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Problem definition: In many service systems, the system manager needs to balance between addressing the needs of
current customers and ensuring the system’s ability to serve future customers. Such balancing behavior is particularly
important in capacity-constrained systems with heterogeneous service levels, in which the manager needs to decide which
level of service to provide to the current customer, taking into account the intertemporal externalities of their decisions.
Methodology/results: We develop a dynamic discrete choice model to describe the decision-making process in a gate-
keeper system with multiple classes of servers and customers. The discount factor in the model captures how much the
decision-maker internalizes the intertemporal externalities of their customer routing decisions. In contrast to most empir-
ical studies in the literature which use a pre-specified discount factor, we establish joint identification of the discount
factor and the utility parameters from data. We then apply the model to empirically study the Intensive Care Unit (ICU)
admission decisions for Emergency Department (ED) patients. Using a large hospitalization data set, we find that there
is large heterogeneity in the estimated discount factors across hospitals. Via counterfactual simulations, we show that
understanding the balancing behavior from data is important for hospitals to manage their ICU congestion.

Managerial implications: Our results suggest that it is important to understand how the decision-maker internalizes the
intertemporal externalities from data. In addition, the balancing behavior regarding current customers and future available

capacity provides a potential channel for improving system performance.
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1. Introduction

In managing service systems, the decision-maker often has to carefully balance between providing imme-
diate service to current customers versus the impact of such actions on the system’s ability to serve future
customers. Such trade-off is particularly relevant when the system is operating in a resource constrained
environment. While providing immediate service may benefit current customers, it will utilize the limited
resources in the service system; thus, such an action may hinder access to service for future, perhaps more
valuable, customers. This introduces intertemporal externalities in the decision-making, i.e., the impact of

the current decision on the future system state matters.



These intertemporal externalities often arise in gatekeeper systems with heterogeneous service levels. In
these systems, the decision-maker acts as a gatekeeper who decides which level of service to provide to the
arriving customer. The higher-level service generally provides more benefits to the customers, but is usually
more capacity-constrained than the lower-level service. When making decisions, the gatekeeper needs to
consider not only the current customer’s type, but also the system’s state after the decision which determines
its ability to serve future customers. Such gatekeeper systems can be found in many real-world settings and
application areas, such as call centers (Hathaway et al. 2023) and border security check systems (Zhang et al.
2011). In healthcare settings, the ‘customers’ can be interpreted as patients, who usually receive different
levels of care. In maternity departments, midwives act as gatekeepers to specialists, but may also try to
serve patients themselves (Freeman et al. 2016). In emergency departments, physicians may admit waiting
patients to intensive care units or ordinary floor units (Kim et al. 2015).

We take a structural estimation approach to understand how the decision-maker balances the needs of
current customers versus saving system capacity for future customers in such gatekeeper systems. We first
develop a dynamic discrete choice model that describes the decision-making process. The model includes
two service units: a first-tier service unit (FSU) which provides higher level of service but with limited
capacity, and a second-tier service unit (SSU) that provides lower level of service but with ample capacity.
Customers are categorized as the low-priority class and high-priority class, with the former more likely
to benefit from the first-tier service. In each period, the system considers three actions for each customer
arriving or waiting at the gatekeeper (GK): 1) send the customer to the FSU for service, 2) send to the
SSU, or 3) keep the customer waiting at the GK. We assume the system chooses the action that maximizes
its discounted utility over an infinite horizon. Our model incorporates stochastic arrivals and departures,
external arrivals to the FSU, and idiosyncratic shocks to the utility of each action.

While the FSU can provide the highest level of service, its limited capacity means that sending a customer
to it may hinder the service for future high priority customers. Thus, the system needs to balance the utility
of current customer and its capacity to serve future customers. We quantify how the system balances such
trade-off in practice by estimating the infertemporal discount factor in the model from observed data. The
discount factor represents the relative weight of the future periods’ utility in the system’s objective function.
Thus, a larger discount factor implies that the system accounts more for the impact of its decisions on future
system state; while a smaller discount factor means the system is more focused on current customers.

In this work, we estimate the discount factor and the utility parameters jointly from data.This is in stark
contrast to the most of empirical studies with dynamic discrete choice models, which assume the discount
factor to be known and only estimate the utility parameters (e.g., Rust 1987, Ryan 2012, Mehta et al. 2017,
and Emadi and Staats 2020). Moreover, the discount factor is generally set at a high level close to one
(e.g., 0.975) without empirical support and formal justifications. However, the discount factors in dynamic

discrete choice models can vary dramatically depending on the context of the problem, or as a consequence



of the behavioral bias of decision makers (Frederick et al. 2002). We estimate the discount factor from
data to understand how the decision-maker responds to intertemporal externalities in practice, which also
facilitates accurate evaluations of how different shocks impact the system performance.

It is well known that the dynamic discrete choice model can not be identified from choice data without
further conditions (see e.g., Rust 1994, Magnac and Thesmar 2002). The non-identification stems from
the existence of observationally equivalent structures: multiple combinations of discount factors and utility
parameters can lead to the same choice probabilities for all states (Rust 1994). We circumvent this diffi-
culty by leveraging the approach in Komarova et al. (2018) and extending it to our dynamic discrete choice
model with state-dependent action set. Much like other general econometric methodologies, applying the
theoretical results in Komarova et al. (2018) to our specific model is a challenging task that must be exe-
cuted carefully for it to be valid. For this purpose, we develop and justify the necessary components of the
identification method tailored to our setting, including the modeling assumptions, estimation procedure, and
discussion on action set and normalization choice in the estimation.

We apply our discrete choice model and identification results of a gatekeeper system to a suitable and
important empirical setting: hospital’s Intensive Care Unit (ICU) admission decisions for patients admitted
via the Emergency Department (ED). ICUs are specialized inpatient units that provide the highest level
of care for the most critically ill patients. They are expensive medical resources and often operate at high
occupancy levels (Halpern and Pastores 2015). As the ICU provides the highest level of care, swift admis-
sion generally benefits the patients who need ICU care. However, given the constrained capacity and high
occupancy of the ICU, this may restrict access to ICU care for future, perhaps more severe, patients. Such
a trade-off introduces intertemporal externalities in the system gatekeeper’s ICU admission decisions.

We use the dynamic discrete choice model to estimate the ICU admission decisions, with the discount
factor reflecting how hospitals balance the tradeoff between current versus future patients. We divide ED
patients into low- and high-severity classes based on their risk scores, capturing the heterogeneity in their
needs for ICU care. For each ED patient, the hospitals can make three decisions: admit to the ICU, admit
to non-ICU units (e.g., wards), or keep the patient waiting in the ED. In this setting, the ED plays the
role of gatekeeper for the ICU, which represents the first-tier service unit (FSU) with the highest level of
service with limited capacity. The non-ICU units provide lower-level of care with ample capacity, and are
viewed as the second-tier service unit (SSU). Thus, the decision-making process for the ED patient fits into
our gatekeeper’s decision-making described above. In particular, under certain model assumptions, a larger
discount factor means that the hospital tends to be more responsive to ICU congestion by adjusting the
admission probabilities proactively.

We implement our structural model empirically on a large data set from a major US hospital network,
including 21 hospitals with more than 300,000 hospitalizations. The discount factor and action utilities

in the model are estimated jointly from the observed admission decisions. Given the ICU admission is a



complex process involving multiple stakeholders and units, the decision maker (hospital) may not be fully
aware of its balancing behavior in the actual admission process. Moreover, the current discounting level is
not necessarily optimal for hospitals’ long-term goals. We find that the identified discount factor on average
is much lower than the levels usually assumed in the literature. As shown in the behavioral economics
literature, such present-focused behaviors may be explained by the challenge in forecasting future payoff
(Gabaix and Laibson 2017), complexity in evaluating the decision (Imas et al. 2022), and framing effects
related to gain and loss (Faralla et al. 2017). These factors can be relevant in the ICU admission process due
to its complex and composite nature.

Moreover, we reveal large heterogeneity in the estimated discount factors across individual hospitals,
i.e., hospitals balance the trade-off between current patient versus future system capacity very differently.
A comprehensive correlational analysis shows that the discount factor tends to be larger for hospitals with
more congested ICUs and longer ED waiting time. The heterogeneity in discount factors reveals a novel
aspect of the practice variation in healthcare (Corallo et al. 2014). Our estimation results suggest that it is
important to identify discount factor from data in different empirical settings, instead of using a pre-assumed
level. We show that our estimated model fits the data well in multiple aspects and support our main findings
by comprehensive robustness checks. In addition, the heterogeneity in hospitals’ balancing behaviors is
consistent with the evidence from reduced-form analysis using a multinomial logistic model.

We note that our interpretation of the estimated discount factors relies on the assumption that the per-
period utility of each action is unaffected by ICU occupancy. An alternative explanation—that the clinical
benefit of ICU care declines as the unit becomes congested—could, in principle, generate similar observed
behaviors. While we cannot entirely rule out this mechanism, we provide empirical evidence that suggests,
in our data setting, ICU congestion is not a primary driver of patient outcomes. Additionally, our identi-
fication and interpretation of the discount factor hinge on the pre-specified model assumptions, a practice
common in the dynamic discrete choice model literature. That said, some of these assumptions cannot be
verified empirically and if they are violated, it would invalidate our results.

The main benefit of structural estimation is its ability to evaluate counterfactual policy changes, as it
identifies the underlying primitives that are invariant to such changes (e.g., Ryan 2012). We use counter-
factual analyses to quantify how the hospital’s balancing behaviors impact its high ICU congestion state,
which can have serious repercussions on patient flow and outcomes (see, e.g., Kc and Terwiesch 2012, Kim
et al. 2015). We first show that the traditional capacity intervention of adding one ICU bed can signifi-
cantly decrease the ICU congestion. In addition, such benefit is more significant for hospitals with larger
discount factors and/or more congested ICUs. Next, we consider a behavioral intervention of increasing the
discount factor in hospitals’ decision making. We find that for some hospitals, such intervention can reduce
ICU congestion with magnitudes comparable to the costly act of adding one ICU bed. In reality, hospitals’

present-focused behavior may arise due to multiple behavioral biases or system constraints. Thus, hospitals



may be able to achieve more system-focused behavior by addressing these factors (e.g., more education or
timely update of system state). We further develop a data-driven, easy-to-implement heuristic policy. This
provides a practical nudge that can achieve most of the benefits in reducing ICU congestion generated by
increasing discount factor. The heuristic policy suggests that hospitals should be more responsive to their
ICU state and adjust the admission decisions when ICU occupancy is very high.

The rest of the paper is organized as follows. We conclude this section with a brief literature review.
Section 2 develops the main dynamic discrete choice model and establishes the identification of discount
factor. Section 3 describes how we apply the model to the ICU admission decisions. Section 4 presents
the main empirical results. Section 5 conducts counterfactual studies and reveals the practical relevance of
hospitals’ discounting behaviors. We conclude the paper and discuss future research directions in Section 6.
The auxiliary results are provided in the electronic companion. The proofs and other numerical results are

collected in the online supplement for interested readers.

1.1. Literature Review
Our work is related to the following streams of literature: structural estimation in operations management;
identification of dynamic discrete choice models; and empirical healthcare operations management.

The structural estimation approach has been increasingly used in operations management to understand
the behaviors of customers and servers in different empirical settings. Bray et al. (2019) develop a dynamic
discrete choice model and show that ration gaming exists in a multiechelon supply chain. Using structural
estimation from air-travel industry, Li et al. (2014) find that customers sometimes delay purchases strategi-
cally when they expect the price to fall. Aksin et al. (2013) and Yu et al. (2016) take the structural estimation
approach to study caller’s abandonment behaviors in call centers. Emadi and Staats (2020) find that attrition
of agents at a management firm appears to be insensitive to salary. Structural models have also been used in
healthcare operations management. Olivares et al. (2008) use a newsvendor model to study how a hospital
balances the costs of reserving too much versus too little operating room (OR) capacity. Rath and Rajaram
(2022) use a choice model to estimate costs associated with OR scheduling of anesthesiologists. In this
study, we develop a dynamic discrete choice model to understand the discounting behavior in a gatekeeper
system with heterogeneous service levels. The dynamic choice model we use is pioneered by Rust (1987).
We estimate the discount factor and utility parameters jointly from data, and apply our model to empirically
study the ICU admission decisions from a large hospital network.

