the impact of sporting events (both live and televised) on daily ED arrivals have yielded conflicting
results: from no impact to increased arrivals due to assault.

For possible predictors, we consider
* daily snowfall data obtained from the Government of Canada (Government of Canada, 2021),

* binary data representing daily sport event dates of local popular sports (hockey, soccer, tennis,
and Formula 1 Grand Prix) obtained from online sources (i.e., Sport reference (2021), Major

League Soccer (2021), National Bank Open (2021), and Grand Prix Canada (2021)),
* binary data representing daily festival event dates (Ville de Montréal, 2021),

* binary data representing dates of Quebec public holidays and school/university breaks ob-
tained from online sources (i.e., Montreal Public Holidays (2021) and English Montreal

School Board (2021)),

* day-of-week (DOW) obtained from the calendar.

4.2.3 Modelling

The modelling approach used in this thesis is based on considering a set of all possible candidate
models for each arrival category, created by all possible combinations of the potential predictors.
That is, given p predictors, 2 models are fitted and the model with the lowest AICc is chosen as the
“best” predictive model. The models are fitted using an automated algorithm, auto.arima() from the

forecast package (Hyndman & Khandakar, 2008) in RStudio, version 1.3.1093.
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We began by creating a design (or model) matrix, whereby each row represents an individual
model and the successive columns correspond to the predictor variables to be included in the model.
In the matrix, “1” indicates predictors to be considered in each model during the fitting process, and
“0” indicates predictors to be left out. Since we are investigating five potential predictors, a model

matrix of 2° = 32 rows and 5 columns are created for each category of arrivals (Table 4.1).

Table 4.1: Model matrix based on potential predictors

Model Snowfall Sports Festivals Holidays DOW

1 0 0 0 0 0
2 0 0 0 0 1
32 1 1 1 1 1

Next, we divide the dataset into training and test sets. The first 337 days of the dataset, covering
the period from April 1, 2017, to March 3, 2018, are used as the training set and the remaining
28 days, covering the period from March 4, 2018, to March 31, 2018, are used as the test set.
The training set is tested for stationarity using both the Augmented Dickey-Fuller (ADF) and the
Kwiatkowski-Phillips-Schmidt-Shin (KPSS) tests, to ensure that the series is truly stationary. The
null hypothesis for the ADF test is that the series is not stationary while for the KPSS test it is that
the series is stationary. Both tests may have consistent or contradictory results (Seabold & Perktold,

2010). Possible contradictory results can be summarized as follow:

(1) ADF indicates stationarity and KPSS indicates non-stationarity. In such a scenario, the series
is difference stationary. That is, differencing is to be used to make the series stationary and

the differenced series is checked for stationarity.

(2) ADF indicates non-stationarity and KPSS indicates stationarity. In such a scenario, the series
is trend stationary. The trend needs to be removed to make the series strict stationary and the
detrended series is checked for stationarity. The simplest method to detrend a time series is

by differencing.

In practice, differencing of a time series means subtracting subsequent observations from one
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another, following the formula:

dif f(t) = a(t) — a(t — 1)

where dif f(t) is the differenced series at time ¢ and z(t) is an observation of the original series at
time ¢.

Auto Correlation Function (ACF) and partial ACF plots are created to verify seasonal patterns in
the training data. Then, considering the information in each row of the design matrix, auto.arima()
searches by trying all the possible parameters (within the arguments provided) and returns the model
that minimizes AIC for the time series data with the corresponding AICc value. For more informa-
tion on how auto.arima() works, see Section 8.7 of Hyndman and Athanasopoulos (2018).

The list of candidate models is sorted in ascending order based on the AICc values, and the
AICc values are rescaled to

where i represents the model number (: = 1, ...,32) and AIC'¢pp, is the minimum AIC¢; value.
This transformation forces the “best” model to have A; = 0, while the rest of the models have
positive values. According to Fabozzi, Focardi, Rachev, and Arshanapalli (2014), A; < 2 indicates
there is substantial evidence to support that candidate model i is almost as good as the best model.
In another study by Burnham, Anderson, and Huyvaert (2011), the authors stated that the cut-off
should be at A; < 7. For this study, we use the Fabozzi et al. (2014) cut-off. We refer to models
with A; < 2 as Best subset models. Residual analysis is performed to evaluate the goodness of fit
of the model with the lowest AICc value.

The fbprophet procedure does not provide goodness-of-fit tests; hence, the design matrix was
not used in fitting all possible fbprophet models. Instead, fbprophet models are built with the pre-
dictors included in the best ARIMA-based models. The fbprophet algorithm automatically detects
changes in trends by selecting changepoints from the data, uses Fourier series to model seasonality,
and fits nonlinear trends while adding predictors as exogenous variables (Taylor & Letham, 2018).

Both the fbprophet and the best regARIMA models are then used to create forecasts.
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4.2.4 Forecast evaluation

To validate forecasting models, we adopt the “rolling-origin-update evaluation” technique ex-
plained by Tashman (2000). The basis of the rolling-origin-update approach is to create a more
robust evaluation of the models’ forecast ability within a context of a real-world application, where
a model is built once, and used later with updated information as new values become available.
That is, forecasts for a fixed horizon are performed by sequentially using past values from the test
set to update the input information of the model, and changing the forecast origin accordingly. This
iterative process continues until the end of the dataset. Below is a step-by-step description of the

process:

(1) The models are fitted to the training dataset covering the period from April 1, 2017, to March

3, 2018 (337 days).

(2) The forecast values are calculated for week 1 of the test set (March 4, 2018, to March 10,

2018).

(3) The week 1 forecast values are then compared with the actual values by calculating Root
Mean Square Error (RMSE), Mean Absolute Error (MAE), maximum of the maximum be-
tween zero and the difference in actual and forecast arrivals (Max. UNForcast), and the

percentage of the actual values that fall within the 95% prediction interval.

(4) The forecasting origin is moved forward by 7 days with the additional data point used to
update the input to the model. The forecasts for week 2 of the test set are generated, followed

by a calculation of accuracy measures based on the forecasted values and the actual values.

(5) Steps II to IV are repeated until the end of the data set. A total of four weekly forecasts are

generated.

4.3 Results and discussion

Preliminary data analysis of the 39,950 patients who visited the ED between April 1, 2017, and

March 31, 2018, 77.3% of the arrivals were walk-ins, 22% were ambulance arrivals, 0.15% were
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Figure 4.1: Rolling origin with constant 7 days holdout. Figure adapted from Svetunkov and
Petropoulos (2018)

adapted transport arrivals, 0.04% were prison transport arrivals, and 0.45% were accompanied by
police. For the patients who arrived by ambulance, 83.2% were classified as stretcher patients while
32% of walk-in arrivals were classified as stretcher patients.

At the Montreal ED, the resources needed for treating stretcher and ambulatory patients are
different. Given that stretcher patients tend to be at higher acuity and consume more resources, it is
crucial to ensure there are enough resources to meet this category of the demand quickly.

On average, 109 patients visit this ED daily. The majority of the daily demand is from the high
acuity category and most of the arrivals are through walk-ins (Table 4.2). Also, the daily arrival
variation within the week (Figure 4.2) and the year (Figure 4.3), in the form of boxplots, show that
the greatest demand (i.e., the median number of arrivals) occurred on Monday and in September.

The greatest demand occurring on Monday is consistent with empirical knowledge and real
observations. The same observation has been reported in previous studies (M. Xu et al., 2013). A
possible explanation is based on the fact that most people visit EDs on weekdays because doing
so allows them to take a day off especially given that Monday is the first day of the week. Also,
September is full of events and activities in Montreal. It is the season for popular music, arts, design,
cultural festivals, and Labor Day weekend activities (every first Monday in September is Labor Day

under Quebec law). Schools and universities also reopen in September after the summer holidays.

Table 4.2: Descriptive statistics of the Montreal hospital daily ED arrivals by category

Horizon Arrival categories Mean Median Max. Min. St. Dev

Day Total 109.5 109 137 76 11.1
High Acuity 78.2 79 110 50 10.5
Low Acuity 31.3 31 59 12 7.7
Walk-in 84.6 84 112 38 11
WILAAB 26 26 48 9 6.5
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Figure 4.3: The number of daily arrival totals in a month view.

