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Problem definition: This work aims to examine the role of emergency department (ED) operational status related to
congestion in fast-track (FT) routing decisions and the subsequent effects on patient outcomes. Methodology/results: In
this paper, we utilize a two-year dataset from two hospital EDs in Alberta, Canada, and adopt an instrumental variable
(IV) approach to examine the effects of FT routing decisions on patient outcomes. Based on the empirical findings, we
utilize a data-calibrated simulation to compare the performance of different routing policies. First, our study reveals that
FT routing decisions are not purely clinical-driven, and ED operational status is also associated with FT routing decisions.
Second, being routed to FT can improve ED efficiency by reducing the average length of stay (LOS) and left without being
seen (LWBS) rates. However, this efficiency improvement comes at the cost of potential quality decline. In particular,
being routed to the FT leads to an 8.2% increase in the 48-hour revisit rate for the high-complexity group and a 2.3%
increase for the medium-complexity group. Third, we delve into the mechanisms behind observed patient outcomes and
find that physicians in the FT area may prioritize expediting patient flow by simplifying patient diagnosis and treatment
procedures. Consequently, the quality of care may be compromised for high- and medium-complexity patients. Finally,
our simulation findings highlight the importance of selecting the “right” patients to be routed to the FT unit. To this
end, the complexity-based classification method and dynamic routing policies emerge as promising avenues. Managerial
implications: Our findings call for immediate attention from healthcare practitioners to carefully balance the trade-off

between emergency care efficiency and quality, emphasizing the necessity of selecting the “right” patients for routing.
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1. Introduction

Emergency department (ED) congestion has been observed in many hospitals across the world and poses
critical challenges to both healthcare practitioners and policy makers. According to the National Center for
Health Statistics, 40%—50% of US hospitals have experienced ED congestion (Burt and McCaig 2006). As
a result, patients have to spend hours in the waiting area, leading to an increased risk of cross-infection,
mortality, and patient readmission (Guttmann et al. 2011). Hence, a crowded ED is more than a nuisance; it is
a threat to both individual patients and overall public health (Maa 2011). Many strategies have been proposed
to regulate patient flow and reduce ED congestion. Among these, fast-track (FT) has been highlighted by



the American College of Emergency Physicians (ACEP) as a high-impact initiative (Liu et al. 2013). In
particular, FT is a separate ED area that provides dedicated pathways aimed toward fast care delivery and
rapid discharge for patients with less urgent conditions, which becomes more prevalent in recent years and
has been implemented by nearly 80% of academic EDs in the US (Liu et al. 2013).

It is reasonable to expect that the adoption of FT might improve healthcare quality, for example, through
reduced patient revisits, if the FT routing decision can always select the “right” patients to be treated in the
FT. However, since the FT is a rigidly separated area, the mismatch between demand and supply in both the
FT and main areas can occur if the routing decisions are purely based on clinical conditions, which leads to
operational inefficiency. Particularly in a congested system, the workload in the two treatment areas can be
heavily unbalanced due to high demand variation. Therefore, the triage nurse, who serves as a “dispatcher”
and decides whether a patient should be routed to the main or FT area, may consider the ED operational
conditions in the FT routing decisions to better match healthcare resources with demands. As a result,
patients with similar clinical conditions might receive treatment in different ED areas (i.e., main vs. FT)
under different congestion conditions. This flexible approach may improve patient outcomes and operational
efficiency, contingent upon triage nurses’ ability to identify patients suitable for FT treatment and those at
low risk of unintended consequences. In essence, the success of this flexible approach depends on a careful
assessment of the trade-offs between potential risks and benefits. Therefore, this study aims to answer the
following three questions: (i) whether non-clinical factors such as ED congestion status are also associated
with the FT routing decision; (ii) whether potential adverse effects exist if being routed to the FT; and (iii)
what underlying mechanisms drive the differences in various outcomes due to the FT routing decision.

Moreover, so far, hospitals have not yet established consistent guidelines for determining which patients
should be routed to the FT, which might be due to the lack of a more comprehensive understanding of how
FT routing decisions impact patient outcomes as we discussed earlier. Upon arriving at an ED, a patient who
does not have life-threatening conditions is first triaged by the nursing staff, who (i) assigns the patient a
triage score that indicates the urgency level of the patient’s care needs and (ii) routes the patient to either the
main ED area, where most patients are treated, or to the FT area. Standard protocols have been established
for assigning triage scores, such as the Canadian Triage and Acuity Scale (CTAS), the most commonly used
triage protocol in Canada, and the Emergency Severity Index (ESI), commonly adopted in the US. Both
protocols are five-point scoring systems (1 to 5) with smaller numbers indicating higher levels of urgency.
However, neither of these protocols specifies the type of patients that should be routed to the FT. Hence,
EDs currently make FT routing decisions at their own discretion.

Some EDs adopt a flexible routing policy, under which triage nurses make routing decisions based on both
triage scores and other patient and ED factors (which is the practice in our study hospitals). On the other
hand, many EDs simply implement triage-score-based routing policies. Specifically, it has been observed in

both American (Peck and Kim 2010, Arya et al. 2013, Song et al. 2015) and Canadian EDs (Ding et al. 2019,



Al Darrab et al. 2006) that all (and only) patients of triage levels 4 and 5 are routed to the FT. Such a policy
is simple and easy to implement, but it is rigid and may lead to a mismatch between demand and supply in
different treatment areas. Meanwhile, flexible policies could route patients with similar clinical conditions to
different ED areas under different congestion conditions, of which the consequence is not clear. Therefore,
it is inherently important to establish managerial implications to guide FT routing decisions (Peck and Kim
2010), which is the third goal of this study.

To achieve our research goals, we obtain unique access to a two-year patient health record dataset from
two hospitals in Alberta, Canada, which have established dedicated FT areas. Our dataset is unique in that
the study hospitals adopt a flexible routing policy such that the FT routing decisions do not entirely rely
on triage scores; hence, patient and ED characteristics may also affect FT routing decisions, enabling the
investigation of our research questions. Our findings and contributions can be summarized as follows.

First, our work uncovers an important correlation between ED congestion and FT routing decisions
(i.e., the likelihood of being routed to FT) made by triage nurses. This finding suggests that FT routing
decisions are not purely clinical-driven, and operational factors related to ED congestion are also crucial
to the decisions made. As a result, it is possible that patients with similar clinical conditions might receive
treatment in different ED areas (i.e., main vs. FT) under different ED congestion conditions. This finding
calls for a more comprehensive examination of how FT routing decisions might impact patient outcomes.

Second, we find that being routed to FT can improve emergency care efficiency by reducing the average
ED length of stay (LOS) and left without being seen (LWBS) rates. Specifically, we find an average reduction
of 0.89 hospital hours in LOS and 1.5% of LWBS. This finding supports the merit of establishing the FT
area, that is, to provide fast care delivery and improve emergency care efficiency. However, we also find
that being routed to the FT can lead to an 8.2% increase in the 48-hour revisit rate for the high-complexity
group and a 2.3% increase for the medium-complexity group. These findings uncover an important trade-off
between care efficiency and quality assurance.

Third, we delve into the mechanisms behind observed patient outcomes. Our analysis reveals that routing
patients to the FT area leads to reduced waiting times for all patient groups, explaining the reduction in
LOS for all complexity levels. Moreover, the reduction in waiting time can also explain the decreased
LWBS rate for medium-complexity patients (Batt and Terwiesch 2015). We also observe a decrease in
physician interaction time for high- and medium-complexity patients, which offers a plausible explanation
for the decreased quality of care. Additionally, being routed to the FT area reduces the number of lab tests,
prescribed medications, and CT scans for patients across all complexity levels. These findings suggest that
FT physicians tend to simplify the diagnosis and treatment process for patients in the FT area. Consequently,
quality of care may be compromised for high- and medium-complexity patients in the FT area. In contrast,
low-complexity patients are easier to diagnose, minimizing the impact of simplified diagnostic procedures

in the FT area on their care quality.



Finally, drawing from our empirical results, we employ a data-calibrated simulation to assess the perfor-
mance of different routing policies, ranging from static policies based on our complexity-based classification
method or solely on triage scores for patient selection, to dynamic policies that balance the trade-off between
emergency care efficiency and quality. Our simulation results emphasize the importance of selecting the
“right” patients to be routed to the FT unit. In this regard, the complexity-based classification method and

dynamic routing policies emerge as promising avenues.

2. Literature Review

In recent years, studies on healthcare worker behaviors, especially in congested systems, have attracted
growing attention from the operations management (OM) community (KC et al. 2020a). Existing studies
have shown that healthcare workers respond to system congestion and heavy workload by varying their
behavior and rationing decisions, which leads to, among others, accelerated service (KC and Terwiesch
2009, Long and Mathews 2018), compromised patient safety (Kuntz et al. 2015), early task initiation (Batt
and Terwiesch 2016), higher referral rates (Freeman et al. 2017), increased post-ED care utilization (Soltani
et al. 2022), biased admission decisions (Kim et al. 2020), nurse absenteeism (Green et al. 2013), easier
task selection (KC et al. 2020b), elevated incidence of unnecessary hospital admissions (Freeman et al.
2021), and patient undercoding (Powell et al. 2012). Our study contributes to this stream of literature by
uncovering a positive relationship between emergency department (ED) congestion and fast-track (FT)
routing decisions. Therefore, despite that the purpose of FT is to provide fast care delivery to patients with
less urgent conditions, FT routing decisions are not purely clinical-driven, and operational factors related to
ED congestion are also critical in making the decision.

Our research also ties into studies on ED efficiency. For example, Batt and Terwiesch (2015) explore the
behavior of queue abandonment in EDs, Sun et al. (2020) examine the role of telemedicine in alleviating ED
congestion, Li et al. (2023) study the impact of ED blocking on patient prioritization, and Feizi et al. (2023)
investigate the effects of batch admissions on patients’ boarding times and the productivity of ED physicians.
Specifically, our study focuses on the impact of FT routing decisions on ED efficiency. Consequently, our
work is closely related to studies that empirically examine the impact of routing decisions in healthcare
settings (e.g., Kim et al. 2015, Chan et al. 2018, and Song et al. 2020). In particular, Kim et al. (2015)
investigate the impact of the routing decisions (i.e., admission or denied admission) to a hospital’s intensive
care unit (ICU) on patient outcomes. By quantifying the cost of denied ICU admission, they provide a
simulation framework to compare various admission strategies. Chan et al. (2018) empirically estimate the
costs and benefits associated with routing patients to the general wards, ICUs, and step-down units. Song
et al. (2020) study the off-service placement in hospitals, i.e., routing a patient to hospital beds designated
for a different service due to capacity constraints on the unit designed for this patient’s service needs.

Routing decisions in other healthcare settings have also been investigated. For example, Lu and Lu (2018)



probe the inter-hospital routing of heart attack patients, and Webb and Mills (2019) discuss how to increase
the pre-hospital triage adoption to route patients to appropriate care providers before transport to the ED.
Interested readers can refer to Section 3.3 in KC et al. (2020a) for a review of studies on patient routing
decisions in healthcare systems. Built upon earlier works, this paper contributes to the literature by studying
triage nurses’ FT routing decisions and examining their impact on emergency care efficiency and quality
assurance. In addition, we conduct a detailed mechanism analysis to explain the observed impact of FT
routing decisions on ED efficiency and quality.

Next, our work also relates to the literature on the speed-quality tradeoff, a crucial aspect highlighted
by our empirical findings and utilized in our simulations. This trade-off has been explored in a number of
contexts. Hopp et al. (2007) investigate systems featuring discretionary task completion involving a speed-
quality tradeoff and compare them to systems where task completion is non-discretionary. Drawing from
empirical evidence, KC and Terwiesch (2009) show that increased service speed, resulting from overload,
adversely affects the quality of care. Anand et al. (2011) subsequently investigate how service providers
manage the trade-off between service quality and duration, with a particular focus on its impact on service
rates, pricing decisions, and customer behavior in customer-intensive services. Li et al. (2016) explore a
similar speed-quality tradeoff in scenarios where customers exhibit bounded rationality. Our work builds
upon this literature to examine the speed-quality tradeoff involved in FT routing decisions faced by triage
nurses. Based on our empirical findings, we also use a data-calibrated simulation to assess different routing
policies and develop managerial insights that might help FT routing decisions.

Finally, the emergency medicine literature has investigated the effectiveness of introducing FT as an
initiative to improve ED front-end operations; see, for example, Sanchez et al. (2006), leraci et al. (2008) and
Grant et al. (2020). Some of these earlier medical studies have demonstrated a positive correlation between
the implementation of FT and improved ED efficiency through reduced average patient waiting times, length
of stay (LOS), and rates of left without being seen (LWBS); see a recent review of Grant et al. (2020) on this
stream of studies. However, these correlations are primarily based on retrospective cohort analysis, which
may lack rigor due to empirical limitations, such as potential temporal trends in before-after analyses and
uncontrolled patient-level characteristics or confounders. To address these issues, our work employs a more
detailed patient-level analysis, controls for patient characteristics, and uses an instrumental variable (IV)
approach to mitigate potential endogeneity concerns due to uncontrolled confounders. Furthermore, while
previous medical research has explored the effectiveness of implementing FT, these studies did not delve
into the potential underlying mechanisms, the relationship between ED congestion and FT routing decisions,
or the assessment of different routing policies. Therefore, our work contributes to this stream of literature by
(i) documenting an important correlation between ED congestion and FT routing decisions, (ii) providing a
comprehensive empirical analysis at the patient level using IV to uncover potential adverse effects of being

routed to FT, particularly in relation to the speed-quality tradeoft, (iii) examining the underlying mechanisms



behind the observed outcomes, and (iv) employing a data-calibrated simulation to evaluate different routing

policies and derive managerial implications that might help guide FT routing decisions.

3. Study Setting and Data

This section describes our study setting and the data used to conduct our analyses.

3.1. Patient Flow Process

We first describe our setting with details on the patient flow process in our collaborator hospitals. The two
emergency departments (EDs) adopt a similar patient flow process, depicted in Figure 1. Note that our
description is based on EDs in the Calgary zone of Alberta, Canada, and EDs of different regions may

operate differently. However, we believe that the key features are shared in most EDs.