In most empirical studies with a dynamic choice model, the discount factor is pre-assumed at a very high
level, such as 0.975 (e.g., Bray et al. 2019, Emadi and Staats 2020). This is because the joint identification
of the discount factor and utility parameters is technically very challenging (e.g., Rust 1994, Magnac and
Thesmar 2002). It has been a fundamental topic in economics and has attracted increasing attention in recent

years (see, e.g., Komarova et al. 2018, Abbring and Daljord 2020, Abbring et al. 2025, Hao et al. 2025).



In the literature, the identification of discount factor has to rely on certain forms of the payoff functions
(e.g., Komarova et al. 2018, Hao et al. 2025) and/or specific exclusion restriction conditions (e.g., Magnac
and Thesmar 2002, Abbring and Daljord 2020. It has been done in only several recent studies in very
different settings, e.g., Dubé et al. (2014), De Groote and Verboven (2019), Ching and Osborne (2020), and
Dubé et al. (2024). They show that correctly identifying the discount factor is important for understanding
agents’ behaviors and evaluating policy impacts. In these cases, identification is achieved by leveraging
special features in the data based on their respective empirical settings. To our best knowledge, we are
the first to estimate a dynamic structural model with unknown discount factor in the empirical operations
and healthcare management literature. Our identification and interpretation rely on pre-specified model
assumptions (e.g., a linear utility function and constant utility parameters), which are explicitly stated and
discussed in the paper.

Our empirical study of the ICU admission decisions contributes to the literature on empirical healthcare
operations management. Various works have examined the behaviors and implications of gatekeepers in
healthcare settings. Batt and Terwiesch (2016) find that, when the ED is congested, nurses will initiate
diagnostic tests at the triage stage to reduce waiting times. Freeman et al. (2016) show that midwives in
delivery units ration resource-intensive service and increase the rate of specialist referrals when workload
increases. Freeman et al. (2021) find that adding a second gatekeeping stage in the ED reduces the rates of
unnecessary hospitalization and wrongful patient discharge. Our work is also related to the studies on patient
admission decisions and their implications. For instance, Edbrooke et al. (2011) and Kim et al. (2015)
investigate the impact of ICU admissions on multiple patient outcomes. Chan et al. (2016) find that delays
in ICU admission can increase ICU LOS, which can create more congestion in an already busy unit. When
bed availability in the primary unit is limited, patients are typically rerouted to alternative units designated
for a different service. Song et al. (2020) and Dong et al. (2018) show that such off-placement has important
clinical and operational implications. There is substantial evidence that system state can influence physician
admission decisions and patient flow dynamics. For instance, ICU congestion can impact who is admitted
to the ICU (Kim et al. 2015) and when patients are discharged (Kc and Terwiesch 2012). In a setting similar
to ours, Kim et al. (2020) propose a behavioral model and use controlled experiments to identify a number
of factors which can bias physician’s ICU admission decisions. In our work, we take a structural estimation

approach to understand the balancing behaviors in ICU admissions decisions from data.

2. Model Set-Up and Identification of Discount Factor
In this section, we introduce the structural model of the gatekeeper system, explain the identification of the

discount factor, and describe the estimation procedure.



2.1. Dynamic Discrete Choice Model for Gatekeeper Systems

In our structural model, we consider the routing decision of a gatekeeper (GK) for each customer about
the downstream unit which serves them. We assume that there are two units, i.e., groups of servers, that
provide different levels of service: the first-tier service unit (FSU) and the second-tier service unit (SSU).
The FSU provides a higher level of service that generally benefits the customers. However, its capacity is
usually more constrained than the SSU. There are three key features of the model. First, in each period,
the GK considers which service unit, if any, to allocate to each customer waiting in the system. Second,
such routing decision depends on both the customer type and the current system status, i.e., the remaining
capacity of the service units. Finally, the model allows for the system to potentially consider the future state
and to make dynamic decisions. We provide detailed descriptions of the model below.

We divide the arriving customers into two classes: the low-priority class and the high-priority class,
represented by subscripts [ and h, respectively. The model set-up can be extended to include multiple service
units and customer classes as well. The customers in the high-priority class usually requires a higher level
of service than those in the low-priority class. We assume that the GK has capacities ); and @, for the
low-priority and high-priority classes, respectively. This can capture the limited waiting area at the GK.
For i € {l,h}, let A, ; be the number of class i customers arriving to the GK in time period ¢. A, ; follows
a truncated Poisson distribution with rate A\ ;. While in theory A, ; can be unbounded, we truncate it at
a sufficiently high upper bound M4 ;. This reduces the state space of the model to keep the estimation
computationally feasible without imposing additional assumptions.

In addition to customers admitted via the GK, there are other arriving customers who may also require the
first-tier service. Let E; denote the number of customers arriving to the FSU via other channels in period ¢,
referred to as the external arrivals. F; is distributed according to a Poisson distribution with arrival rate Ag.
Every period, each current customer in the FSU completes their first-tier service and departs from the unit
with probability p;. Thus, D;, the number of customers departing from the FSU in each period, follows a
binomial distribution. The total number of servers in the FSU is B, meaning that the first-tier service can be
provided to at most B customers simultaneously. On the other hand, we assume the SSU has ample capacity
to focus on the intertemporal externalities related to the capacity-constrained FSU. This is a reasonable
assumption in many empirical settings, e.g., the ICU admission problem studied in Section 3. The system
flow is depicted in Figure 1.

At the beginning of period ¢, the system state is given by a three dimensional vector,

St = (nft,nf’t,nf),

where n¢, is the number of class ¢ customers at the GK, i € {l,h}, and n; is the number of customers

currently in the FSU. By the capacity constraints, nft < Q; fori e {l,h} and nI" < B. For each customer



Figure 1  Overview of the System Flow
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currently at the GK, the decision-maker chooses one of the following three destinations: the FSU, the SSU,
or keeping them waiting at the GK for one more period. Since the customers are treated as identical within

each class, the system’s action can be described by the following four dimensional vector

d; = (al,t7 Tlty Aty rh,t)7

where a; ; and 7; ; denote the numbers of customers sent to the FSU and SSU of class i € {l, h}, respectively.

Due to the capacity constraint in the FSU, the admissible action set for system state s, is
G G F
II(s;) = {(al,t, Tity Gty Tht) D Qre+ 171 < Mgy Qhyg +The SNy 4, Qe+ ap < B —ny } . (1)

II(s;) specifies the following set of constraints: The first two constraints state that the total number of
customers sent to the FSU and SSU must be smaller than or equal to the total number of customers currently
at the GK. The last constraint requires that the total number of customers sent to the FSU must be smaller
than or equal to the current number of available servers in the FSU, i.e., B —n}".

Let u,,; and u,  be the system’s expected utilities of sending a low and high-priority class customer
to the FSU, respectively. In addition, denote the expected utilities of sending each low and high-priority
customer to the SSU by w,.; and w, ;, and the expected utilities of keeping each low and high-priority
customer waiting at the GK by u,, ; and w,, j, respectively. These utility parameters incorporate all relevant
factors that may affect the decision, such as customer demand, financial profit, and operational constraints.
Such setting is standard in dynamic discrete choice models to estimate decision from observed data.

The system’s expected utility u(s;,d;) associated with state s; and action d, in period ¢ is given by
d.) = G o G _ 2
U(Se,dy) = Uq g+ U T4+ Uiy = e —Tt) F Uan@ht + U nTht + U n (Mg — Qnt —The) s (2)

which is the sum of FSU routing, SSU routing, and waiting utilities for the two classes of customers. We

assume that the system’s total per period utility can be written as

U(St7dt7€t) = U(St,dt) +€t(dt)' (3)



In the above, ¢;(d,) is the idiosyncratic utility component associated with action d; that deviates from the
average utility of the action for the two customer classes. For example, it can reflect the impact of customer-
specific factors. This random utility shock is observed by the system when making decision, but not the
researcher.

At the beginning of period ¢, the system observes the current state s, and the idiosyncratic utility compo-
nent £;, then it chooses the optimal action d; that solves the following infinite horizon utility maximization

problem:

sup E{Zﬁj_tU(sj,dj,ej)st,et}. @)

dy€T1(s¢) e
The discount factor 5 € (0,1) captures the trade-off between the system’s perceived utility of current cus-
tomers and future customers, which is the focus of our study. It represents the relative weight of the next
period utility in the objective. The expectation in (4) is taken over both the future random component €; and
the transition of system state—i.e., the arrivals, departures, and routing of customers in each period. In addi-
tion, it is conditional on both s; and ¢, as the random component is observable to the system before making
a decision in period ¢. In line with the structural estimation literature, the optimization problem models the
system’s decision making process under the observed flows of customers. Thus, the action utilities and dis-
count factor should be perceived as behavioral parameters for estimating how the system balances complex
and partially conflicting goals according to the data.

A key feature of our set-up is that the per-period utility parameters, {u,.,, U, Uy, } for ¢ € {l,h}, are
constant across states. In particular, the utility of admitting a customer to FSU is not affected by the current
FSU occupancy n!". This assumption is key to our identification—it implies that the impact of system state
on routing decisions operates through the future continuation value instead of the current period payoff.
Accordingly, the discount factor measures how the system balances current versus future utilities. We dis-
cuss the empirical plausibility of this assumption in our ICU setting in Section 4.2 and Section OS.3 of the
Online Supplement.

After the system chooses an action in period ¢, the number of GK customers of class ¢ becomes nZGt —
a;; — 71, and the number of customers in the FSU is nf + a; + ap. The system state then evolves
according to the following two steps. First, A, ; new customers of class ¢ arrive to the GK, and E; cus-
tomers arrive to the FSU through other channels—i.e., the external arrivals. If the GK or FSU is full,
new arrivals can not be accepted. Thus, the total accepted GK and FSU arrivals are given by Af{¢ =
min {Ai,h Q, — (nIGt —a;;— ri’t)} for i € {l,h} and Ef = min{F;, B— (n{ +a;++an,)}, respec-
tively. Second, D; customers leave the FSU as they complete their first-tier service. This completes the
system transition for period ¢. The system state at the beginning of period ¢ + 1 is thus given by s;.1 =

G G F :
(nl,t+1 yMp i1 ), with

G G acc F F acc
R i T Ai,t and n, , =n, +ay;+ap, +E—D,. 5
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It is clear that, by construction, the transition of s, is Markovian, and its distribution only depends on s; and

d;, but not £;. The timeline of the system transition is summarized in Figure 2.

Figure2  Timeline of System Evolution: depiction of how the state evolves within a single time-slot.
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Both the current period’s utility and how an action impacts the system state and future utilities may
influence the system’s decision in the current period. Define the value function as the objective in (4) given
the optimal action sequence, i.e.,

V(st,€¢) = sup E{Zﬁj_tU(sjydjvgj)’é’taft}- (6)

d¢€M(s¢) j=t

By (4), the system chooses the action that maximizes

dy = argmax(u(s;, d) +e¢(d) + BE[V (5411, €041)])-

deTl(st)

The last term on the right-hand side is the expectation of the future value function after the current action is

taken. Thus, the optimal value function V (s;, ;) solves the following Bellman equation

V(si,60) = max (u(s;,d) +e4(d) + BE[V (s141,€141)]),

dell(st)

where the expectation is taken over both the system transition to s;,; and the random component €, ;.
The above Bellman equation is hard to evaluate due to the infinite state space associated with ¢;. Thus,

we simplify the model by making the same conditional independence (CI) assumption as in Rust (1987).

