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Emergency department (ED) delay announcement systems are implemented in many countries. We answer
three important questions pertaining to the operations and effectiveness of such systems by studying the
public hospital network and ED waiting time (WT) announcement system in Hong Kong SAR: (1) How
many patients are aware of (and sensitive to) the ED WT announcements? (2) How sensitive are these
patients to the announced WT? (3) How can we improve the WT announcement system? We study over 1.3
million patient visits to 17 public EDs. Using a latent-class conditional logit model, we estimate the fraction
of patients sensitive to the announced WT and their sensitivity. In the patient’s ED choice decision, we
estimate the tradeoff between the travel distance to an ED and the time waiting at the ED. We simulate the
operation of the three EDs on Hong Kong Island for counterfactual policy study. We find that 2.5% of the
patients are sensitive to the announced WT, and are willing to travel an additional 6.8 km to save 1 hour of
waiting. Counterfactual analysis shows that the average WT and number of left without being seen patients
can be reduced by 1.4% and 11.5%, respectively, by increasing the awareness (fraction of sensitive patients)
to 15.8% and, simultaneously, reducing the announced WT update window to 1 hour from the current level
of 3 hours. Improving awareness beyond a certain level without providing the most recent delay information

may worsen system performance due to “oscillating effect” among EDs.

1. Introduction

Many communities across the world, including Australia[l] Canada]] and the United States[| have
adopted emergency departments (EDs) delay announcement systems to keep patients informed.
If properly managed, such delay announcement systems can serve as a tool to manage patient

flows by discouraging patients with mild conditions from going to an already overcrowded ED. In

! Perth, Western Australia: https://ww2.health.wa.gov.au/Reports-and-publications/
Emergency-Department-activity/Data?report=ed_activity_now

2 Vancouver, British Columbia: http://www.edwaittimes.ca/WaitTimes.aspx

3 Dashboard for entire country where real time updates are collected from publicly available sources:https://ertrack.
net/


https://ww2.health.wa.gov.au/Reports-and-publications/Emergency-Department-activity/Data?report=ed_activity_now
https://ww2.health.wa.gov.au/Reports-and-publications/Emergency-Department-activity/Data?report=ed_activity_now
http://www.edwaittimes.ca/WaitTimes.aspx
https://ertrack.net/
https://ertrack.net/
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networks of multiple EDs, the delay announcement systems may also help balance patient load
across the EDs by influencing patients’ ED choice.

The Hospital Authority in Hong Kong is a government body which manages all public hospitals
in Hong Kong. The Hospital Authority uses a delay announcement system which collects and
publicizes the waiting time data of all public EDs in Hong Kong[f] Patients can access the waiting
time information via a Webpagdﬂ or the Hospital Authority smartphone app. For each ED, the
waiting time of each patient (i.e., the time between patient’s arrival and the time a patient is seen
by a physician) recorded within the past three hours is collated, after which a single reference
waiting time is computed and updated every 15 minutes. EDs in Hong Kong use a five-level triage
system based on the patient “urgency.” The Hospital Authority uses a waiting-time-based service
level target for triage level 1 to 3 patients.

This paper answers three key questions pertaining to ED delay announcement system operations
and its design by studying the Hong Kong public ED network. First, how many patients are
currently aware of (and sensitive to) the ED waiting time announcement system in each triage
category? Can we estimate the fraction of patients (penetration rate) that are sensitive to the
delay announcements using patient ED visit data? Patients in critical conditions may not consider
checking the waiting time announcements, especially given that they have high priority and the
majority of them arrive to the ED via an ambulance. It is likely the less urgent patients who
pay attention to the delay announcements and may base their decisions on the announced waiting
time of different EDs. Second, how sensitive are these patients to the announced waiting time?
How do patients make the trade-off between travel distance and waiting at the ED: is it worth
traveling to a less congested but further away ED in favor of a closer but more congested one?
Third, how should the waiting time announcement system be improved? What are the impacts
of increasing the penetration rate of the delay announcement system among patients? Is it better
to use more accurate or timely predictors of the waiting time in the announcement system? From
the perspective of the policy maker, Hospital Authority in case of Hong Kong, answering these
questions can help it evaluate the current effectiveness of the delay announcement system and
may offer insights about how such delay announcement systems should be optimally designed and
implemented.

We analyze data of more than 1.3 million unique public ED patient visits in Hong Kong during
the full 2019 calendar year using a latent class conditional logit model. We structurally estimate the
fraction of patients sensitive to the announced waiting time, their sensitivity to the announcements,

4In Hong Kong, EDs are referred to as accident & emergency (A&E). In the remainder of the paper, we shall use
the term ED.

*https://www.ha.org.hk/visitor/ha_visitor_index.asp?Content_ID=235504&Lang=ENG


https://www.ha.org.hk/visitor/ha_visitor_index.asp?Content_ID=235504&Lang=ENG
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and patient characteristics that lead to higher sensitivity. Our results show that 0.8%, 3.1%, and
4.8% of triage level 3, 4, and 5 patients, respectively, (2.5% overall) are sensitive to the announced
waiting time. These sensitive patients are willing to travel an additional 12.3, 4.6, and 3.5 km,
respectively, to save one hour of waiting. We find that patients over 60 years old and those residing
in the Kowloon district are much less likely to be sensitive to the announcement system. We follow
up the empirical analysis with counterfactual analysis on policy changes where we simulate a virtual
healthcare system with three EDs (to mimic the system on the Hong Kong Island) using parameters
estimated from the latent class conditional logit model. We find that the average waiting time and
number of left without being seen (LWBS) patients among the three EDs can be reduced by 1.1
minutes (1.4%) and 2.7 patients (11.5%) if one can increase the awareness (sensitive percentage)
to 15.8%. Interestingly, our simulation results indicate that the operational system performance
measures, including the average ED waiting time and LWBS patients, do not always improve as the
awareness of the announcement system increases. One possible reason is the delay in the announced
waiting time. When more patients make ED choices based on the announced waiting time, it may
lead to waiting time oscillations, as mentioned by Dong et al.| (2019]). We also investigate the effect
of smaller delays in making the announcements and find that using more recent information can
lead to improvements in the system performance, which are more significant when more patients
are sensitive to the announced waiting time.

Our contributions are threefold. First, we develop a framework to empirically identify the per-
centage of patients sensitive to delay announcement and their sensitivity level using ED visit data.
Second, we show that less urgent patients are more likely to be sensitive to the delay announcement,
but that the sensitivity decreases with the level of urgency. Third, we demonstrate that increasing
the level of awareness among patients may not always be desirable and point out that making the
announced waiting time information more recent is beneficial.

The results have direct practical implications for those who manage EDs, for example, the Hong
Kong Hospital Authority. Our estimation results show that the current penetration level of the
delay announcement system in Hong Kong is quite low, and that further promotion is needed to
increase patients’ awareness of the system. However, the management should closely monitor the
overall awareness level because a very high percentage of sensitive patients may hurt the system
performance due to the “oscillating effect” among EDs, unless the most recent delay information

is provided.

2. Related Literature
The effects of delay announcements on customers’ behavior have been extensively researched in
the service literature. Sharing information about customers’ waiting times can serve as a lever to

manage customer demand flow, which, if properly used, may benefit the entire service system.
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On the theoretical side, most existing studies focus on a setting with a single service provider
(Naor| 1969, Edelson and Hilderbrand|[1975| [Hassin/ 1986, Chen and Frank 2004, Shone et al.|2013]),
and there are few analytical studies of delay announcements in a network of multiple service
providers in the extant literature. |Singh et al.| (2017) studies a setting with two service providers
and find that service capacity plays a vital role in determining whether to disclose delay information
to customers. More specifically, they show that the decision on whether or not to make delay
announcement depends on customer sensitivity to delay, arrival rate, and the capacity of service
providers.

Empirically, researchers have studied the impacts of delay announcements primarily in call cen-
ter settings. Rather than assuming customers’ joining or balking upon arrival, empirical studies
examining customer behavior in call centers mostly focus on the impact of delay announcement
on customer abandonment during waiting. Delay announcements influence customer decisions on
whether to waiting or abandon, and, in turn, affect system performance. Structural estimation
studies use data from call centers and are based on the analytical work by Whitt| (1999), Jouini
et al.[(2009),|Armony et al.| (2009), and |Jouini et al. (2011]), among whom |Armony et al.| (2009) and
Jouini et al. (2011) allow abandonment during waiting. Early empirical studies by |Feigin| (2006))
and Mandelbaum and Zeltyn (2013) corroborate the impact of delay announcement on customer
patience in queue using data from call center to demonstrate an increase in patience after receiv-
ing delay information. Based on the concept of the rational expectation equilibrium, [Aksin et al.
(2017) define the equilibrium in steady state as the one in which customer expectations about
their waiting time matches their actual waiting time. They confirm that abandonment behavior
changes as a function of customer characteristics, the delay announcement message, and the oper-
ating conditions in the call center. Their main conclusions are as follows: (i) delay information
helps customers make better decisions in the sense that customers receiving long (short) delay
announcement abandon more and faster (less and slower); (ii) the impact of the announcements
is strongest when the state of the system is congested; and (iii) the increased granularity in delay
information (the more exact delay information) leads to smoother change in customer behavior.