Figure 1 A depiction of the ED patient flow process with the timeline of a patient’s care pathway.
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Upon ED arrival, patients are first assigned a triage score, following the Canadian Triage and Acuity Scale
(CTAS) protocol. The timestamps at the start and end of the triage process are referred to as triage start
and end times, respectively. The time duration between triage start and end is referred to as the triage time,
during which triage nurses assign triage scores and route patients to either the main ED or the fast-track (FT)
area. These two are separate treatment areas with dedicated care teams; however, they share the same pool of
attending physicians, send diagnostic orders to the same test center, and have similar equipment except that
the FT area has fewer beds and physicians. Specifically, in our collaborator hospitals during the study period,
the main ED area contains around 50 beds, while the FT area contains around 8 beds. A physician may work
in the main area in one shift and the FT unit at a different time; however, each physician is dedicated to one
area during any specific shift. In other words, the FT area is capable of treating patients of any urgency level
except for triage level 1 patients who need to be sent to the resuscitation room. During the study period, the
FT area operates 14 hours every day in the two EDs from 10 am to midnight.

After triage, patients remain in the waiting room until they are signed up by physicians, which marks the

start of the initial physician assessment. The period between triage end and initial physician assessment is



referred to as the patient waiting time. During this period, patients may leave the hospital without receiving
treatment. This behavior is referred to as patient left without being seen (LWBS) in the patient records.
When the ED treatment is completed, physicians make disposition decisions. After that, patients are either
discharged home or admitted to the hospital, and the corresponding time is the last contact time. Finally, the

period from the triage start time to the last contact time is referred to as the ED length of stay (LOS).

3.2. Data Description

Our data contain patient visit records from the EDs of two urban hospitals in Alberta, Canada, from August
2013 to July 2015. The average daily patient arrivals to the two EDs are 178.9 and 183.7, respectively; the
average daily traffic to the FT areas of the two EDs are 33.4 and 41.7, respectively. There are two 7-hour
shifts scheduled in the FT area and 13 shifts in the main area at both EDs during most of our study period.
Hence, the two hospitals are comparable in their patient volume and service capacity. Furthermore, since
the Canadian healthcare system is centralized, the two hospitals are managed by the same health authority
and have adopted the same health information system, which enables the combination of the data from the
two EDs. Our dataset before cleaning includes a total of 264,551 visits from 169,752 patients. Note that
a patient may have visited the EDs more than once during the study period. Each observation in our data
includes patient demographics (e.g., age and gender) and the details of their ED visits (e.g., chief complaint,
triage score, and attending physician ID).

We now discuss our data preparation process for empirical analysis. To start with, we exclude patient
visits that fall outside the FT operational hours (i.e., from midnight to 10 am), which leaves us with a total
of 203,974 observations (22.9% removed) from 139,830 patients. Subsequently, we exclude observations
with an LOS exceeding 48 hours, as such extreme cases could introduce bias into our results (Song et al.
2015). Note that only 299 observations in our dataset have LOS greater than 48 hours. Next, to avoid
potential issues associated with censored estimates (Kim et al. 2015, Song et al. 2020, Chan et al. 2018), we
remove observations from the first and last weeks of our study period, leading to the elimination of 3,595
observations (1.4% of the original data).

Furthermore, we exclude patients arriving at the ED through ambulance, as these individuals typically have
urgent healthcare needs requiring immediate attention from physicians. Additionally, we remove patients
with dispositions labeled as “left against medical advice” and “transferred” because those patients did not
receive care from their visits. However, we keep data on patients labeled as “left without being seen” to
facilitate analysis of the ED LWBS outcome. These two steps leave us with 147,369 observations (19.9%
of the original data removed) from 108,685 patients. Moreover, we exclude patients of triage level 1 (0.3%
of the original data), as their conditions are usually very urgent, requiring immediate care. The dataset after
this step (denoted as Dataset I) comprises 146,481 observations from 108,068 patients and will be used

for evaluating the impact of FT routing decisions on the ED LWBS outcome. Later in Section 5.4, we also



conduct a robustness check including patients with triage score 1 and show that our main results remain
consistent. Next, we exclude patients with the disposition “left without being seen,” denoted as Dataset I,
which includes 142,683 observations from 105,894 patients. Dataset II is used for the estimation of the LOS
outcome and patient classification in Section 4.4.

Finally, to analyze the 48-hour revisit outcome, we further exclude the admitted patients from Dataset II
because the likelihood of admitted patients revisiting the ED within 48 hours is expected to be substantially
lower as admitted patients receive continuing care in the inpatient unit. Consequently, combining discharged
and admitted patients in the analysis may underestimate the impact of FT routing on 48-hour revisits.
Additionally, our dataset does not contain hospital discharge information for admitted patients, which is
essential for calculating 48-hour revisits. As a result, we exclude admitted patients and this new dataset is
referred to as Dataset III which is our main dataset, consisting of 123,655 observations from 94,448 patients.
We employ Dataset I1I to assess the patient’s 48-hour revisit outcome. Furthermore, Dataset III is also used
for the mechanism discussion, involving outcome variables such as physician interaction time, waiting time,

lab tests, medications, CT scans, and X-ray tests, as elaborated in Section 5.3.

3.3. Choice of Variables
This section presents the choice of key variables used in our empirical analyses; see Table EC.1 in Appendix

A for the summary statistics of our main dataset (Dataset III).

3.3.1. Dependent Variables We consider three outcome measures: the 48-hour revisit rate, patient
LWBS rate, and patient LOS, denoted by Revisitss,, LWBS, and LOS, respectively. The variable Revisitssy,
equals 1 if the patient visited one of the two EDs within 48 hours after being discharged and O otherwise.
The 48-hour revisit rates are widely used in the healthcare literature to measure the quality of emergency
care (e.g., leraci et al. 2008, Trivedy and Cooke 2015, and Song et al. 2015). Later, we also consider a
robustness check with the 72-hour revisit rate in Section 5.4 and show consistent results. Furthermore, the
variable LWBS is assigned a value of 1 if the patient leaves the ED without being seen, and 0 otherwise.
Finally, as mentioned in Section 3.1, the variable LOS calculates the duration from the start of the triage

process to the last patient contact time.

3.3.2. Independent Variables The key variable of interest in our study is the FT routing decision for
patient i, denoted by FT;, which equals 1 if patient i is routed to the FT area and O otherwise. It is worth
noting that 0.3% of patients in our dataset were first routed to FT but received care in the main ED area. In
our empirical analyses, we considered these patients as being routed to the main area. This is because our
primary focus is on the impact of being routed and treated in the FT area, and these patients were ultimately
treated in the main area. However, we acknowledge that our ultimate goal is to examine the decision-making
process of triage nurses. Therefore, we later conduct a robustness check excluding this subset of patients and

show our main findings remain consistent; see Appendix EC.1.1.5.



In what follows, we discuss our control variables. We start with the system-level operational metric: the
area occupancy level during patient i’s treatment period, denoted by AvgOccTreated;. Following similar
ideas in Kim et al. (2015), Chan et al. (2018), and Song et al. (2020), we define the area occupancy level
as the time-averaged number of patients receiving treatment in the ED (excluding the focal patient i) during
patient i’s treatment.!

Next, we introduce the physician workload, denoted by Workload;, which is defined as the number of
patients who are under the care of patient i’s attending physician and have not yet received a disposition
decision at the time when patient i is assigned.2 We measure physician workload at the time of the focal
patient’s assignment, as this marks the crucial moment when the patient’s treatment plan is established. It
is important to note that all the previously dropped observations have been included in the calculation of
physician workload and area occupancy level. Next, we include two patient-level operational characteristics:
waiting time (WaitTime;) and triage time (TriageTime;). The waiting time is the period from the end of triage
to the time when patient i is picked up by a physician. The triage time is the period from the triage start to
end.

Finally, we include the following patient characteristics: age, gender, triage score, and chief complaints. To
account for the possible nonlinear effect of age, we use categorized age groups instead of numerical values.
We then use the triage score to control the patient’s urgency level. Besides, we control the heterogeneity
in patient health conditions within the same triage level using chief complaint codes, which are categorical

LR INT3

variables with 170 levels in our data, such as “abdominal pain,” “upper extremity injury,” and “shortness
of breath.” To reduce the dimension, especially for complaints with very few observations, we follow the
chief complaint classification protocol in Grafstein et al. (2003) and group the 170 complaints into 18 major
categories. Later in our robustness check, we also incorporate patients’ comorbidity information to show the

consistency of our main results.

4. Econometric Model

This section describes the econometric model and identification strategy used in our paper.

4.1. Baseline Econometric Model
Our paper aims to understand the impact of fast-track (FT) routing decisions on patient outcomes. The best
way to quantify the impact on these patient outcomes is through field experiments by randomly assigning

patients to either the main or FT area. However, this method is impracticable for various reasons, including

1 To explain the details of our calculation, suppose patient i receives care in the ED from 3 to 5 pm, during which four other patients
also receive care in the main area or FT (not necessarily for two hours). Assume the treatment of two of them overlaps with patient
i for two hours, one of them overlaps for one hour (say from 3 to 4 pm), and the last one also overlaps for one hour (say from 4 to 5
pm). Then, AvgOccTreated; = (22 +1+1)/2=3.

2 Suppose patient i is assigned to a physician at 11 am. The physician is responsible for the care of three other patients that have not
been discharged or admitted at 11 am. Then, the physician workload at the time when the focal patient is assigned is 3.
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ethical concerns. Therefore, we use observational data to answer this question instead. We start with the

following baseline econometric model for patient i:
Outcome; = BXi+YFT; +wp + T + 6, + &, (1)

where the dependent variable Outcome; represents either the binary outcome measures on 48-hour revisits
and LWBS, or the continuous outcome measure on LOS. The vector Xj includes the age group, gender, chief
complaint, triage score, and triage time of patient i. The variables wy, 7,,, and 6, represent the hospital,
month-year, and weekday fixed effects. The error term &; follows a standard normal distribution.

One may estimate Equation (1) and then interpret the estimated parameter y as the impact of being
routed to FT on patient outcomes. However, such an approach ignores that the FT routing decisions may
be endogenous due to factors tied to patients’ clinical conditions that triage nurses considered during their
decision-making process but are unobservable in our data, such as the patient’s mental state and pain
level.3 These unobserved clinical factors could simultaneously affect both the FT routing decisions and
patient outcomes, which raises endogeneity issues and can lead to omitted variable bias in the estimation
(Wooldridge 2012). We will provide a detailed discussion of the potential bias in Section 5.2. Next, we

discuss how we address this issue in our estimation.

4.2. Instrumental Variables

To address the endogeneity issue raised in Section 4.1, we adopt an instrumental variable (IV) approach.
A valid IV must satisfy two conditions: (i) it should be correlated with the endogenous variable (inclusion
condition), and (ii) it should not directly affect the dependent variable except through the endogenous
variable (exclusion condition). Following closely Kim et al. (2015) and Song et al. (2020), we propose an
ED congestion-related IV: the relative congestion level between the main area and the entire ED at patient
i’s triage start time, denoted by MEBusyRatio;.

To compute this variable, we first measure congestion levels in the main area, the FT area, and the entire
ED, denoted by MainCongestion, FTCongestion, and EDCongestion, respectively. This area congestion
measure is calculated as the area workload (total number of patients waiting and being treated) divided by
the area capacity. Area capacity is defined as the 95th percentile of the area workload distribution, where we
use the 95th percentile instead of the maximum to avoid observations under extreme situations (Kim et al.
2015).# The congestion measure here captures the extent to which the area workload takes up to its service

capacity. Based on these congestion measures, we compute our proposed IV on the relative congestion level

3 There are several possible ways in which patients’ mental health may correlate with routing decisions. First, patients exhibiting
anxiety, panic, or agitation may present with symptoms that mimic more severe conditions, which could decrease their chances
of being routed to the FT. Second, patients with mental health issues may have difficulty communicating their symptoms clearly,
potentially resulting in a misjudged severity of their conditions. Third, patients with severe mental health issues might need more
intensive observation and care for safety reasons, also reducing their likelihood of being routed to FT.

4 Note that we compute this capacity measure for each hospital separately.
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between the main area and the entire ED at patient i’s triage time. In the robustness check in Section 5.4, we
also consider an alternative congestion measure that adjusts the number of physicians on duty.

Next, we discuss the validity of this IV. We start with the inclusion condition. It has been shown in the
earlier work that healthcare admission controllers take into account hospital congestion or utilization when
making admission decisions; see, for example, Kim et al. (2015). Similarly, in our setting, when a patient
arrives at an ED, without explicit guidelines for FT routing decisions, a triage nurse may consider both
clinical and ED operational factors to decide where to route the patient during the triage process. Being
aware that a prolonged waiting time may increase the risk of adverse patient outcomes (Guttmann et al. 2011,
Maa 2011, Affleck et al. 2013), triage nurses may intentionally route patients to the FT area to reduce their
waiting time when the main area is busy, indicating a potential correlation between our relative congestion
measure and the FT routing decision. We further validate this inclusion condition statistically through the
first-stage regression results (see the estimation results in Table EC.5 in Appendix EC.1). Finally, we conduct
the weak identification test. The Cragg-Donald Wald F statistics reported for all the estimation equations
later described in Section 4.3 are greater than 16.38, which is the critical value of the Stock-Yogo weak IV
test (Stock and Yogo 2005). This result indicates that our identification is not weak.

Moving forward, we discuss the exclusion condition, i.e., the busyness ratio MEBusyRatio; affects patient
outcomes only through the FT routing decision. Our IV measures the relative congestion condition at the start
of triage and ideally only affects the FT routing decision, not patient outcomes post-treatment. However, one
may argue that the relative congestion condition at triage time might correlate with overall ED congestion
during the patient’s treatment, potentially affecting patient outcomes. Although our proposed IV is a relative
measure (i.e., the relative congestion level between the main area and the entire ED), we still cannot fully
rule out the possibility that this relative congestion measure might be correlated with the area congestion
during the patient’s treatment process.

To mitigate this, we introduce two important control variables in our estimation to block the indirect
impact of our proposed IV on patient outcomes through channels other than the FT routing decision. First,
following Kim et al. (2015), we control for the area occupancy level (AvgOccTreated;) during the focal
patient’s diagnosis and treatment period, which allows us to separate the impact of relative congestion on
the FT routing decision from its direct impact on patient outcome. This step is important as earlier work
(e.g., Kuntz et al. 2015, Long and Mathews 2018) has shown that area occupancy level might adversely
affect patient outcomes. Second, similar to the control on the area occupancy level, we also control for
the workload of patient i’s attending physician (Workload;) at the time when patient i was assigned to this
physician. Following a similar logic, this control variable allows us to separate the impact of relative area
congestion on the FT routing decision from its impact on physician behaviors. This is another important
step because earlier work (e.g., KC and Terwiesch 2009) has shown that increased physician workload leads

to their behavioral changes that might adversely affect patient outcomes.
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By controlling for AvgOccTreated; and Workload;, we ensure that the busyness ratio MEBusyRatio;
can only affect patient outcomes through the FT routing decision. It is worth noting that controlling for
AvgOccTreated; or Workload; helps alleviate the concern if the IV (MEBusyRatio;) and AvgOccTreated; or
Workload; are not highly correlated. Thus, we check the correlations and find that the variables MEBusyRatio;
and AvgOccTreated; (or Workload;) do not exhibit a strong correlation, with a low correlation coefficient of
only 0.052 (or -0.032).