A time series plot of the patient arrival data (Figure 4.4) shows no obvious pattern in any of the
arrival categories, but a slight decrease in the trend towards the end of the dataset. This suggests that
the arrivals in each category are non-stationary. However, the ADF test rejects the null hypothesis
of non-stationarity for all arrival categories, indicating there is sufficient evidence to support the
stationarity of the daily arrival time series.

A time-series data is stationary when its properties such as mean, variance, autocorrelation, etc
are not time-dependent but remain constant over time. This is important in modelling because,
without a stationary series, the model describing the data will vary in accuracy at different time

points.

4.3.1 Fitted models

The ACEF plots (Figure 4.5) of the daily arrivals for the different patient categories show positive
significant spikes on lags 7, 14, 21, 28, 35, and 42 for three of the arrival categories, indicating
weekly seasonality. However, for the low acuity and WILAAB arrival categories, the significant

spikes do not follow this pattern, they seem to occur on lags 14 and 28 (Figure 4.5 (c) and (d)). This

34



Legend text
Tl : H y 1% || | High acuity
Low acuily
Total
| Walk-in
bl et Fo s | i
¥ ";II'I |.: |Ii [y W .I IJ:"‘I-.|L'l:lI ',l-l
| \

bt v | il {1
(B R il AL b LA
15 W lIFI #‘Fkld fl\l“_l:. ir,"-. II"--lll:.'._,:I”llllli'I"'. *]‘l

Diaily Patient arrivals

Agi 2017 Jul 2017 Oet 2017 an 2018
Date

Figure 4.4: Time series plot of daily arrivals by category.

result suggests that for the total, walk-in and high acuity categories, there is a regular and predictable
weekly pattern in the arrivals. For example, if the number of arrivals for Monday is known for a
given week, we can have some degree of confidence that about the same number of patients will be
arriving the Monday of the following week.

For the row with all zeros in the design matrix (Table 4.1), auto.arima() fits a Seasonal Autore-
gressive Integrated Moving Average (SARIMA), which is the ARIMA model we further consider
as the base model in each arrival category (Table 4.3).

SARIMA is an extension of the ARIMA model that accounts for seasonal components. The

model is described by seven parameters: (p, d, q) (P, D, Q)[s]. Where

* prepresents the order of the autoregressive factor (AR),

* d represents the order of differentiation required to reduce nonstationarity in the data (I),
¢ represents the order of the moving-average model (MA),

* P corresponding to p, represents the seasonal order of the autoregressive factor (SAR),

* D corresponding to d, represents the seasonal order of differentiation required to reduce non-

stationarity in the data (1),
* () corresponding to g, represents the seasonal order of the moving-average model (SMA), and
* s represents the seasonal lag which is 7 in our case since we have weekly seasonality.
For example, if p = 2, then there are two AR parameters (i.e., ar]l and ar2).
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Figure 4.5: The ACF of the Daily arrival for the different patient categories.
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Table 4.3: Estimated coefficients of the base models for each arrival category.

Arrival Category Base Model Coefficients Estimates. Std. Error
Total ARIMA(0,0,1)(2,0,0)[7] mal 0.11 0.06
sarl 0.23 0.05
sar2 0.26 0.05
intercept 109.86 1.16
High acuity ARIMA(0,0,1)(2,0,0)[7] mal 0.15 0.06
sarl 0.14 0.05
sar2 0.20 0.06
intercept 78.38 0.94
Low acuity ARIMA(0,1,1)(2,0,2)[7] mal -0.98 0.02
sarl 0.09 0.19
sar2 0.72 0.19
smal -0.04 0.21
sma?2 -0.56 0.22
Walk-in ARIMA(2,1,1)(2,0,0)[7] arl 0.10 0.06
ar2 -0.13 0.06
mal -0.97 0.01
sarl 0.22 0.06
sar2 0.19 0.06
WILAAB ARIMA(0,1,1)(1,0,2)[7] mal -0.98 0.02
sarl 0.92 0.09
smal -0.88 0.11
sma?2 0.04 0.06

Given that the best subset of models (i.e., models with A; < 2 from all possible combinations in
Table 4.1) have similar predictive power, and knowing that each predictor contributes to a model’s
predictive power, we examine the pattern of the predictors in this subset of models to identify the
most important predictor(s). If, for example, the best model in the subset (i.e., model with A; = 0)
contains both holiday and sport as predictors and all the other models contain sports but not all
contain holiday, then we consider that sport is more important than holidays in forecasting future
arrivals, given the data. Tables 4.4 to 4.8 present the best subsets of models (out of 32 fitted),
identified as those models with A; < 2 (where A; is calculated according to (1)), for each arrival
category. Note that the models with regressors are all regARIMA models.

We found that for the best model in the total arrival category, holidays and DOW are important

predictors (Tables 4.4). For the other arrival categories, DOW is the important predictor (Tables 4.5
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—4.8).

This result was consistent with the literature. Holidays have been shown in the literature to
be an important predictor of overall patient arrival (i.e., total arrivals increase or decrease during
holidays). Calendar variables (e.g., DOW) has also been shown to be highly significant in ED
arrivals forecasting (Sun et al. (2009); Whitt and Zhang (2019); Rostami-Tabar and Ziel (2020)).
Also, when patient arrivals have been categorized, the holidays have not been important in predicting
future arrivals (see M. Xu et al. (2013))

In Table 4.6, Festivals does not conform to the pattern of “the best predictor is the one that is
present in all models in the best subset”, but DOW does. Hence, DOW is kept as the most important
predictor for the walk-in arrival category.

Given that the best model contains Festivals, which has been ruled out as an important predictor,
we selected the next best model (with A; = 0.4) which contains the DOW predictor.

In Table 4.8, the base model is included as the best subset model which causes DOW to not
completely conform to the pattern of “the best predictor is the one that is present in all models in the
best subset”. However, we kept DOW as an important predictor for the low acuity arrival category
because the base model is the only model which does not include DOW, and it is not the next best
model in the list, based on AICc value.

Table 4.4: Best subset models for Total arrivals. Chosen model is highlighted in blue.

Model Sports Festivals Holidays Snow DOW  AICc delta

Mi11 1 0 1 0 1 2469.74 2

Table 4.5: Best subset models for High acuity arrivals. Chosen model is highlighted in blue.

Model Sports Festivals Holidays Snow DOW  AICc  delta

M23 0 1 0 0 1 2483.1  0.88
M27 0 0 1 0 1 2484.11 1.89




Table 4.6: Best subset models for Walk-in arrivals. Chosen model is highlighted in blue.

Model Sports Festivals Holidays Snow DOW  AICc  delta

M23 0 1 0 0 1 2449.96 0

M19 0 1 1 0 1 245146 1.5
M27 0 0 1 0 1 2451.47 1.51
M7 1 1 0 0 1 245171 175

Table 4.7: Best subset models for WILAAB arrivals. Chosen model is highlighted in blue.

Model Sports Festivals Holidays Snow DOW  AICc  delta

M1s 1 0 0 0 1 2207.73  1.29
M23 0 1 0 0 1 220843 1.99
M29 0 0 0 1 1 2208.44 2

Table 4.8: Best subset models for Low acuity arrivals. Chosen model is highlighted in blue.

Model Sports Festivals Holidays Snow DOW  AICc delta

M29 0 0 0 1 1 2313.98 0.55
M23 0 1 0 0 1 2314.14 0.71
M1s 1 0 0 0 1 231471  1.28
M27 0 0 1 0 1 2315 1.57
M21 0 1 0 1 1 231503 1.6
M32 0 0 0 0 0 2315.07 1.64
M19 0 1 1 0 1 23153 1.87
M7 1 1 0 0 1 2315.43 2
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Figure 4.6: Residual analysis of the regARIMA forecasting models.

Figure 4.6 shows the results of residual analysis for the best model in each arrival category.
Based on the diagnostic measures of model residuals, the assumptions of the regARIMA model
fit appear satisfied for all arrival categories. The top subplot is the plot of residuals over time,
which shows that the variation of the residuals stays much the same across the historical data, and
therefore the residual variance can be treated as constant. The bottom-left subplot is the ACF plot
of the residuals, which indicates that the serial correlation present in the data has adequately been
dealt with; all but a few spikes of the ACF plots of some of the models exceed the upper and lower
limit and hence provide a good fit. The Histogram (bottom-right) shows reasonable conformity with

normality for all categories.
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After choosing the best model from the best subsets presented in Tables 4.4 to 4.8 (highlighted
in blue) and confirming that those models satisfy the appropriate characteristics of residual analysis,

the order and regressor(s) of the best ones for each category are presented in Table 4.9.