Considering the heterogeneity of customers, |Yu et al.|(2017) and Yu et al. (2018) develop frame-
works characterizing strategic interactions between service providers and heterogeneous customers
in call center settings. Allowing customer waiting costs to depend on delay announcement, [Yu
et al.| (2017) empirically show that delay announcements affect both customer beliefs about the
system and their waiting cost. In particular, they show that the cost-reward ratio decreases in the
customer’s expected waiting time before receiving service associated with the announcement. [Yu
et al. (2018]) illustrate that delay announcements have two roles. Besides informing customers about

the state of the system, delay announcements also have the potential to elicit information about
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customer types, such as customer valuation of service and patience, based on their response to the
announcements. The service provider can use delay announcements as a tool to manage customer
expectations and to prioritize customers. To detect the behavioral implications of delay announce-
ments on customer decision making, |Yu et al.|(2021) and Webb et al.| (2019)) employ data from call
centers to explore the loss aversion based on the reference point perceived by customers through
announced delay. Yu et al| (2021)) find that customers indeed exhibit loss aversion, independent
of the correctness of the delay information provided. In the case of inaccurate delay information,
customers use the observed average delay as a reference point instead. For those customers who do
not abandon, Webb et al.| (2019) find that additional time spent on waiting beyond the reference
point leads to longer service time.

Delay announcement in the health care setting, particularly in EDs, are different from that in
call centers in that the delay announcement in one ED affects nearby EDs as well, creating a linkage
between multiple service systems. In addition, patients in EDs are typically classified into different
priority groups and can be highly heterogeneous. Dong et al. (2019)) conduct a pioneering work
on this track of research. They find that hospital delay announcements indeed influence patient
choices, creating load balancing and thus synchronization in the network. The authors also conduct
a numerical study using parameters calibrated by real data to examine how patient sensitivity
to delay, the load of the system, and the heterogeneity among hospitals change the effects of
delay announcements on network synchronization. They demonstrate the importance of timely and
accurate delay announcements in improving system performance and show that using historical
averages as delay estimators can cause “oscillations” in the state of the system and result in higher
waiting time. These observations prompted a search for better ED waiting time predictors, resulting
in new predictors such as Q-Lasso (Ang et al.2016)) and weighted average of static and dynamic
announcement (Bassamboo and Ibrahim|2021). However, although there already exist refined real-
time delay estimators (see, for example, Ibrahim and Whitt| (2009),|Arora et al. (2020)), and Ibrahim
and Whitt| (2011)), these are rarely used in practice (Dong et al.[2019)). Instead, hospitals usually
publish historic average waiting times (such as four-hour moving average), potentially creating
oscillations in the system (Dong et al.|2019, Pender et al. |[2016]). With data at a more granular
level on each individual patient’s ED choice, we are able to empirically estimate the proportion of
patients who are sensitive to the delay announcement information.

Instead of having patients making the ED choice, this decision can be made in a centralized
manner by a coordinating authority. [Fatma and Ramamohan (2021]) propose a patient diversion
mechanism based on real-time delay predictions within a healthcare facility network. The simulation

results show that the implementation of the diversion framework reduces congestion across the
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network and facilitates synchronization. However, the performance of the diversion mechanism
deteriorates as the delay predictor becomes less accurate.

This paper differs from the extant literature by empirically estimating the percentage of patients
sensitive to delay announcement and their sensitivity level in a interrelated network setting using
ED visit data. We also offer prescriptive suggestions on the delay announcement system via simu-

lation.
3. Data and Study Setting

Table 1 Summary Statistics: Raw Data

Triage 1 Triage 2 Triage 3 Triage 4 Triage 5 Missing  Total

Average waiting time (min) 0.0 7.3 25.9 116.8 128.6 100.5 79.6
95-th percentile waiting time (min) 0 15 70 341 362 360 281
Average patient age (years) 68.7 63.0 58.3 44.5 42.2 41.8 50.1
Fraction of ambulance arrivals 87.6% 67.2% 48.0% 15.1% 1.4% 22.2% 28.5%
Fraction of female patient visits 43.2% 47.3% 50.8% 52.9% 53.5%  48.9% 51.9%
Total number of visits 22,032 52,687 742,477 1,186,135 72,230 4,802 2,080,363

Fraction of the total number of visits 1.1% 2.5% 35.7% 57.0% 3.5% 0.2%

Notes. Waiting time is the actual time patients waited at the ED.

Public hospital EDs under the Hong Kong Hospital Authority use a triage system which classifies
patients into five triage categories based on their urgency: level 1 (critical), level 2 (emergency),
level 3 (urgent), level 4 (semi-urgent) and level 5 (non-urgent). For triage levels 1, 2, and 3 patients,
the Hospital Authority has set waiting time based service targets: triage level 1 patient will be
treated immediately; 95% of triage level 2 patients will be treated within 15 minutes; 90% of level
3 patients will be treated within 30 minutes[f| Meanwhile, due to the limited alternative options,
majority of the public in Hong Kong rely on the public health system for emergent healthcare. In
a city of 7.5 million population, over 1.25 million patients visited a public ED amassing to a total
of over 2 million visits in 2019. As a result, public EDs in Hong Kong have been suffering from
overcrowding in general. The Hospital Authority even increased the ED visit fee from HK$100 to
HK$180 in 2017 for the first time since 2003, encouraging appropriate use of public healthcare
services.

The study data consists of over 2 million patient visits to the 18 public hospital EDs across Hong
Kong during the 2019 calendar year. There are approximately 1.25 million unique patients accord-
ing to the patient identifier. Table [I| summarizes the overall patient visit data at the individual
visit level. The reported waiting time is computed as the difference between time of registration

https://www.ha.org.hk/visitor/ha_serviceguide_details.asp?Content_ID=10051&IndexPage=200066&Lang=
ENG&Ver=HTML
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at the ED and the time to bed. Noticeably, triage level 1 patients do not wait for a bed upon
arriving to the ED while over 87% of them arrive by an ambulance which has a pre-determined
routing policy of delivering the patient to the nearest ED regardless of the congestion/waiting time
situation. While the mode of arrival for the non-ambulance patients is unclear, considering their
critical condition, they are also likely to be brought in to the closest ED irrespective of delays.
Triage level 2 patients also wait for only a fairly short period of time, on average, with a large
portion of patients arriving by ambulance.

In our study we limit our analysis to triage levels 3, 4, and 5 patients who did not arrive by
ambulance. This focus is dictated by the fact that rest of the patients were almost always brought
to the nearest ED rather than exercised their choice of the ED based on the delay information.
Moreover, we focus on the patients that attended one of the 5 nearest EDs to their residential
district. There are 138 unique residential districts, and we discuss the use of this information in
more detail in Section[d.2] Out of the 18 public hospitals in Hong Kong, St. John Hospital is located
on a remote island with a population of less than 25,000 and is not connected by road to any other
public hospital in the city. We exclude all patient visits to this ED due to the lack of alternative
hospital choice for the patients. Table [2 summarizes the study data by triage level and ED by order
of closeness to the patient. The first and second block in this Table report the average statistics for
the announced waiting time of each ED observed by the patient and the travel distance to them.
For instance, across all three triage levels on average, the second-nearest ED is 5.1 km (7.8 km - 2.7
km) farther than the nearest ED from a patient while the waiting time were identical at the two
EDs at 2.7 hours. Overall, 75.6% of the patients attended the nearest ED while 14.5% attended the
second-nearest ED. When patients attended the second- or third-nearest ED, they had a shorter
announced waiting time compared to the average, 2.6 vs 2.7 hrs for second-nearest and 2.6 vs
2.8 hrs for third-nearest ED (fourth vs second block). From the fifth block, we see that patients
who attended the second- and third-nearest ED on average travelled 5.7 and 8.1 km respectively,
much less than the average distance to the respectively ranked ED of 7.8 and 9.9 km from the
second block. This shows that patients who attended the non-nearest ED attended a relatively
closer nearby ED that was also slightly less congested which provides evidence of patients taking
distance and announced waiting time into account in their ED choice decision. In Table [2| we also
report the percentage of patients in each category who used the Hong Kong’s Cross-Harbor Tunnel
to get to the ED, thus overcoming a substantial additional obstacle in getting to their chosen care
location.