Assumption 1 (CI) The transition probabilities of the controlled process (s;,€;) can be factored as

Pr(sis1,€41]8e,€0,di) = qersa|se41)9(S141]0(5¢, dy)), (7

where

G G F
Q(s1,dy) = Ny — are — T,y — Qe — Ty g+ Gre + any) 8)

denotes the “intermediary” state right after the action d; is taken. The transition probability g(s;+1|@(s:,d;))

captures the random arrivals and departures shown by (5). Assumption (CI) states that s,,, is sufficient
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to determine the distribution of ;. In other words, the random component {¢,} is superimposed on the
state process {s, }. In addition, following the literature, we assume that ¢, is independent and identically
distributed (i.i.d.) and follows a type I extreme value distribution for each action d € TI(s;). As shown in
Rust (1987), this assumption leads to a closed-form expression of the conditional choice probability for

action d, given state s, as denoted by f(d;|s;).

Proposition 1 With the above set-up, the conditional choice probability for action d, given state s, has the

following closed-form representation:

exp (u(se, dy) + BV (¢(s, dy)))

d:|s:) = =
f( | ) Zdel‘[(st)exp (u(st’d)'i_/BV(@(Stvd)))

; (€))

where function (s, d,) is given by (8). The function V (s) is the unique fixed point to the following func-
tional equation
V(s)=Y Ind > exp(u(s,d)+8V(e(s,d))) pg(s]s). (10)
s’ d'eIl(s’)
The explicit expression for g(s'|s), i.e. the transition probability to state s' given s (the system state after

the action is taken but before the random arrivals and departures take place), is provided in Section EC.1.1.

As in most dynamic discrete choice models, the choice probability (9) has a closed-form representation,
and the value function ‘7(5) solves the functional equation (10). The new value function f/(s) represents
the expected future utility given s, the intermediary state after the action has been taken. In the proposition

below, we show that it is monotonically non-increasing in the number of customers in the FSU.

Proposition 2 For two intermediary states (after actions are taken) s and s' with (n¢) = (n&)’ fori e {I,h}
and (nF) < (nF)', we have

V(s)>V(s).

That is, for any given number of customers at the GK, the function ‘7(5) is monotonically non-increasing

in the number of FSU customers.

PROOF: See Section OS.1.1. O
This proposition shows that, as the system routes more customers to the capacity-constrained FSU, the
future expected utility decreases. Thus, when routing customers, the system needs to balance the impact on

current customers as well as its capacity to serve future customers.

2.2. Identification of Discount Factor
In this study, we identify the utility parameters and the discount factor in the model jointly from data. It is
well known that identifying the utility parameters and the discount factor jointly is in general very difficult

(e.g. Lemma 3.3 in Rust 1994 or Proposition 2 in Magnac and Thesmar 2002). The reason is that multiple
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combinations of discount factor and utility parameters might lead to the same choice probabilities in (9)
for all states and actions, i.e., they are observationally equivalent. Due to such challenge, most empirical
studies assume the discount factor is known (e.g., 0.975) and estimate the utility parameters only. However,
the pre-specified discount factors usually lack empirical support and economic justifications, as the implied
discount rate can vary substantially across different settings (Frederick et al. 2002).

To identify the discount factor in our model, we leverage the theoretical development in Komarova et al.
(2018). As highlighted in their paper, there is no prior identification results involving the discount factor for
general parametric dynamic discrete choice models. The main steps for identification in Komarova et al.
(2018) proceed as follows. They consider a dynamic discrete choice model where the utility function is lin-
ear in the unknown parameters. The choice set and transition probabilities are nonparametrically identified.
For a given discount factor 3, they first construct estimates for the utility parameters using the standard two-
step estimation procedure pioneered by Hotz and Miller (1993). This reduces the identification problem to
a one-dimensional search for 5 € (0,1): If there is a unique value of (3, together with the estimated utility
parameters, that minimizes the objective function, the model (discount factor and utility parameters) can be
empirically identified under some rank condition (see Theorem 1 in Komarova et al. 2018).

We extend and apply the identification results in Komarova et al. (2018) to our setting. By construction,
our model satisfies the basic assumptions in Komarova et al. (2018), i.e., additive separability of utility,
conditional independence of transition, and finite state space. By (2) and (3), the deterministic part of the
per-period utility u(s;, d;) is linear in the utility parameters {u,_,, ., u,,} for ¢« € {i, h}. Thus, the linear-
in-parameter assumption is also satisfied. The details of these assumptions in our setting are discussed in
Section EC.1.2. We construct a one-dimensional criterion similar to the one in Komarova et al. (2018) based
on the maximum likelihood estimator in Rust (1987). We provide more details of the algorithmic approach
in the next section.

An additional challenge for identifying the discount factor in our structural model is that our model has
state-dependent action sets, as given by I1(s,). Thus, some actions may be infeasible in certain states. This
differs from the setting in Komarova et al. (2018), which assumes the same admissible action set in all
states. However, we note that for each state s;, the admissible action set can be fully determined by (1).
Thus, the identification results in Komarova et al. (2018) can be extended to our model, given that we use
the admissible action set for each state according to (1). Accounting for the state-dependent action set is
essential for our identification of discount factor. In our set-up, the intertemporal trade-off between current
period and future payoffs stems from the fact that the FSU has limited capacity, which makes the action
of admitting customer to FSU infeasible when the FSU gets full. If we assume the same action set in all
states, such intertemporal trade-off vanishes in the model. This can lead to significant bias in the estimated
discount factor. In Section EC.5, we use a simulation study to illustrate that allowing for state-dependent

action sets is crucial to correctly identify and estimate the discount factor in our setting.
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As pointed out in (Komarova et al. 2018), the key intuition for identification is that there is enough
variation in the observed states and actions relative to the parameter space. This allows us to identify the
parameters, including those in the utility function and the discount factor, from observed data. Thus, the
linear utility assumption is essential because it limits the dimension of the parameter space. For instance,
if we introduce a utility parameter for each state-action combination, the parameter space would be too
large to achieve identification (e.g., Rust 1994, Magnac and Thesmar 2002). In Section EC.5, we develop a
simple counterexample to show that when there is not sufficient variation in the observed states and actions,
the discount factor cannot be identified.

The identification of the dynamic discrete choice model is relatively complex and does not allow explicit
representations. That said, we include two examples below to provide some intuition of our identification
strategy. In particular, we show that some aspects of the model can be directly identified by constructing

appropriate state-action pairs and comparing their choice probabilities.

Proposition 3 Assume the FSU admission utility is zero for both customer classes, i.e., Uq p, = Uy = 0.

(i) Consider two states s; = (1,0,0) and sy = (0,1,0). The difference in SSU admission utilities can be

identified as
B Pr(rlsi;)\ Pr(r|s2)
“T’l‘“"h‘m(Pr(awo) 1“(Pr<arsz>)’ (b

where Pr(als,), Pr(r|sz), Pr(als,), and Pr(r|sy) denote the probabilities of admitting the customer
to FSU and SSU under the two states, respectively.
(ii) Consider two states s; = (0,1,1) and s, = (0,1,0). Let Vi, = V((0,0, k)) denote the value function of
the state with k patients in the FSU and no patients in the GK. Then we have
Bl(Va= Vi) = (Vi = Vo) =In <lm> ~In (%) (12)
where Pr(a|sy), Pr(r|ss), Pr(als,), and Pr(r|ss) denote the probabilities of admitting the high-

priority customer to FSU and SSU under the two states, respectively.

PROOF: See Section OS.1.2. O

The results can be interpreted as follows. By statement (i), the difference in the SSU admission utilities
of the two customer classes can be identified using their ratios of SSU to FSU admission probabilities,
i.e., In[Pr(r|s;)/ Pr(als;)]. This is because the system is more likely to admit the customer to the SSU
if the utility u,, is high (given FSU admission utility is normalized to zero). For statement (ii), 172 — \71
(resp. Vi — Vi) measures the impact on the future payoff from admitting one more customer to FSU when
the FSU currently has one (resp. zero) customer. Thus, the left-hand side of (12) denotes the difference
in such impacts when there is one customer in the FSU compared with when there is no customer in the

FSU, multiplied by the discount factor 3. Equation (12) shows that this difference can be identified by the
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change in the log ratios of FSU and SSU admission probabilities as the FSU occupancy increases from
zero customer to one customer. Proposition 3 provides an example of the intuition behind our identification
strategy that sufficient variation in observed states and actions leads to the joint identification of the utility
parameters and the discount factor.

It is well known that to identify a dynamic discrete choice model, even with a given discount factor, the
utility of one action needs to be normalized for all states (e.g., Rust 1994, Magnac and Thesmar 2002).
The normalization level cannot be pinned down or refuted by the data without further restriction (e.g.,
Abbring and Daljord 2020). The common practice is to normalize the utility of a reference action to zero
(see, e.g., Magnac and Thesmar 2002, Aguirregabiria and Mira 2010, Ryan 2012, Abbring and Daljord
2020). Depending on the model set-up and counterfactual changes, the normalization choice can affect
the identification results and counterfactual estimates in general dynamic discrete choice models (see e.g.,
Magnac and Thesmar 2002, Norets and Tang 2014, Aguirregabiria and Suzuki 2014, Arcidiacono and Miller
2020). In our model, we normalize the utility of admitting a high-priority customer to the FSU by pre-
specifying a value for u, ;. The following proposition shows how the normalization choice impacts the

identification of our structural model.

Proposition 4 Assuming the GK has the same number of total customers nlcft + nﬁt at the beginning of each
period, then the model identification, i.e., values of discount factor and differences in utility parameters,

does not depend on the normalization level of FSU routing utility u, .

PROOF: See Section OS.1.3. O

Proposition 4 shows that when the number of total customers in GK is fixed in each period, the identified
discount factor and utility differences are unaffected by the normalization choice of u, ;. This extends the
results in Komarova et al. (2018), which considers a constant action space in each period. In our general
model set-up, the number of customers at GK can vary with time due to the routing decisions and random
arrivals. Then, the model identification will generally hinge on the normalization choice. This is because
the future states of GK, and thus future system utilities, will depend on the action taken in the current period
(Abbring and Daljord 2020). As such, the normalization level affects the underlying trade-off between the
current versus future customers. In these cases, the normalization choice should be justified based on the

relevant objectives and constraints specific to the empirical setting (e.g., Ryan 2012).

2.3. Estimation Procedure

We now describe how our dynamic discrete choice model is estimated using the standard choice data,
where we observe the system state and routing decisions of each customer. Suppose we have the
state-action sequences (s;,d;) from the system for ¢t = 1,2,...,T. First, the arrival and departure rates

{AQ.1;AQ.ns AR, iy}, as well as the FSU and GK capacities {Q;, 5, B} are estimated directly from data —
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outside of the structural model. We provide more details about their estimation in our empirical setting in
Section EC.2.2.

The other parameters — the discount factor, the utility of routing the low-priority customer to the FSU,
and the utilities of routing customers to the SSU and keeping them waiting in the GK for the two classes
— are estimated within the structural model. Denote these parameters by 6 = {3, wa 1, U1, Ur py Uap 15 Wi 1 -

Given the observed states and actions, the likelihood for a fixed set of parameters, 6, is given by

T T T
(s,d|0) ZHf (dilse,0)g(se+1lp(se,dr)) Hf (di|s1,8) x Hg(st-i-l’(p(stvdt))a (13)
t=1 t=1 t=1

1d(s,d|0) 15(s,d)

where (s,d) denotes the observed state and action sequences, i.e., {s;,d;} for t =1,2,...,T; f(di|s:,0)
is the choice probability in (9) given parameter §. The state transition probability g(s;i1|@(s¢,dy)) is
explicitly given in the Section EC.1.1. The likelihood I/ can be decomposed to two parts: [%(s,d|d) :=
1., f(di|s:,0) is the part associated with choice probabilities, and I*(s,d) := [],_, g(sr41l@(si, dy)) is
the part from state transitions. We see that the structural parameter ¢ is only involved in the first part /4,
but not the second part [* which only depends on the arrival and departure rates. Thus, we only need to
maximize [(s,d|6).