Table 4.9: The order and regressor(s) of regARIMA models by arrival category

Arrival category ARIMA error order Regressors

Total (0,1,1) Holidays and Day-of-week
High Acuity (1,0,0) Day-of-week
Low Acuity 0,1,1) Day-of-week
Walk-in 0,1,1) Day-of-week
WILAAB 0,1,1) Day-of-week

From Table 4.9, we see that, of all the arrival categories, only the high acuity category was not
differenced (implying the second stationarity check via the KPSS test failed to reject).

The low acuity, walk-in and WILAAB arrival categories resulted in similar forecasting models
being chosen and using the same predictor, i.e., DOW. This was not the result we expected. Our
reason for including the WILAAB arrival stream, in particular, was centred on finding out the im-
portance or influence of the sports predictor to the ED arrivals. By analyzing the WILAAB arrival
category, which is made up of walk-in patients who are low acuity and ambulatory, we expected
sports to be an important factor for the WILAAB arrivals.

On the other hand, it was not surprising that all three arrival streams resulted in similar forecast-
ing models with the DOW as important predictors. In our data, over 70% of the walk-in patients are
ambulatory of which a vast majority are classified as low acuity. For low acuity patients, DOW is
a factor in deciding or planning a visit to the ED. This is in contrast to high acuity patients whose
decision to go to the ED is mainly based on their severity irrespective of what day of the week it is.

We, therefore, continued the analysis with three arrival categories: total, low acuity and high
acuity. Our choice is based on the fact that the arrival pattern as well as the resources to serve them
vary between low acuity and high acuity categories at the Montreal hospital ED and most, if not all,
hospitals in Canada. In our data, 77.3% of the total arrivals were walk-ins of which over 70% are
low acuity. Also, 22% of the total arrivals were ambulatory and over 94% of ambulatory patients

are registered with CTAS scores 3, 4, and 5.
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Table 4.10: Estimated coefficients of regARIMA models by arrival category.

Arrival Category Best model Coefficients Estimates Std. Error
Total regARIMA (0,1,1) mal -0.95 0.02
Mon 17.79 1.84
Tue 9.29 1.85
Wed 8.66 1.85
Thu 8.10 1.84
Fri 8.50 1.84
Sat -1.21 1.83
Holidays -2.05 1.39
High acuity regARIMA (1,0,0) arl 0.15 0.05
intercept 73.34 1.37
Mon 12.54 1.78
Tue 7.08 1.91
Wed 8.06 1.93
Thu 7.07 1.93
Fri 2.90 1.91
Sat -2.32 1.78
Low acuity regARIMA (0,1,1) mal -0.96 0.02
Mon 5.21 1.47
Tue 2.39 1.47
Wed 0.79 1.48
Thu 1.17 1.48
Fri 5.63 1.48
Sat 1.20 1.47
Walk-in regARIMA (0,1,1) mal -0.94 0.02
Mon 15.05 1.79
Tue 7.78 1.79
Wed 6.68 1.79
Thu 7.03 1.79
Fri 6.71 1.79
Sat -1.66 1.78
WILAAB regARIMA (0,1,1) mal -0.96 0.01
Mon 3.65 1.26
Tue 1.24 1.26
Wed -0.65 1.26
Thu 1.15 1.26
Fri 4.45 1.26
Sat 1.11 1.25
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Table 4.10 shows the estimated regression coefficients and the standard error of the regARIMA
models for the different arrival categories which are interpreted the usual way. For example, in
the total arrival category, about 17.8 more arrivals should be expected on a typical Monday than
a typical Sunday (Mon’s coefficient) and about 1.2 fewer arrivals should be expected on a typical
Saturday than a typical Sunday (Sat’s coefficient). The other weekday coefficients are interpreted
similarly. Further, the coefficient for holidays indicates that irrespective of the day, daily ED arrivals
are decreasing at a rate of about 2 on holidays.

In table 4.10, the best model for the high acuity arrival category has an intercept while the best
models in the other categories do not. The reason for this is that auto.arima() provides an estimate
of the intercept of an ARIMA-based model by default when the time series was not differenced (i.e.,
stationary time series, d=0 ) if it improves the AIC (Hyndman, 2012). In the context of our problem,
the intercept can be interpreted as the overall expected number of daily high acuity arrivals.

In addition to the RegArima models, a fbprophet model was fitted for each of these three arrival
categories, taking into consideration the important predictors of the respective categories. The goal
is to compare the predictive power of the best models from each category (identified above) to that

of a fbprophet model.

4.3.2 Forecast Evaluation

Tables 4.11 to 4.13 summarize the accuracy of regARIMA and fbprophet models in forecasting
future patient daily arrivals from March 4, 2018, to March 31, 2018.

In Table 4.11, the performance of both the regARIMA and fbprophet models in forecasting
future daily arrivals is shown to be identical for the % within 95% P.I. metric and different for the
other metrics. The regARIMA model slightly outperforms the fbprophet model based on the max.
UNForcast metric, while the fbprophet model slightly outperforms the regARIMA model when

considering RMSE and MAE metrics.
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Table 4.11: Performance comparison of regARIMA and fbprophet models for Total arrivals.

regARIMA (0,1,1) Facebook Prophet
Day RMSE MAE % within PI. Max. UF RMSE MAE % within PI. Max. UF
Sun 10.17 8.5 100 0 100 0
Mon 8.56 7.75 100 9 100 10
Tue 7.6 6.75 100 2 100 4
Wed  8.59 7.75 100 3 100 5
Thu 8.9 8.25 100 6 100 8
Fri 9.86 7.75 75 6 75 8
Sat 6.76 5.25 100 10 100 11

In Table 4.12, the performance of both the regARIMA and fbprophet models is shown to be

identical for both the % within 95% P.I and max. UNForcast metrics. For the RMSE and MAE

metrics, the cells highlighted in blue represent the days of the week when one model slightly out-

performed the other.

Table 4.12: Performance comparison of regARIMA and fbprophet models for High acuity arrivals.

regARIMA (1,0,0) Facebook Prophet

Day RMSE MAE % within P.I. Max. UF RMSE MAE % within P.I. Max. UF
Sun 100 0 8.57 6.5 100 0
Mon 100 8 8.2 7.75 100 8
Tue 100 7 8.56 8.25 100 7
Wed 100 1 1099  9.25 100 1
Thu 6.18 5.25 100 2 100 1

Fri 1021 9.25 100 13 100 13
Sat 10.67  9.75 100 17 100 17

In Table 4.13, the performance of both the regARIMA and fbprophet models is identical for the

% within 95% P.I. and max. UNForcast metrics, while for the RMSE and MAE metrics, one model

outperformed the other for certain days of the week.
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Table 4.13: Performance comparison of regARIMA and fbprophet models for Low acuity arrivals.

regARIMA (0,1,1) Facebook Prophet
Day RMSE MAE % within PI. Max. UF RMSE MAE % within P.I. Max. UF
Sun 415 275 100 0 [SEIass 100 0

Mon [INESINI25N 100 3 1.94 175 100 3
Tue 63 525 100 2 602 475 100 2

Wed 581 425 100 11 581 425 100 11
Thu [S24NNEN 100 4 35 325 100 5
Fri 997 8 75 4 75 4
Sat 712 675 100 7 100 8

The max. UNForcast metric, which counts the number of under-forecasts (i.e., forecast less than
the actual), is a good indicator of forecast bias. The result of this particular metric will be useful in
practice by providing the ED administrators to avoid excess staffing situations.

For the total and low acuity arrivals, one out of the four actual values on Friday fell outside the
95% prediction interval. This may seem contradictory to the proposal that 95% of the actual values
should be contained in the 95% prediction interval. However, prediction intervals are defined under
a probability construct which remains true only if the rolling-origin weekly forecasting is continued
for a longer period. That is, if the forecasting continues for a longer period, approximately 95% of
the actual values will be contained in the proposed 95% prediction interval.