The waiting time announce system is hosted on the Hospital Authority website (https:
//www.ha.org.hk/visitor/ha_visitor_index.asp?Content_ID=235504&Lang=ENG, accessed on

February 23. 2022) which can also be accessed via a link from the Hospital Authority smartphone
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Table 2  Summary Statistics: Study Data

Triage 3 Triage 4 Triage 5  Total
Average announced ED waiting time (hr)
Nearest ED 2.9 2.6 2.4 2.7
2nd nearest ED 2.8 2.7 2.7 2.7
3rd nearest ED 2.8 2.8 2.8 2.8
4th nearest ED 3.0 3.0 3.1 3.0
5th nearest ED 2.7 2.7 2.6 2.7
Average travel distance to ED (km)
Nearest ED 2.8 2.6 2.4 2.7
2nd nearest ED 7.2 8.1 7.0 7.8
3rd nearest ED 9.3 10.1 9.0 9.9
4th nearest ED 12.4 14.1 14.0 13.6
5th nearest ED 14.1 15.9 16.4 154
Attended ED
Nearest ED 69.2%  77.9%  T7.1% 75.6%
2nd nearest ED 18.4%  13.1%  14.0% 14.5%
3rd nearest ED 7.1% 5.1% 5.5% 5.6%
4th nearest ED 3.2% 2.2% 2.1% 2.4%
5th nearest ED 2.2% 1.7% 1.4% 1.8%
Average announced waiting time of attended ED (hr)
Overall 2.9 2.5 2.4 2.6
Nearest ED 3.0 2.5 2.4 2.6
2nd nearest ED 2.9 2.5 2.3 2.6
3rd nearest ED 2.8 2.5 2.3 2.6
4th nearest ED 3.2 2.9 2.8 3.0
5th nearest ED 3.0 2.6 2.4 2.7
Average distance to attended ED (km)

Overall 4.0 3.6 3.4 3.7
Nearest ED 2.7 2.5 2.2 2.5
2nd nearest ED 5.2 6.0 6.0 5.7
3rd nearest ED 8.0 8.2 7.7 8.1
4th nearest ED 10.7 11.3 10.4 11.0
5th nearest ED 14.3 13.5 12.1 13.7
Average patient age (years) 49.0 42.1 42.0 43.9
Fraction of female patient visits 51.5%  53.5%  54.0% 53.0%
Fraction of cross-harbor visits 0.3% 0.2% 0.2% 0.2%
Number of visits 351,895 912,436 65,778 1,330,109
Fraction of the total number of visits 26.5% 68.6% 4.9%

Notes. Attended ED is the percentage of attended ED by ranking in closeness to patient

location. Waiting time is the announcement observed by the patients before attending

an ED.



Park et al.: Patient Sensitivity to ED Wait Time Announcements

9
Map view Last situation as at 20/10/2021 11:15pm
Hospital Reference waiting time
Hong Kong Island
Pamela Youde Nethersole Eastern Hospital Over 4 hours . .
A&E Waiting Time
Queen Mary Hospital Over 5 hours Last situation as at 20/10/2021 11:15pm
Ruttonjee Hospital Qver 6 hours
Kowloon
Caritas Medical Centre Over 5 hours
Kwong Wah Hospital Over 4 hours
Queen Elizabeth Hospital Over 5 hours
United Christian Hospital Over 6 hours
New Territories
Alice Ho Miu Ling Nethersole Hospital Qver 2 hours
North District Hospital Qver 6 hours
North Lantau Hospital Around 1 hour
Pok Qi Hospital Over 6 hours
Prince of Wales Hospital Over 4 hours
Princess Margaret Hospital Over 3 hours
St John Hospital Around 1 hour
Tin Shui Wai Hospital Qver 4 hours
Tseung Kwan O Hospital Qver 7 hours
Tuen Mun Hospital Over 4 hours
Yan Chai Hospital Around 1 hour
(a) Table (b) Map

Figure 1 Hong Kong Hospital Authority Accident & Emergency Waiting Time Announcement System

app. The system reports the 95-th percentile of waiting time of all ED patients who entered care
over the last 3 hours (or last 6 hours for the period between 3AM and 9AM). The announcements
are updated every 15 minutes with the time stamp of the latest update noted. The announced wait-
ing times are referred to as “Reference waiting time” only, while the announcement system states
them as not the current estimated waiting time and does not provide how they are calculated to
the public. The granularity of the announced waiting time has 9 levels: around 1 hour, over 1 hour,
over 2 hours, ..., over 8 hours. The announcement system uses both the table format (Figure ,
with the name and announced waiting time of each hospital in the three administrative regions,

and the map (Figure with the announced waiting time and location of the hospitals shown.

4. Model of Attending Hospital Choice by ED Patients

In this Section we describe the general modeling framework we use, the latent class conditional

logit, followed by the details of our model specification.

4.1. Latent class conditional logit framework
In the conditional logit framework, a patient evaluates the utility gained by going to each of the

five nearest EDs at each choice incident. The patient then chooses the ED with the highest utility
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as the destination. In the non-latent class standard conditional logit model, the utility of patient

n attending ED j at choice incident ¢, U,,;;, can be expressed as
Unjt = V;th + €njt — IBant + €njt, (1)

where V,,;, is patient n’s own valuation of attending ED j at choice incident ¢. This valuation
depends on several factors, x,,;;, that we discuss in detail in subsection The error term, €,
which represents the external factors that affect the utility, is i.i.d. type I extreme value distributed.
The column vector of preference (or taste) parameters, 3, is the same for all decision makers—
patients.

The latent class conditional logit model relaxes the last condition and allows decision maker
heterogeneity in some, but not necessarily all, of their taste parameters. It assumes that there
are C distinct types of decision makers, where type (or class) ¢=1,...,C patients share the same
taste parameter vector .. In the context of our study, this represents groups of patients that have
different sensitivity to announced waiting times. Conditional on patient n belonging to class ¢, the

probability of observing her sequence of T' choices can be computed as a product of logits

:H ( exp(B ant) )) 7 (2)

j=1 Zk lexp(ﬁ Xnkt

where y,,;; is the binary outcome variable which equals 1 if patient n attended ED j or O if she

did not attend ED j at choice incident ¢. Since a patient’s class membership is unobserved, the

unconditional probability of observing patient n’s sequence of choices needs to be computed as the

average of equation weighted by the probability of patient n belonging to class ¢, m,.. This

weight can be computed as a fractional multinomial logit
exp(0.z,)

1+ Zlcz_ll exp(0,2,)

where @ = (01, 0,,...,0-_,) is the collection of parameters for class membership and z,, is the vector

Tne(©) = (3)

of explanatory variables pertaining to class membership selection. Note that 6 is normalized to
0 for identification.
The log-likelihood of observing the entire sequence of choices is then the sum of each patient’s

log-unconditional likelihood:

InL(B,®) Zanwnc P.(8.), (4)

n=1 c=1
where B = (84, 3,, ..., B¢) is the collection of taste parameters for all C' classes. We use the lclogit2
command in STATA to obtain the maximum likelihood estimates of equation (Yoo0[[2020).
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4.2. Model specifications: patient’s ED choice and membership classification

There are two choice models in the latent class conditional logit framework: patient’s choice of
which ED to attend (equation and the classification of the patient’s underlying taste class
(equation . In this subsection, we discuss the specification for both models.

When a patient is seeking emergency medical attention, there are several factors that can affect
the decision of which ED to attend. Generally, ED patients seek the shortest possible time to see
a physician. This time can be split into two components: travel time to the ED from the patient’s
location and the waiting time to be seen by a doctor after arriving at the ED. There may be
exceptions where a patient with a certain medical condition may prefer a specific hospital over
other EDs that may have shorter time to the first consultation with a physician. With the help of
modern technology, it is easy for patients to get a fairly accurate estimate of the travel time to an
ED, whereas accurately estimating the waiting time at a specific ED is likely to be more difficult
given the limited information available to the patients. However, for patients who are aware of
the ED waiting time announcement system, the announced waiting time information can facilitate
patient’s analysis of the trade-off between travel time and waiting time at the ED. While we specify
our choice model to capture this trade-off and the relative patient sensitivity to the two inputs,
the estimation of the travel time to potential EDs the patient was facing at the time of the choice
incident is complicated by the lack of information about the precise location from where she came
from to the ED or about the traffic conditions at that time.

We address this issue by utilizing the patient’s residential district information. We use the classi-
fication of 138 unique residential districts to approximate the patient’s location. A key assumption
we make is that patients went to the ED from their residential district whether it was exactly
from home or from the neighborhood. Specifically, we use Google Maps to define an approximate
center point for each district, and to identify the five nearest EDs (by driving distance) for each
district. For any patient visit where the patient attended an ED outside of the five nearest ones,
we assume that the patient was not at or near home at the time of deciding to attend an ED.
These observations are dropped from the analysis as we cannot identify either the potential EDs
the patient may have considered or the distance to them. Since we cannot estimate the expected
travel time at the time of the incident due to the lack of traffic condition information, we instead
use the shortest driving distance from the center point of the patient’s residential district to each
ED as the travel the patient had to consider.

While we expect most patients to be sensitive to the time to first be seen by a doctor, not all
patients will experience the same waiting time after they arrive at the ED. Based on the triage
system, urgent patients will be given priority while less urgent patients will have to wait longer.