To further validate the exogeneity of our proposed IV, we perform different analyses by regressing our IV
and various ED utilization metrics against observable patient severity measures, see Table EC.2 in Appendix
EC.1. We do not find any statistically significant association between our proposed IV (MEBusyRatio,) and
the observable patient severity factors. This further supports the exclusion condition and the validity of the
IV. Additionally, it is worth noting that other congestion measures (i.e., EDCongestion and MainCongestion)
exhibit statistically significant correlations with certain observable patient severity measures, indicating the
need for constructing the relative congestion measure.

Finally, it is important to note that the IV approach measures the local average treatment effect (LATE),
which essentially quantifies the average treatment effect for individuals whose treatments are influenced by
the instrument. In the context of our study, this implies that when employing the IV approach, we establish
a causal relationship between the FT routing decisions and the outcomes for patients whose FT routing

decision is affected by our IV (i.e., the relative congestion level between the main area and the entire ED).

4.3. Estimation

We examine three patient outcomes: one continuous variable (LOS;) and two binary variables (Revisit; and
LWBS;). The variable of interest here is the FT routing decision F7;. As mentioned earlier, F'7; could be
endogenous; hence, we adopt an IV approach to estimate its impact on patient outcomes. We remark that all
the continuous variables used in our estimation are standardized (i.e., subtract the mean and then divide by

the standard deviation).

4.3.1. Continuous Outcome Variable We start with the outcome LOS. Given that LOS; is a continuous
variable while the endogenous variable FT; is binary, employing a standard two-stage least squares (2SLS)
approach would treat the first stage as a linear probability model. This approach, although unbiased, may
result in potentially inefficient estimation. For more efficient estimation, we adopt a non-linear parametric
modeling approach to simultaneously estimate both the FT routing decision model and the patient outcome
model, as outlined in Chan et al. (2018). We first formulate the FT routing decision using a latent variable

approach as follows:

FT; = BX; + aMEBusyRatio; + Wp + Ty + 0; + &, 2

FT; =1{FT; > 0}, 3)
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where FT; is the latent variable associated with the binary outcome F7;. The vector X; includes the age
group, gender, chief complaint, triage score, and triage time of patient i. The variables wy, 7,,, and 6,
represent the hospital, month-year, and weekday fixed effects, respectively, and g; is the error term for the
FT routing model. We also include our IV (MEBusyRatio;) in the first stage.

Next, we estimate the impact of the FT routing decision on the patient outcome LOS using the following

second-stage equation:
log(LOS;) = B’X; + yFT; + 6AvgOccTreated; + kWorkload; + wp, + Ty, + 0, + &, (@)

where Xj includes same variables as in Equation (2). As mentioned earlier, we also control for the area
occupancy level (AvgOccTreated;) and the physician workload (Workload;). Similarly, variables wp,, T,,, and
0, represent the hospital, month-year, and weekday fixed effects, and &; is the error term for the outcome
model. Standard errors are clustered at the physician level. To account for the endogeneity of the FT routing
variable in Equation (4), we allow for the error terms &; and &; to be jointly distributed as a bivariate normal
distribution @, (&;,&;; p) with correlation coefficient p. Finally, we jointly estimate the FT routing decision
and outcome equations through the full maximum likelihood estimation (FMLE). The dependent variable

LOS; here is log-transformed due to the skewness concern of its distribution.

4.3.2. Binary Outcome Variables We next consider two binary outcome variables: Revisit; and LWBS;.
In these cases, both the endogenous variable (i.e., the FT routing decision) and the outcome variables
are binary. We follow Kim et al. (2015) and Chan et al. (2018) and use a nonlinear parametric model
approach to jointly estimate Qutcome; (i.e. Revisit; and LWBS;) and FT;. More specifically, we employ the
recursive bivariate probit model (see Maddala 1986 and Greene 2018), which contains two probit models

with correlated error terms as follows:

FT; = BXi + aMEBusyRatio; + wp + T, + 0; + &, ®)
FT; =1{FT; > 0}, (6)
0utcome:f =B'X;+vFT; + 0AvgOccTreated; + kWorkload; + nWaitTime; + wp + T, + 04 + i, @)

Outcome; = 1{Revisit; > 0}, (®)

where Outcome; represents Revisit; or LWBS;; and FT; and Outcome; are the latent variables associated
with FT; and Outcome;, respectively. The error terms &; and &; of the FT routing decision and patient
outcome models are jointly distributed following a bivariate normal distribution @; (g;, &;; p) with correlation
coefficient p. The vector X is the same as in Equation (4). Additionally, we control for the patient waiting
time (WaitTime;). It is worth noting that WaitTime; is not included in the LOS regression model in Equation

(4) because LOS; contains both WaitTime; and patient i’s diagnosis and treatment time (see Figure 1). If we
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control WaitTime; (equivalent to conditional on patient waiting time), Equation (4) examines the variation
in the diagnosis and treatment time only.

Note that LWBS patients did not receive treatment at EDs. Hence, when estimating LWBS;, we exclude
AvgOccTreated; and Workload; from the control variables as they are measured during the treatment period.
To control the ED congestion level, we introduce a new census variable denoted as Census;. Following the
approach outlined by Batt and Terwiesch (2015), we define Census; as the number of patients in the waiting
area where patient i is assigned at the moment when patient i is assigned to this area. Furthermore, the
WaitTime for a LWBS patient is defined as the time interval from the end of triage to the time when the
patient is identified as having left the ED, which is analogous to the offered wait variable defined in Batt and
Terwiesch (2015). Finally, we cluster standard errors at the physician level and estimate the model through
FMLE.

4.4. Patient Classification

As mentioned earlier, the FT area is designated to treat patients with less urgent and less complex health
issues so as to deliver care more quickly. However, triage nurses may consider both clinical and operational
factors when making routing decisions, given the lack of consistent guidelines for the FT routing process. As
a result, patients with similar clinical conditions might receive treatment in different ED areas (i.e., main vs.
FT) under different congestion conditions. It is thus unclear whether any hidden unintended consequences
may occur. Moreover, the impact of FT routing decisions might vary across patients of different complexity
levels. For instance, patients with high-complex conditions (who should be routed to the main area under less
congested situations) may have been routed to the FT area when the main area is highly crowded and may
experience adverse outcomes. On the other hand, patients with low-complex conditions might not experience
adverse effects or even benefit from being routed to the FT area. However, since there is no consistent
guideline for who should be treated in the FT area, such patient complexity categorization could be highly
varied across hospitals or even across triage nurses (especially when hospitals adopt a flexible routing policy
such as our studied hospitals). As such, similar to Chan et al. (2018), we consider a data-driven approach to
classify patients into different complexity categories.

In this regard, a patient streaming strategy based on predicted disposition (i.e., admitted to the hospital
vs. discharged from the ED) has been found to be successful by ED practitioners (O’Brien et al. 2006,
Kelly et al. 2007). Moreover, in the operations management (OM) literature, Saghafian et al. (2012, 2014)
demonstrate that streaming patients by the predicted disposition during the triage process can improve ED
performance. Following this line of work, we classify patients into different complexity levels based on their
likelihood of admission.

Specifically, we consider disposition decision as the outcome variable and estimate the following probit

model:
_ |1 (Admitted to the hospital) if 8, XP +¢; >0,

i = . . 9
{0 (Discharged home) otherwise, ©)
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where X? denotes a vector of readily available patient characteristics during the triage process, which include
triage score, age group, gender, and chief complaint. Additionally, ¢; represents the unobservable component
following a standard normal distribution.

We then create patient complexity classes by partitioning the fitted probability of admission (denoted
as M;) based on patient clinical characteristics collected during triage. The fitted probability M; here is
computed as M; = ®(8 b Xf), where £ p is the estimated 3, and ®(-) is the cumulative distribution function
of the standard normal distribution. Intuitively, the higher the fitted probability, the more likely the patient
would be admitted to the hospital, and hence, this patient is more likely to be classified as of a higher
complexity level.

Figure 2 depicts the fitted probability distribution for patients routed to the main and FT area, respectively.
We observe that most patients with a high value of M; were routed to the main area, whereas most patients
with a low value of M; were routed to the FT area. This observation is consistent with our intuition that
patients with a higher probability of being admitted to the hospital are likely to be higher-complexity patients
who should be treated in the main area. Nevertheless, we still observe a few patients with a high value of M;
who were routed to the FT area and vice versa. Therefore, we are interested in understanding whether any
hidden consequence exists for patients treated in the FT area but would have been routed to the main area in

a less congested ED.

Figure 2 Patient complexity classification based on fitted probability of admission for Main and FT areas.

| |
201 | | Main
| | Fast-Track (FT)
151 | |
2> |33rd | 67th
£ 10 | l
&1
5 | |
| |
01 I I
0.0 0.2 0.4 0.6

Probability of being admitted to the hospital
Note. Vertical dashed lines represent the 33rd and 67th percentiles of the overall distribution, dividing patients into
complexity classes. Patients with a high fitted probability of admission tend to be routed to the main area, while patients
with a low fitted probability of admission tend to be routed to the FT area. Each complexity class contains patients

from both areas, ensuring balanced and representative samples across all three levels of patient complexity.

Next, we consider the following complexity classification approach: a patient belongs to (i) the high-
complexity class if M; > t, (ii) the low-complexity class if M; < ¢1, and (iii) the medium-complexity class

if t; < M; < t», where the two thresholds 7; and 7, are determined based on the density function of the fitted
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probability M;. Following a similar logic as the thresholds choice in Chan et al. (2018), a larger 7, increases
the percentage of patients with M; > t, being routed to the main area; similarly, a smaller 7, increases the
percentage of patients with M; < f; being routed to the FT area. The goal of our selected thresholds (¢1, 7,) is
then twofold: (i) to balance the increasing percentage of patients in the high- (low-) complexity group being
routed to the main (FT) area while maintaining a large enough patient sample in each group for meaningful
statistical analyses and (ii) to facilitate generalizability to other hospital settings. Consequently, we set ¢ at
the 33rd percentile and 7, at the 67th percentile of M;, thereby dividing the patient population into three
groups of equal size. This division not only guarantees the generalizability of our results but also creates
well-balanced and representative groups across a range of patient complexities. Tables EC.3 and EC.4 in
Appendix EC.1 present the summary statistics of patient characteristics and outcomes (i.e., revisits, LWBS,
and LOS) for the three complexity classes. We can then estimate the impact of FT routing decisions on
patient outcomes based on patient complexity subgroups. Later, we also conduct robustness checks with

alternative choices of ¢; and 7, and show our empirical results remain consistent.

5. Estimation Results

In this section, we present our estimation results.

5.1. Correlation Between Operational Status and FT Routing Decisions

We start our discussion with the relationship between operational status and fast-track (FT) routing decisions.
In particular, we employ the probit model presented in Equation (2) which also serves as the first stage model
for the continuous outcome variables. Table 1 below presents the estimation results for all patients as well
as patients in each complexity group; see Table EC.5 in Appendix EC.1 for the full estimation results. In
addition, we also include the average marginal effect (AME) of MEBusyRatio; on the FT routing decision
FT; computed based on the estimated coefficients.>

Based on results in Table 1, we find that the coefficient of MEBusyRatio; is positive and significant
(p-value < 0.01) for all the analyses (i.e., full patient sample, high-, medium-, and low-complexity groups),
indicating a positive correlation between the relative congestion level of the main area to the entire ED and
the likelihood of being routed to the FT area. Specifically, based on the AME in Table 1, we find that one
standard deviation increase in MEBusyRatio; is associated with a 1.2% increase in the likelihood of being
routed to the FT area based on the full patient sample.

Moreover, this positive correlation varies across different patient complexity groups. In particular, one
standard deviation increase in MEBusyRatio; corresponds to a 0.6%, 1.4%, and 1.8% higher likelihood of
being routed to the FT area for the high-, medium-, and low-complexity groups, respectively. These results
5 To calculate the average marginal effect (AME) for continuous variable in this case, we first derive the marginal effect for each

observation in our dataset, which is the derivative of the probability of being routed to the FT area with respect to MEBusyRatio.
The AME is then the average of these marginal effects across all observations.
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suggest that FT routing decisions are not purely clinical-driven, ED operational status related to congestion
is also a critical factor in the FT routing decision-making process.

Given that MEBusyRatio; also serves as the instrumental variable (IV) to analyze the effects of being
routed to the FT, the heterogeneous effects observed across complexity groups may imply that the treatment
effect of FT routing could vary across different complexity groups. This suggests that our proposed IV
is not merely a random or weak proxy for treatment assignment; instead, it appears to have a meaningful
relationship with the treatment and outcomes within these specific patient subgroups. This observation
aligns with the previously mentioned Cragg-Donald Wald F statistics, which suggest that our identification
approach is not weak, providing further support for the robustness of our identification approach. Besides,
based on results in Table EC.5 in Appendix EC.1, we find that clinical factors, such as age group, triage

score, gender, and triage time, are also associated with FT routing decisions.

Table 1 Results on the correlation between operational status and the fast-track routing decisions.

All patients High-complexity Medium-complexity Low-complexity

MEBusyRatio  0.083"* 0.084" 0.093" 0.079"
(0.005) (0.013) (0.009) (0.007)
AME 0.012 0.006"* 0.014* 0.018"*
(0.001) (0.001) (0.001) (0.002)
N 142,683 46,600 48,772 46,789
Pseudo R 0.541 0.292 0.441 0.405

Notes. The estimation uses the probit model presented in Equation (2). Standard errors
in parentheses. AME stands for average marginal effect. Some observations are dropped
due to the perfect separation. See Table EC.5 in Appendix EC.1 for the full estimation
results. * p <0.10, ™ p <0.05, ** p <0.01.