We employ the nested fixed-point algorithm in Rust (1987) to estimate the utility parameters (condi-
tioning on discount factor) by maximizing the likelihood of observed choices. The estimation procedure
consists of two loops: The “inner” loop computes the function V for a fixed 6 using value iteration, and
the “outer” loop searches for the value of 6 that maximizes the log-likelihood Ini¢ in (13) by a gradient
descent algorithm. To summarize, for a candidate value of 8 € (0,1), we estimate the utility parameters
{Wa 1, U1, Ur pyy Wi 1, Uy 1, } that maximize the log-likelihood In{%. Then, we choose the discount factor and
its associated utility parameters that leads to the largest likelihood among all candidate 3. Finally, we verify
that the rank condition in Komarova et al. (2018) holds by simulation using the estimated parameters. To
examine the proportion of variation explained by the estimated model, we compute the McFadden’s pseudo
R-squared as: R2, . =1 — Inl%(#)/Inl"". Here """ is the “null” likelihood from a multinomial logistic

regression model with only intercept terms, i.e., the action probabilities do not depend on system states.

3. Empirical Study: ICU Admission Decisions
In this section, we apply our structural model and the identification method to a suitable and important
empirical setting in healthcare operations management. In particular, we study the ICU admission decisions

for patients in the emergency department (ED) in a large hospital network.
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3.1. Data and Clinical Setting

We utilize a large data set from 21 hospitals in a large hospital network in California, US. The data con-
tains 312,306 hospitalizations over a period of two years before the COVID-19 pandemic. All patients are
covered by the same insurance program as the hospital network is vertically integrated. The hospitals cover
a large geographic area and intra-hospital transfers are quite rare (< 3%). As such, we treat each hospital
independently. Each observation in our data corresponds to a single hospitalization. In the data, we have
patient level information such as age, gender, admitting hospital, diagnosis, and multiple severity scores.
In addition, we observe the admission and discharge time for each unit a patient stayed in during the hos-
pitalization, as well as the type of care the unit provides — i.e., ICU, transitional care unit (TCU), general
medical or surgical ward, operating room (OR), or the postanesthesia care unit (PAR).

In this study, we focus on the routing decisions for the patients admitted to a medical service via the ED.
This patient cohort comprises the largest proportion of admitted ICU patients. In addition, unlike surgical
patients who usually have scheduled arrivals with fixed care protocols, there is much variation in the admis-
sion decisions for the ED medical patients (e.g., Kim et al. 2015). The final study cohort for the ED medical
patients consists of 164,166 hospitalizations for 22 hospitals over a horizon of two years.' The detailed data
selection process is described in Section EC.2.1. In this patient cohort, 19,683 (12.0%) are admitted to the
ICU, and the remaining are admitted to a non-ICU unit. We find that the admitted cohort has higher average
severity scores than the full cohort. The ED boarding time is similar for the two cohorts. While we focus on
the admission decisions for the ED medical patients, we utilize the data from all hospitalizations to com-
pute the external arrivals to ICU and the real-time occupancy level of the ICU in each hospital. Among all
ICU admissions, around 36.2% are directly from our study cohort described above, while external arrivals
account for 63.8%. Thus, it is crucial to include the external arrivals when calculating ICU occupancy.

For an ED patient, the ICU admission decision is generally made as follows. After a patient is stabilized
in the ED, the ED physician provides an initial assessment about the patient condition. If the patient may
require ICU admission, an intensivist will be called to the ED for a consultation. The ultimate decision
regarding the patient’s disposition requires the communication and coordination of many people including
the ED physicians, the ICU intensivist, and hospital administrators, as well as various system-level factors
such as nurse staffing availability, diversion policies, or alternative interventions available. In this study,
we refer to this composite decision maker as the “hospital” and study its perceived behavior according to
observed data. When making admission decisions, the hospitals need to balance the utilities of current ED
patients and the impact on future system state. As the ICU provides the highest level of care, swift admission
generally benefits the patients who need ICU care. However, given the limited capacity and high occupancy

of ICU, this may restrict access to ICU care for future, perhaps more severe, patients. Thus, the admission

! For Hospital 21, we find that its ICU capacity experienced a substantial change during the sample period. Thus, we split it into
two parts, i.e., before and after the capacity change, and treat them as two hospitals in the estimation.
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decision introduces intertemporal externalities via the system’s limited capacity to treat future patients. This
fits into our general framework in Section 2.

Our goal is to estimate how hospitals balance the current ED patient versus future system capacity trade-
off from data and to evaluate the impact of such balancing behavior on ICU congestion management. A
priori, it is not clear how hospitals actually balance this trade-off, though there is empirical evidence that
hospitals tend to reduce the likelihood of ICU admission when ICU is congested (e.g., Kim et al. 2015).
In addition, due to the complex nature of the decision-making process for ICU admissions (e.g., multiple
parties involved) and potential behavioral biases (e.g., Kim et al. 2020), hospitals are likely not fully aware
of their current balancing behaviors. Moreover, without the estimation results, it is difficult for hospitals
to evaluate the impact of such balancing behaviors on ICU congestion and other performance metrics.
Thus, our study is valuable in providing both empirical evidence to understand the hospitals’ balancing
behaviors in terms of current patient and future system capacity and an empirical framework to evaluate
system changes under a complex healthcare setting. This reveals new opportunities to improve hospitals’

long term operational performance in managing patient flow and capacity.

3.2. Descriptive and Reduced-form Evidence

We first provide some descriptive evidence for the hospitals’ balancing behavior under the intertemporal
externalities. The hospital’s balancing behavior can be reflected by how its ICU admission decisions vary
with ICU occupancy levels. If a hospital primarily focuses on the current ED patients when making deci-
sions, we would expect the ICU admission probability to be insensitive to ICU occupancy. On the other
hand, if a hospital is relatively concerned with the system’s ability to treat future patients, the ICU admis-
sion probability would drop when the ICU gets more congested, as the hospital needs to reserve the limited
ICU capacity for future patients (e.g., by stabilizing less severe patients in ED or wards). In Figure OS.2, we
show the ICU admission probability with respect to ICU occupancy level in three representative hospitals.
The shaded area denotes the 95% level confidence interval. From the figure, we can see the ICU admission
probability generally drops as ICU occupancy increases. Moreover, the decrease happens well before the
ICU is full. This provides descriptive evidence for hospitals’ balancing behaviors.

We further develop a multinomial logistic model to estimate the ICU admission decisions from data. The
model controls for a variety of factors that may affect the admission decisions, including patient charac-
teristics, system states, as well as hospital and time fixed effects. We find that a higher ICU occupancy is
associated with lower ICU admission probability for all hospitals combined and most individual hospitals.
That is, the hospitals tend to slow their ICU admission when the ICU is more congested. We also find the
effects of ICU occupancy vary substantially across hospitals, suggesting significant heterogeneity in their
behaviors. The set-up of the multinomial logistic model and the estimated coefficients are provided in Sec-

tion EC.3 of the Electronic Companion. The results reflect that, at least to some extent, the hospitals take the
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impact on future system state into consideration when making admission decisions. In subsequent sections,
we investigate such discounting behaviors using our dynamic discrete choice model.

We note that the decline in ICU admission probability is also consistent with an alternative mechanism
in which the clinical benefit of ICU admission itself diminishes as the unit becomes more congested (e.g.,
due to resource and staff limitations). Our structural model attributes such a pattern to hospitals’ balanc-
ing behaviors regarding current patient utility and future system capacity. Distinguishing the two mecha-
nisms requires empirical evidence on whether treatment quality significantly varies with ICU occupancy.
We discuss this in Section 4.2 and explain why we focus on the balancing behavior due to intertemporal

externalities.

3.3. Dynamic Discete Choice Model for ICU Admission Decisions

In this section, we apply the general structural model in Section 2 to the hospital’s ICU admission process.
For each patient currently in the ED, the hospital can make three decisions: admit the patient to the ICU,
admit the patient to non-ICU units (mainly wards), or keep the patient waiting in the ED. In light of the
admission process, we view the ED as the gatekeeper (GK) in our model, which sends patients to ICU or
non-ICU units. The ICU is seen as the first-tier service unit (FSU), as it provides the highest level of care
for the patients but has limited capacity. The non-ICU units provide a lower level of care and usually have
ample capacity.” Thus, they are regarded as the second-tier service unit (SSU) in the model. The transfers
from non-ICU units to ICU are captured by external arrivals to the ICU in our model.

We define each period to be a two-hour time interval, which provides a reasonable amount of time for
transferring the patient from one unit to the next after an admission request is issued.” We partition the
ED patients into two classes by their severity (LAPS2) score. The low severity class is defined as patients
with the severity score below the 85th percentile of the sample distribution, and the high severity class
as those above the 85th percentile. That is, all medical patients admitted via the ED are included in our
structural model as one of the two classes. The high severity patients on average are more likely to require
ICU service. Thus, the two severity classes correspond to the high-priority and low-priority customers in
our general set-up.

We assume the hospital’s utility maximization problem is formulated as (4), with the per period utility
given by (3). We have six utility parameters for the low and high severity classes: the average utilities
of admitting the patient to ICU (u,,; and u, ), admitting the patient to non-ICU units (u,; and u,. ),
and keeping the patient waiting in ED (u,,; and u,, ). As discussed in Section 2.1, the utility parameters

2 This is a reasonable assumption as the proportion of periods where the ward occupancy exceeds 95% of its capacity is less than
0.8% in our sample.

* In our sample, 94% of the patients wait in the ED only for one or two periods (shorter than four hours). Thus, we expect potential
deterioration effect to be small. In addition, with each period being a two-hour interval, it is rare in the data to have multiple ED
patients admitted to the ICU simultaneously. Thus, the allocation policy (e.g., FCFS) has little impact on the system dynamics.
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represent the average utilities of each action for a patient class. On the other hand, the term £,(d;) captures
the idiosyncratic shocks to the utility from patient-specific conditions. Due to the curse of dimensionality, it
is prohibitive to let the action utility depend on patient-level characteristics. We discuss this issue in Section
EC.5 and perform a robustness check using three patient classes. Our main findings remain very similar.
The utilities and discount factor in the model are perceived as behavioral parameters for understanding the
hospitals’ actions from observed data. They incorporate all relevant factors that may affect the hospital’s
admission decisions, such as patients’ clinical outcomes, operational costs, financial revenue, system-level
constraints, etc. This is standard in structural model literature (see, e.g., Olivares et al. 2008, Wang et al.
2019, Rath and Rajaram 2022). We do not model the action utilities as explicit functions of the observable
factors. This is infeasible in the dynamic discrete choice model given the curse of dimensionality. Moreover,
the data requirements to be able to explicitly estimate each factor independently would be prohibitive.

We assume that keeping patients waiting in the ED brings lower average utility than admitting patients
to ICU or non-ICU for both severity classes, i.e., t,, < U, u,, fori € {I, h}. This is a natural assumption
for the following reasons. In our setting, the ED waiting times refers to the time difference between the time
the order to admit is made and the time the patient is eventually admitted to an inpatient unit — often referred
to as ED Boarding. The ED doctors and nurses are trained to quickly assess patients and stabilize them,
not to provide ongoing care which these patients need to receive in inpatient units. Therefore, a longer ED
boarding time is generally undesirable and associated with negative clinical outcomes (e.g., Singer et al.
2011). As shown in Table OS.17, most patients (94%) in our sample wait in the ED only for one or two
periods. Thus, we expect ED waiting to bring lower utility than ICU and non-ICU admission, as it is only
a temporary state in the patient routing process due to friction. Note that the parameters w,,; and w,,
represent the average utilities associated with ED waiting. Thus, the fact that ED waiting may benefit some
patients in certain periods does not conflict with the assumption that ED waiting brings lower average utility
than ICU and non-ICU admissions.

On the other hand, we allow the non-ICU admission utilities to be higher or lower than the ICU admission
utilities. Patients who are not critically ill can receive sufficient care in the ward, so admitting them to the
ward can bring the hospital higher utilities. This can be seen by the fact that more than half of the patients
are eventually admitted to the non-ICU units (ward) instead of ICU for both classes (66% for high severity
and 92% for low severity).