While patients may not know their exact triage class before being assessed at the ED, they may
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have a general sense of urgency of their case. This can affect their expectation of waiting time
once they arrive at the ED. Therefore, we analyze the patients by their evaluated triage class. For
the main result, we run the latent class conditional logit model for visits from each triage class
separately. This allows us to compare the sensitivity to waiting time and travel across patients
with different levels of urgency. We show that our results are robust under the combined analysis
for patients across multiple triage classes (see subsection [6.2)).

While the waiting time announcement system is publicly available, it is unclear how many
patients are aware of the system and utilize it before visiting an ED. Hence, patients may exhibit
heterogeneity in their sensitivity to the waiting time. Only patients who access the system to learn
the latest waiting time at EDs can be sensitive to the waiting time compared to those who do not
have such information at all. We adopt the latent class feature to identify the underlying type of
the patients utilizing two patient characteristics available from data: age and geographic location.
We expect younger patients who are generally more familiar with information technology to be
more aware of the waiting time announcement system and exhibit preference for shorter waiting
time, whereas older patients to be less aware of the announcement system and primarily be driven
by travel distance in their ED choice decision. Hong Kong is divided into three administrative
territories: Hong Kong Island, Kowloon, and the New Territories. The level of awareness of the
waiting time announcement system may vary by territory and if so, identifying which territory
needs further advertisement and education can be a vital information for policy makers. In our
main analysis, we assume two classes of patients, C' =2, where the first class represents patients
aware of and sensitive to the announced waiting time while the second class represent those that
are neither aware of the system nor sensitive to the announced delay information. In particular,
the latter class includes patients who do access the announcement system but do not take the
delay information into account. As a robustness check (subsection , we estimate models with
C = 3 classes, where one class is the “unaware” patients and where “aware” patients are divided
into two classes according to the level of sensitivity to the announced waiting times. We show that
the results of the three-class analysis are widely consistent with those for the two-class model,
suggesting that the patient population can be divided dichotomously into sensitive and insensitive
groups when it comes to announced waiting time sensitivity.

The utility of patient n belonging to class ¢ in the patient classification model (equation |3) can

be expressed as

0.z, = 07 Age, + 03 Territory,,. (5)

Here Age,, is the vector of age-group dummy variables for patient n categorized by 10-year age inter-

vals, (Age10,,Age20,,Age30,,...,Age70,), where Agel0, equals 1 if patient n’s age is between
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10 and 19, and Age70,, equals 1 if patient n is older than 69. Age0, is dropped for identifica-
tion purpose. 6 is the vector of coefficients for patient age groups belonging to type ¢ class.
Territory,, is the vector of territory dummy variables, (Hong Kong Island,, New Territories, ). We
drop patient gender from the model as it has insignificant impact on class membership while adding
computational burden.

In a model with single triage level, patient n who belongs to class ¢ has a valuation of attending

ED j and choice incident ¢ that equals
B Xt = BiWait;(t) + S2Dis,;(t) + 53X, + BaCrossHarbour,;(t). (6)

Wait;(t) is the announced waiting time of ED j at the time of choice incident ¢. We map the
waiting time of each ED that was announced two updating cycles before the patient registered at
the ED of choice. For instance, if a patient registered at an ED at 13:47, the announcement at
13:15 is mapped as the waiting time observed by the patient for the focal incident. This is done to
approximate the moment when the patient would have collected the waiting time information from
the announcement system. Dis,,;(t) denotes the distance from patient n to ED j at choice incident
t, since some patients may have moved to a new residential district within the study period. We
control for time-invariant fixed effect of ED j, X; = {individual ED fized effects}, and for the fact
that patient n had to cross the harbor to attend ED j at choice incident t, CrossHarbour,,;(t).
B¢ captures class ¢ decision maker’s sensitivity to the announced waiting time. In the estimation,
we impose the insensitivity constraint on class 2, 87 =0. 3, captures the class-independent travel
distance sensitivity. The ratio between [} and (3, represents the number of additional kilometers
that class 1 patients, the waiting-time-sensitive group, are willing to travel to save one hour of
waiting. The controls 83 and (, are uniform across different classes.

Within our modeling framework, we assume that once a patient decides that she needs emergency
medical attention, she will attend an ED and will not consider the outside option of not attending

at all regardless of how long the waiting times are at the EDs.

5. Results

Table [3| reports the estimation results of the ED choice model (equation @ on the left panel and
membership classification model (equation [5|) on the right panel. First, we find that there are two
distinct classes of waiting time sensitivity within each triage level. For all three triage levels, the
presence of waiting-time-sensitivity (class 1) patients is statistically significant at the 0.1% level.
However, only a small fraction of patients are sensitive to the announced waiting times, 2.5% among
triage level 3, 4, and 5 visits - this value represents class 1 membership shares weighted by visits

per triage level. Further, we find that urgent patients have a smaller share of waiting-time-sensitive
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Table 3  ED Patient Sensitivity to Announced Waiting Time and Travel Distance
Triage 3 Triage 4 'Triage 5 ‘ Triage 3 Triage 4 Triage 5
ED choice Class 1 membership
Class 1 Agel0 0.291 -0.339***  -0.295
Waiting time (hr) (57) -5.124*  -1.814** -1.378*** (0.245)  (0.094)  (0.352)
(0.213) (0.034)  (0.079) | Age20 1.035*** 0.602***  0.488
Membership shares 0.8% 3.1% 4.8% (0.159)  (0.059)  (0.276)
Class 2 Age30 0.806*** 0.377**  -0.127
Waiting time (hr) 0 0 0 (0.156)  (0.060)  (0.291)
- - - Aged40 0.655***  -0.101 -0.490
Membership shares 99.2% 96.9% 95.2% (0.162)  (0.067)  (0.299)
Travel distance (km) (£;) -0.415*** -0.396*** -0.399*** | Age50  0.213  -0.399*** -0.780*
(0.001) (0.001)  (0.002) (0.169)  (0.070)  (0.321)
N 1,759,475 4,562,180 328,890 | Age60 -0.326 -0.963*** -1.889***
Visits 351,895 912436 65,778 (0.187)  (0.089)  (0.489)
Patients 286,794 648,060 53,037 | Age70 -1.164*** -2.391***
Travel distance/waiting time (km/hr) ratio (51 /52) (0.220)  (0.194)
Class 1 12.3 4.6 3.5 HKI  1.072** 0.904***  1.123**
(0.172)  (0.075)  (0.358)
Class 2 0.0 0.0 0.0 NT 1.605**  1.302%*  2.047***
(0.140)  (0.056)  (0.251)

Notes. Standard errors in parentheses. ED fixed effects and cross harbor controls are reported in Table |£|
Triage level 5 has up to Age60 in the class membership model due to lack of elderly patients.

HKI: Hong Kong Island, NT: New Territories

* p<0.05, ** p<0.01, *** p<0.001

patients, 0.8% for triage level 3 compared to 3.1% and 4.8%, respectively, for triage level 4 and
5. Meanwhile, the waiting time sensitivity increases as patients become more urgent. The travel-
distance-to-waiting-time ratio, ({/82, increases from 3.5 km/hr to 4.6 and 12.3 for “sensitive”
triage level 5, 4, and 3 patients, respectively. Given that the nearest and second-nearest ED to
patients are 5.1 km away on average (Table , the ratios suggest that the sensitivity to waiting
time is large enough for the sensitive patients to divert away from the nearest ED to the next
nearest EDs to trade-off additional travel with saving in waiting time once they reach an ED.
These findings suggest that patients that are not very urgent may be aware of the long waits
once they arrive at the ED given their lower priority within the triage system, and more patients

of that type check the waiting time announcement system to find EDs with potentially shorter
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waiting. In contrast, the urgent patients either have smaller “bandwidth” to check the time given
the urgency of their condition or are aware of their likely high priority once they arrive at the ED.
As a result, fewer of these patients are aware of/use the waiting time announcement system. In
addition, the sensitive urgent patients are so sensitive to waiting that they are willing to travel
even further as compared to their less urgent counterparts.

For the class membership, as expected, we find that younger patients, especially those in their
20s and 30s, are the most aware of the waiting time announcement system and are sensitive to
waiting times. Among triage level 4 and 5 patients who compose over half of the patient body and
experience the longest waiting (Table , older patients (those over 60) have a low awareness to the
waiting time announcement system. For the triage level 5 model, age groups are considered only
up Age60 as there are fewer patients over 70 and they are grouped together with those in their 60s.
Geographically, patients residing in Kowloon have a lower awareness compared to those on Hong
Kong Island or in New Territories. Hence, policy makers should focus on the older population,
especially in Kowloon, in raising awareness of the ED waiting time announcement system.

The low awareness of the waiting time announcement system among the Hong Kong public sug-
gests that the system may not be achieving its full potential. In Section[7], we perform counterfactual

analyses and study opportunities to increase the effectiveness of the announcement system.