5.2. Impact of FT Routing Decisions on Patient Outcomes
This section discusses our main results on the impact of FT routing decisions on patient outcomes. Table 2
presents results both with and without IV to illustrate the potential estimation bias without I'V. It is important
to note that the IV approach estimates the local average treatment effect (LATE), which essentially quantifies
the average treatment effect for individuals whose treatments are affected by the instrument. Additionally,
instead of the estimated coefficient of the FT routing variable FT; (y in Equations (4) and (7)), we present
the average marginal effect (AME) of FT; on each patient outcome variable for the interpretation purpose.
The estimated coefficient y can be found in Table EC.6 in Appendix EC.1, which presents the full estimation
results.

To start with, we consider analyses with all patients. From panel A of Table 2, we find that being
routed to the FT area reduces the average LOS (i.e., a negative AME of —0.388 with p-value < 0.01) and
the average rate of LWBS (i.e., a negative AME of —0.015 with p-value < 0.01). To understand the LOS

reduction in hours, we compute the predicted values of LOS when patients were routed to the FT versus
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main area using our estimation results, which gives us an average reduction of 0.89 hospital hours in LOS
(i.e.,4.02-3.13 =0.89). We remark that here we cannot directly interpret the LOS reduction in hours using
AME values in Table 2 because the dependent variable LOS is log-transformed and the AME measures
the marginal effect of log(LOS). As a result, we interpret our results using predicted values. For LWBS,
our analysis indicates that being routed to the FT reduces the occurrence of patients leaving without being
seen by 1.5% when considering the entire patient cohort. Additionally, when we estimate the effects of FT
routing on patient revisits using all patient data without accounting for variations in care needs across patient
complexity groups, we do not find statistically significant effects on Revisitsg,. However, as discussed earlier,
the impact of FT routing decisions may differ among patients with varying complexity levels. Therefore, we

proceed to investigate the effects based on patient complexity groups.

Table 2 The average marginal effect (AME) of being routed to fast-track on patient outcomes.

With IV Without IV
Outcome variables AME (SE) p (SE) Test p=0 AME (SE) Pseudo R? N
Panel A: All patients
Revisitagy, -0.004 (0.007) 0.009 (0.033) 0.778 -0.002 (0.004) 0.404 123,655
LWBS -0.015***(0.004) 0.000 (0.047) 0.996 -0.015*(0.001) 0.463 146,481
log(LOS) -0.388***(0.117) 0.035 (0.075) 0.640 -0.339"**(0.019)  0.247 142,683
Panel B: High-complexity patients
Revisitagy, 0.082** (0.035) -0.181** (0.075) 0.018 0.017** (0.007)  0.187 41,171
LWBS -0.012 (0.008) 0.275 (0.238) 0.272 0.001 (0.004)  0.235 48,404
log(LOS) -0.746"*(0.121) 0.123* (0.071) 0.086  -0.551"**(0.023)  0.105 47,122
Panel C: Medium-complexity patients
Revisitagy, 0.023* (0.013) -0.093* (0.049) 0.058 0.002 (0.005)  0.335 41,701
LWBS -0.020"*(0.007) 0.200** (0.095) 0.041 -0.006* (0.003) 0.365 49,858
log(LOS) -0.652**(0.072) 0.199"**(0.045)  0.000  -0.371"**(0.020)  0.194 48,772
Panel D: Low-complexity patients
Revisitagy, 0.003 (0.009) -0.085 (0.060) 0.163  -0.009**(0.004)  0.332 40,783
LWBS -0.007 (0.008) -0.131* (0.075) 0.086 -0.020"*(0.003)  0.346 48,219
log(LOS) -0.695"%(0.069) 0.308***(0.045) 0.000 -0.270"**(0.018)  0.212 46,789

Notes. Standard errors (SEs) clustered by the physician who conducted the initial assessment are shown in
parentheses. Controls not shown include patient characteristics, operational factors, and the fixed effects
(hospital, month-year, and weekday). The estimation of Revisitsg, and LWBS uses the recursive bivariate
probit model. The estimation of log(LOS) uses the non-linear parametric modeling approach. p is the
correlation between the error terms of the FT routing decision equation and the outcome equation.
*p<0.10, " p <0.05, ™ p <0.01.

5.2.1. Effects on Different Complexity Groups Panels B, C, and D in Table 2 present the impacts
of FT routing on high-, medium-, and low-complexity patient groups, respectively. First, we observe a
consistent reduction in LOS across all complexity groups. This is evident from the negative coefficients of
—0.746, —0.652, and —0.695 for high-, medium-, and low-complexity groups, respectively, all statistically

significant with p-value < 0.01. More specifically, high-complexity patients experience an average LOS
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reduction of 1.92 hours, medium-complexity patients 1.39 hours, and low-complexity patients 1.29 hours.
These reductions are calculated by comparing the predicted LOS values when patients are routed to the main
versus FT area using our estimation results. Moreover, for medium-complexity patients, being routed to the
FT reduces the likelihood of leaving without being seen by 2%.

However, the impact on the quality of care varies. Notably, we find that being routed to the FT area could
negatively affect the quality of care, leading to an 8.2% increase in the likelihood of 48-hour revisits for
high-complexity patients and a 2.3% increase for medium-complexity patients. Given that the IV approach
estimates the LATE, which primarily pertains to patients whose routing decisions are affected by the relative
emergency department (ED) congestion, it is likely that this subset of patients is more substantial within the
lower complexity groups and less so within the higher complexity groups. The results presented in Section
5.1 provide some evidence of this conjecture, showing a stronger correlation between relative ED congestion
and FT routing decisions for the low-complexity group, followed by the medium- and high-complexity
groups. In other words, patients in the lower complexity groups are more likely to receive the treatment
due to the instrument (i.e., relative ED congestion), and the reverse is true for higher complexity groups.
However, we notice significant negative effects on higher complexity groups, who are expected to be less
likely to receive the treatment. This observation suggests that for patients within the high- or medium-
complexity groups who are induced to receive the treatment due to the instrument, the treatment might have
a more substantial negative impact on their outcomes compared to individuals in the low-complexity group.
In fact, for low-complexity patients, we do not observe statistically significant effects on outcomes except
for LOS. These findings support the rationale behind introducing the FT area: to expedite the treatment of
low-complexity patients and improve operational efficiency without compromising the quality of care.

To sum up, these findings emphasize the need for hospital and ED managers to carefully balance the tradeoff
between care efficiency and quality, particularly for high- and medium-complexity group patients. The full
estimation results can be found in Table EC.6 in Appendix EC.1, which also reveal a positive correlation
between waiting time and 48-hour revisits. However, an extra hour of waiting is associated with only a 0.4%

increase in 48-hour revisits for high-complexity patients and a 1% increase for medium-complexity patients.

5.2.2. Discussion on the Likelihood Ratio Tests The third column of Table 2 shows the estimated
correlation p(SE) between the error terms of the FT routing decision equation and the outcome equation.
The fourth column of Table 2 presents the p-values of the likelihood ratio test results “Test p = 0” that
compares the log-likelihood of our full model with the sum of log-likelihood of two separate models. We can
see from panel B of Table 2 that for high-complexity patients, the p-values of the likelihood ratio test is less
than 0.05 for the 48-hour revisits and less than 0.1 for the LOS, indicating a strong endogeneity issue, which
also explains the difference between the results with and without IV. Similarly, for medium-complexity

patients, the likelihood ratio test indicates the existence of a strong endogeneity issue across all the outcome
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variables; see panel C of Table 2. Finally, for low-complexity patients, the likelihood ratio test suggests the
existence of endogeneity issues in the estimation of the LOS and LWBS outcome variables.

In addition, we can infer the direction of bias introduced by the unobservables based on the correlation
coefficient p between the first- and second-stage error terms presented in Table 2. Specifically, the unob-
servables will introduce a negative bias for Revisit since they are likely to exhibit a negative correlation
with fast-track routing decisions and a positive correlation with Revisit. This aligns with the negative and
significant value of p. Moreover, the unobservables introduce a positive bias for LOS and LWBS for high- and
medium-complexity patients, as indicated by the positive value of p. These results indicate the importance
of adopting an IV approach to get consistent estimates of the impact of FT routing decisions on patient

outcomes.

5.3. Discussion on the Mechanism

Our main results, as presented in Section 5.2, show that being routed to the FT area significantly reduces the
LOS for all complexity levels and LWBS for medium-complexity group patients. However, there are hidden
consequences for high- and medium-complexity group patients, as being routed to FT increases their revisit
rates. To investigate the underlying factors contributing to these results, we first analyze the components of
LOS, namely patient waiting time and physician interaction time with the patient. Subsequently, we delve
into the impact on ordered tests.

Our analysis begins with an assessment of the impact of FT routing decisions on patient waiting time
and physician interaction time, applying the models from Equations (2)—(4). The physician interaction time,
denoted by PhyTime, is measured as the actual interaction time a physician spent on this patient, derived
from the physician’s activity logs.® On average, these physician-patient interactions last about 26.4 minutes.
This approach excludes non-interactive periods such as the time duration when patients are going through
tests and waiting for results while the attending physician is caring for other patients, and thus provides a
more accurate measure of direct patient care time.” Additionally, the patient waiting time, i.e., WaitTime, is
measured as the period from the end of triage to the moment when this patient is picked up by a physician,
as explained in Section 3.3.2. Columns (1) and (2) in Table 3 present the estimation results for different
patient groups. The full estimation results are presented in Tables EC.7 and EC.8 in the online appendix.
Our analysis reveals that being routed to the FT area leads to a significant decrease in waiting time across
¢ Our data records the start time of each physician-patient interaction, including the initial assessment and all follow-ups, but does
not have the end time. Hence, we use the start time of the next activity as the end time of the current activity of the same physician.

Examples of subsequent activities indicating the conclusion of a physician-patient interaction include handovers and initial access
to other patients. The period between the start time and end time serves as an estimate of the interaction time.

7To further validate our mechanism results, we conducted additional analyses using an alternative measure of treatment time
(computed as LOS - Waiting Time). The results remain largely consistent with our findings based on physician interaction time.
We chose to use the physician interaction time as our measure because it provides a more granular representation of the actual time
spent in direct patient care. In this case, we can separate direct treatment time from the time required to conduct tests, allowing for
a clearer understanding of the factors contributing to our main empirical findings.
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all patient groups, explaining the reduction in LOS for all complexity levels. Moreover, the reduction in
waiting time can also explain the decreased LWBS rate for medium-complexity patients, which aligns with
the results in Batt and Terwiesch (2015).

Next, Column (1) indicates a reduction in physician interaction time (direct patient care time) for high-
and medium-complexity patient groups. The observed reduction in physician interaction time in the FT
area offers a plausible explanation for the decreased quality of care for both high- and medium-complexity
patients. To further understand underlying factors contributing to adverse effects on the quality of care, we
explore the following measures related to ordered tests: the number of lab tests, prescribed medications, and
diagnostic images (including CT scans and X-ray tests). These factors reflect the complexity of a patient’s
diagnosis and treatment process following their routing to a specific treatment area. Since all these factors
are count variables, we employ a negative binomial model to estimate the impact of the FT routing decision
while controlling for variables such as age group, gender, chief complaint, triage score, triage time, hospital
fixed effect, month-year fixed effect, and weekday fixed effect. Columns (3)—(6) in Table 3 present the
estimation results.

To begin with, we find that being routed to the FT area reduces the number of lab tests, prescribed medi-
cations, and CT scans for patients across all complexity groups. These findings suggest that FT physicians
tend to simplify the diagnosis and treatment process for patients in the FT area. However, it is worth noting
that FT routing leads to an increase in the number of X-ray tests for medium- and low-complexity patients.
One plausible explanation is that physicians working in the FT area may tend to order fewer CT scans, which
produce detailed and high-quality images, and instead opt for more X-ray tests, which are faster and less
expensive but provide less detailed information compared to CT scans. Physicians in the FT area understand
that the primary goal of the FT area line is for the fast delivery of care for less complex and less urgent
patients. Hence, they may prioritize expediting patient flow by simplifying patient diagnostic procedures.
Consequently, the quality of care may be compromised for high- and medium-complexity patients routed
to the FT area. On the other hand, low-complexity patients are often easier to diagnose compared to high-
and medium-complexity patients. Hence, the simplified patient diagnostic process in the FT area may have

a minimal impact on their quality of care.

Table 3 Estimation results for the potential mechanism.

6] 2 3 “) (&) (6)
PhyTime WaitTime LabTests  Medications CTScans  X-rayTests
High-complexity -0.224%*%  _1.680***  -4.906%** -1.327 %% -0.136%** -0.008
(0.109) (0.045) (0.105) (0.068) (0.014) (0.014)
Medium-complexity = -0.244%**  _1.156%** -3 322%** -0.842%*% -0.088***  (0.110%**
(0.061) (0.073) (0.074) (0.036) (0.007) (0.010)
Low-complexity 0.075 -0.493***  _2.036%*** -0.425%*%* -0.042%**  (0.166%**

(0.251) (0.084) (0.066) (0.019) (0.003) (0.011)
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5.4. Robustness Checks

This section briefly summarizes our robustness checks. To start with, we explore several alternative I'Vs,
including adjusting for area workload by dividing the number of physicians on duty in a particular area and
directly using the measure F7Congestion as an IV. We also consider alternative IVs calculated from different
time intervals (i.e., 0.5, 1, and 2 hours) prior to patient triage start time. Furthermore, we investigate additional
or alternative control variables. We conduct a robustness check by controlling for patient comorbidity
information and explore an alternative method for quantifying physician workload based on the number
of patients receiving care from physician p; during the treatment process of patient i. We also conduct an
additional analysis that controls for the ED congestion at the time when the attending physician makes the
disposition decision. Besides, we consider alternative patient classification cutoffs, alternative outcomes
with 72-hour revisits, and alternative samples, including the removal of extreme observations with triage
times longer than 17 minutes, the exclusion of patients who were first routed to the FT but then rerouted to
the main ED area, and the inclusion of patients with triage level 1. We also employ a matching approach
to create comparable patient samples between the main and FT areas. Finally, we consider alternative
model specifications by including physician and time-of-day fixed effects, as well as another robustness
check to incorporate the ED congestion when the attending physician makes disposition decisions and
physician workload into the patient classification model. Across all these robustness checks, our results

remain consistent. See Appendix EC.1.1 for details.