As discussed in Section 2.3, we need to normalize the utility of one action in order to identify the model.
In our setting, we normalize the utility of ICU admission for a high severity patient to zero, i.e., u, j, = 0.
Then, in principle, the ICU admission utility of low severity class u, ; can be identified using the states with
both low and high severity patients in ED. However, we find that such states are relatively infrequent in our
sample (only 10%), meaning that we lack the variation to identify the difference in ICU admission utilities

of the two severity classes. Thus, in our main specification, we additionally assume the ICU admission
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utility to be the same for the high and low severity classes, i.e., u,; =, = 0. This normalization choice
does not mean ICU admission is costless. Instead, it implies that all other utility parameters are assessed
relative to ICU admission (see, e.g., Magnac and Thesmar 2002).

We note that it is impossible to pin down the normalization level from data, and setting zero utility
for normalized actions is a common assumption in the literature (e.g., Magnac and Thesmar 2002, Ryan
2012, Abbring and Daljord 2020). We further justify this assumption based on our empirical context. In our
setting, assuming zero ICU admission utilities is equivalent to setting a reference point of utility across ED
states: admitting all ED patients to the ICU leads to the same average per-period utility (zero) regardless of
the ED state. We expect this to be a reasonable assumption for two reasons. First, admitting a patient to the
ICU is the best the hospital can do for the patient’s clinical outcome, which is the hospital’s primary goal.
This is especially true for a vertically integrated hospital with capitated payments as in our study. Thus,
ignoring the impact on ICU capacity, admitting all ED patients to ICU should lead to the same perceived
utility regardless of the number of ED patients. Second, ICUs have very high fixed and operating costs
(e.g., specialized equipment and fixed nurse-to-bed ratios), thus the marginal utility of admitting one patient
should be small. Finally, if a patient is eventually admitted to the ICU, it is likely because his latest risk
condition implies significant risk, regardless of the pre-assigned severity class. Therefore, we set same ICU
admission utility for the two severity classes.

In Section EC.7, we show that our main identification results are robust to alternative normalization
choices. In addition, under current normalization choice, the estimated dynamic discrete choice model has
good explanatory power for hospitals’ decisions and fit the observed data well. These results suggest that
it is reasonable to use the ICU admission action as the reference point across ED states. For completeness,
we summarize the major assumptions in our model and empirical study, as well as the justifications and

robustness checks for these assumptions in Section EC.8.

4. Main Empirical Results
This section presents our main empirical results on how hospitals balance the trade-off between the utilities

of current patients and the impact on system state when making ICU admission decisions.

4.1. Estimation for ICU Admission Decisions

We estimate the structural model for ICU admission decisions in two ways. First, we estimate the model for
all hospitals combined. That is, we estimate one set of parameters that maximizes the sum of log-likelihood
from all hospitals. Second, we estimate the model for each hospital individually. We choose to estimate
the model in both ways for the following reasons. In the combined estimation, we can obtain more reliable
estimates using a much larger sample. However, it does not provide information on how the discounting
behavior varies across hospitals. For this purpose, we also estimate the model for each hospital individually

to reveal potential heterogeneity across hospitals.
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To reduce the computational burden, we restrict the potential values of the discount factor to a dis-
crete grid 5 = {0.1,0.2,...,0.9}. While coarse, this discrete grid is granular enough to distinguish how the
hospital balances the current patient versus future system capacity when making decisions. We conduct a
robustness check with a finer grid for select hospitals and find almost same results. We use the bootstrap
method to get the standard errors of the estimates. For each hospital, we resample its data for 500 times
by randomly selecting from its state-action pairs {s;,d; }._, with replacement.* Each resampled set has the
same number of periods as the original sample. We then estimate the model parameters for each of the 500
resampled sets to obtain the standard errors.

As described in Section 2.3, the system parameters (e.g., arrivals, capacities) are estimated outside the
structural model. We describe the details of their estimation for our ICU admission problem in Section
EC.2.2. In Table OS.6, we report the numbers of days and hospitalizations in our sample, ED and ICU
capacities, average ICU occupancy, arrival and departure rates, and the proportion of patients that are even-
tually admitted to the ICU for the two classes of each hospital.

We find that the 22 hospitals in our study have very different sizes, work loads, and admission behaviors.
For example, the ICU capacity varies from 7 to 36 beds across hospitals. The ICU admission probabilities
also vary substantially across hospitals even for the same severity class. In addition, the ICUs in the hospitals
are generally congested. The average ICU occupancy in most hospitals is higher than 50%, and, in some
hospitals, higher than 70%. Finally, the ICU admission probability for the high severity class is above 30%
for most hospitals, which is usually three or four times larger than that for the low severity class (around
8%). This implies that the admission decisions are very different for the two severity classes, which is
captured in our structural model. However, with a much larger population, the low severity class contributes
more (58%) to the total ICU admissions of ED medical patients than the high severity class (42%). Thus, it

is important to include both severity classes in our model.

4.2. Estimated Discount Factor and Action Utilities
In what follows, we provide the main estimation results of the structural model, i.e., the estimated discount
factor and the utility parameters. Table 1 reports the estimation results for all hospitals combined. The
McFadden’s pseudo R? of the structural model is 0.14, which is comparable to that from a comprehensive
multinomial logistic regression, as will be discussed in the next section. The estimated discount factor is B=
0.3, and is statistically significantly different from adjacent levels. In addition, we find that the likelihood
function decreases monotonically as we deviate away from the estimated B = 0.3, which further validates
the identification and estimation results (see Figure OS.4).

At first glance, the estimated B is quite surprising. In most empirical studies with dynamic choice models,

the discount factor is assumed to be relatively large, e.g., 0.975 or 0.99. However, we see that the estimated

* The log-likelihood depends on the model parameters only via the choice probabilities, which can be calculated explicitly for a
given state-action pair (s¢, d¢) by (9).
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Table 1 Estimation Results of Structural Model: All Hospitals Combined (N = 154,140 Hospital-periods)

Discount factor

g

0.3 —0.071 1.950 | —0.932 0.671 |0.14
(0.005) (0.001) (0.010) | (0.018) (0.013)

Low Severity High Severity

A~ A~ A A~ 2
uw,l ur,l uw,h ur,h R

Note: Standard error is reported in parenthesis.

B is much smaller than these levels. In our model, the relatively small value of B implies that the hospitals
are not very ‘“forward-looking” when making ICU admission decisions. Given each period in our model is
a two-hour interval, it suggests that the hospitals mainly focus on the current patients and barely consider
the impact of their decisions on the system beyond the next six hours (after three 2-hour periods, 0.3% ~
0.03). Alternatively, B = 0.3 means that the current period utility accounts for 70% in the decision-maker’s
objective (1/ Z;Og " =1— ). The above findings highlight the importance of identifying the discount
factor using real data instead of assuming a pre-specified value. They complement the results in De Groote
and Verboven (2019) and Ching and Osborne (2020), which show that consumers are more impatient than
usually assumed, i.e., having smaller discount factors.

Recall that the utility parameters represent the average perceived utilities measured relative to the ICU
admission decision, which is normalized to have zero utilities. By Table 1, the non-ICU admission utilities
U, and 4, ,, are positive and significant for both the low and high severity classes (1.950 and 0.671). This
suggests that it is, on average, desirable to admit a patient to the ward units. Indeed, only few (about 32%/8%
of high/low severity) patients are admitted to the ICU as its care is expensive and (likely) unnecessary. On
the other hand, the ED waiting utilities i, ; and 4, are negative and significant for both classes (—0.071
and —0.932), which is inline with our assumption. Finally, both the waiting and non-ICU admission utilities
are significantly lower for the high severity class than for the low severity class. Thus, it is on average more
undesirable to keep the high severity patients temporarily waiting in the ED or to send them to the ward
units, reflecting that the high severity patients are more likely to require ICU care. The large differences in
the action utilities highlight the importance of differentiating the two severity classes in the model.

Next, we estimate the structural model for each hospital individually. To save space, we report the esti-
mated discount factor and utility parameters, their standard errors estimated by bootstrapping, as well as
the McFadden’s R-squared for each hospital in Table EC.2 of the Electronic Companion. The results reveal
substantial heterogeneity in the estimated discount factors across hospitals. In particular, 13 out of the 22
hospitals have relatively small estimated discount factors B € {0.1,0.2,0.3}, five have medium discount
factors 3 € {0.4,0.5,0.6}, and the other four have relatively large discount factors Be {0.7,0.8,0.9}. The
estimation results show that the hospitals behave very differently when making ICU admission decisions.
The hospitals with small discount factors focus primarily on the current ED patients. The others with rela-

tively large discount factors account more for the impact of their admission decisions on the system’s ability
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to treat future patients. Due to the smaller sample size, the standard errors of the estimates are larger than
those in Table 1 for the combined estimation. That said, we find the estimated 3’s are generally accurate
for individual hospitals (see the note of Table EC.2). For most hospitals, the log likelihood decreases as we
deviate from the estimated discount factor (see examples in Figure OS.5). Finally, we find the patterns of
the utility estimates for individual hospitals are largely similar to those for all hospitals combined.

The heterogeneity in the discount factors reveals a novel aspect of the practice variation observed in med-
ical literature (Corallo et al. 2014). Given the complex nature of the ICU admission and potential behavioral
bias of participants, the hospitals may not be aware of the implicit discounting level in their admission
decisions. From this aspect, our identification of discount factors is valuable as it reveals a potential lever
for hospitals to manage their patient flow. In Section EC.9, we use simulations to show that assuming a
“wrong” pre-specified discount factor in the model can lead to substantial deviation in the estimates of ICU
congestion: if we assume a large (resp. small) discount factor and only estimate the utility parameters, we
would underestimate (resp. overestimate) the occurrences of high ICU congestion periods. Such deviations
become more significant when the capacity of the ICU becomes more constrained. Thus, correctly identify-
ing the discount factor from data is crucial for accurately estimating the system performance and evaluating
the impact of different system changes. This is also highlighted in De Groote and Verboven (2019) and
Ching and Osborne (2020) in very different settings to ours.

In our model, we interpret the observed behaviors of hospitals—the drop in ICU admission probability
as the ICU occupancy increases—as reflecting how they balance the current patient versus future system
capacity in ICU admission decisions. This forward-looking consideration is captured by the discount factor
estimated from the data. We acknowledge that the observed behaviors can also arise from alternative mech-
anisms. In particular, if the utility of ICU admission declines as the ICU gets congested (e.g., due to reduced
care quality), the hospitals may also lower their ICU admission probabilities, as the additional benefit from
ICU admission over non-ICU units diminishes for some patients.

To examine whether such a mechanism could drive our results, in Section OS.3, we conduct a reduced-
form analysis to determine if, for our patient cohort and setting, whether ICU occupancy is associated
with patient outcomes. Our analysis suggest that neither the ICU occupancy level at the time of a patient’s
admission nor the average ICU occupancy during a patient’s ICU stay has significant impact on a patient’s
mortality, readmission, or hospital LOS. This is, perhaps because, ICUs typically have dedicated medical
resources for each bed and maintain a fixed nurse-to-bed ratio. Thus, the quality of care is unlikely to
deteriorate significantly for most patients when the ICU is congested. Additionally, for some hospitals in
our sample (e.g. Hosp 11 in Figure OS.2), the decline in ICU admission probability starts as early as at
20% occupancy — well before it is likely to impact outcomes—, suggesting congestion-dependent utilities is

unlikely to be the main driver of admission behavior.
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While we do not find empirical evidence for the mechanism of congestion-dependent treatment quality,
we emphasize that our estimation results in Section OS.3 apply only to the ED medical patients in our
study cohort, and they should not be interpreted as causal. Multiple studies have found that hospital unit
congestion can negatively affect outcomes due to speed-up or early discharge (Kc and Terwiesch 2009,
Kc and Terwiesch 2012, Chrusch et al. 2009, Halpern and Pastores 2010). Fully ruling out alternative
mechanisms (e.g., congestion-dependent utilities) would require a more thorough (causal) investigation of
the impact of ICU congestion on patient outcomes. Relatedly, our identification and interpretation of the
discount factor hinge on the pre-specified model assumptions (e.g., linear utility function, state-independent
utility parameters), as is common in the identification of dynamic discrete choice models. Violations of

these assumptions would also impact the interpretation of our results.