6. Robustness Analysis
In this Section, we perform various analyses to support the model choice and the robustness of the

main results.

6.1. Patient heterogeneity

We find strong evidence of patient heterogeneity in their sensitivity to announced waiting time in
ED choice decisions. We estimate a mixed logit model for each triage class visits where we assume
patients’ sensitivity to waiting time (f; in equation |§| but without the membership class) is a
random coefficient. In terms of modeling patient heterogeneity, the spectrum of heterogeneity can be
represented by the number of membership classes; one class represents a homogenous patient body
with the least heterogeneity and as we increase the number of classes we allow more heterogeneity
within the model. Table [4)) reports the results of the mixed logit model which can be considered
as the model allowing the highest level of patient heterogeneity with individual patients in their
own class. We find strong evidence of heterogeneity in waiting time sensitivity in triage level 4 and
5 patients, which is in line with the substantial fraction of waiting time sensitive class patients in
the main results, 3.1% and 4.8% (Table [3). Meanwhile, heterogeneity is not significant in triage
level 3 patients, which is also in line with the main results with only a small fraction of sensitive

class patients, 0.8%.
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Table 4 Random Coefficient Mixed Logit: Patient Heterogeneity in Sensitivity to Announced Waiting Time

and Travel Distance

Tri 3 Tri 4 Tri 5
Coeflicient

Waiting time (hr) 0.000 -0.031**  -0.038***
(0.001)  (0.001)  (0.004)
Travel distance (km) -0.403*** -0.385*** -0.390***
(0.001)  (0.001)  (0.002)

Std. Dev.
Waiting time (hr) 0.024 0.126***  0.139***
(0.014)  (0.002)  (0.009)
N 1,759,475 4,562,180 328,890
Visits 351,895 912436 65,778
Patients 286,794 648,060 53,037

Note. Standard errors in parentheses. ED fixed effects and
cross harbor controls are not shown.
* p<0.05, " p<0.01, ™" p<0.001

To further explore the level of patient heterogeneity, we estimate the latent class conditional logit
model with three classes for each triage level (equation @With C = 3). Table [5[shows the result with
three membership classes per triage level, the next level of patient heterogeneity in comparison to
the main model (Table . While we find a third class, class 1 in Table , with significantly higher
sensitivity to waiting time compared to the moderate sensitivity class, class 2, the proportion of
class 1 is quite small, less than 0.6% for each triage level. Hence, we simplify the heterogeneity
modelling by presenting the most parsimonious heterogeneity model with 2 classes in Table |3| as

the main result.

6.2. Membership classification
For the main result, we estimate the choice and membership classification model for each triage
class patients separately. This allows a flexible membership classification across triage levels. For
instance, a patient that is classified into the insensitive group when she is a non-urgent patient,
level 5 in the Hong Kong A&E triage system, could be classified as a sensitive patient when she
is a semi-urgent patient, triage level 4. This allows urgency-dependent membership classification.
As a robustness check, we analyze triage level 3, 4, and 5 visits all together assuming each patient
belongs to a single class regardless of the triage level. This triage level-independent membership
classification model assumes that each patient belongs to a single class regardless of their urgency
but may have different sensitivity depending on their urgency. Table[6]reports the estimation results
of the pooled latent class conditional logit model.

We find that 3.4% of the patients are sensitive to the announced waiting time in the urgency-

independent membership model.
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Table 6 Pooled Latent Class Conditional Logit: Triage Level-Independent Membership Classification

ED choice

Class 1 Class 2 Class 1 membership
Waiting time (hr) -1.782%* 0 Agel0 -0.111

(0.047) - (0.073)
Waiting time X Triage 3 1.037** 0 Age20 0.623**

(0.062) - (0.050)
Waiting time X Triage 4 0.039 0 Age30 0.354***

(0.051) - (0.051)
Travel distance (km) -0.397* Aged0 -0.038

(0.001) (0.056)

Waiting time + Waiting time X Triage 3 -0.745"* 0 | Age50  -0.325"

(0.044) - (0.058)
Waiting time + Waiting time X Triage 4 -1.743*** 0 Age60 -0.927**

(0.026) - (0.074)
Membership shares 34%  96.6% | Age70 -2.100%**

Travel distance/waiting time (km/hr) ratio (0.131)

Triage 3 1.9 0.0 HKI 0.685***
Triage 4 4.4 0.0 (0.062)
Triage 5 4.5 0.0 NT 1147+
N 6,650,545 (0.042)
Visits 1,330,109
Patients 883,261

Notes. Standard errors in parentheses. ED fixed effects and cross harbor controls are not shown in the
ED choice model.

HKI: Hong Kong Island, NT: New Territories

* p<0.05, ** p<0.01, *** p<0.001

6.3. Potential nonlinearity in waiting time sensitivity

While the main model assumes linear waiting time sensitivity, it has been known that patients
do not always exhibit constant marginal waiting cost (Ding et al.| 2019). We explore potential
nonlinearity in waiting time sensitivity in the ED choice behavior by estimating a nonlinear waiting
time specification of equation [6] We capture the nonlinearity through step-wise functions which
allow flexible marginal waiting time sensitivity. Waiting time is divided roughly into quartiles
excluding the 0 hour waiting, where the highest quarter includes 4 to 8 hours, and the next three
quarters are captured by 3, 2, and 1 hour alone respectively. The results are presented in Figure
For all three triage levels, we find that the waiting time sensitive patients, class 1, exhibit a
somewhat linear waiting time sensitivity. Triage 4 shows the clearest linear pattern, while triage
5 shows some steepening after 3 hours. We conclude that we do not find significant evidence of

nonlinearity in patients’ sensitivity to announced waiting time information.
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Figure 2 Linearity in Waiting Time Sensitivity by Triage Level

6.4. Weekend and peak period effects

We explore any potential effect of patients visiting an ED during the weekend and/or in peak
daytime period, defined as from 8AM to 6PM. We find that urgent and semi-urgent (triage level
3 and 4) patients are more sensitive to the announced waiting time during peak periods than
non-peak periods while the opposite holds for non-urgent (triage level 5) patients. There is no
significant difference between weekend and weekdays. For instance, urgent patients in the sensitive
class (first column in Table @ are willing to travel an additional 15.1 km to save 1 hour in waiting
at the ED on weekdays during peak hours which is twice than during non-peak hours, 7.4 km. We
can possibly attribute this to urgent patients avoiding farther travel during high traffic congestion

periods.

6.5. Ambulance routing policy

We estimate a simple conditional logit model without latent classes, which assumes a single class of
patient, for ambulance and walk-in patients separately for each triage level (Table . Ambulance
patients are not sensitive to the announced waiting time as expected and prefer closer ED more
than walk-in patients. Hence, our results provide evidence of the ambulance routing policy in effect

which describes patients to be delivered to the nearest ED regardless of road and ED situation. The
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Table 7 Latent Class Conditional Logit: Weekend and Peak Period Effect

Triage 3 Triage 4 Triage 5
Class 1 Class 2 Class1 Class 2 Class 1 Class 2
Waiting time (hr) -3.065*** 0 -1.527* 0 -1.572%* 0
(0.179) - (0.039) - (0.143) -
Waiting time X Weekend 0.523 0 0.045 0 -0.521 0
(0.289) - (0.061) - (0.367) -
Waiting time X Peak -3.197* 0 -0.668*** 0 0.352* 0
(0.394) - (0.063) - (0.156) -
Waiting time X Weekend X Peak  1.399* 0 -0.080 0 0.123 0
(0.592) - (0.105) - (0.401) -
Travel distance (km) -0.416*** -0.396*** -0.399***
(0.001) (0.001) (0.002)
Waiting time (weekend non-peak) -2.541*** 0 -1.482*** 0 -2.093*** 0
(0.234) - (0.053) - (0.359) -
Waiting time (weekday peak) -6.261*** 0 -2.195%** 0 -1.220*** 0
(0.379) - (0.059) - (0.088) -
Waiting time (weekend peak) -4.339*** 0 -2.230*** 0 -1.618*** 0
(0.426) - (0.073) - (0.172) -
Membership shares 1.0%  99.0%  3.1%  96.9%  4.5%  95.5%
N 1,759,475 4,562,180 328,890
Visits 351,895 912,436 65,778
Patients 286,794 648,060 53,037

Travel distance/waiting time (km/hr) ratio

Weekday non-peak 7.4 0.0 3.9 0.0 3.9 0.0
Weekend non-peak 6.1 0.0 3.7 0.0 5.2 0.0
Weekday peak 15.1 0.0 5.5 0.0 3.1 0.0
Weekend peak 104 0.0 5.6 0.0 4.1 0.0

Notes. Standard errors in parentheses. Only the ED choice model results without the ED fixed effects and
cross harbor controls are shown. The omitted class membership model is robust to results in Table

* p<0.05, ** p<0.01, *** p<0.001

high pseudo-R? statistics across all models suggest that the conditional logit framework successfully

represents the ED choice decision process for all type of patients.