6. Comparison of Alternative Fast-Track Routing Policies

Based on the empirical results, we find that hidden consequences on patient outcomes might occur when
routed to the fast-track (FT) area. In this section, we build a discrete event simulation model to simulate the
emergency department (ED) patient flow process. The objective of the simulation is to compare different
routing policies and derive managerial implications to help guide FT routing decisions. To supplement this
section, we present the details of our queueing model in Appendix EC.1.2, the Markov decision process
(MDP) formulation in Appendix EC.1.3, the constrained MDP in Appendix EC.1.4, and additional simulation
results in Appendix EC.1.5.

6.1. Simulation Design, Input Modeling, and Validation
In this section, we describe the simulation design, input modeling, and validation in detail.

Patient Arrival. The patient arrival process is modeled as a nonstationary Poisson process with a time-
dependent rate based on hourly resolution. Upon each arrival, we sample a patient (with replacement) from
the corresponding set of patients that arrive at this time of the day in our dataset and assign this patient’s
characteristics (e.g., age, gender, and triage score) to the newly arrived patient in our simulation. We then

follow the approach in Section 4.4 to determine the patient’s complexity class.
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Patient Routing and Abandonment. Based on predefined routing policies (see more details in Section
6.2), patients will be routed to the main treatment area or the FT area, waiting in the corresponding queue.
The probability of patients left without being seen during waiting is calculated by our estimation model
outlined in Section 4.3.2. The FT area in our study hospitals operates from 10 am to midnight; hence, no
patients will be routed to FT outside this period. When the FT area closes at midnight, we assume that the
FT physician completes the treatment of the patient whose diagnosis is in process before they leave work.
Other patients waiting in the FT area are moved to the main area instantaneously.

Service Process. Physicians go to work according to a shift-based schedule. In the simulation, we use
the actual schedule from our study hospital. As a result, the number of physicians on duty is time-varying,
determined by the shift schedule (the FT area always has one working physician). We assume that physicians
do not idle if there are patients waiting to be seen. Physicians select the next patient to treat based on a
discrete choice model, in which a patient’s priority of being seen mainly depends on the triage score and the
current waiting time (each triage level is associated with a quadratic marginal waiting cost function, see, e.g.,
Ding et al. 2019). We acknowledge that existing studies have established the dependence of service times on
system states such as the physician workload; see, e.g., KC and Terwiesch (2009, 2012), Batt and Terwiesch
(2016), Berry Jaeker and Tucker (2016). Motivated by this literature, we consider a shift-hour-dependent
service rate, which is the number of new patients seen by a physician at the corresponding shift hour observed
from the data, as shift hours are crucial in determining service rates (Zaerpour et al. 2022). This level of
abstraction has been shown to be sufficient to generate dynamics that match the data from the ED process
(Ouyang et al. 2021).

Implementation and Validation. The simulation model is implemented in Python using SimPy 4.0.
For the purpose of model validation, we start the simulation with an empty ED and run 30 replications
with a replication length of 500 weeks (the first 100 weeks are identified as the warm-up period and thus
removed). The routing policy used in the simulation for validation is based on the estimated current routing
policy (Policy CP in Section 6.2). All parameters related to the inter-arrival time generation, service time
generation, and the current routing policy are estimated using data from one of our study hospitals from
January 2015 to July 2015, as the shift schedule was fixed during this period. We validate our simulation
model using data and see the detailed results in Appendix EC.1.5.

6.2. Alternative Fast-Track Routing Policies
In this section, we compare the performance of different fast-track routing policies by simulation. These
policies differ in their state dependency or the classification of patients that are routed to FT. It is worth
noting that the purpose here is not to propose routing policies that are readily implementable in EDs; rather,
our goal is to provide managerial implications for hospital FT routing decisions.

We first estimate the current routing policy implemented in our study hospitals, referred to as Policy

CP hereafter, which serves as a benchmark for other routing policies under consideration. The estimation
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adheres to the probit model in Equation (2). Note that Policy CP depends on both the patient’s characteristics
and ED system state (see estimation results in Section 5.1). We are interested in if better state-dependent
policies can be devised by leveraging our estimation results. Hence, we follow the procedure described in
Appendix EC.1.3 to model the FT routing decisions by a MDP formulation and solve for the optimal routing
policy numerically. We refer to this policy as Policy OP hereafter. Note that the MDP formulation assumes
aggregated patient arrivals and services at the daily level. Hence, the optimal policy for the MDP model is
not necessarily the optimal policy for our simulation setup which assumes time-of-day dependent arrival
and service processes. Nevertheless, we believe the structure of the optimal policy can provide insights into
the FT routing decisions.

Figure 3 illustrates the optimal policy used in the simulation study. From Figure 3, we observe that Class
1 (i.e., high-complexity) patients should almost always be routed to the main area, whereas it is optimal to
route Class 3 (i.e., low-complexity) patients to the FT area under most circumstances. The dynamic routing
mainly applies to Class 2 (i.e., medium-complexity) patients. Specifically, when the main area is significantly
more crowded than the FT area, it is optimal to route more patients of Class 2 to the FT area. For example,
it can reduce the waiting time of Class 2 patients by routing them to FT when there are 20 patients in the

main area and less than 4 patients in the FT area, which also eases the congestion level in the main area.

Figure 3 An illustration of the optimal routing policy (Policy OP) used in our simulation study.
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FT area aims toward fast care delivery and rapid discharge for patients with less urgent conditions. Hence,
it is imperative that the waiting time (or length of stay (LOS)) at FT and the severity levels of patients routed
to FT remain similar to that under the current practice (i.e., Policy CP). To align with the primary objective
of FT, we consider a constrained MDP formulation by adding a constraint on the queue length in the FT area
to the above-mentioned MDP model (see more details in Appendix EC.1.4). Interestingly, the policy from

the constrained MDP formulation shares the same structure as the MDP except that less patients are routed
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to the FT area (see Figure EC.1 in Appendix EC.1.4) so as to retain the fast delivery of service at FT. We
refer to the optimal policy of the constrained MDP as Policy COP hereafter.

Motivated by the insights from the structure of the optimal routing policy that it is better to route patients of
lower complexity to FT, we propose a static routing policy, referred to as Policy SP, as follows. Specifically,
we route a patient to FT if their predicted admission probability (defined in Equation (9)) is lower than a given
percentile; otherwise, the patient is routed to the main area. We adjust the percentile so that the proportion of
patients treated in FT is comparable to that under Policy CP. It is worth noting that the admission prediction
model only uses information collected during triage (such as age, gender, triage level, and chief complaints).
In fact, existing studies have shown that a patient’s disposition can be fairly accurately predicted using triage
information (see, e.g., Holdgate et al. 2007, Vaghasiya et al. 2014).

Finally, we also consider the policy that routes patients of triage levels 4 and 5 to the FT area, and patients
of triage levels 1-3 to the main area. We refer to this triage-score-based routing policy as Policy TP. Plausibly
due to its simplicity, the triage-score-based routing policy has been implemented in some Canadian EDs
(Ding et al. 2019, Al Darrab et al. 2006) despite the lack of understanding of its effectiveness. The percentage
of patients routed to FT under TP will be about 1.5% higher than that under Policy CP, which lead to higher
workload and congestion level, as shown by our simulation results in Table 4. To ensure a fair comparison,
we consider a modified policy (referred to as Policy TP-C hereafter) that routes the additional 1.5% patients

to the main area so that the workload under CP and TP-C are similar.

6.3. Discussion of Results

In this section, we compare the performance of alternative policies by simulation. We run the simulation
under each routing policy for 30 replications, where each replication has a length of 500 weeks with the first
100 weeks as the warm-up period. We calculate the 48-hour revisits, the average patient LOS, and the left
without being seen (LWBS) rate for each routing policy and include them in Table 4. The percentages of
patients routed to FT by their complexity or triage levels, the average queue length of FT, and the average
patient waiting time are also recorded in Table EC.9 in Appendix EC.1.5, which we believe can provide

further insights into the performance of each routing policy. We obtain the following observations.

Table4  The 95% confidence interval for the 48-hour revisits, LOS, LWBS, the percentage of patients routed to FT

under each routing policy, and the percentage reduction in the 48-hour revisits by using alternative policies over CP.

CP TP TP-C SP COP OP
Reduction in Revisits (%) -3.35+0.17 -2.82+0.12 1.82+0.16 3.24+0.14 3.75+0.13
Patient Revisits (%) 420+0.01 4.34+0.00 4.32+0.00 4.12+0.00 4.06+0.00 4.04+0.00
Average LOS (hours) 2.06+0.01 2.02+0.01 2.05+0.01 2.10+0.01 1.90+0.01 1.83+0.01
LWBS (%) 1.84+0.03 2.16+0.03 2.77+0.04 2.73+0.04 1.22+0.03 0.95+0.02

% of patients routed to FT 24.01 £0.02 25.49+0.03 23.92+0.03 23.46+0.02 24.44 +0.03 25.72+£0.03
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Figure 4 Percentage reductions in the 48-hour patient revisits for the alternative routing policies over CP.
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Note. This figure shows box plots representing percentage reductions in 48-hour patient revisits for different routing
policies compared to policy CP. Each box plot displays the median (red line), interquartile range (blue box), and outliers

(red ’+ symbols). The whiskers extend to the most extreme data points not considered outliers.

Observation 1. (i) The forward-looking policy OP performs the best among all the routing policies in terms
of reducing the 48-hour patient revisits, the average LOS, and the LWBS rate; (ii) Policy COP outperforms
CP and all static routing policies (SP, TP, TP-C) while maintaining fast delivery of care at FT.

Our simulation results reveal that the fine-tuned state-dependent policy OP (devised based on the MDP
formulation) reduces the 48-hour patient revisits over the current routing policy used in our study EDs
(Policy CP) by 3.75%. The LWBS rate decreases from 1.84% under CP to 0.95% under OP. At the same
time, Policy OP reduces the average LOS of all patients by 11.2%, compared to CP. However, our results
also show that 25.72% patients are routed to the FT area under OP, whereas the FT area treats 24.01%
patients under CP. As a result, the average LOS for FT patients increases from 1.84 hours to 2.25 hours, i.e.,
FT patients stay in the ED 24.6 minutes longer under OP, which undermines the primary objective of setting
up an FT area and also motivates Policy COP.

By adjusting the constraint in the constrained MDP formulation, we make sure that the percentage of
patients routed to FT and the average LOS of FT patients under Policy COP are similar to that under Policy
CP (i.e., 24.44% vs. 24.01% and 1.85 hours vs. 1.84 hours, respectively). Although COP performs slightly
worse than OP (in terms of revisits, LOS, and LWBS), it surpasses policy CP and all static routing policies
(SP, TP, TP-C) in performance by a significant margin. A closer look at Policy COP further finds that
compared to Policy CP, patients of higher complexity level or higher urgency level (i.e., smaller triage score)
are routed to FT less frequently, which may explain the reduction in revisits under Policy COP (see Table
EC.9 in Appendix EC.1.5).

Hence, we conclude that a forward-looking state-dependent policy can improve over the current routing

policy in practice while maintaining the primary objective of FT—delivering fast care to patients with minor
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conditions. Note that our empirical results have shown that Policy CP also takes account the system state
information, particularly the relative congestion levels between the main area and FT. It is plausible that

triage nurses are not forward-looking and only considers the current state information under Policy CP.

Observation 2. (i) The static policy SP reduces the 48-hour patient revisits over CP; (ii) The triage-score-

based static policies TP and TP-C perform worse than all other policies under consideration.

The results on SP and TP-C—both are static routing policies—are of particular interest because the
percentage of patients routed to FT under them is similar to that under policy CP. The simulation results
show that Policy SP can reduce the 48-hour patient revisits over CP by 1.84%. On the other hand, the
triage-score-based policy TP-C increases patient revisits (compared to CP) by 2.8%, which implies that
patient classification based on their level of complexity can pick more suitable patients to be routed to FT
to reduce patient revisits and improve patient outcomes. It is interesting to note that the average LOS of
FT patients under SP and TP-C is longer than that under CP despite that the FT area treats slightly fewer
patients under SP and TP-C (the results on patient LWBS rates are similar as LWBS depends heavily on
patient waiting time). A plausible explanation is that SP and TP-C are the only policies that do not consider
ED congestion levels in the routing decisions. Note that Policy TP actually routes more patients to FT than
CP, which does not facilitate a fair comparison. We include the results on TP in Table 4 just for reference.

Finally, we discuss the insights from the comparison results and provide managerial implications to
potentially help guide ED FT routing decisions. First of all, due to the hidden consequences of FT routing
decisions, triage nurses should be more cautious and choose the “right” patients to route to FT. Our
complexity-based classification method provides an option for hospital management to consider. Secondly,
forward-looking state-dependent policies perform the best. The intuition is that the dynamic routing policy
benefits from the server pooling effect, which, to a certain extent, makes up the “anti-pooling” deficit from
setting up the FT area by placing physicians (also nurses and beds) into separate areas with dedicated queues.
Lastly, despite being a popular policy in practice, routing patients purely based on their triage scores is not
recommended, and one potential drawback is the lack of accounting for the dynamics of ED congestion

(compared to COP).8

7. Conclusion and Future Research

This paper studies the role of operational factors related to emergency department (ED) congestion in fast-
track (FT) routing decisions and the subsequent impact of being routed to FT on patient outcomes using
data from two Canadian EDs. The purpose of introducing an FT area is to reduce the waiting time for less
urgent and less complex patients. However, the FT area forms a separate queue with a fixed allocation of
8 It is, however, important to note that this finding is based on data from hospitals where the Canadian triage system (i.e., CTAS) is
used and one should be cautious when extending the results to other triage systems such as the ESI. For example, CTAS focuses on

the urgency of patients’ medical conditions and does not consider the anticipated resource needs (unlike ESI, see, e.g., Gilboy et al.
2012). As a result, the efficacy and relevance of the triage-score-based routing policy in hospitals using the ESI system might vary.
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medical resources, which may create the “anti-pooling” effect, as Saghafian et al. (2012) cautioned in their
study. Triage nurses, the decision makers of FT routing, are aware of the congestion levels at both the main
and the FT areas. Hence, it seems to be an intuitive and sensible decision to route patients who would be
sent to the main area when the ED is less congested into the FT area when the main area is significantly
more crowded, so as to reduce their waiting times. In fact, we find a positive correlation between the ED
congestion level and the likelihood of being routed to the FT area. To a certain extent, routing decisions based
on congestion levels achieve resource pooling between the main area and FT. Indeed, our results show that
the congestion-dependent routing practice in our study EDs improves efficiency by reducing patient length
of stay (LOS) and left without being seen (LWBS). Through a detailed mechanism analysis, we find that
the reduction in LOS is attributed to a combination of factors, including decreased waiting times, reduced
physician interaction times, and a simplified patient diagnostic process. Moreover, the decline in the rate of
LWBS could be driven by the reduction in waiting times.