The regARIMA models were chosen over the base (SARIMA) models based on AICc values.
Residual analysis suggests that the regARIMA model, which exploits both exogenous variable(s)
and internal dependency, is appropriate to forecast daily ED arrival counts. The fbprophet model
shows similar predictive power to regARIMA for this particular data and this competitiveness pro-
vides some justification for its use as a module of a bigger framework.

The plot of the predicted daily arrival counts and the observed values over the period from
March 4, 2018 to March 31, 2018 (the test set) is shown in Figures 4.7, 4.8, and 4.9. The models
can pick up the general pattern in the daily ED arrival data for the total and high acuity arrivals with
some notable differences (i.e., some few peaks and troughs were not picked up). However, for the
low acuity arrivals, both models did not quite pick up the general pattern.

In the preliminary analysis, the ACF plot revealed that the low acuity category of arrivals did

not follow a defined weekly seasonal pattern, but rather a weak biweekly pattern. The low acuity
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model should therefore be used with caution when making a weekly prediction, i.e., forecasting

next Monday’s arrival based on the current Monday’s arrival.
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Figure 4.7: Forecasted ED daily patient arrival by regARIMA and fbprophet models for Total arrival
and out-of-sample (test) set (March 4, 2018—March 31, 2018).
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Figure 4.8: Forecasted ED daily patient arrival by regARIMA and fbprophet models for High acuity
arrival and out-of-sample (test) set (March 4, 2018—March 31, 2018).
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Figure 4.9: Forecasted ED daily patient arrival by regARIMA and fbprophet models for Low acuity
arrival and out-of-sample (test) set (March 4, 2018—March 31, 2018).

4.4 Concluding remarks

In this chapter, we investigated regARIMA and fbprophet models for daily arrival prediction
at a Montreal hospital based on five predictor variables (holidays, sports, festivals, day-of-week,
and snowfall). We used the all possible regression model approach to select the best model of each
arrival category based on the AICc value. The selected model for each arrival category contained
the important predictor(s). Five different arrival categories and five predictor variables were inves-
tigated. For each category of arrival, thirty-two models were fitted using auto.arima() function from
the forecast package in R and RegARIMA was the best fit model in each category. Holiday and
DOW were the important predictors for the total arrival category while DOW was the most impor-
tant predictor for the other four arrival categories namely low acuity (i.e., with CTAS 4 and 5), high
acuity (i.e., with CTAS 1, 2, and 3), walk-in (i.e., based on the mode of arrival), and WILAAB (i.e.,
walk-in patients who are low acuity and ambulatory).

One objective of this study was to ascertain the importance of sports events in forecasting future
arrivals to a Montreal hospital ED based on the physicians’ observation of high arrival rates on days
when there is a hockey game. We hypothesized that the increased arrival rate was because some
people put off seeking medical care until after sporting events and some arrivals may be assault-
related; hence increasing the ED patient arrival rates “post-game”. The mode of arrival of the vast
majority of these patients will be via walk-in. Hence forecasts of walk-in and WILAAB arrivals

could be a valuable input for resource allocation planning and flow management. For example, if
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on a sports event day, the ED knows the average number of WILAAB arrivals, the ED might plan
to redirect these arrivals to other primary care services or call in more staff. However, sports and
festivals did not prove to be important predictors of these arrival categories. Three of the arrival
categories, i.e., Walk-in, WILAAB, and low acuity, resulted in the same model containing the same
predictor (DOW) so we opted to continue the analysis with the total, low acuity, and high acuity
categories.

The results of the forecast evaluation show that fbprophet either slightly outperformed or was at
par in performance with regARIMA. This competitiveness of fbprophet provides some justification

for its use as a module of a bigger framework.

4.5 Limitations and future work

There are several limitations of our study. The most obvious is the degree to which it can be
generalized based on the fact that we studied a single hospital with specific characteristics. However,
for arrival counts which are always autocorrelated and influenced by external variables, RegARIMA
and fbprophet are appropriate models to use because they are both easier to fit and interpret in real-
life applications.

We had a one-year worth of data spanning two consecutive years. The data was not enough
to capture the long-term relationship between the arrivals and the predictor variables. A high per-
centage of missing values for the snowfall data were observed, and mean imputation was used to
calculate missing values. Also, we did not have access to socio-demographic variables which may
affect ED arrivals (e.g., age, sex, education, marital status, household, employment, and income).
The inclusion of these types of predictors would further improve the predictive power of the models
and add value to the literature.

Future work can focus on four aspects to improve the results of this study. The first is to collect
more arrival data such that the model is trained over multiple full calendar years. Secondly, we
will investigate the impact of socio-demographic factors on the number of daily patient arrivals
to improve the precision of our forecasting model. The third aspect is to integrate this study in

a bigger framework of descriptive, predictive and prescriptive analytics. The fourth future work
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direction is to use our approach in a comparative study of arrival forecasting between multiple

Montreal hospitals.
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Chapter 5

Forecasting Hourly Number of Patient

Arrivals to An Emergency Department

5.1 Introduction

In Chapter 4, we focused on the question of forecasting daily arrivals to an emergency room via
regression with ARIMA errors models and Facebook Prophet models. Local popular sports (i.e.,
hockey, soccer, tennis, and Formula 1 Grand Prix) were combined and designated as a single binary
variable called Sports, which takes the value of 1 if a given day is a sports event date and 0 otherwise.
The sports variable was hypothesized to be an important predictor of daily patient arrivals. The
result showed that Sports was not included as a predictor in the best models (i.e., models with
A; = 0). However, some of the best subset (A; < 2) models contained Sports as a predictor (see
Tables 4.4 —4.8), providing a hint that the sports predictor could be important for this data. Given the
short duration of the sporting events (e.g., approximately 3 hours for hockey and 2 hours for soccer),
we may have missed important hour-by-hour impacts of the sports predictor by investigating the
daily ED arrivals (Hughes et al., 2018). Also, the Montreal hospital ED physicians made their
observation about increased arrival rate only on days when there is a hockey game. Hence, this
chapter aims to extend the study in Chapter 4 by investigating hourly arrival forecasting taking into
consideration the hours during and after both home and away hockey games as predictors.

If there is any group of patients for whom hockey games is a factor in deciding or planning a
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visit to the ED, it’s the low acuity patients (see Hughes et al. (2018)); in contrast, for high acuity
patients, the decision to go to the ED is mainly due to their severity. This observation influenced
our decision to focus on the walk-in and WILAAB arrival categories in this chapter. In our data,
77.3% of the arrivals are walk-ins of which the vast majority are low acuity patients (i.e., over 70%).
Ambulance arrivals, which are mostly high acuity patients, make up 22% of the arrivals (see section
3 Chapter 4).

We, therefore, hypothesize two scenarios that can cause an intra-day increase in the number and
type of arrivals to EDs based on the influence of sports on human behaviour irrespective of whether
the events are being followed remotely (e.g., television) or attended locally. First, some people put
off seeking medical care until after sporting events, thereby increasing the ED patient arrival rates
in the periods immediately following the events. Secondly, some of the arrivals during the periods
of the events and after the events are assault-related(Hughes et al., 2018) and sports-injury related
(Weiss & Elixhauser, 2016).

In this chapter, we evaluate the effectiveness of the Dynamic Harmonic regression model with an
ARIMA error structure (DHregARIMA) for predicting future hourly ED arrivals and experimentally
evaluate the performance of Facebook Prophet (fbprophet) to demonstrate its competitiveness with
established methods. In addition, we show, in the context of this specific hospital ED, that there is
inconclusive evidence of the influence of hockey games as a predictor of patient hourly arrivals.

The remainder of this chapter is organized as follows. The methods used and the data are de-
scribed in Section 5.2. Detailed results and interpretations are provided in Section 5.3. Concluding
remarks are provided in Section 5.4. Limitations and future research directions are described in

Section 5.5.

5.2 Methodology

Our goal is to develop and evaluate models for predicting the hour-by-hour number of patients
arriving at the emergency department of a Montreal hospital, exploring the impact of hockey games
on ED arrivals. We first develop a custom DHregARIMA model and then compare it with the

out-of-the-box Facebook Prophet (fbprophet) method.
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5.2.1 Data

Two key categories of patient arrival are considered: Walk-in patients (i.e., based on the mode
of arrival) and WILAAB patients (i.e., walk-in patients who are low acuity and ambulatory). The
data comprised counts of patients’ arrival times at a Montreal hospital ED between April 1, 2017,

to March 30, 2018, aggregated to obtain hourly arrivals.