6.6. Frequent visitors
We also study the patient characteristics of frequent visitors, who visit the ED frequently and may
have a better understanding of the congestion levels at the EDs from experience. We model this

possible learning effect as the total number of visits to any public ED in the calendar year of 2019
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Table 8 Conditional Logit: Walk-in vs Ambulance Patients
Triage 3 Triage 4 Triage 5
Walk-in  Ambulance Walk-in Ambulance Walk-in Ambulance
Waiting time (hr) 0.000 -0.002 -0.027** -0.004 -0.033*** 0.003

(0.001)  (0.002)  (0.001)  (0.002)  (0.004)  (0.035)
Travel distance (km) -0.403**  -0.590**  -0.380"**  -0.452°* -0.384** -0.662***
(0.001)  (0.002)  (0.001)  (0.002)  (0.003)  (0.048)

N 1,759,475 1,645,060 4,562,180 782,060 328,890 4,335
Visits 351,895 329,012 912,436 156,412 65,778 867
Patients 286,794 216,459 648,060 131,591 53,037 715
Pseudo-R? 0.493 0.590 0.558 0.584 0.573 0.668

Notes. Standard errors in parentheses. ED fixed effects and cross harbor controls are not shown.

* p<0.05, ** p<0.01, *** p<0.001

whether the visit happened before or after the focal visit by the patient. The average total number
of visits are 2.8, 3.3, and 6.2 for triage level 3, 4, and 5 patients respectively while the median is 2
visits for all triage levels. We find that the number of visits to an ED has a significant impact on
class membership among triage level 4 and 5 patients, but the magnitude is negligible compared

to the impact of age and residential district (Table [9).

6.7. Geographical districts

In the main results, Table [3] we capture the effect of the patient’s geographic location on class
membership at the administrative territory level with three categories. We delve into a more
granular District of Residence Cluster level which the Hospital Authority manages hospitals and
deliver public healthcare services through seven hospital clusters: Hong Kong East, Hong Kong
West, Kowloon Central, Kowloon East, Kowloon West, New Territories East, and New Territories
West. We find that Kowloon Central and East cluster patients have especially low awareness to

the announcement system in triage level 4 and 5 patients (Table .

7. Counterfactual Analysis: Simulation on Patient Awareness and
Announcement Update

In this Section, we perform counterfactual analyses on two key system parameters: the percentage
of the public that are aware of and sensitive to the ED waiting time announcement system and the
length of the window used to calculate the announced waiting time. Based on the discrete choice
framework of the main empirical model (equation , we simulate a virtual healthcare network of
three EDs. We analyze how the system parameters affect the overall system performance measures:
the average actual waiting time at the ED and the number of left without being seen (LWBS)

patients.
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Table 9 Latent Class Conditional Logit: Frequent Visitor’'s Class Membership
Triage 3 Triage 4 Triage 5 ‘ Triage 3 Triage 4 Triage 5
ED choice ‘ Class 1 membership
Classl Agel0 0.310  -0.330** -0.279
Waiting time (hr) -5.183**  -1.798*** -1.358*** (0.247)  (0.093)  (0.348)
(0.208) (0.033)  (0.076) | Age20 1.063** 0.602***  0.474
Membership shares 0.8% 3.1% 4.7% (0.161)  (0.059)  (0.274)
Class2 Age30 0.831*** 0.374**  -0.159
Waiting time (hr) 0 0 0 (0.158)  (0.060)  (0.290)
- - - Aged0 0.683**  -0.109 -0.530
Membership shares 99.2% 96.9% 95.3% (0.164)  (0.067)  (0.298)
Travel distance (km) -0.415*** -0.395*** -0.398*** | Age50 0.252***  -0.408  -0.830**
(0.001) (0.001)  (0.002) (0.171)  (0.071)  (0.322)
Age60 -0.283  -0.971* -2.067"*
Model data statistics (0.188)  (0.089)  (0.545)
N 1,759,475 4,562,180 328,890 | Age70 -1.101%**  -2.421***
Visits 351,895 912436 65,778 (0.222)  (0.196)
Patients 286,794 648,060 53,037 | HKI 1.081***  0.899***  1.047***
(0.172)  (0.075)  (0.371)
Travel distance/waiting time (km/hr) ratio NT 1.611** 1.297*** 2.015***
Class 1 12.5 4.5 3.4 (0.141)  (0.056)  (0.250)
No. of Visits ~ 0.037  -0.014*** -0.013***
Class 2 0.0 0.0 0.0 (0.020)  (0.002)  (0.003)

Notes. Standard errors in parentheses. ED fixed effects and cross harbor controls are not shown.

HKI: Hong Kong Island, NT: New Territories
* p<0.05, ** p<0.01, " p<0.001

We study the public hospital network on the administrative territory of Hong Kong Island, where

there are three EDs with different capacity and reputation, namely Queen Mary Hospital (ED
1), Pamela Youde Nethersole Eastern Hospital (ED 2), and Ruttonjee Hospital (ED 3). Patients

residing on Hong Kong Island need to cross the harbor either via a tunnel or ferry to reach any

other public ED that is not on the island. Hence, the three EDs and its patients can be considered

as a relatively closed network. The majority of visits to these three EDs are by Hong Kong Island

residents, with residential address belonging to one of the 38 districts on the island (denoted by

m=1,...,38). For patients who reside outside of the island, we denote the district as 0. We simulate

patient arrivals with a two step process. First, patient arrivals are simulated as a non-homogeneous

Poisson process with hourly arrival rates estimated from the patient visit data. This allows us

to capture the intraday patient traffic pattern. Second, we simulate the following attributes for

each patient visit by random generation: residential district (m =0,1,2,...,38), triage level (I =
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1,2,3,4,5), and arrival mode (either walk-in or by ambulance), with each probability distribution
also estimated from the data.

We follow the practice of waiting time announcement in Hong Kong to simulate the announced
waiting time AWT; for ED j =1,2,3, using the 95th percentile of waiting times of patients who
finished waiting (at the time a patient first accessed by a physician) in the past three hours,
and update the information every 15 minutes. For each arrival patient, we use the AWT; 30
minutes before the patient’s actual arrival time as the observed waiting time Waiting,;. Each ED
is modeled as an M (t)/M(t)/s(t) queue with abandonment. We estimated the arrival rates, the
service rates, and number of physicians on duty for each hour-of-day from the data, and we assume
that patients who wait longer than a tolerance time threshold will leave the system with a reneging
probability. We tune the values of the reneging probability and the tolerance time so that the
output performance is consistent with the data (See subsection .

We take the structure of the latent class conditional logit model (equation and estimates
from Table 3] to simulate the ED choices of patients that satisfy the following conditions: walk-in,
triage level [ > 3 and resident district m > 0. Similar to equation [I}, for each patient, the utility
of attending ED j, U;, is obtained from equation 1| which captures the ED fixed effect, distance
to each ED, and the announced ED waiting time which reflects the ED choice and the arrival to
each ED from previous patients in the simulation. The patient will attend ED i € {1,2,3} with
probability eYi/ 23:1 eVi. The fixed effects of three EDs are provided in the Appendix (Table
. ED choice of patients excluded from the empirical study data, those who either arrive by
ambulance, or belong to triage levels 1 or 2, or reside in a district outside of the island (m = 0),
were simulated based on the district level empirical data. For instance, for an ambulance patient
from Wan Chai district, we first compute the overall percentage of ambulance patients from Wan
Chai attending ED 1, 2, and 3 respectively in the data. We simulate the ED choice for the focal
patient based on this empirical distribution.

The latent class conditional logit model assumes that patients have different sensitivity to the
announced waiting time denoted as their class. In the counterfactual study, we also simulate each
patient’s sensitivity class ¢, based on his/her triage level. We keep consistency with the estimated
results and parameterize the proportion of patients who are sensitive (denoted by p; for triage level
[) at 0.8%, 3.1%, and 4.8% for levels 3, 4, and 5 respectively. The probability of belonging to the

sensitive class is denoted as p;.

7.1. Simulation model validation
We set the sensitive proportion of patients, p;, to the values estimated from data, i.e., p3 =

0.8%,ps = 3.1% and ps = 4.8%. We simulate the sequence of ED choices for 100 replications, each
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with a run length of 396 days. The first 31 days serve as warm up and the simulation performance
is calculated from the remaining 365 days of visit simulations. We compare the number of daily
patient visits, number of LWBS patients, and average waiting time between the simulation and

empirical data. (Table [L0).

Table 10  Simulation Model Validation: Aggregate Comparison with Data

Data Simulation
ED1 ED2 ED3 Total ED1 ED 2 ED 3 Total

Patient visits 334.3 346.8 188.9 867.0|337.0 344.7 188.1 869.8
Patients served 328.4 333.8 183.0 845.2|330.5 331.1 182.6 846.3
Left without being seen patients 5.9 129 58 24.7 | 6.6 13.7 55 235
Average waiting time (hours) 1.0 15 14 13 | 10 14 14 1.2

Notes. Number of patients are daily average. Waiting time is the actual time patients have waited at

the ED they attended.