However, through a subgroup analysis based on patient complexity classification, we uncover a hidden
consequence of the congestion-influenced FT routing decisions that the 48-hour revisits increase by 8.2%
for the high-complexity group and by 2.3% for the medium-complexity group. Therefore, we advise caution
since it has unintended consequences on the quality of care, especially for patients with more complex care
conditions. Our mechanism analysis further reveals that this unintended consequence could be driven by
the simplified patient diagnostic procedures and reduced physician interaction time. Being aware of this
important trade-off between care efficiency and quality, we evaluate the performance of different routing
policies through simulation studies. Our results show that a better-informed routing policy can improve both
care efficiency and quality of care compared to the current routing policy in our study hospitals. Interestingly,
the triage-score-based policy, which routes all (and only) patients with triage scores 4 and 5 to the FT area,
performs the worst among all the policies under consideration, despite its prevalent use as a guideline for
making FT routing decisions in many hospitals. Our work, therefore, calls for attention from healthcare
decision makers to carefully balance the trade-off between efficiency and the quality of care when making
FT routing decisions.

As more hospitals have implemented FT areas in their EDs, it becomes increasingly important to establish
consistent and evidence-based guidelines for FT routing decisions. Our study serves as an important step
towards this goal. In what follows, we discuss some limitations of our study and point out opportunities for
future research. First, our study focuses on two Canadian EDs where the main area and FT area share the same
pool of physicians. While we believe many EDs have similar settings to ours (Ding et al. 2019, Al Darrab et al.
20006), we note that the staffing of FT areas in some hospitals can be different. For example, the ED studied by
Sanchez et al. (20006) staffed physician assistants and nurse practitioners to provide care for patients routed to
FT. Therefore, our results may not be directly applied to those hospitals, and it would be valuable to conduct

analyses using data from more hospitals based on our framework. Second, we stratify patients into three
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complexity classes based on their predicted dispositions. It would be of interest for future studies to examine
other classification methods that reflect patients’ heterogeneous care needs from alternative perspectives.
Finally, in our simulation study, we consider a shift-hour-dependent service rate. We recognize that a more
precise system-state-dependent service rate could incorporate a physician’s workload state, provided that the
instantaneous workload could be accurately tracked. However, this modeling approach would require more
granular data on physician-patient interactions, which is beyond the scope of our current dataset. Future
research with more granular data might consider extending our simulation framework to include features

such as a workload-dependent service rate.
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Online Appendix to “Emergency Care Efficiency vs. Quality: Uncovering
Hidden Consequences of Fast-Track Routing Decisions”

Appendix EC.1. Tables

Table EC.1 Summary statistics of key variables for Dataset Ill.
Main Area Fast-Track Area
Variables Mean SD Min Max Mean SD Min Max
Patient Outcomes
Revisitygy, (%) 6.63 2488 0 100 389 1935 O 100
LOS (in hours) 449 290 0.15 40.23 2.80 1.70 0.20 2547
Operational Characteristics
EDCongestion 0.78 0.14 0.13 1.31 0.79 0.14 0.14 1.30
MainCongestion 0.78 0.14 0.13 1.32 0.78 0.15 0.15 1.32
FTCongestion 0.60 0.27 0.00 2.00 0.59 027 0.00 191
AvgOccTreated 058 021 0.00 1.30 048 023 0.00 1.25
WaitTime (in hours) 1.56 125 0.00 17.64 1.34 095 0.00 997
PhyTime (in hours) 046 031 0.02 145 039 028 002 1.44
TriageTime (in minutes) 450 1.88 0.62 4343 3.82 1.62 070 49.22
Diagnostic Tests
X-rayTests 036 0.66 0.00 11.00 054 0.82 0.00 7.00
CTScans 0.16 042 0.00 8.00 0.04 021 0.00 7.00
LabTests 3.82 341 0.00 52.00 0.57 1.72 0.00 38.00
Medications 1.92 244 0.00 32.00 0.62 1.15 0.00 19.00
Instrumental Variable
MEBusyRatio 1.00 0.06 0.64 1.15 1.00 0.06 0.63 1.15
Physician Characteristics
Workload 3,59 236 0.00 18.00 2.69 1.80 0.00 14.00
Patient Characteristics
Gender (Male %) 40.83 49.15 O 100 5543 4970 O 100
Age group (%)
0 to 25 years 18.02 3844 O 100 21.51 41.09 O 100
25 to 40 years 30.80 46.17 O 100 29.64 4567 O 100
40 to 55 years 22.18 4154 0 100 22.14 4152 0 100
55 to 70 years 17.03 3759 O 100 17.12 37.67 O 100
Over 70 years 11.97 3246 0 100 9.58 2943 0 100
Triage score (%)
CTAS 2 3554 4786 O 100 15.13 3584 O 100
CTAS 3 44.68 4972 0 100 3726 4835 O 100
CTAS 4 15.06 3576 O 100 33.12 47.06 O 100
CTAS 5 473 2122 O 100 1449 3520 O 100
N 85,091 38,564

Notes. SD = standard deviation; CTAS = Canadian Triage and Acuity Scale.
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Table EC.2 Results for exogeneity of ED utilization as an IV.

MEBusyRatio EDCongestion MainCongestion — FTCongestion

Age group in years (Base=0-25)

25-40 0.007 —-0.0003 —-0.00005 -0.003
(0.008) (0.001) (0.001) (0.002)

40-55 0.007 0.002** 0.003*** -0.002
(0.008) (0.001) (0.001) (0.002)

55-70 0.004 0.004** 0.004** 0.001
(0.009) (0.001) (0.001) (0.002)

> 170 0.001 0.006*** 0.006%** 0.002
(0.010) (0.001) (0.001) (0.003)

Triage score (Base=CTAS 2)

CTAS 3 —-0.006 -0.002*** -0.002** —-0.0004
(0.006) (0.001) (0.001) (0.002)

CTAS 4 -0.004 —0.005"** —0.005"** —-0.003
(0.008) (0.001) (0.001) (0.002)

CTAS 5 -0.015 -0.006"** -0.007*** —-0.003
(0.012) (0.001) (0.001) (0.003)

Gender (Base=Female)

Male 0.002 —-0.001 —-0.001 —-0.001
(0.005) (0.001) (0.001) (0.001)
N 142,683 142,683 142,683 142,683

R? 0.042 0.294 0.299 0.071

Notes. The regression models also control for the chief complaint, month-year, and weekday fixed effects.

Standard errors in parentheses. *p<0.1; **p<0.05; **p<0.01.

Table EC.3 Summary statistics for patients of different complexity classes (Dataset Il).

High-complexity Medium-complexity Low-complexity
Mean SD Min Max Mean SD Min Max Mean SD Min Max
Age (years) 60.03 17.56 0.00 106.50 41.34 17.57 0.00 10420 33.90 15.63 0.00 100.30

Gender (Male %)  54.83 49.77 0.00 100.00 38.89 48.75 0.00 100.00 44.94 49.74 0.00 100.00

Triage score (%)

CTAS 2 57.21 49.48 0.00 100.00 26.78 44.28 0.00 100.00 11.35 31.72 0.00 100.00
CTAS 3 37.62 48.44 0.00 100.00 56.35 49.60 0.00 100.00 32.33 46.77 0.00 100.00
CTAS 4 420 20.05 0.00 100.00 14.06 34.76 0.00 100.00  38.88 48.75 0.00 100.00
CTAS 5 0.97 9.81 0.00 100.00 2.81 16.52 0.00 100.00 17.44 37.95 0.00 100.00

Notes. SD = standard deviation; CTAS = Canadian Triage and Acuity Scale.
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Table EC.4 Summary statistics for patient outcomes of different complexity classes.

High-complexity Medium-complexity Low-complexity
Main Area Fast-Track Main Area Fast-Track Main Area Fast-Track
Dataset Mean (SD)  Mean (SD) Mean (SD) Mean (SD) Mean (SD)  Mean (SD)
LWBS (%) I 1.74 (13.08) 0.60(7.70) 3.37(18.05) 0.71(8.40) 6.30(24.29) 1.09 (10.38)
LOS (hours) I 574 (3.43) 3.49(2.25) 4.58(2.96) 3.24(2.04) 3.70(2.50) 2.71(1.65)
Revisitagp (%)  III  6.65(2491) 6.80(25.17) 7.38(26.14) 5.18(22.16) 5.09(21.97) 3.27(17.79)
Notes. SD = standard deviation; LOS = length of stay; LWBS = left without being seen.

Table EC.5 Full results on the correlation between operational status and FT routing decisions.

All patients High-complexity Medium-complexity Low-complexity

MEBusyRatio 0.083"** 0.084** 0.093** 0.079**
(0.005) (0.013) (0.009) (0.007)
Age group in years (Base=0-25)
25-40 -0.082* -0.037 -0.039 -0.076**
(0.015) (0.122) (0.036) (0.018)
40-55 -0.123* -0.336* -0.082" -0.079*
(0.016) (0.122) (0.042) (0.023)
55-70 -0.192* -0.478* -0.128* -0.021
(0.017) (0.124) (0.051) (0.031)
>70 -0.346"" -0.564*** -0.254* -0.164*
(0.019) 0.127) (0.065) (0.054)
Triage score (Base=CTAS 2)
CTAS 3 0.524"** 0471 0.612** 0.345"*
(0.014) (0.031) (0.029) (0.029)
CTAS 4 0.884"** 0.821** 0.972* 0.653*
(0.016) (0.055) (0.045) (0.030)
CTAS 5 0.954" 1.187* 1.264* 0.653*
(0.020) (0.083) (0.067) (0.034)
Gender (Base=Female)
Male 0.201"* 0.051* 0.200*** 0.296™*
(0.010) (0.025) (0.020) (0.015)
Hospital (Base=ED A)
EDB -0.077* -0.054* -0.117% -0.060*
(0.010) (0.024) (0.018) (0.015)
TriageTime -0.188* -0.152% -0.169*** -0.212%
(0.006) (0.013) (0.010) (0.008)
N 142,683 46,600 48,772 46,789
Pseudo R* 0.541 0.292 0.441 0.405

Notes. Standard errors in parentheses. Some observations are dropped because of the perfect separation.
*p<0.10,* p <0.05, ™ p <0.01
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Table EC.6 Complete estimation results of the effects of FT routing on patient outcomes.

All patients High-complexity Medium-complexity Low-complexity
Revisityg, LWBS 1log(LOS) Revisitygy, LWBS log(LOS) Revisitsg, LWBS 1og(LOS) Revisityg, LWBS 1og(LOS)

FT -0.037 -0.341*** -0.388*** 0.475"** -0.475** -0.746*** 0.181"* -0.443*** -0.652*** 0.033  -0.117 -0.695***
(0.068) (0.112) (0.117) (0.160) (0.212) (0.121) (0.091) (0.095) (0.072) (0.113) (0.129) (0.069)
Age group in years (Base=0-25)

25-40 0.108*** -0.053** 0.080*** -0.012 -0.059*** 0.088*** 0.068** -0.068*** 0.053*** 0.178*** -0.034*** 0.062***
(0.020) (0.008) (0.008) (0.040) (0.021) (0.028) (0.030) (0.012) (0.014) (0.030) (0.008) (0.010)
40-55 0.047* -0.192°* 0.172*** -0.110** -0.205*** 0.169*** -0.000 -0.230*** 0.136*** 0.195*** -0.137*** 0.126***
(0.024)  (0.025) (0.008) (0.043) (0.036) (0.029) (0.046) (0.034) (0.017) (0.038) (0.016) (0.012)
55-70 0.048* -0.359%** 0.249*** -0.137** -0.367*** 0.248"* -0.006 -0.359*** 0.232*** (.243*** -0.348*** (.153***
(0.026)  (0.046) (0.009) (0.043) (0.053) (0.029) (0.056) (0.050) (0.022) (0.048) (0.035) (0.014)
> 70 0.118** -0.560** 0.373** -0.058 -0.588*** 0.391** 0.043 -0.501*** 0.336™* 0.322*** -0.532*** 0.169***

(0.028) (0.072) (0.014) (0.049) (0.076) (0.032) (0.078) (0.068) (0.029) (0.112) (0.065) (0.028)
Triage score (Base=CTAS 2)

CTAS 3 -0.064*** 0.196*** -0.082*** -0.126"** 0.240*** -0.086™** 0.007 0.158*** -0.021  -0.072 0.159*** 0.008
(0.016) (0.030) (0.009) (0.024) (0.034) (0.010) (0.035) (0.027) (0.013) (0.064) (0.024) (0.015)
CTAS 4 -0.190*** 0.369*** -0.189*** -0.212*** 0.506*** -0.286™** -0.110* 0.354*** -0.124™* -0.226"** 0.322*** -0.022
(0.019) (0.057) (0.020) (0.052) (0.072) (0.024) (0.057) (0.055) (0.023) (0.064) (0.048) (0.018)
CTAS 5 -0.250"** 0.566*** -0.239*** -0.353"** 0.527*** -0.316"** -0.120 0.606*** -0.220*** -0.269"** 0.515*** -0.039**

(0.028) (0.081) (0.028) (0.103) (0.083) (0.046) (0.077) (0.089) (0.038) (0.076) (0.069) (0.018)
Gender (Base=Female)
Male -0.020  0.030*** -0.015** 0.000  -0.009 -0.009 -0.082*** 0.063*** -0.021** 0.033  0.030** 0.000
(0.013) (0.006) (0.006) (0.020) (0.007) (0.008) (0.027) (0.012) (0.009) (0.029) (0.012) (0.009)
Hospital (Base=ED A)
EDB 0.115*** -0.302*** -0.144*** 0.101*** -0.333*** -0.158"** 0.179*** -0.330*** -0.146"** 0.069** -0.256*** -0.129***
(0.019) (0.082) (0.029) (0.027) (0.082) (0.030) (0.024) (0.088) (0.030) (0.029) (0.083) (0.035)
TriageTime 0.005 -0.034*** 0.063***  0.010 -0.034*** 0.065*** -0.004 -0.034*** 0.056*** 0.037** -0.039*** 0.039***
(0.007) (0.006) (0.004) (0.011) (0.007) (0.004) (0.010) (0.006) (0.005) (0.015) (0.009) (0.006)

Workload 0.012* 0.024*** 0.024** -0.001  0.020* 0.031*** -0.029*** 0.044***
(0.007) (0.009) (0.010) (0.007) (0.012) (0.010) (0.011) (0.013)
AvgOccTreated 0.032*** 0.385***  -0.017 0.361***  0.023* 0.414*** 0.088*** 0.374%**
(0.008) (0.008) (0.015) (0.012) (0.012) (0.009) (0.011) (0.011)
WaitTime 0.056*** 0.079*** 0.031%** 0.094*** 0.088*** 0.083*** 0.040***  0.054**
(0.007)  (0.020) (0.009) (0.018) (0.011)  (0.018) (0.014)  (0.024)
Census 0.338*** 0.268*** 0.333*** 0.415%**
(0.046) (0.037) (0.049) (0.056)
N 123,655 146,481 142,683 41,171 48,404 47,122 41,701 49,858 48,772 40,783 48,219 46,789
Pseudo R? 0.404 0463  0.247 0.187 0235  0.105 0.335 0.365  0.194 0.332 0346  0.212

Notes. Standard errors in parentheses. CTAS = Canadian Triage and Acuity Scale.