5.2.2 Predictors

(Hughes et al., 2018) highlighted that the potential intra-day impact of sporting events on ED
arrivals has been reported to decrease before and during the events, while it increases following

some events. For this study, we considered four possible hockey-game-day predictors:
* hours during home games (HHG),
* hours following home games (HFHG),
* hours during away games (HAG), and
* hours following away games (HFAG).

The hockey game dates were obtained from the online source Sport reference (2021). Within
the timeframe of our study (i.e., April 1, 2017, to March 30, 2018), forty-three games were played
in Montréal and forty-five games were played way from Montréal, bringing the total to eighty-eight

hockey games played.

5.2.3 Modelling

We followed the same approach we used in Chapter 4 to develop and choose the best models
in this study. RStudio, version 1.3.1093, was used for the modelling and model evaluation process.
Results of the modelling process, including results of statistical tests, are provided in the next section
(Section 5.3).

We began by creating, for each arrival category, a design (or model) matrix which is made up of

all possible candidate models, created by all possible combinations of the potential predictors. Each
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row of the matrix represents an individual model and the successive columns with “1” correspond
to the predictor variables to be included in the model. Since we are investigating four potential
predictors, a model matrix of 2=16 rows and 4 columns are created for each category of arrivals

(Table 5.1).

Table 5.1: Model matrix based on potential predictors.

Model HHG HFHG HAG HFAG

1 1 1 1 1
2 1 1 1 0
16 0 0 0 0

Next, we divided the dataset into training and test sets. The first 8064 hours of the dataset,
covering the period from April 1, 2017, to March 2, 2018, were used as the training set and the
remaining 672 hours, covering the period from March 3, 2018, to March 30, 2018, were used as the
test set. The last day was discarded because it was not a complete 24-hour day. Before applying an
ARIMA-based model to a time series data, the data must be stationary. A stationary time series data
is one whose mean and variance are not time-dependent. To objectively determine if a time series is
stationary, a statistical hypothesis test of stationarity (also known as a unit root test) was performed.
In our analysis, we used both the Augmented Dickey-Fuller (ADF) and the Kwiatkowski-Phillips-
Schmidt-Shin (KPSS) tests.

Auto Correlation Function (ACF) and partial ACF plots are created to verify seasonal patterns
in the training data. Hourly data usually has three types of seasonality: a daily pattern, a weekly
pattern, and an annual pattern. To specify all of the frequencies (or periods) that might be relevant
for our data, a periodogram was used. A periodogram is a Fast Fourier Transform (FFT) based
non-parametric method used in identifying the dominant frequencies (or periods) of a time series
(Welch, 1967). Its plot shows a high peak at a frequency if the time series has a strong sinusoidal
signal at that frequency. The dominant periods were then used to find the optimal number of Fourier

terms needed to model the seasonal pattern. The optimal number of Fourier terms was chosen to
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minimize the AICc (Hyndman & Athanasopoulos, 2018).

Then, considering the information in each row of the design matrix, and the Fourier terms
needed for the seasonal pattern included as predictors in each candidate model, auto.arima() searched
and returned a DHregARIMA model with a corresponding AICc value. The list of candidate models

was sorted in ascending order based on the AICc values, and the AICc values were rescaled to

A; = AICc; — AIC e,

where AIC ¢, is the minimum AIC¢; value. The “best” model, in each arrival category, has
A; = 0. For each best DHregARIMA model, a corresponding fbprophet model was fitted using
prophet(). Both the fbprophet and the DHregARIMA models were then used to create 24 hours

ahead forecasts from March 3, 2018, to March 30, 2018.

5.2.4 Forecast evaluation

The “rolling-origin-update evaluation” technique described in Chapter 4 was used to validate
the forecasting models for each of the forecasting horizons. That is, forecasts for a fixed horizon are
performed by sequentially using past values from the test set to update the input information of the

model, and changing the forecast origin accordingly.

(1) The models are fitted to the training dataset covering the period from April 1, 2017, to March
2, 2018 (8,064 hours).

(2) The forecast values are calculated for 24 hours of the test set (March 3, 2018).

(3) The 24 hours forecast values are then compared with the actual values by calculating Root
Mean Square Error (RMSE), Mean Absolute Error (MAE), maximum of the maximum be-
tween zero and the difference in actual and forecast arrivals (Max. UNForcast), and the

percentage of the actual values that fall within the 95% prediction interval.

(4) The forecasting origin is moved forward by 24 hours with the additional data point used to

update the input to the model. The forecasts for the next 24 hours of the test set are generated
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followed by a calculation of accuracy measures based on the forecasted values and the actual

values.

(5) Steps 2 to 4 are repeated until the end of the data set. A total of four weekly forecasts are

generated.

5.3 Results and discussion

5.3.1 Preliminary data analysis

The average hourly arrival by category (Figure 5.1) shows lower arrival rates from 00:00 AM
to 06:00 AM, and peaked at 10:00 AM for the Walk-in category and 09:00 AM for the WILAAB
category. 77.3% of all arrivals at the ED were through walk-ins, of which 30.7% were WILLAB

arrivals. On average, 4 patients walk into this ED per hour (Table 5.2).

Average Walk-in arrivals per hour Average WILAAB arrivals per hour

MNumber of patients
Number of patients

e e e e e e NN NS SN SN N R SR RN RN S AR SR .,
00 0102 03 04 05 06 07 02 09 10 11 12 12 1415 16 17 18 19 20 2122 23 00 0102 03 04 05 05 07 08 09 10 11 12 13 14 15 16 17 18 19 20 21 22 23
Time (hours) Time (hours)

(a) Walk-in arrival (b) WILAAB arrival

Figure 5.1: Average hourly arrival totals by category.

Table 5.2: Descriptive statistics of hourly arrivals by category

Horizon Arrival categories Mean Median Max. Min. St. Dev

Hour ‘Walk-in 3.5 3 17 0 2.7
WILAAB 1.1 1 9 0 1.3

Time series plots of a full week of the arrivals, made up of 168 hourly observations in the dataset
(i.e., April 1, 2017, to April 6, 2017) suggested the classic sinusoidal pattern associated with hourly

arrivals (Figure 5.2).
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Figure 5.2: Time series plot of a Montreal hospital ED hourly arrivals (April 1, 2017, to April 6,
2017).

The Auto Correlation Function (ACF) plots of both arrival categories show a sinusoidal pattern
with positive and negative significant spikes at lag intervals of 24, indicative of daily seasonality

(Figure 5.3).

L
W
(a) Walk-in I:ival (b) WILA:E arrival

Figure 5.3: ACF plots of the training set by arrival category

5.3.2 Fitted models

In this subsection, we present the results from fitting the DHregARIMA model to our time
series data. Before fitting the models, the ADF test rejected the null hypothesis of non-stationarity
for both arrival categories, indicating there is sufficient evidence to support the stationarity of the
hourly arrival time series.

The periodogram of both time-series (Figure 5.4) detected the daily frequency (i.e., 24.03 and
23.96) to be the only dominant period. This implied that our data did not have a significant weekly

pattern, and the wavelike patterns observed in both hourly ED arrival categories are due to the daily
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Figure 5.4: Periodogram plots showing dominant spike at low frequency.

To find the number of Fourier terms (K) required to model the daily seasonality (i.e., the period
of 24), the Fourier function, which takes the training set and K as arguments, was used as an external
regressor in auto.arrima(). Then in a for loop that varied k from K =1 to K=12,! auto.arima()
searched for the best model with the lowest AICc value. The number of Fourier terms was selected
by minimizing the AICc. The order of the ARIMA model (i.e., p, d, and q) is also selected by
minimizing the AICc, although that is done within the auto.arima() function. Based on the dominant
period of 24, the number of Fourier terms that minimize AICc was determined to be nine for the
walk-in arrival category and ten for the WILAAB arrival category. This implied fitting a pair of nine
and ten sine and cosine functions as covariates to capture the seasonal variation in the walk-in and
WILAAB time series data, respectively.