We simulate the total number of arrivals (sum of all three EDs) as a non-homogeneous Poisson
process with arrival rates estimated from the data, thus the consistency in total daily patient visits
with the data is expected. However, it is important to note that the arrivals to each ED in the
simulation model depends on the patient choice model. The consistency in daily patient visits
to each individual ED between the simulation and data shows that our latent class conditional
logit model can effectively replicate the patient choice decisions. The values of average waiting
time and number of LWBS patients demonstrate that the simulated queue can produce consistent

performance measures compared to the data.

—e—AnnouncedWT_Data == AnnouncedWT_Simulation —— AvgWT_Data AvgWT_Simulation

Waiting Time (hours)
w

A —— N\, '——V"’A\"_“ \_,
Nyst”
0
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PSR P Ul el g s e RN ENENEN P ph pll il i N NN PEpEph Pl et v R NN
Hour of Day (ED 1) Hour of Day (ED 2) Hour of Day (ED 3)

Figure 3  Simulation Model Validation: Intraday Pattern for Average Waiting Time (AvgWT) and Announced
Waiting Time (AnnouncedWT) by Hour of Day
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We also validate the simulation model’s capability to capture intraday patterns by comparing
average actual waiting time and average announced waiting time by hour-of-day for each ED. More
specifically, we calculate the average waiting time for patients who arrived in the same hour-of-day,
and the average announced waiting time in different hours-of-day for each of the three EDs from
the simulation model, and compare those with data. The results are shown in Figure [3] We observe
that the simulated hourly average waiting time for each ED matches closely with the data. While
the simulated average announced waiting time matches closely with the data for ED 1, in ED 2 and
3 the simulation results exhibit mild deviation from the data. This gap can be attributed to the
higher difficulty in estimating tail percentiles (announced waiting times are 95th percentile values)
compared to that of estimating mean values. However, the overall trend and relative scale of the
simulated announced waiting times are consistent with the data.

In conclusion, our simulation framework is capable of capturing the important feature of the
study: patient choice behavior, and can provide a reasonably good estimation of the overall system

performance measures: the average waiting time and the total number of LWBS patients.

7.2. Simulation results

= Average Waiting with 95% ClI —o == Total LWBS with 95% ClI

~ ~ [es]
[e)] oo o

Total LWBS

~
N

Average Waiting (minutes)

~
N

~
o

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Sensitive Proportion for Triage Level 5

Figure 4 Impact of Patient Awareness on Average Waiting Time and Left Without Being Seen (LWBS)
Patients

Sensitive proportion parameters

Triage level 3 (p;) 0.000 0.008 0.017 0.034 0.051 0.068 0.084 0.101 0.118 0.135 0.152 0.169
Triage level 4 (p4) 0.000 0.031 0.065 0.129 0.194 0.258 0.323 0.388 0.452 0.517 0.581 0.646
Triage level 5 (ps) 0.000 0.048 0.100 0.200 0.300 0.400 0.500 0.600 0.700 0.800 0.900 1.000

Overall 0.000 0.025 0.053 0.105 0.158 0.211 0.263 0.316 0.368 0.421 0.474 0.526

Notes. Overall is the average of the three triage classes weighted by the unique number of patients in each
class.
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In the main results, we find that only a small fraction of patients are aware of and sensitive to the
waiting time announcement system. From the policy makers perspective, a small awareness among
the public isn’t ideal as it is most likely limiting the pooling effect of the announcement system.
Hence, a key question to be answered is how much of the announcement system’s effectiveness is
being limited due to the lack of patient awareness.

Using the simulation framework, we first explore how the level of patient awareness of the waiting
time announcement system would affect the operational performance of the ED network measured
by the average waiting time and number of LWBS patients. We parameterize patient awareness as
the proportion of triage level 5 patients sensitive to the waiting time announcement system. We
simulate counterfactual networks of the three EDs by increasing the sensitive proportion of triage
level 5 from 0 to 1, and increase the sensitive proportions of triage levels 3 and 4 proportionally
based on the awareness from the empirical model estimation. For instance, if 100% of triage level 5
patients are aware of the announcement system the maximum awareness in the simulation study,
16.9% and 64.6% of triage level 3 and 4 patients will be aware. This is based on the assumption
that the advertising effect of promoting the announcement system will have a consistent effect
across the different triage levels.

Figure [4 shows that when the sensitive proportion increases from 0 to a moderate level, both
the average waiting time and the number of LWBS patients decrease. This result indicates that
the announcement system can help balance patient traffic across the EDs and achieve the intended
pooling effect as patients start to become aware of and sensitive to the announced waiting time
information. Hence, implementing a waiting time announcement system is beneficial to a network
of EDs without one, initially. However, when the sensitive proportion reaches a certain level, further
increasing the proportion of sensitive patients can hinder the ED operations and negatively affect
the patients with longer waits and more leaving without receiving treatment. One possible reason
of the negative impact when more patients respond to the announcement is the delayed nature
of the information, i.e., sensitive patients are not responding to the most up-to-date crowding
conditions of each ED when making the ED choice decisions. Since the provided delay information
is the 95th percentile in the past three hours, it may not accurately represent the latest crowding
situations. And if more patients become sensitive and respond to the announcements, they may
cause immediate large congestion at a previously less congested (short announced waiting time)
ED by a huge flow into it and away from an ED with a long announced waiting time which may
have been highly congested hours ago and not recently. Hence, when more and more patients
choose to avoid long waiting by referring to the delayed information, it may create waiting time
oscillations as mentioned in|Dong et al.| (2019). Similar oscillation phenomena have also been found

in the transportation literature (Mahmassani and Jayakrishnan| /1991, |Yoshii et al. [1996), where
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the navigation system serves a similar role of directing demand as waiting time information in our

setting. The transportation literature further shows that there exists an optimal penetration rate

of navigation systems (Dai et al.|[2017, Emmerink et al[1995| [Litescu et al.[2015)).

Therefore, secondly, we investigate what if the information is less delayed. In the current practice
of Hong Kong, announced waiting time is calculated based on the 95th percentile of patients in the
past three hours (AWT window = 3 Hours). As the counterfactual, we simulate patient choices in
the three EDs network with waiting time announcements calculated with shorter time windows.
We simulate the network with 1 hour and 2 hours AWT window for 100 replications each and plot
the average waiting time and total number of LWBS patients in Figure

80 36
—o—AWT Window = 3 Hours —o— AWT Window = 3 Hours

—— AWT Window = 2 Hours —2—AWT Window = 2 Hours
=x=AWT Window = 1 Hour

—x=—AWT Window = 1 Hour 32

~
©

28

~
o

24

Average Waiting (minutes)
Total LWBS

~
N

20

72 16
0 0.1 0.2 03 0.4 0.5 0.6 0.7 0.8 0.9 1 0 0.1 0.2 03 0.4 0.5 0.6 0.7 0.8 0.9 1

Sensitive Proportion for Triage Level 5 Sensitive Proportion for Triage Level 5

Figure 5  Impact of Announced Waiting Time (AWT) Update Window and Patient Awareness on Average
Waiting Time and Left Without Being Seen (LWBS) Patients

We find that when the AWT window is shorter, the average waiting time and number of LWBS
patients are smaller, and this positive effect is more significant when patient awareness is larger.
At the current level of awareness, 4.8% among triage level 5 patients or 2.5% across triage level 3,
4, and 5 patients, the benefit of providing more recent congestion information only is insignificant.
So there is no immediate need to update the system by shortening the update window. However,
once more patients become sensitive to the announced information, the benefit of shortening the
update window is substantial as it reduces the oscillation of patients across EDs. While it may not
be desirable for the policy makers to advertise the announcement system more beyond a certain
point, roughly 20 to 30% of awareness, when using a system with a long update window of 3 hours,
they need not be worried of high awareness when the system has a short window. In the case of
Hong Kong Island, it would be ideal to increase the overall awareness between 15.8% and 31.5%
(or 30% to 60% among triage level 5 patients) and reduce the announced waiting time update
window to 1 hour where both average waiting time and LWBS patients can be improved from the

current operations. For instance, if overall awareness increases to 15.8% and the announcement
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update window reduces to 1 hour, policy makers can expect a reduction in the average waiting
time and number of LWBS patients by 1.1 minutes (1.4%) and 2.7 patients (11.5%) respectively.

Overall, the counterfactual analysis shows that increasing the level of awareness among the
patients may not always benefit the system and there may exist a sweet-spot of awareness that
depends on the update window of the announcement system. On the other hand, shortening the
update window can significantly improve the system performance if more patients become aware

of the announcement system and utilize it in their ED visit decisions.