* p<0.10,** p <0.05, " p <0.01
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Table EC.7 Estimation results for the impact of the FT routing decisions on the numbers of lab tests, medication

orders, and CT scans across patients of different complexity levels. (DataSet ll)

High-complexity
LabTests Medications CTScans

Medium-complexity

LabTests Medications CTScans LabTests Medications CTScans

Low-complexity

FT -1.119"*  -0.585"** -0.684*** -1.088*** -0.538*** -0.773*** -1.479*** -0.564*** -0.798***
(0.023) (0.030) (0.069) (0.022) (0.022) (0.060) (0.032) (0.024) (0.064)
Age group in years (Base=0-25)
2540 years 0.208***  0.262**  0.597** 0.138"**  0.081™*  0.344™* 0.257**  0.211"*  0.276"*"
(0.021) (0.028) (0.090) (0.019) (0.019) (0.050) (0.029) (0.021) (0.058)
40-55 years 0.271***  0.328**  0.978"* 0.223**  0.128"*  0.598"* 0.547** 0.238"* 0477
(0.021) (0.028) (0.087) (0.025) (0.026) (0.061) (0.040) (0.029) (0.076)
55-70 years 0.318"*  0.230"*  1.039"* 0.365"*  0.088™  0.766™* 0.676"* 0.064 0.588"*
(0.021) (0.028) (0.088) (0.036) (0.037) (0.084) (0.054) (0.042) (0.100)
>70years  0.410"*  0.076"*  1.098*** (0.588*** 0.003 1.060*** 0.866"** -0.012  0.658***
(0.022) (0.030) (0.089) (0.053) (0.056) (0.123) (0.129) (0.113) (0.203)
Triage score (Base=CTAS 2)
CTAS 3 -0.137*  -0.425"* -0.153"** -0.106™* -0.431*** -0.201"** -0.147** -0.317** -0.218*"
(0.009) (0.013) (0.025) (0.021) (0.022) (0.045) (0.058) (0.042) (0.091)
CTAS 4 -0.341™*  -0.806"** -0.608*** -0.274*** -0.765"* -0.400*** -0.424*** -0.623*** -0.420***
(0.021) (0.033) (0.072) (0.035) (0.036) (0.084) (0.061) (0.044) (0.101)
CTAS 5 -0.507*  -0.784"*  -0.693"** -0.446** -0.797** -0.413"** -0.435"* -0.779"** -0.653**"
(0.043) (0.065) (0.154) (0.049) (0.052) (0.126) (0.066) (0.048) (0.125)
Gender (Base=Female)
Male -0.019™  -0.049*  -0.016 -0.057"** -0.061"* 0.161"* -0.138"* -0.061"* 0.165"**
(0.008) (0.011) (0.023) (0.015) (0.016) (0.035) (0.026) (0.019) (0.050)
Hospital (Base=ED A)
EDB -0.042**  0.107**  0.088™** -0.045"** 0.065***  0.066™ -0.111*** -0.080*** -0.140***
(0.008) (0.011) (0.023) (0.013) (0.013) (0.030) (0.025) (0.018) (0.047)
TriageTime 0.049*** 0.005 0.006 0.071*** -0.000  0.062** 0.150**  0.025"*  0.136"**
(0.004) (0.006) (0.011) (0.007) (0.007) (0.014) (0.014) (0.010) (0.019)
Workload -0.005 -0.001  -0.028*** 0.001 0.010 -0.008 -0.047**  -0.013 -0.021
(0.004) (0.005) (0.011) (0.006) (0.006) (0.014) (0.013) (0.010) (0.024)
AvgOccTreated 0.300**  0.361™*  0.517** 0.500"*  0.467*  0.666™* 0.862***  0.506"™*  0.901***
(0.005) (0.007) (0.015) (0.007) (0.008) (0.019) (0.014) (0.010) (0.028)
N 41171 41171 41171 41701 41701 41701 40783 40783 40783
Pseudo R? 0.047 0.051 0.141 0.066 0.064 0.200 0.101 0.076 0.232

Notes. Standard errors in parentheses. CTAS = Canadian Triage and Acuity Scale.

* p<0.10," p <0.05, " p <0.01
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Table EC.8 Estimation results for the impact of the FT routing decisions on the numbers of X-ray tests, treatment
duration, and waiting time for patients of different complexity levels. (Dataset Ill)
High-complexity Medium-complexity Low-complexity
X-rayTests PhyTime WaitTime X-raylests PhyTime WaitTime X-rayTests PhyTime WaitTime
FT -0.018  -0.224* -1.680"* 0.273*** -0.244™* -1.156"* 0.415**  0.075 -0.493**
(0.031) (0.109) (0.045) (0.024) (0.061) (0.073) (0.026) (0.251) (0.084)
Age group in years (Base=0-25)
25-40 years  0.261™* 0.096"*  -0.035 0.015 0.035**  -0.015 -0.082*** 0.028* 0.021**
(0.064) (0.028) (0.029) (0.027) (0.017) (0.016) (0.016) (0.015) (0.010)
40-55 years 0571 0.121™*  0.013 0.040  0.089*** -0.022 -0.112*** 0.053*** 0.056"**
(0.061) (0.026) (0.028) (0.032) (0.022) (0.023) (0.024) (0.018) (0.016)
55-70 years  0.648™* 0.141***  0.017 0.089"  0.099** -0.006  -0.064*  0.049* 0.061**
(0.061) (0.027) (0.028) (0.042) (0.029) (0.030) (0.034) (0.025) (0.017)
> 70 years 0.742*** 0.163** 0.094™*  0.129** 0.166"™* -0.044  -0.782** 0.152** -0.014
(0.062) (0.028) (0.030) (0.065) (0.039) (0.041) (0.334) (0.061) (0.038)
Triage score (Base=CTAS 2)
CTAS 3 -0.146** -0.075** 0.273** -0.070*** -0.045" 0.372** -0.145*** -0.047* 0.177"*
(0.018) (0.012) (0.014) (0.024) (0.018) (0.021) (0.054) (0.028) (0.041)
CTAS 4 -0.236** -0.170"** 0.277*** -0.073* -0.111™* 0.491™ -0.222** -0.085** 0.220"**
(0.042) (0.031) (0.025) (0.042) (0.029) (0.031) (0.054) (0.038) (0.050)
CTAS 5 -0.232**  -0.019 0.334**  -0.085 -0.137"** 0.519"* -0.269*** -0.116"* 0.239**
(0.088) (0.054) (0.053) (0.061) (0.042) (0.042) (0.056) (0.043) (0.049)
Gender (Base=Female)
Male 0.004 0.018* -0.063*** 0.046™*  -0.008 0.002  0.087***  -0.012 0.001
(0.015) (0.011) (0.011) (0.017) (0.013) (0.011) (0.015) (0.022) (0.013)
Hospital (Base=ED A)
EDB 0.148*** -0.070"™ -0.147*** 0.169*** -0.067** -0.091"* 0.086"** -0.046" -0.055
(0.015)  (0.033) (0.040) (0.016) (0.031) (0.039) (0.015) (0.027) (0.042)
TriageTime 0.052*** 0.018"* 0.017*** 0.014  0.018*** -0.009* 0.010 0.020*  -0.017**
(0.007)  (0.007) (0.006) (0.009) (0.005) (0.006) (0.010) (0.012) (0.008)
Workload -0.011 0.007 -0.005  0.026™ 0.012  0.056™*
(0.007)  (0.010) (0.008) (0.012) (0.009) (0.014)
AvgOccTreated 0.277*** 0.148"** 0.317***  0.139"** 0.234**  0.115**
(0.009) (0.010) (0.008)  (0.008) (0.007)  (0.006)
N 41171 33438 41171 41693 34660 41701 40764 33346 40783
Pseudo R? 0.133 0.059 0.077 0.174 0.134 0.146 0.241 0.133 0.144

Notes. Standard errors in parentheses. CTAS = Canadian Triage and Acuity Scale.

*p<0.10,™ p <0.05, " p <0.01



e-companion to Hao, Sun, and Xu: Emergency Care Efficiency Versus Quality ec’/

Appendix EC.1.1. Details on Robustness Checks

In this section, we describe our robustness checks in detail.

Appendix EC.1.1.1. Alternative IVs We consider several alternative instrumental variables (IVs) in
this robustness check. First, in our main model, the IV measures the relative congestion level between the
main area and the entire emergency department (ED). As explained in Section 4.2, the congestion level in a
particular area is computed as the area workload divided by the area capacity, where the area workload is the
number of patients in that area, observed directly by triage nurses. However, due to varying physician shift
schedules, the number of physicians working in an area may differ throughout the day. To obtain an area
workload that is independent of the scale of the supply side, we adjust for the number of physicians on duty
and consider an alternative IV in this robustness check that takes into account the number of physicians.
Following this idea, the new area workload is computed as the total number of patients waiting and receiving
treatment in a specific area divided by the number of physicians on duty at that time. Using the new area
workload measure, we can compute the revised area congestion measures. Subsequently, we utilize these
revised congestion measures to compute an alternative IV, which again assesses the relative congestion level
between the main area and the entire ED. The estimation results using this alternative IV are consistent with
our main results.

Next, in this robustness check, we consider an alternative IV by directly using FTCongestion, which may
provide a more precise representation of the congestion effect. The results remain consistent. It is worth
noting that, as evidenced in Table EC.2 in Appendix EC.1, FTCongestion is the only congestion measure
that does not exhibit a statistically significant correlation with key patient severity measures, potentially
making it a valid IV.

Finally, the IV used in our main analyses is computed at the triage start time of the focal patient. However,
triage nurses may use past congestion information to inform current routing decisions. Therefore, we also
consider alternative IVs computed using information from 0.5, 1, and 2 hours before patient i’s triage start
time, respectively. We find all the estimation results with these alternative IVs are consistent with our main

findings.

Appendix EC.1.1.2. Additional or Alternative Control Variables First, it is natural to expect that
patient comorbidities may affect patient outcomes and be associated with complexity classes. Hence, we
conduct a robustness check by controlling patient comorbidity information. However, our dataset does not
contain a numerical measure of patient comorbidity that can be directly incorporated into our econometric
model. Therefore, we use the textual medical history data collected by triage nurses to construct the Charlson
comorbidity index (Charlson et al. 1987) as a control variable for patient comorbidity. Since the medical
history data only covers 11 months of our study period (from September 2014 to July 2015), we decided

to use this information only in the robustness check instead of including in our main analysis. Specifically,
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we first include the Charlson comorbidity index (Charlson;) in the patient classification model discussed in
Section 4.4 and then incorporate it into Equations (2), (4), (5), and (7) of our main empirical analyses. The
results are consistent with our main findings.

Next, we consider an alternative way to calculate physician workload. Earlier work (e.g., KC and Terwiesch
2009) has shown that increased physician workload leads to physician behavioral changes that might
negatively affect patient outcomes. As a result, we control physician workload in our estimation. One
important physician behavior or decision that might affect the entire treatment period is the treatment plan,
such as diagnostic tests. These plans are usually determined during the initial patient encounter, which occurs
immediately after the patient assignment. Therefore, in our main analyses, we calculate physician workload
based on the number of patients assigned to physician p; who were still present in the ED at the time of
patient i’s assignment. We now consider an alternative way to reflect the number of patients receiving care
from physician p; during the treatment process of patient i. This idea is similar to the way we calculate the
area occupancy (AvgOccTreated;). The estimation results are consistent with our main findings.

Lastly, previous literature indicates that ED congestion may impact hospital admission decisions (Gorski
et al. 2017, Chen et al. 2020, Freeman et al. 2021) and consequently affect the composition of discharged
patients (Freeman et al. 2021). To address this concern and ensure the robustness of our main findings, we
have conducted an additional analysis that controls for the ED congestion at the time when the attending
physician made the disposition decision for patient i, denoted as EDCongestionl‘.l. The results are consistent
with our main findings, further supporting the validity of our main results. In addition, we conducted a
regression analysis on the relationship between ED congestion and hospital admissions. The estimation
results indicate that the effect is not statistically significant. Although statistically insignificant results from
a single sample may not definitively rule out the presence of an effect, it appears that this potential impact

of ED crowding is not a major concern in our study.

Appendix EC.1.1.3. Alternative Patient Classification Cutoffs We then explore alternative cutoff
values to classify patients into complexity classes. In our main analyses, the cutoffs #; and #, are set at the
33rd and 67th percentiles, respectively, of the hospital admission likelihood distribution to divide the patient
groups into three equal sized categories. To show the robustness of our findings, we consider alternative pairs
of thresholds for (¢1, #,), specifically the (28th, 67th), (38th, 67th), (33rd, 62nd), and (33rd, 72nd) percentiles.
The estimation results generally align with our main findings, with minor differences in the significance
levels. Specifically, when using the 28th percentile as the threshold for 71, we observe a consistent impact on
48-hour revisits for the medium complexity group with a positive sign, although this effect does not reach

statistical significance.
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Appendix EC.1.1.4. Alternative Qutcome Measure In addition to the 48-hour revisit used in our main
analyses, the 72-hour revisit has also been used in prior studies to measure the patient outcome (Batt et al.
2019). Hence, we use the 72-hour revisit as an alternative outcome variable and run our analyses again. We
find that being routed to the fast-track (FT) increases 72-hour revisits for both high- and medium-complexity
patients, which aligns with our main findings. This result further supports the potential hidden consequences

on the quality of care associated with FT routing decisions.