For the Walk-in arrival category, regression with ARIMA errors of order (2,0,2) provided ad-
equate model fit. None of the hockey-game-day predictors proved to be important in forecasting
future walk-in arrivals (Table 5.3) since none of them conforms to the pattern of “the best predictor

is the one that is present in all models in the best subset”.

'K must not be greater than period/2 (see https://rdrr.io/github/robjhyndman/forecast/src/R/season.R)
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Table 5.3: Fitted DHregARIMA models for the Walk-in arrival category.

Model HHG HFHG HAG HFAG AICc delta

M8 1
M12 0
M4 1
M14 0
M15 0

0

oS o O

0 33000.76  0.25
0 33001.89 1.38
0 33002.29 1.78
0 33002.31 1.8
1 330024 1.89

For the WILAAB arrival category, regression with ARIMA errors of order (4,0,0) provided

adequate model fit. Here also, none of the hockey-game-day predictors proved to be important in

forecasting future WILAAB arrivals (Table 5.4) since none of them conforms to the pattern of “the

best predictor is the one that is present in all models in the best subset”.

Table 5.4: Add caption

Model HHG HFHG HAG HFAG AICc delta

M8 1

0 24010.32 0

M7 1
M15 0
M4 1
Me 1

1 24010.97  0.65
1 24011.39 1.07
0 24012.11  1.79
0 24012.32 2

In Tables 5.3 and 5.4, models with A; < 2, which we referred to as best subset models, are

considered to have predictive power similar to the best models with A; = 0 (Fabozzi et al. (2014)).

For walk-in arrivals, the best model is a DHregARIMA model which does not contain any hockey-

game-day predictor. However, the next best model (with A; = 0.25) contains the hockey-game-day

predictor HHG. Meanwhile, for WILAAB arrivals, the best model is a DHregARIMA model which
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contains the hockey-game-day predictor HHG and the next best model (with A; = 0.42) does not
contain any hockey-game-day predictor.

Given that the DHregARIMA model, which does not contain any predictor, is either the best
(Walk-in category) or belongs to the best subset of models (WILAAB category), we cannot as-
suredly conclude that HHG is an important predictor of WILAAB arrival without a tie-breaker.
We, therefore, conclude that there is inconclusive evidence of the influence of hockey games as a
predictor of walk-in and WILAAB patient hourly arrival.

The best model for the Walk-in category has 9 pairs of Fourier terms and can be written as

27Tkt) n (27Tk:t
COS
o4 / Tk 24

9
ye = Bo+ 3 o sin ( )+
k=1

where 7; is an ARIMA (2,0,2) process. With the total number of degrees of freedom of 22 (eighteen
coming from Fourier parameters, two from the 2 autoregression (AR) parameters and two from the
2 moving average (MA) parameters).

For the WILAAB category, the best model has 10 pairs of Fourier terms and can be written as

2wkt

Y +

2wkt
) 4 i cos (

10
y: = Bo + ;[ak sin ( T)]

where 7; is an ARIMA (4,0,0) process. With the total number of degrees of freedom of 24 (twenty
coming from Fourier parameters and four from the 4 autoregression (AR) parameters). The param-
eter estimates and standard errors are provided in Tables 5.5 and 5.6.

In both Tables 5.5 and 5.6, auto.arima() provides an estimate of the intercept of the DHre-
gARIMA models by default when the time series was not differenced (i.e., stationary time series,
d = 0) if it improves the AIC (Hyndman, 2012). In the context of our problem, the intercept can
be interpreted as the overall expected number of hourly patient arrival counts in each category. The
result shows that, in an hour, three patients are expected to walk into the ED. One of the patients is
expected to be low acuity and ambulatory (i.e., WILAAB). The sine and cosine estimates are used
to estimate peak timing and the amplitude of variation. They serve the purpose of capturing the

seasonal variability that is present in our data.
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Table 5.5: Estimated coefficients of the best DHregARIMA model for the walk-in arrival category.

Arrival category Best Model Coefficients Estimates Std. Error
Walk-in regARIMA (2,0,2) arl -0.207 0.122
ar2 0.552 0.124
mal 0.251 0.127
ma2 -0.486 0.129
intercept 3.553 0.024
S1-24 -1.396 0.033
Cl1-24 -2.125 0.033
S2-24 -0.647 0.031
C2-24 0.64 0.031
S3-24 0.286 0.029
C3-24 -0.165 0.029
S4-24 -0.217 0.029
C4-24 -0.269 0.029
S5-24 0.107 0.028
C5-24 0.074 0.028
S6-24 0.048 0.028
C6-24 -0.055 0.028
S7-24 0.025 0.028
C7-24 -0.006 0.028
S8-24 0.018 0.028
C8-24 0.07 0.028
S9-24 0.003 0.028
C9-24 -0.098 0.028
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Table 5.6: Estimated coefficients of the best DHregARIMA model for the WILAAB arrival cate-
gory.

Arrival Category Best model Coefficients Estimates Std. Error
WILAAB regARIMA (4,0,0) arl 0.067 0.011
ar2 0.061 0.011
ar3 0.033 0.011
ar4 0.028 0.011
intercept 1.09 0.015
S1-24 -0.257 0.02
Cl-24 -0.857 0.02
S2-24 -0.386 0.018
C2-24 0.269 0.018
S3-24 0.252 0.017
C3-24 -0.074 0.017
S4-24 -0.127 0.016
C4-24 -0.11 0.016
S5-24 0.059 0.016
C5-24 0.043 0.016
S6-24 0.017 0.016
C6-24 -0.035 0.016
S7-24 -0.01 0.016
C7-24 0.03 0.016
S8-24 0.009 0.016
C8-24 0.013 0.016
S9-24 0.016 0.016
C9-24 -0.044 0.016
S10-24 -0.031 0.016
C10-24 0.029 0.016
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For each of the best DHregARIMA models, a corresponding fbprophet model was fitted.

5.3.3 Forecast Evaluation

Table 5.7 summarizes the accuracy of DHregARIMA and fbprophet models in forecasting future
patient arrivals every 24 hours from March 3, 2018, to March 30, 2018.

The performance of both models in forecasting future hourly arrivals is shown to be compa-
rable. The forecast accuracy metrics are near identical for the 24-hour rolling forecast horizons
of both arrival categories except for the % within 95% P.I. metric, where fbprophet outperformed

DHregARIMA in forecasting the WILAAB arrivals.

Table 5.7: Performance comparison of fbprophet and DHregARIMA models

Arrival category Model RMSE MAE Y% within P.I. Max UF

Walk-in Facebook prophet 1.8 1.43 95.1 9
regARIMA (2,0,2)  1.83 1.44 95.2 8

WILAAB Facebook prophet 1.03 0.78 942 5
regARIMA (4,0,0)  1.05 0.78 86.3 5

The plots of the predicted hourly arrivals and the observed values for both Walk-in and WILAAB
arrivals, over the period from March 3, 2018, to March 30, 2018, are presented in Figure 5.5. Panels
(a) and (b) are for the fbprophet and DHregARIMA of the Walk-in arrivals while panels (c) and
(d) are for the fbprophet and DHregARIMA of the WILAAB arrivals. The blue lines represent the
observed values while the red line represents the predicted values. There is a resemblance in each
of the graphs produced by both modelling strategies for each arrival category. This is unsurprising
since these models showed comparable performance in the prediction of future arrivals (Table 5.7).
The models can capture the seasonal variability that is present in the out-of-sample (test) data set
for both the walk-in and WILAAB categories using Fourier terms as predictors.

It is important to note that we believed the WILAAB group of patients are more likely to decide
or plan a visit to the ED after both home and away hockey games, thereby supporting the doctors’

hypothesis of increased arrivals on days when there is a hockey game. However, given that our
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finding indicates that the hockey game is not an important predictor for this arrival stream, the
prediction of WILAAB arrivals might not be useful in our context. The walk-in category represents
the largest arrival stream in our case. it is therefore important in practice to be able to produce
accurate short-term (i.e., hourly) forecasts for this arrival stream.