4.3. Heterogeneity in Discount Factors
We further investigate the heterogeneity in the estimated discount factors of the 22 hospitals. To do this,
we compute the cross-hospital correlation between the estimated discount factor and a comprehensive set
of hospital and patient characteristics. This includes ED and ICU sizes, arrival rates of ED patients and
external patients to ICU, and ICU departure rate. We also consider multiple measures for ICU congestion,
including average and median ICU occupancy, as well as the proportion of periods with fewer than one or
two available ICU beds. For patient characteristics, we include the average age, the average LAPS2 score,
the proportion of patients of the high severity class, and the proportion of admissions to the ICU from
external arrivals. Finally, we include the variation in system states (ED and ICU occupancy) and the four
estimated utility parameters. The full list of the characteristics are reported in Table OS.7. We do not run
a multivariate regression by including multiple hospital characteristics simultaneously. This is because we
only have 22 hospitals (data points) in our sample and many hospital characteristics are highly correlated.
In Table 2, we report the correlations between the estimated discount factors and hospital characteristics
that are statistically significant at the 10% level or lower. The correlations for all other hospital character-
istics not reported in Table 2 are not statistically significant. We find consistent evidence that the discount
factor tends to be higher for hospitals with a more congested ICU, as shown by a lower ICU departure rate,
higher average or median occupancy levels, and more periods with only one or two available ICU beds.
This can be interpreted as hospitals with more congested ICUs can benefit more from being system-focused.
Thus, they are more likely to save the bed for future patients when the ICU occupancy is high. In addi-
tion, the estimated discount factor is positively correlated with the average ED waiting time (EDWait; and
EDWait;,) and the utility of ED waiting for the low severity class (u,, ;). This can be explained as follows:
When the ED waiting utility is high, it suggests that the hospital is able to provide better care within the
ED. In such cases, the hospital can keep patients for longer in ED (with necessary monitoring and proactive
actions to avoid patients deteriorating significantly) and save ICU beds for future patients. This leads to a

larger discount factor in the structural model.
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Table 2  Correlations between Estimated Discount Factor (3) and Hospital Characteristics from Data
Ly AvgICUOccu MedICUOccu Pr(n! >B—1) Pr(n!>B-—2) EDWait, EDWait, .,
—0.428* 0.445* 0.518** 0.552** 0.632** 0.545**  0.581** 0.493*

Note: *p < 0.05, **p < 0.01 and ***p < 0.001.

Finally, we show that our structural estimation approach and reduced-form analysis provide consistent
evidence for the heterogeneity in hospitals’ discounting behaviors. We calculate the correlation between
the estimated B from the dynamic discrete choice model and the coefficient 7y, of ICU occupancy for
the ICU admission decision from the multinomial logit model described in Section 3.2. Note that v, is
negative for most hospitals (see Section EC.3), suggesting the likelihood of ICU admission decreases as ICU
becomes more congested. We find that the estimated 3 and oy are highly negatively correlated for the 22
hospitals (with a correlation of —0.768, significant at the 0.1% level). This means that the hospitals with
larger identified discount factors are indeed more responsive to the ICU occupancy level in their admission
decisions according to the multinomial logistic model. This provides additional support for our structural
model as a valid approach to estimate how hospitals balance the current patient versus future system capacity

in admission decisions.

4.4. Goodness of Fit and Robustness Checks

We briefly discuss the goodness of fit of the estimated structural model and several robustness checks for
our main findings. The detailed results are discussed in Section EC.7 of the Electronic Companion and
Sections OS.2, OS.4, and OS.5 of the Online Supplement.

We show that our estimated structural model has good explanatory power for the hospitals’ decisions and
fits the data well. First, the structural model leads to comparable McFadden’s pseudo R? to the comprehen-
sive multinomial logistic model for all hospitals combined and for most individual hospitals. In addition,
the heterogeneity in hospitals’ discount factors is consistent with the estimated effects of ICU occupancy
from the reduced-form analysis. We also show, by simulation, that the key system statistics produced by the
structural model are close to those observed in the data for each hospital. Finally, we estimate the structural
model using the first half of our sample only and show it has good out-of-sample performance.

We conduct comprehensive robustness checks for our main empirical findings. As discussed in Section
3.3, we normalize the ICU admission utilities of both severity classes to zero in our main specification. We
perform two robustness checks for the normalization choice. First, we estimate the model for all hospitals
combined using the sample with fixed ED states. Similar to Proposition 4, we can show that the identification
is not affected by the normalization choice of (uq,,u,,,) in a model with constant ED state (nf,,nf ,).
The discount factor from the joint estimation is still B = 0.3. Second, we estimate the model for each
hospital separately under alternative normalization choices of ICU admission utilities. We vary u,, 5, and u,

between —0.3 to 0.3 and consider the cases with both u, ; = u,  and u,; # u, ;. This range is chosen as we
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expect the marginal utility of ICU admission is small. Besides, it is generally comparable to the estimated
utility differences of ED waiting and non-ICU admission relative to ICU admission (Table 1) as well as the
magnitude of the idiosyncratic shock (with a standard deviation of 1.28) in our model. Our main results
remain very robust: For individual hospitals, the estimated discount factor B remains unchanged or only
changes to adjacent levels in all cases.

We estimate the model with stratified samples based on flu vs. non-flu seasons and day vs. night periods.
The latter is similar to the robustness check done in Yu et al. (2016). We still find similar identification
results to our main specification. To further address potential seasonality issues (e.g., day and night can
have different ED arrivals), we develop a new dynamic discrete model by accounting for the time trend in
the system transition. The new model includes the time indicator as a new state variable, and allows the
arrival and departure rates to vary for the 12 two-hour intervals in a day. We find that the estimated discount
factors from the new model are very similar to our main specification for all hospitals combined and most
individual hospitals.

In our setting, we cannot model the action utility as functions of patient-level characteristics (e.g., sever-
ity) due to the curse of dimensionality. In our main specification, we use a two-class model with low and
high severity patients. This captures the heterogeneity in patients’ need for ICU care. As a robustness check,
we also estimate our dynamic discrete choice model with three patient classes, including low, medium,
and high severity patients. We find that the estimated discount factors in the three-class model remain very
similar to the main specification for all hospitals combined and most individual hospitals. In addition, the
estimated ED waiting and non-ICU admission utilities also exhibit similar patterns. This suggests that our
main findings are robust under the three-class model, and our main setting with two severity classes can

effectively capture the patient heterogeneity in the sample.

S. Counterfactual Studies

One of the main advantages of the structural estimation approach is its ability to conduct counterfactual
studies. In particular, structural estimation aims to recover the underlying primitives of the decision-making
process that are invariant to system or policy changes (e.g., Ryan 2012, Aguirregabiria and Mira 2010).
This allows us to quantify the impact of system changes on key performance metrics that cannot be obtained
by descriptive or regression analysis. Our counterfactual results reveal that understanding hospitals’ dis-
counting behaviors provide new opportunities to improve the system’s long-term operational performance.
Even we do not provide prescriptive solutions, our findings are managerially valuable in the complex and

resource-constrained settings like ICU admissions.
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We focus on metrics for high ICU congestion, which can have a substantial impact on clinical outcomes.
(e.g., Kim et al. 2015). We first consider the probability of high ICU congestion, which is defined as the
proportion of periods with only one or no empty bed(s) in the ICU:

T
1
Pr(HighCgstn) = = Z 1{nf>B-1}. (14)

t=1
For all hospitals in our sample, operating above the 95% occupancy level implies that there is at most one
empty bed. We then estimate the number of ICU patients who spend their ICU stay under highly congested

states in a year by

Pats HighCgstn = Pr(HighCgstn) x 365 x 12 xu; x (B —1), (15)

total number of high congestion periods
where the inverse of the average LOS, 1, estimates the number of patients each bed can serve in a period.
We multiply the product by B — 1 as there is at most one bed available during high congestion periods.
In addition, we examine the probability that an external arrival patient will balk upon arrival because
there is no ICU bed available. This is given by

T
1
Pr(Balk|External Arrival) = T Z 1{n; =B}. (16)

t=1

Using a similar argument as for (15), the number of external arrivals who balk in a year can be estimated by

Pats Balk = Pr(Balk|External Arrival) x 365 X 12 X A, (17)

total number of full ICU periods

where A is the external arrival rate in each two-hour period.

In our counterfactual studies, we use the parameters estimated for each hospital individually, which are
reported in Table EC.2 of the Electronic Companion. All counterfactual estimates are obtained using 500
simulation runs; each run has the same number of periods as in the data plus a three-month warm-up period.
To save space, we report the results for six selected hospitals below. The results for other hospitals are
qualitatively similar and provided in Table OS.8 of the Online Supplement. We keep the estimated model
primitives the same when evaluating counterfactual changes, this is consistent with the literature (e.g.,
Mehta et al. 2017, De Groote and Verboven 2019, Wang et al. 2019).

In Section EC.6, we evaluate the counterfactual impact of adding one ICU bed while holding arrival and
service rates fixed. We find that adding one ICU bed significantly reduces ICU congestion. Importantly,
the benefit tends to be larger for hospitals with higher average ICU occupancy levels and for those with
larger estimated discount factors. This highlights that the discount factor is an important perspective in
hospitals’ capacity planning decisions, capturing a distinct and complementary dimension of admission

behavior beyond average system utilization.
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5.1. Increasing Discount Factor

In this section, we study an alternative intervention of modifying the hospital’s discounting behavior. As dis-
cussed earlier, hospitals typically behave in a present-focused way in the complex ICU admission decision
process, since the discount factor from the joint estimation is only 0.3. We now consider the counterfactual
of increasing the discount factors from the current estimated level B to 0.9, while keeping the utility param-
eters and ICU capacity unchanged. Practically, this means that the hospitals would account for the decision
utilities and system states over the next one to two days (0.9'? ~ 0.28), rather than the next several hours.
For some hospitals, the estimated B is already 0.9, so this counterfactual has no impact on their system
performance.

We find that changing 5 does not affect the proportion of patients eventually admitted to ICU, which
primarily depends on the non-ICU admission utilities and the workload of the system (arrival and departure
rates). However, increasing the discount factor can significantly impact the high ICU congestion measures.
The results are summarized in Table 3 for the subset of six hospitals. The “3 to 0.9” columns report the
reduction in ICU congestion from increasing 3 to 0.9. To facilitate comparison, we also show the reduc-
tion in ICU congestion from adding an ICU bed (“B + 1” columns), as given in Table EC.3. We see that
increasing the discount factor alone can have a substantial effect on reducing ICU congestion. For some
hospitals, this translates to 40 fewer patients exposed to high ICU congestion in a year. Such benefits are
comparable to that of adding one ICU bed, which is extremely costly to implement. This highlights the
importance of understanding the balancing behaviors of hospitals in ICU admission decisions and reveals
a potential approach for hospitals to reduce ICU congestion. We discuss practical methods for hospitals to

increase the discounting level and the corresponding results in the “Heuris” columns in the next section.

Table 3  Counterfactual Estimates of Impact when 3 Increases from 3 to 0.9 (Select Hospitals)

ADays HighCgstn APats HighCgstn APats Balk Increase in ED Time
Hosp B (in days) (in patients) (in patients) (in hours)
| ft00.9 B+1 Heuris | 5t00.9 B+1 Heuris|5t009 B+1 Heuris || Low Class High Class
1 03| 4.19 6.27 3.38 3494 5226 28.20 4.68 6.73  4.27 2.05 0.63
2 05] 6.04 6.78  6.44 47.03 52.78 50.12 7.53 8.43 8.73 1.84 0.63
5 0.1] 6.79 18.74 5.24 24.67 68.04 19.02 4.55 8.84 3.11 1.75 0.44
8 01| 558 1090 545 3321 64.88 3241 4.69 792 462 1.36 0.76
9 05| 4.27 8.60 6.37 3899 78.61 58.22 6.42 13.57 10.56 1.55 0.49
14 03| 1.58 2.36 1.73 17.43 2590 19.07 3.26 526 3.54 1.26 0.46

While increasing /3 helps to reduce ICU congestion, it leads to longer ED waiting time as hospitals would
reduce the likelihood of ICU admission as the unit gets more congested. This highlights the fundamental
tradeoff between the patient level and system level considerations that hospitals are constantly faced with.