Appendix EC.1.1.5. Alternative Samples We consider four alternative data samples to assess the
robustness of our findings. First, we construct an alternative sample by removing extreme observations with
triage times longer than 17 minutes (i.e., outside the 99.9th percentile). The estimation results are consistent
with our main findings.

Second, in our main analyses, we exclude patients with triage level 1 due to their typically urgent conditions
requiring immediate attention (Ding et al. 2019). To further test the robustness of our results, we run our
analysis again by including these patients. Once again, we find the estimation results to be consistent with
our main findings.

Third, as mentioned in Section 3.3.2, 0.3% of patients in our dataset were initially routed to the FT area
and then re-routed to the main area, reflecting the initial decision of the nurses to direct these patients to
the FT area. In our main analysis, we classify these cases as being routed and treated in the main area.
However, recognizing that our ultimate goal is to examine the decision-making process of triage nurses, we
conducted a robustness check that excluded these patients. The results are consistent with our main findings.
Additionally, we have examined the correlation between ED crowding and the likelihood of patients being
rerouted from the FT area to the main ED area. The results indicate no statistically significant correlation
between ED crowding and the likelihood of patients being rerouted to the main area, further supporting the
validity of our main results.

Fourth, we adopt a matching approach to create more comparable samples of patients treated in the main
area as opposed to the FT area, which emulates a randomized experimental study design (see Rubin 2006).
Specifically, we match patients from the main and FT areas based on their propensity to be routed to the FT
area, thereby reducing biases from observable characteristics. The estimation results are generally consistent
with our main findings, despite slight differences in significance levels. Specifically, we observe a consistent
impact on 48-hour revisits for the medium complexity group with a positive sign, although this effect does

not attain statistical significance.

Appendix EC.1.1.6. Alternative Model Specifications Given the complex dynamics involved in
patient treatment, we revise our empirical estimation to include physician fixed effects. This addition aims

to capture the variability in physician practices and their potential impact on patient outcomes. Additionally,
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we include time-of-day fixed effects, taking into account the fluctuations in patient demand and service
capacity throughout the day. We again find consistent results.

Next, since previous work has shown that ED congestion (Gorski et al. 2017, Chen et al. 2020, Freeman
etal. 2021) and physician workload (Gorski et al. 2017) may affect hospital admission decisions. We conduct
another robustness check to incorporate the ED congestion at the time when the attending physician makes
the disposition decision for patient i (EDCongestionf) as well as physician workload (Workload;) into
the patient classification model (Equation (9)). The results demonstrate consistency with our main results.
Additionally, we have conducted a regression analysis to examine the relationship between ED congestion
and hospital admissions and found that this effect is not statistically significant within our dataset. Therefore,

the potential impact of ED crowding is not a major concern in our study.

Appendix EC.1.2. Model of Fast-Track Routing

We model the ED patient flow process as a multi-class queueing system with two parallel stations. Station
1 represents the main treatment area, and station 2 represents the FT area. Patients of class i arrive at the
ED according to a time-homogeneous Poisson process with arrival rate A;, where i = 1,2, 3, representing
patients of high-, medium-, and low-complexity classes as defined in Section 4.4, respectively. We are aware
that a nonstationary Poisson process with time-dependent arrival rates is a better model for the patient arrival
process (Kim and Whitt 2014). We make the stationary assumption to simplify the model and have relaxed
it in our simulation. Each station has a single server (which is relaxed to multiple shift-based servers in
our simulation model) and a queue with infinite capacity. At station j, the service times (diagnosis and
treatment time) are i.i.d. exponentially distributed with rate u;, j = 1,2, (again, this assumption is relaxed in
the simulation). Patients are served on a first-come-first-served (FCFS) basis at each station. We are aware
that ED decision-makers do not always adhere to the FCFES rule in real settings (Ding et al. 2019). Hence, in
our simulation, the process of selecting the next available patient to treat is formulated by a discrete choice
model whose parameters are estimated from our data.

Upon arrival, patients are routed to one of the two queues by the decision maker (i.e., triage nurses),
waiting to be seen. If a patient of class i is routed to queue j, a cost r;;(¢) is incurred upon the completion of
service at station j, where i = 1,2,3, j = 1,2, given that the patient waited ¢ units of time in the queue before
being seen by a physician. The cost reflects the inconvenience and quality of care if a patient needs to revisit
the ED within a short period of time (e.g., 48 hours) after being discharged from the ED. The dependence
of r;;(¢) on the station and patient class reflects the discrepancy in the quality of care between the main area
and the FT area for patients of different classes (see Table 2). The dependence on the patient’s waiting time,
as shown by our empirical results (see Table EC.6 in Appendix EC.1), aligns with the literature (Guttmann
et al. 2011). Note that the dependence of the cost term on a patient’s characteristics (e.g., age, gender)

is reflected by the patient’s class. In our simulation study, we explicitly account for patient characteristic
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information when estimating the cost term r;;(#). The decision maker’s objective is to find a routing policy
to minimize the expected long-run average cost over an infinite time horizon. Later, we will formulate the
decision problem for FT routing as a Markov decision process (MDP) or constrained MDP and solve them

numerically. See Appendix EC.1.3 and Appendix EC.1.4 for details.

Appendix EC.1.3. The MDP Formulations

We formulate the decision problem for FT routing using an MDP formulation. The decision epochs corre-
spond to patient arrival times to the ED. Denote the system state at time ¢ by x = (x,x2), where x; and
X represent the number of patients in the main and the FT area, respectively. Hence, the state space is
S={x=(x1,x) :x; €N,i=1,2}. Upon the arrival of a new patient, the triage nurse needs to decide which
area to route this patient to after triage. Hence, the action space is A = {0, 1}, where 0 and 1 represent
routing the patient to the main and the FT area, respectively.

Let V; (7, x) be the total expected ¢-period cost starting from state x under policy x, which is a sequence
of decision rules that map from S to A to specify the actions taken at any state and time. Then, the expected
long-run average cost starting from state x under policy x is defined as g(,x) =limsup,_,,, V; (7, x)/t, Vx €
S, and the optimal expected long-run average cost is defined as g*(x) =inf, g(7,x),Vx € S. Following
Lippman (1975), we apply uniformization with the uniformization constant I' = Z?:l Ai+ Z?:l ;. Without
loss of generality, we can redefine the time unit so that I' = 1. Let v(x) be the relative value function,
e1 =(1,0), and e = (0, 1). Then, the Bellman equation can be written as

3 2
g+v(x)= Z/ll- 51611;(1 {rij(x;/p;) +v(x+e;)} +Z,ujv(x —1(x;>17€j), VX €S,
i=1 j=1

where g is the optimal long-run average cost, 1(y;>1} =1 indicates x; > 1, and 1(4;>1} = 0 indicates
otherwise. Note that we estimate the waiting time of patient i who joins queue j by x;/u; in our MDP
formulation since the service times are station-specific and the service discipline at both queues is assumed
to be FCFS. Hence, the expected waiting time of a patient is uniquely determined by the number of patients
in the queue upon this patient’s arrival.

The relatively low dimension of the MDP allows us to solve the MDP by the value iteration algorithm.
The arrival rates and service times are estimated from data under the stationary assumption. It is however
challenging to estimate the cost terms r;;(¢),i=1,2,3, j=1,2. We leverage the results of our econometric
model for the binary patient outcome variable to estimate the 48-hour revisit cost for a class i patient
with characteristics X who joins queue j and waits ¢ units of time before being seen by physicians as
rij(t) =E (Revisit;|FT; = j,X) =P (& > =B:X — 1 j=2yyi — hit), where y; is the coefficient of F7; estimated
from Equation (7), h; is the cost per unit time a class i patient waits in the system, and &; is the error term
that follows a standard normal distribution based on the observed information from data. Note that for each

class i patient, we compute costs associated with both F7; =1 and FT; =2 for the optimization problem.
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Appendix EC.1.4. The Constrained MDP Formulation

We consider a constrained MDP formulation by adding a constraint on the FT congestion based on an
occupancy measure (Altman 2021). Specifically, let ¥ (x,a) denote the stationary probability on each
state-action pair (x,a), where x is defined in Appendix EC.1.3 and a is a tuple of binary variables, each
determining the routing decision of patients from one of the three complexity classes. The action space is
thus defined as A = {a = (ay,a2,a3) : a; € A,i =1,2,3}. The constraint optimal policy can be formulated

as a linear program (LP) as follows.

Minimize Z Z r(x,a)y (x,a)

xeSaecA
subject to Z Uy, a)— Z Z p(ylx,a)y(x,a)=0, yeS
acA x€SaecA
Z Z c(x,a)y(x,a) <w,
x€SacHA
D D vxa)=1,
xeSacA

and ¢(x,a)>0 forallac A, xS,

where for a given state-action pair (x,a), c(x,a) is the stationary queue length in the FT area, w is the
upper bound we choose, and r(x,a) = Z?:I Airi a;+1(Xaq;41/Ha;+1) 1s the immediate expected revisit cost.
Furthermore, p(y|x, a) specifies the transition probability from state x to state y when action a is taken.

Specifically, for any x,y € S and a € A, we have

Z?:l A (1 —ay), when y =x + e
?:1 Aiai, wheny=x+e;
p(ylx,a) =1 ux, wheny =x —eg, ke {l1,2}
1 - esz2x P(zlx,a), wheny=x
0, otherwise

Finally, we solve the LP to obtain the optimal solutions *(x, a). Then, the action a at state x is optimal
if ¥ (x,a) > 0. Figure EC.1 illustrates the optimal policy for the constrained MDP problem, which shares

the same structure as that of the unconstrained MDP except that patients are less likely to be routed to FT.

Appendix EC.1.5. Further Simulation Results
The average patient waiting times from the simulation and the data are shown in the bottom two panels of
Figure EC.2 for the main and the FT areas, respectively, which provide evidence that our simulation model
captures the trend of the average waiting time from the data reasonably well. We also compare the simulated
number of patients seen by all physicians on duty per hour and the hourly arrivals with that from the data
(shown in the top two panels of Figure EC.2), which further shows the validity of our simulation model.
Table EC.9 presents further simulation results on the comparison of FT routing policies. Specifically, we
include the percentages of patients routed to FT by their complexity or triage levels, the average queue length

in the FT area, and the average patient waiting time in hours by the treatment areas or by the triage levels.



e-companion to Hao, Sun, and Xu: Emergency Care Efficiency Versus Quality

ecl3

Figure EC.1
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Table EC.9

The 95% confidence interval for the 48-hour revisits, LOS, LWBS, the percentage of patients routed to

FT under each routing policy, the average queue length at FT and the average patient waiting times, and the

percentage reduction in the 48-hour revisits by using alternative policies over CP.

CP TP TP-C Sp 6(0) OP

Reduction in Revisits (%)

All patients -3.35+£0.17 -2.82+0.12 1.82+0.16 3.24+0.14 3.75+0.13

Fatients in main area 6.47+0.17 5.39+0.14 3.33+0.17 6.17+0.14 7.76+0.13

Patients in FT area —42.37+0.25-36.55+0.26 -3.88 £ 0.19-9.03 £ 0.22 -13.16 £ 0.20
Patient Revisits (%)

All patients 420+0.01 434+0.00 4.32+0.00 4.12+0.00 4.06+0.00 4.04=+0.00

Patients in main area 4.44+0.01 4.15+0.01 4.20+0.01 4.29+0.01 4.17+0.00 4.10+0.00

Patients in FT area 343+0.00 4.88+0.01 4.68+0.01 3.56+0.01 3.73+0.01 3.88+0.01
Average LOS (hours)

All patients 2.06+£0.01 2.02+0.01 2.05+0.01 2.10+0.01 1.90+0.01 1.83+0.01

Patients in main area 2.10+£0.01 191+0.01 2.03+0.01 2.16+0.01 1.92+0.01 1.73+0.01

Patients in FT area 1.84+0.01 2.45+0.01 2.11+0.01 1.86+0.01 1.85+0.01 2.25+0.01
LWBS (%) 1.84+0.03 2.16+0.03 2.77+0.04 2.73+0.04 1.22+0.03 0.95+0.02
% of patients routed to FT ~ 24.01+0.02 25.49+0.03 23.92+0.03 23.46+0.02 24.44 +£0.03 25.72+0.03
% of patients routed to FT by complexity

High-complexity 2.33+0.02 4.64+0.02 4.29+0.02 0.49+0.01 0.49+0.01 0.49+0.01

Medium-complexity 18.91+0.04 20.24+0.04 18.93+0.04 1.26+0.01 5.64+0.05 5.65+0.05

Low-complexity 59.76 £0.05 60.67+0.05 57.41+0.06 78.36+0.05 77.18 £0.06 81.79 +0.06
% of patients routed to FT by triage scores

CTAS 2 7.30+£0.03 0.59+0.01 0.59+0.01 4.75+0.02 542+0.03 5.63+0.03

CTAS 3 22.00+0.05 1.25+0.01 1.26+0.01 15.63+0.03 19.96+0.03 20.91 +0.04

CTAS 4 45.38+0.07 90.74+0.06 82.47+0.05 55.92+0.07 52.51 +0.07 55.44 +0.07

CTAS 5 55.00+0.13 92.46+0.07 92.82+0.07 66.11 +0.10 60.89+0.14 64.42+0.11
Average FT queue length 394+0.02 5.68+0.03 4.53+0.02 3.83+0.03 4.01+0.03 5.22+0.04
Average waiting time (hours)

All patients 1.60+0.01 1.55+0.01 1.59+0.01 1.65+0.01 1.45+0.01 1.37+0.01

Patients in main area 1.62+0.01 1.42+0.01 1.54+0.01 1.67+0.01 1.43+0.01 1.24+0.01

Patients in FT area 1.51+0.01 2.12+0.01 1.78+0.01 1.53+0.01 1.51+0.01 1.93+0.01
Average waiting time (hours) by triage levels

CTAS 2 1.40+0.01 1.21+0.01 1.34+0.01 1.48+0.01 1.23+0.01 1.06+0.01

CTAS 3 1.72+0.01 1.55+0.01 1.67+0.01 1.78+0.01 1.58+0.01 1.49+0.01

CTAS 4 1.67+0.01 2.04+0.01 1.78+0.01 1.67+0.01 1.53+0.01 1.61+0.01

CTAS 5 1.68+0.01 2.05+0.01 1.83+0.01 1.69+0.01 1.54+0.01 1.64+0.01

Notes: There is a small percentage of patients of CTAS 2 and 3 routed to FT under TP and TP-C because admitted
patients are routed based on the actual routing decisions in the data.