The fbprophet modelling approach blends the advantages of fully automated statistical method
and judgmental forecasting method ((Taylor & Letham, 2018)); an integration that has been de-
scribed as the best way to obtain a more reliable forecast (Soyiri and Reidpath (2013), Hyndman
and Athanasopoulos (2018)). This characteristic of fbprophet is particularly useful for ED admin-
istrators who are non-statisticians/non-data-scientists but have extensive ED settings knowledge
which is oftentimes needed to make reliable time-series forecasts. An ED administrator can predict
how many arrivals are expected in 4, 6, 8, 12, etc. hours in future (corresponding to the beginning,
midway, and/or the end of shifts), and then take steps to have more resources to meet the future

demand.
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5.4 Concluding remarks

In this chapter, we investigated DHregARIMA and fbprophet models for hourly arrival predic-
tion at a Montreal hospital based on four possible hockey-game-day predictors variables namely
hours during home games (HHG), hours following home games (HFHG), hours during away games
(HAG), and hours following away games (HFAG). Two arrival categories walk-in and WILAAB
were investigated. We used the all possible regression model approach to select the best model
of each arrival category based on the AICc value. The selected model for each arrival category
contained Fourier terms used as predictors to capture the seasonal variability. For each category of
arrival, sixteen models were fitted using auto.arima() function from the forecast package in R and
DHregARIMA was the best fit model in each category.

The main objective of this study was to ascertain the importance of hockey-game-day predictors
in forecasting future arrivals to a Montreal hospital ED based on the physicians’ observation of high
arrival rates on days when there is a hockey game. However, our results show, in the context of
this specific hospital ED, that there is inconclusive evidence of the influence of hockey games as a
predictor of patient hourly arrivals. Therefore, the selected models for the walk-in (i.e., based on
the mode of arrival) and WILAAB (i.e., walk-in patients who are low acuity and ambulatory) arrival
categories did not contain any of the four possible hockey-game-day predictors.

Both the fbprophet and DHregARIMA models showed comparable predictive power for this
particular data. The competitiveness of fbprophet provides some justification for its use in stud-
ies that intend to use fbprophet as a part of a bigger framework without focusing on a particular

forecasting aspect.

5.5 Limitations and future work

As previously stated, the most obvious limitation of this study is the degree to which it can be
generalized based on the fact that we studied a single hospital with specific characteristics.

Also, we did not have access to socio-demographic variables which may affect ED arrivals (e.g.,
age and gender) which have been associated with violence-related ED arrivals (Hughes et al., 2018).

The inclusion of these types of predictors would further improve the predictive power of the models.
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Future work can focus on two aspects to improve the result of this study. The first is to inves-
tigate the impact of socio-demographic factors on the number of hourly patient arrivals to improve
the precision of our forecasting model. The second future work direction is to use our approach in

a comparative study of arrival forecasting between multiple Montreal hospitals.
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Chapter 6

Conclusions and future research

directions

In this final chapter, we summarize the work on ED demand forecasting presented in previous
chapters, restate the major contributions of this thesis, and state some possible directions for future

work.

6.1 Summary and contributions

As the gateway to hospitals, EDs are often plagued by congestion (overcrowding), which can
be defined as a situation in which the need for services exceeds an ED’s capacity to provide these
services within a reasonable time (Sinclair, 2007). Overcrowding in ED affects patient satisfaction,
the quality of treatment and prognosis (Kam et al., 2010). Many solutions have been proposed to
solve this global problem. The underlying message in all the solutions is that ED overcrowding
is a systemic problem and hence requires a systemic solution (Hwang et al. (2011), Morley et al.
(2018)). In this dissertation, we focus on ED patient demand forecasting to mitigate the severity and
duration of ED overcrowding in the Quebec setting.

The premise of the thesis is based on the observation that the literature in the emergency depart-
ment (ED) demand forecasting can be classified into two categories. In the first category, different

methods are compared and the method with the most accurate forecast is selected. However, in this
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setting, regression with ARIMA errors (regARIMA) has not been widely considered despite it being
an established forecasting model with multiple advantages over models that have been extensively
studied. Also, Facebook Prophet (fbprophet), which is a fully automated statistical method (Taylor
& Letham, 2018), has not been used because it is viewed as a “Blackbox” or “off-the-shelf” method
and researchers want to develop more custom models. In the second category, a few researchers use
an “off-the-shelf” method like fbprophet as a module within a bigger resource allocation framework
with no real justification for why it was chosen over other established forecasting methods.

Given that there is a literature evaluating forecasting methods without considering fbprophet,
and literature that just uses fbprophet without much justification, led to the consideration of the
naturally-arising questions: how does fbprophet compare to a custom-designed ARIMA model?
and is fbprophet then justified to be used as a module in bigger studies?

We investigated the rarely considered forecasting model regARIMA and fbprophet, and eval-
vated their performance for daily and hourly arrival prediction. Using the all-possible-regression-
model approach, the best models for different patient arrival categories were selected based on the
Akaike information criterion (AICc). Each selected model contained the important predictor(s) for
that arrival category.

In Chapter 4, five predictors, namely sports, holidays, day-of-week (DOW), snowfall, and fes-
tivals were investigated. DOW was found to be the most important predictor. On the other hand,
the occurrence of sports events, which was considered a potentially important predictor based on
the physicians’ observation of high arrival rates on days when there is a hockey game, did not prove
important for daily arrival forecasting. However, the inclusion of sports as a predictor in some of
the best subset (A; < 2) models suggested that the sports predictor could be important for this
data. Furthermore, considering that sporting events have a short duration (e.g., approximately 3
hrs for hockey and 2 hrs for soccer), we may have missed important hour-by-hour impacts of the
sports predictor. Also, the Montreal hospital ED physicians made their observation about increased
arrival rate only on days when there is a hockey game. Taking all of these points into consideration,
we extended the study of Chapter 4 by investigating hourly arrival forecasting in Chapter 5. Two
arrival streams were considered to analyze the importance of the hockey game as a predictor. Our

choice of the arrival streams was influenced by the fact that the vast majority of the patients in these

67



streams are low acuity patients for whom hockey games could be a factor in deciding or planning
a visit to the ED; in contrast to high acuity patients whose decision to go to the ED is mainly due
to their severity. The hours during and after both home and away hockey games were considered as
predictors. The main objective was to ascertain the importance of hockey-game-day predictors in
forecasting future arrivals to a Montreal hospital ED based on the physicians’ observation of high
arrival rates on days when there is a hockey game. However, our results showed, in the context of
this specific hospital ED, inconclusive evidence of the influence of hockey games as a predictor of
patient hourly arrivals.

The major contributions of this thesis are as follows. First, we evaluate the effectiveness of
the rarely used regARIMA model in forecasting future daily and hourly ED arrivals. Second, we
experimentally evaluate the performance of fbprophet, a model that has not been thoroughly studied
in the literature and demonstrate its competitiveness with established forecasting methods. This
insight is particularly valuable given that several papers have been using fbprophet as a step towards
a bigger framework without evaluating its actual predictive performance. Although ours is a single
study, our results provide some justification for the use of fbprophet in studies that intend to use
fbprophet as part of a bigger framework without focusing on a particular forecasting aspect. Third,
we investigate the hypothesis that public sporting events, particularly hockey, lead to increased

arrivals to the ED by using hockey games as a predictor within our forecasting models.

6.2 Future research directions

Following the work presented in this thesis, we suggest future work in four directions. The
first is to collect more arrival data such that the forecasting model is trained over multiple full
calendar years. Given that the COVID-19 pandemic altered ED arrival patterns globally, and that
the data used in training our models was obtained prior to the pandemic, it is very important to
retrain, validate, and test the models with data that contains arrival from both COVID-19 and non-
COVID-19 patients. Secondly, we will investigate the impact of socio-demographic factors on the
number of daily patient arrivals. These two aspects are important for improving the precision of our

forecasting model and increasing the probability of a successful implementation. The third future
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work direction is to use our approach in a comparative study of arrival forecasting between multiple
Montreal hospitals.