We quantify such effects via simulation. The last two columns in Table 3 report the increase in average ED
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waiting time for the two classes of patients as 3 increases to 0.9. We find that a larger 3 indeed increases
the average ED waiting time for both classes of patients. For example, as 3 increases from 0.3 to 0.9 in
Hospital 1, the average ED waiting time increases by two hours and 36 minutes (0.6 hour) for low and high
severity classes, respectively. However, the increase in ED waiting time is much more significant for the
low severity class than for the high severity class. This suggests that when the discount factor increases,
hospitals generally prefer to delay the admissions of low severity patients than the high severity ones, as the
latter on average are more likely to require ICU care. Such behavior can partially offset the negative impact

of longer ED waiting times, as the increase disproportionately impacts the less severe patients.

5.2. Practical Nudges for Increasing the Discount Factor

We discuss potential practical nudges for hospitals to increase their discounting level in ICU admissions,
i.e., to account more for the system-level impact on future patients of decisions. As the ICU admission is
a complex process involving multiple stakeholders, there may be multiple reasons a hospital is now more
present-focused in making admission decisions. In the behavioral economics literature, studies have shown
that present-focused behaviors can arise due to the challenges in forecasting future payoffs (Gabaix and
Laibson 2017), complexity of valuing delayed payments (Enke et al. 2023, Imas et al. 2022), and framing
effects related to the gain and loss (Faralla et al. 2017). These factors are relevant in the ICU admission
setting as decision makers (e.g., ED physicians, ICU intensivists) often face complex situations with limited
information and time. For example, in hospitals, accurate system state information may not be updated as
frequently across units (Kim et al. 2020). Besides, conventional medical training has put more emphasis
on the gains related to the timely care of current patients. For some hospitals, medical and operational
constraints in the ED may also force them to act in a present-focused manner.

The proper intervention to achieve more system-focused behavior will depend highly on the root cause of
the current, less system-focused behavior. Although our data does not allow us to tease out the root causes,
we discuss potential interventions in below. First, the hospital can educate and train the people involved
about the benefits of system-focused behaviors. The counterfactual studies in previous section can provide
valuable evidence and insight for this. Second, hospitals can improve its information system make accurate
system state available to people involved in admission decisions. Additionally, hospitals can develop and
employ more effective models to reduce the uncertainty in future workload of ED and ICU (e.g., Ang et al.
2016). If other resource limitations drive the behaviors, the hospital may take proactive measures in the ED
to stabilize the patients and/or address these staffing limitations. This can decrease the need for ICU and
lead to better medical and economic outcomes (e.g., Weingart et al. 2013).

To further shed light on this, we propose a data-driven, easy-to-implement heuristic policy that mimics
the policy from the structural model with 5 = 0.9. This provides a simple nudge that can achieve most of

the benefits in reducing ICU congestion generated by a larger discount factor. In the heuristic policy, we
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assume the decisions are made independently for each patient in the ED. The decision probabilities are
restricted to be independent of the ED state and can only change once with respect to the ICU state. We
divide the ICU states to the low and high congestion regimes by a threshold T for ICU congestion level.
The probabilities for ICU admission, non-ICU admission, and ED waiting for each patient in every period

are denoted by

1 1 1 . 2 2 2 .
1), Y, P} if n! < Tyou and {p), ple), Py, } if n! > Tyou,

with ¢ € {l, h} for the low and high severity patient classes. The three action probabilities in each state sum
up to one. ° The constant probabilities pg‘)b p%{“ and p(vi,) ,» as well as the threshold level T’ are parameters
to be designed such that the heuristic policy mimics the structural model with 8 = (0.9. In particular, we use
the structural model with 5 = 0.9 to generate a large sample of state-action pairs for each hospital with 500
simulation runs. Then we estimate the parameters in the heuristic policy for each hospital to maximize the
log-likelihood of simulated actions.

Table 4 provides the estimated heuristic policy for the six select hospitals, including the threshold T7¢¢
for separating the low (n! < T;¢r) and high ICU regimes (n! > Trcor), as well as the the ICU and non-ICU
admission probabilities (pgl)b and pg\?b) in the two ICU regimes for each patient class. We observe that the
hospitals change their action probabilities only when the ICU occupancy is relatively high, i.e., the threshold
Ticy is close to the capacity B. In the high ICU regime, the ICU (resp. non-ICU) admission probabilities
for both types of patients mildly drop (resp. increase). Thus, a practical way to implement “increasing the
discount factor” is for the hospital to be more responsive to system state and adjust its admission decisions

when the ICU occupancy is high.

Table 4  Heuristic Policy for Select Hospitals

| Low severity patients | High severity patients

H()Sp B TICU H Low ICU: nl < TICU ‘ ngh ICU: nI Z TICU H Low ICU: nI < TICU ‘ ngh ICU: nl Z TICU

I . I T I ) N T
121 20 || 0051 0396 | 0032 0413 0263 0370 | 0195 0435
2 26 24 || 0049 0397 | 0036 0410 0216 0387 | 0178 0435
5 11 10 | 0052 0450 | 0041 0465 0300 0433 | 0249 0493
8 16 15 || 0075 0478 | 0052 0501 0249 038 | 0193 0446
9 22 20 || 0036 0458 | 0028 0466 0204 0455 | 0172 0492
14 36 33 | 0040 0528 | 0033 0532 0230 0478 | 0208 0500

We then quantify the performance of the heuristic policy using simulation. They are reported in the
“Heuris” columns in Table 3. By the “f to 0.9” and “Heuris” columns, we see that the heuristic policy
5 When some of the actions are not permissible given the ICU state (e.g., due to full ICU), we normalize the probabilities of other

permissible actions to have a sum of one. When estimating the heuristic policy, we drop the periods when ICU is full, as no ICU
admissions are feasible in such states.
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achieve very similar benefits in reducing ICU congestion compared with increasing (5 to 0.9. Additionally,
we note that the overall ICU admission probabilities and ED waiting times for the two classes of patients,
as well as the average occupancy level of ICU, are very similar under the heuristic policy and the structural
model with 8 = 0.9. This suggests the hospitals could reduce ICU congestion safely by being more system-

focused via a nudge that is relatively straightforward to implement in practice.

6. Conclusions

In many capacity-constrained service systems, it is important to balance the needs of current customers and
the system’s ability to serve future customers. We shed light on this aspect using a structural estimation
approach. We develop a dynamic discrete choice model with multiple service levels and customer types,
and measure the decision-maker’s balancing behavior using the intertemporal discount factor. We show that
the discount factor and utility parameters can be identified and estimated jointly from standard choice data,
which contrasts with the common practice of pre-setting a discount factor in the literature. As is common
in the literature on dynamic discrete choice models, our identification strategy relies on pre-specified model
assumptions, such as the linear utility function and constant utility parameters. Thus, our results do not
apply to settings where these assumptions do not hold.

We apply our model to an important problem in healthcare operations management: the ICU admission
decisions of ED patients. Using a large US hospitalization data set, we find that the estimated discount
factor is relatively small, far below the levels usually assumed in the literature. In addition, there is much
heterogeneity in the balancing behaviors across hospitals. Thus, it is important to identify and estimate
discount factor from data in different empirical settings. We then use counterfactual simulations to show
that the level of discount factor can significantly affect the benefits of capacity intervention in the ICU.
In addition, increasing the discounting level in admission decision can effectively reduce ICU congestion,
although it leads to longer ED boarding time for low-severity patients. We also propose a simple heuristic
policy to implement such intervention.

In this study, we consider a specific type of service system and use a dynamic discrete choice model to
describe it. Future research may develop suitable structural models for other types of service systems and
establish identification results of key behavioral parameters therein. In order to focus on the identification
of discount factor, we have to make a number of simplifications in our model to ensure tractability. This
inevitably ignores many realistic features of the system. For example, the customer arrival and departure
rates may be heterogeneous and state-dependent. It would be interesting to investigate in future research
whether these features can be incorporated into structural models. Moreover, there are other operational
decisions that can be made in managing the system (e.g., the demand-driven discharge in ICU). As such,
another potential direction is to study the joint impact of these decisions and the trade-offs they introduce.

Our empirical study on the ICU admission decisions has several limitations that may be explored in

future research. First, the data we use have no direct information on the ICU admission process, as we can



32

only observe the final admission units. Thus, there are many factors which are not explicitly included in
the model nor do we have data to understand their impact on the decisions. Second, the data is limited to
hospitals within one healthcare system that uses a capitated payment model. Thus, it is possible that other
payment models may also impact how the hospitals internalize intertemporal externalities. For example, a
Fee-For-Service system may drive hospitals to be even more focused on the current patients. In addition,
a more comprehensive investigation of how ICU congestion affects patient outcomes is needed to entirely

rule out alternative mechanisms for our main economic findings. These are deferred to future research.
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EC.1. Formulae and Modeling Assumptions

EC.1.1. Explicit expressions for state transition probability g(s'|s)

We provide explicit expressions for the function g(s’|s) used in Proposition 1, which is the transi-
tion probability from the intermediate state s = (7,7 ,, 7" ) (after action is taken) to the state s’ =
(nft 1> nﬁt +1,Miy) at the start of the next period (before action). As the GK arrivals are independent of

the FSU external arrivals and departures, we have

9(s's) = gq. (nft+1‘ﬁft) 9Q.h (nhG,tJrlmg,t) gr (nf+1\ﬁf) ) (EC.1)

where g ; and gg 5, denote the transition probabilities for the numbers of GK customers from low and high
classes respectively, and gr denotes the transition probability for the number of FSU customers.
For the GK transition probabilities g ; and gq 5, we only need to consider the new arrivals for class
i € {l,h}, which follow truncated Poisson distributions with rate A\, ; and truncation by M ; from above.
Additionally accounting for the GK capacity constraint, the number of GK arrivals is capped by A; =
min{ My ,;,Q; — ﬁth} Thus, the transition probability can be computed as
(Ao.)" "exp(=Agi)/(m—n)! if n<m<n+4+min{Ma;,Q;—n}
9. (m|n) = 4 (EC.2)
Z;;O%Z (M) exp(—Ag.) /7! ifm=n+min{Ma,;,Q;—n}
and gg,; (m|n) = 0 elsewhere.
For the FSU transition probability gr, we need to consider both external arrivals and departures. The

number of external arrivals F; follows a Poisson distribution with rate Ag, and is capped by the remaining

1



FSU capacity B —n!". With E; external arrivals in the period, the FSU would have total 7/ + E; customers.

Then, the number of departures, D;, follows a Binomial-(n. + E;, 11;) distribution. Given the number of

external arrivals, E;, the number of departures follows by D, = ﬁf + E;, — nf 1. We note that £, can

be greater than max{n;,, — 7, ,0}. Summing up the probability of all possible choices of the Poisson-

distributed F, (and Binomial-distributed D, accordingly), the transition probability gr(m|n) is given by
B—n-1

. ;i exp(—Ag) (n+j)! n+tj—m m
gr(m|n) = Z g ;1 (n+j _m)!m!ﬂl (1—py)

j=max{m—n,0}

+ io A SXP(=Ar) B! Bom(] _ )™ for0<m<B. (EC3)
E ] m!'ul Kr) Sms b. .

Pyt ! (B—m)!
Using (EC.2) and (EC.3), we obtain the explicit expression for state transition probability g(s’|s) by (EC.1).

EC.1.2. Assumptions for Identification
This section documents the assumptions in Komarova et al. (2018), which are also satisfied by our model. In
their paper, x and o denote the system state and action, respectively; ¢ is the random perturbation in utility.

Assumption 1 (i) (Additive Separability) For all a, x, €, the per-period utility follows:
u(a,z,e) =7(a,z) +e(a).