8. Conclusion and Future Research

While many communities across the world have adopted ED delay announcement systems, the
extent to which those systems have been used by the patients or their effect on patient ED choice
decisions have not been well studied. This paper addresses important questions pertaining to the
operation and design of ED delay announcement systems and coordination of EDs within the
urban hospital network. We model the individual patient’s decision of which ED to attend as a
latent class conditional logit choice where each patient belongs to an underlying class of sensitivity
to the delay announcement. The model assumes that patients in the same class have a constant
sensitivity to the announced waiting time while this sensitivity may vary across different classes.
We structurally estimate how many patients are aware of and sensitive to the delay announcement
system as well as the patients’ sensitivity to the ED waiting time and the travel distance to the
ED. We also develop a simulation framework based on the empirical model and estimated system
parameters, and analyze the sensitivity of operational ED performance to system parameters and
the information provided in the delay announcement.

Applying the framework to a patient visit-level data set from 17 public hospital EDs in Hong
Kong SAR, we find that 0.8%, 3.1%, and 4.8% of triage level 3, 4, and 5 patients respectively (2.5%
being the overall average across three triage levels) are aware of the delay announcement system
and sensitive to the announced waiting time. While patients are sensitive to the travel distance to
the ED in general, we find that the few but sensitive triage level 3, 4, and 5 patients are willing
to travel an additional 12.3, 4.6, and 3.5 km, respectively, (6.8 km being the overall average across
three triage levels) to save one hour of waiting at the ED after arrival. These results highlight
that urgent patients are less likely to search for and respond to the announced waiting time but
those who do are more sensitive to the waiting at the ED, to the point that they rather travel
farther, hence, spend more time on travel to save the time they wait at the ED. While we find
that patients are heterogeneous in their reaction to the delay announcements, we also find that
this heterogeneity depends on the level of urgency. This finding is also supported by our robustness
analysis result showing that patient sensitivity to the announced waiting time may vary with her

clinical condition.



Park et al.: Patient Sensitivity to ED Wait Time Announcements

29

This provides an opportunity for future research on designing ED delay announcement systems
with multiple types of delay information shared. Policy makers may consider offering reference
waiting time for multiple classes of urgency, i.e., both urgent and non-urgent patients (triage level
3 and 5), simultaneously so patients can get a better estimate of their waiting time based on
the self-assessed urgency level of their condition. Current delay announcement system designs in
most countries announce only one kind of waiting time information, which is typically a good
reference for only a small proportion of the entire patient population. Meanwhile, in the Perth area
of Western Australia, the local government announces the average waiting time of triage level 4
patients along with two pieces of census information, the number of patients waiting to be seen
in ED and the total number of patients in EDs for a network of 10 EDSE] It will be interesting to
study how patients respond to different operational information—waiting time, queue length, and
total census—when these informational components are offered collectively or separately. Such a
study can advance our understanding of what type of information is most effective in ED delay
announcement systems.

In our paper, we also study the effect of the different levels of “recency” of waiting information
that should be provided to improve ED performances. Our simulation study shows that increasing
the awareness of announced system to the public improves system congestion and service quality
with fewer LWBS patients. However, a high awareness among the patients may hurt the patients
and worsen overall system performance. Our additional analysis suggests that providing information
with smaller time lag can reduce both average waiting time and number of LWBS patients. This
also increases the system robustness to varying awareness levels. How patients respond to different
lags of information is an area that needs to be studied as the inaccuracy of the lagged information
may be a reason why not many patients take the delay announcement into account during their
decision process. It may be that more patients are aware of the announcement system but do not
take the information into account due to the lack of accuracy. Linking patient visit records with
surveys on the patient awareness of the delay announcement system can answer such question.
Further progress in this direction could be achieved by implementing more accurate predictors of
ED waiting time developed by numerous researchers and studying the resulting patient response.

In our analysis, we also find that older patients are less likely to be responsive to the
delay announcements, and that there exists a certain geographic effect on the level of aware-
ness/sensitivity to the delay announcements. The Hong Kong government can take these results
into account when they plan to increase the awareness of the ED wait time announcement system.

"https://ww2.health.wa.gov.au/Reports-and-publications/Emergency-Department-activity/Data?report=
ed_activity_now
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Overall, we provide a framework that can be applied to other delay announcement systems and
the customer (or patient) visit records. We hope that our study can encourage future research in
understanding patient’s service provider choice behavior in delayed-affected networks of healthcare

service providers, including not only emergency medicine, but also surgical and outpatient services.
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Appendix

Table Al Fixed Effects of Table (3| ED Choice Model

Triage 3 Triage 4 Triage 5
Cross harbor -3.811**  -3.282*** -3.183***
(0.048)  (0.031) (0.104)
Caritas Medical Centre 2.549***  1.113**  1.424*
(0.030)  (0.018) (0.112)
Kwong Wah Hospital 3.273*  0.631"*  0.247*
(0.030)  (0.018)  (0.113)
North District Hospital -0.683*** -1.546*** -1.094***
(0.024)  (0.012)  (0.060)
North Lantau Hospital -3.786*** -1.667*** -3.951"**
(0.054)  (0.049)  (0.249)
Princess Margaret Hospital 3.162***  0.738* (.484***
(0.029) (0.018) (0.112)
Pok Oi Hospital -1.233*** -1.684*** -0.656***
(0.039) (0.022)  (0.094)
Prince of Wales Hospital 2.446™*  0.841** -1.132**
(0.024) (0.015)  (0.108)
Pamela Youde Nethersole Eastern Hospital 1.981*** 0.231***  0.184
(0.046)  (0.026)  (0.130)
Queen Elizabeth Hospital 3.618**  0.781** 0.717***
(0.030)  (0.018)  (0.113)
Queen Mary Hospital 2.665***  0.800***  -0.001
(0.053)  (0.029)  (0.137)
Ruttonjee Hospital 0.412*** -0.537** -0.325**
(0.049) (0.027)  (0.130)
Tseung Kwan O Hospital 2.788***  0.819***  -0.066
(0.030)  (0.020)  (0.119)
Tuen Mun Hospital -0.289*** -1.857*** -1.691***
(0.040)  (0.023)  (0.101)
Tin Shui Wai Hospital -2.314*** -2.191** -0.373***
(0.042)  (0.023)  (0.096)
United Christian Hospital 2.696***  0.639*** 0.987***
(0.029) (0.018) (0.113)
Yan Chai Hospital 1.995** 0.803***  -0.171
(0.028)  (0.017)  (0.111)

Notes. Standard errors in parentheses. Alice Ho Miu Ling Nethersole Hospital is

excluded for identification.
* p<0.05, " p<0.01, ™ p<0.001
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Table A2 Latent Class Conditional Logit: Class Membership by 7 Geographical Districts

Triage 3 Triage 4 Triage 5 ‘ Triage 3 Triage 4 Triage 5
ED choice ‘ Class 1 membership
Classl Agel0 0.307 -0.235**  -0.403
Waiting time (hr)  -4.928"* -1.716"* -1.321"" (0.247)  (0.091)  (0.315)
(0.198)  (0.032)  (0.079) |Age20 1.063*** 0.641***  0.258
Membership shares 0.9% 3.5% 4.7% (0.159)  (0.060)  (0.249)
Class2 Age30 0.846*** 0.431**  -0.345
Waiting time (hr) 0 0 0 (0.157)  (0.061)  (0.266)
- - - Aged0 0.682*** -0.048"** -0.700**
Membership shares 99.1% 96.5% 95.3% (0.164)  (0.067)  (0.272)
Travel distance (km) -0.416*** -0.395*** -0.398*** | Age50  0.262  -0.330*** -0.943***
(0.001)  (0.001)  (0.002) (0.169)  (0.070)  (0.291)
Age60 -0.249 -0.870*** -2.125***
Model data statistics (0.185)  (0.088)  (0.478)
N 1,759,475 4,562,180 328,890 | Age70 -1.112°%* -2.190***
Visits 351,895 912,436 65,778 (0.218)  (0.183)
Patients 286,794 648,060 53,037 |HKE 1.157** 0.408*** -0.205
(0.285)  (0.096)  (0.461)
Travel distance/waiting time (km/hr) ratio HKW 1.137*** 0.688***  0.643
Class 1 11.9 43 3.3 (0.311)  (0.111)  (0.437)
KC -0.883  -0.605*** -1.801*
Class 2 0.0 0.0 0.0 (0.481)  (0.144)  (0.745)
KE 0.565* -0.631*** -1.218**
(0.284)  (0.107)  (0.439)
NTE  1.348** 0.631*** 1.295***
(0.260)  (0.077)  (0.300)
NTW 1.958** 1.111*** (.888**
(0.253)  (0.072)  (0.281)

Notes. Standard errors in parentheses. ED fixed effects and cross harbor controls are not shown.

HKE: Hong Kong Island East, HKE: Hong Kong Island West, KC: Kowloon Central, KE: Kowloon East,
NTE: New Territories East, NTW: New Territories West

* p<0.05, " p<0.01, *** p<0.001
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