Forecasting of future arrivals (i.e., demand) provides insights necessary to make resource al-
location decisions in EDs, and healthcare in general. Another future work direction, therefore, is
improving the scheduling of healthcare personnel to eliminate the supply-demand mismatch and
improve the operational efficiency and healthcare delivery of the ED. Forecasting is a critical first
step for developing robust personnel scheduling (or rostering) tools (Ernst et al., 2004). Some pre-
liminary work was done in this direction after the diagnostic study findings (see Chapter 2). The
ED administrator was interested in identifying where to add extra shifts to improve the mismatch
between demand and supply of care (i.e., staff level). We were not convinced it was optimal to
simply add shifts during periods of increased patient arrival (i.e., during peak demand periods).
Hence, we formulated a prescriptive analytics tool, i.e., a deterministic shift scheduling Mixed In-
teger Programming (MIP) model. We present our preliminary work in this direction, including the
MIP model, in Appendix A. The analysis presented in Appendix A was scenario-based, using the
mean number and the maximum number of arrivals at each epoch. In the context of an ED, staff are
needed to perform duties that arise from stochastic patient demand. The likelihood of future patient
demand is not well known and must be modelled using forecasting techniques (Ernst et al., 2004).
Now that we have created demand forecasting models in Chapters 4 and 5, further research would
focus on finding ways to incorporate uncertainty into the optimization model using the forecasts.
One idea is to use arrival prediction intervals to create an uncertainty set in a robust optimization
model. Another idea is the creation of confidence interval capacity constraints in the model using

the forecast interval limits.

6.3 Conclusion

Determining staffing requirements, i.e., determining the number of staff needed at different
times over some planning period is critical for personnel scheduling in any service organization.
In the context of an ED, where the staff are needed to perform duties that arise from stochastic

patient demand, the likelihood of future patient demand is not well known and must be modelled
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using forecasting techniques (Ernst et al., 2004). In this thesis, we investigated the use of several
forecasting techniques for forecasting arrivals, using a Montreal hospital ED as a basis for our
investigation. We hope that forecasting studies such as ours will lead to the use of forecasting

techniques as a precursor for optimizing staffing resources in emergency departments.
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Appendix A

Future Direction on Prescriptive

Modelling

A.1 Preliminary Optimization Model

Using the historical arrival data, we studied two demand profiles: the mean number and the max-
imum number of arrivals at each epoch (these numbers were obtained from the data set described
in Chapter 2). The model was designed to minimize overall unmet demand and generate a daily
schedule of optimal shift start times for ED physicians. The Montreal hospital ED administrator
was looking to add an extra shift to the current seven daily shifts of varying length.

In the context of EDs and healthcare in general, a shift is assigned to a physician. Therefore,
adding an extra shift could mean opening a completely new shift at a time interval different from
those covered by the current shift structure or assigning two physicians to a current shift.

Basic notation

L: setof all possible start times, 1=1,2,...,35 where (Il =1) =7:00 AM and (I = 35) =
12:00 AM.

T: setof time period, t=1,2,..,48 where (t = 1) =7:00 AM, (¢t = 2) = 7:30 AM, and
(t = 48) = 6:30 AM

C: current shift start times (subset of L),  i.e. 1={1, 3, 13,17, 19, 23, 33},
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parameters

Ay: average number of patients arriving per half-hour ¢.

P;: median number of patients seen per half-hour ¢

My a shift coverage matrix with entry equal to 1 if the time period ¢ is covered in shift starting at
time [, and O otherwise

Decision variables

x; = 1 if shift with start time [ is assigned; O otherwise.
U; = unmet demand in time period z.
D, = total demand in time period .

Y; = total number of patients potentially treated per half-hour 7.

Model
Minimize Z U, ()
teT
s.t. > Myz > 1 VteT, (3)
leL
Y uMaP =Y, VieT, (4
leL
Dy = Ay t=1, )]
U > D — Yy t=1, (6)
Dy = A+ U4 thT/t#l, @)
Ui > Dy~ Y, Vt e T/t # 1, ®)
o =N VteT, ©)
leL
=1 1 ={1,3,4,13,17,19,23, 33}, (10)

The objective function (2) minimizes the unmet demand. Constraint (3) ensures at least one physi-
cian is assigned to time period t. Constraint (4) is an equation that defines the total number of
patients treated every half-hour ¢. The group of constraints (5), (6), (7), and (8) together calculates

the total demand from patients in time period #, and also ensures that the unmet demand at this time
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period does not exceed the difference between the total demand and the number of patients that
can be seen. Constraint (9) ensures that the specified number of shifts are selected each time the
model is run. For example, if NV = 8, exactly 8 daily shifts will be selected. When activated (i.e.,
when x; = 1), Constraint (10) ) ensures that the current Montreal hospital ED shifts are selected as

optimal. The model was solved using CPLEX Optimization Studio.

A.1.1 Computational Experiment

A computational experiment was carried out to find the best schedule structure to cover the
demand (i.e., where to add extra shifts). The experiment was based on varying the shift pattern
matrix My, a given set of predefined shifts. Four different variants of matrix My were developed

for this study:

* Variant 1 contained forty-eight 8-hour shifts with the first shift starting at 7:00 AM and a new

shift beginning in every half-hour interval.

* Variant 2 contained 7 shifts of different lengths (i.e., four 9-hour, a 9.5-hour, a 10-hour, and an
8-hour) with different start time sequences. These were the shift types used by the Montreal

hospital ED.

* Variant 3 was formed by concatenating Variant-1 and Variant-2 matrices, hence it contained

fifty-five shifts.

* Variant 4 was formed by concatenating two Variant-2 matrices, hence it contained fourteen

shifts.

The model was run with each of these matrices; after each run, the objective value (i.e., the sum
of unmet demand), optimal shift starting times, and the maximum unmet demand and the period
during which maximum unmet demand occurred were recorded.

The first run was with variants 1, 2, and 3, selecting seven daily shifts to compare the perfor-
mance of the current Montreal hospital ED shift schedule (variant-2) to the seven optimal shifts

selected from the other matrices (i.e., variants 1 and 3). The goal of the first run was to find out
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if we only needed to change the current shift structure for the length of each of the shifts in the
schedule, without adding an extra shift.

To find where to add an extra shift to the current schedule, the model was run the second time
with each of the matrices (excluding variant 2 matrix), in succession, to select eight optimal shifts.
For the run with variants 3 and 4 matrices, x; is setto 1 for [ = {1, 3,4,13,17,19, 23, 33} so that the
seven Montreal hospital ED shifts are selected as optimal and the eighth shift is selected to minimize
the unmet demand. For the run with variant 4 matrix, the goal was to find out if the extra shift could
be one of the current seven shifts (i.e., a duplicate) which will imply assigning two physicians to the
selected eighth shift.

The model was run a third time with variant 3 matrix to select eight shifts without setting x;
to find out if shifts from the current Montreal hospital schedule will be selected and what level of
improvement in terms of demand coverage will be achieved.

Results

The results showed a significant reduction in total unmet demand with the addition of an extra
morning shift to the current Montreal hospital ED shift schedule. The demand coverage improved
by 70% when the shift from 7:30 AM to 3:30 PM was added to the Montreal hospital ED current
schedule; the unmet demand dropped significantly, from 1,805 to 541. The highlighted row in Table
6.1 represents the Montreal hospital ED schedule with the additional shift (i.e., keeping 7 of the
current shifts and adding one additional one). However, the most noteworthy reduction of unmet
demand (i.e., 159) came as a result of running the model with the variant 3 matrix and selecting
eight shifts without constraining the shifts to be the ones currently in use. The shifts selected were

different from the shifts in the current Montreal hospital ED schedule.
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Table A.1: Result of computational experiments with various shift matrices showing the number of
shifts selected, the objective value (i.e., the sum of unmet demand), the maximum unmet demand,
and the period during which maximum unmet demand occurred.

Matrix (# shifts) # shifts selected objective value max unmet D.  period

Variant 1 (48) 7 941 44 6:30 AM
8 213 13 6:30 AM

Variant 2 (7) 7 1,805 51 6:00 PM
Variant 3 (55) 7 831 39 6:30 AM
8 159 9 8:30 PM
S RO 12130 P

Variant 4 (14) 8 431 19 12:30 PM

Changing the demand profile (i.e., from maximum to the mean number of arrivals per half-hour)

did not change the location of where to add an extra shift (Table A.2).

Table A.2: Two possible choices of an extra shift.

Patient Demand Added Shift

Mean # 7:00 AM - 3:00 PM
Max # 7:30 AM - 3:30 PM

Based on this result, the hospital responded by changing one of their current shifts to start earlier

and to have more doctors at 10 AM.
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