(ii) (Conditional Independence) The transition distribution of the states has the following factorization for
allz', €', x, ¢, a:
P(z',e'|z,e,a) = Q(')G(2'|x,a),

where Q) is the cumulative distribution function of € and G is the transition law of x,, conditioning on
x; and a;. Furthermore, €, has finite first moments, and a positive, continuous, and bounded density.

(iii) (Finite Observed State) X ={1,...,K}.
Assumption 2 (Linear-in-Parameter) For all a, x:
TI'(CL, x; 9) = 7T0(CL, l‘) + 0T7T1 (aﬂ l‘),

where g is a known real value function, 7, is a known p-dimensional vector value function and 0 is the

p-dimensional unknown parameter.
In our setting, we have action utility given by (2) as
€] G
W(St, dy) = Ua @t + U T+ Uy (nlyt — Qs — Tl,t) + Uq,nCpt + Ur BTht + Uy, (nh,t —Qpy — Th,t) .

This is the deterministic part of the per-period utility. Thus, it is indeed linear in parameters 6 =

{Ua 1y U1y Uy 1y Ua oy Ur py Ui }- I OUr model, the functions 7, and 7 specify to mo(d;, s;) =0 and

G G T
1 (dt; St) = [al,t; Tits My — Que — Tty Qhty Thty My g — Qht — Th,t]



EC.2. Data Selection and Estimation of System Parameters for ICU Admission
EC.2.1. Data Selection Process

We start from a total of 312,306 hospitalizations over two years. We restrict our study to the hospitalizations
admitted to a medical service via the ED, which comprises the largest proportion of admitted patients.
For the ED patients, they appear in our data set as soon as the admission decision has been made; as
such, we do not have information about patients discharged home from the ED nor patients for whom a
disposition decision has not yet been made. We drop 12 hospitalizations with unknown gender and 9,128
(4.8%) hospitalizations for patients who experience hospital transfers or transports outside of the hospital
network. Our study focuses on three possible decisions for each patient in each decision epoch: keep the
patient waiting in the ED, admit the patient to the ICU, or admit the patient to a non-ICU unit (e.g. the ward
or TCU). We drop 3,066 (1.7%) hospitalizations where the patient was admitted to other units — e.g., OR or
PAR, from the ED. Finally, we drop 1,675 (1%) hospitalizations with ED waiting time longer than 12 hours
as these episodes can be considered outliers (the average waiting time is shorter than two hours).

We restrict our study cohort to the periods of each hospital with stable ICU capacity and occupancy. First,
we discard the first and last month of data for all hospitals. Second, for several hospitals, we drop the period
at either end of the sample where the ICU occupancy dramatically fluctuates or significantly differs from
the more stable period in the middle. Finally, for hospital 21, we find that its ICU capacity experienced a
substantial increase during the sample period (from 13 to 16). As a result, we split it into two parts, i.e.,
before and after the capacity change, and treat them as two hospitals in the estimation. We refer to 22
hospitals in our study cohort. The patient characteristics of the final study cohort and the ICU admission
subset are summarized in Table OS.5 of the Online Supplement. The number of days and hospitalizations
for each hospital in the final study cohort are summarized in Table OS.6 of the Online Supplement. In total,

we drop 11,268 (6.4%) hospitalizations that are outside the stable periods.

EC.2.2. Estimation of System Parameters

As described in Section 2.3, the arrival and departure rates, as well as the unit capacities, are estimated
directly from data — outside of the structural model. We now describe how we do this for the ICU admission
problem. Recall we define each period as a two hour interval in the model. We estimate the ED arrival
rates \g, and maximum arrival number M ; for i € {l,h} using the average and maximum number of
arrivals to the ED for the two classes in each period. We estimate the ICU external arrival rate Ag using
the average number of patients admitted to ICU in each time slot who are not included in our low and high
severity ED groups. The departure probability 1, is estimated as the ratio of total number of departures
to the total periods of ICU stay across all ICU patients. The ICU capacity B is set to be the maximum
number of all patients (medical and surgical, emergency and elective) in the ICU observed from data. This
is a reasonable assumption as ICU often operates under high congestion. We discuss the validity of these

estimates in Section EC.8.



Our data captures the number of patients admitted to the hospital from the ED, but does not include any
patients who are discharged from the ED. Thus, it is difficult to accurately determine the ED capacity in
our model. However, we note that the number of ED boarding patients is relatively low (e.g., average 1.21
patients). Thus, we set ED capacities (; using the following heuristic: Q; = Mg ; + LMJ , where M, ;
is the maximum number of ED patients observed in the data; M, ; is the maximum number of arrivals in
each period; and |-| denotes the floor function.The square root term \/m is introduced as a heuristic
“safety buffer” to ensure we have ample ED capacity to avoid balking upon arrival to the ED, which rarely
happens in reality. We verify by simulation that the ED rarely reaches its full capacity @); in our structural
model. In addition, the choice probabilities are very robust to alternative choices of the ED capacity. The

estimated system statistics for each hospital are reported in Table OS.6 of Online Supplement.

EC.3. Reduced-form Evidence for Discounting Behavior in ICU Admissions
In this section, we conduct reduced-form regressions to analyze the main determinants of the system’s ICU
admission decisions. This provides complementary evidence for the discounting behaviors of hospitals and
serves as a benchmark for evaluating the explanatory power of our structural model. We apply a multinomial
logistic model to estimate the ICU admission decisions. In each two-hour period, the hospital chooses one
of the three options for each patient: admit to the ICU; admit to non-ICU units; or make the patient wait in
the ED. At the start of each period, we construct system “snapshots” which include detailed information
for each patient in the ED as well as the state of the ED and ICU. We include patient characteristics, system
state variables, and seasonality effects as potential determinants of the admission decisions.

We use the non-ICU admission decision as the base case, and estimate the probabilities of the ICU
admission (d = ICUAdm) and waiting (d = Wait) decisions relative to the non-ICU admission decision
respectively. For patient ¢ who is in the ED at the start of period ¢, we set up the multinomial logistic model:

Pr(dit |Xi7 St)
Pr(nonICU;|X;, S¢)

=Y0.a +71.4LAPS2; + 7,0y JICUOCCU; + 75, JEDNum, +75 ,Z; , + €1,
(EC.4)

where Pr(d;;) and Pr(nonICU,;|X;S;) denote the conditional probability of action d;; and admitting patient
1 to non-ICU units in period ¢, respectively. In (EC.4), LAPS2 is the patient’s main severity score. ICUOccu;
denotes the current ICU occupancy level. As the ICU sizes vary dramatically across the hospitals, we use
the ICU percentile rank to measure occupancy. EDNum, denotes the number of current ED patients. Z; ,

denotes other control covariates, given by
Z,;, = {Gender;, Age,,COPS2,, CHMR;, Hosp,, DepPre,, AvgLAPS2,, DayOfWeek,, HourOfDay,, Month, }.

It includes patient ¢’s gender, age, identifier for hospital admitted, as well as other two severity scores

COPS2 and CHMR. In addition, it includes several system state variables: the number of patients who left



the ICU in the previous period (DepPre,), the average severity level measured by the LAPS2 score of the
current ICU patients in period ¢ (AvgLAPS2,), and several categorical variables to capture the potential
seasonality and time trend in the decisions. Here DayOfWeek, and HourOfDay; denote the day of week
and hour of day respectively; Month, is the dummy variable representing the month in the sample (total 23
months). To account for the heteroskedasticity, we cluster standard errors by hospitals in the regression.
We first estimate the model by combining the patient data from all hospitals. We use the McFadden’s
pseudo R-squared to measure the goodness of fit of the model. It is defined as R? =1 — In{™°? /In ™!,
where [™°? is the likelihood from the estimated model and ["“" is the likelihood from the “null” model that

only includes the intercept and a categorical variable for each hospital in (EC.4).

Table EC.1 Estimation results for Multinomial-Logistic Regression (EC.4), N = 183,691, R-squared = 0.16

LAPS2; ICUOccu, EDNum,
YL Yicu YED

Waiting  0.008 1.178 0.241
(0.000)  (0.031)  (0.006)

ICUAdm  0.028 —-0.396 —0.014
(0.000)  (0.030)  (0.006)

Standard error is reported in parenthesis.

Table EC.1 reports the estimated coefficients for three main variables in the multinomial logistic model:
LAPS2;, ICUOccu,, and EDNum,. All the coefficients are statistically significant and have the expected
sign. In particular, higher severity score (LAPS2) increases the probability of admission to ICU relative
to other units. In addition, the estimates of ;.. and v, suggest that, even after controlling for patient
characteristics and fixed effects, a busier system state (more congested ICU or ED) decreases the probability
of ICU admission and increases the probability of waiting. Such evidence suggests that the hospitals indeed
internalizes the intertemporal externalities on the ICU admission decisions by adjusting their behaviors
according to the current system state. The McFadden’s pseudo R? for the combined estimation is 0.16,
consistent with the magnitude seen for models of operational decisions in healthcare systems.

Considering the heterogeneity across hospitals, we further estimate model (EC.4) for each hospital sep-
arately after dropping the hospital dummy Hosp,. As a robustness check, we also estimate a multinomial
logistic model with only three variables plus an intercept term: the percentile rank of ICU occupancy, num-
ber of current ED patients, and a dummy for whether the patient is in low or high severity class. This
simplified model uses the same information as in our dynamic discrete choice model. Table OS.9 reports
the estimated coefficient 7, of ICU occupancy for the ICU admission decision (d;; = ICUAdm). The
results for the full (resp. simplified) multinomial logistic model are given in the second (resp. third) columns
respectively. We see that the results are qualitatively similar to that for all hospitals combined in Table EC.1.

Specifically, higher ICU occupancy is still associated with decreased likelihood of ICU admission decisions



for most hospitals, although some coefficients are not statistically significant due to a much smaller sample
size. Moreover, the identified discount factors 3 and the coefficients of ICU occupancy vy;.p are highly
negatively correlated: the correlation is —0.768 and —0.774 for the full and simplified model respectively.
This means that the dynamic discrete choice model and the multinomial logistic model provide consistent
evidence for hospitals’ discounting behaviors. In the full multinomial logistic model (EC.4), the McFad-
dean’s R? for individual hospital regressions ranges from 0.14 to 0.24, with an average of 0.17. This level

is also similar to our dynamic discrete choice model.

EC.4. Individual Hospital Results

Table EC.2 provides the full estimate results by individual hospital for our main model.

EC.5. Discussion on Model Identification

Action utility and customer classes: As described in Section 2, the parameters {u., ,, %, ., U, } represent
the average action utility within each customer class. Then, the term £(d;) in (3) captures the idiosyncratic
utility shock related to specific customer or action. Such set-up is common in dynamic discrete choice
models (see, e.g., Gordon 2009, Komarova et al. 2018).

Due to the curse of dimensionality, it is prohibitive in our model to let the action utility depend on each
customer’s characteristics (e.g., patient’s severity). The curse of dimensionality is a common challenge for
the estimation of dynamic discrete choice models, as one usually needs to solve the dynamic programming
equations for every candidate parameter (Rust 1987). This issue is notably significant in our context due to
the fact that all the customers use the same FSU with limited capacity. Thus, our state space must include
the information of all customers in the GK. With L customer classes, the dimension of state space is

L

Dim of state space = H(qu +1)x (B+1),

=1

where @); is the GK capacity for ith customer class and B is the FSU capacity. Clearly, the dimension
of state space increases exponentially fast with the number of customer classes. For these reasons, in our
main setting, we include two customer classes to capture the heterogeneity in their decisions and use utility
parameters to represent the average utilities for each class. In our empirical study on ICU admission, the
dimension of state space in our model is already large: the average dimension is 1318 for the 22 hospitals,
with a maximum of 3584. This presents a significant challenge to the model estimation, especially since we
are identifying the discount factor jointly with the utility parameters.

From the modeling perspective, our set-up is similar to the consumer purchasing/replacement problems
studied in Gordon (2009) and Gowrisankaran and Rysman (2012), in which the dynamic decision is made
at the system-level. Accordingly, the model state has to include the characteristics (e.g., price, quality) of all

available products in the market. In both papers, important simplifications and assumptions have to be made



Table EC.2

Estimation results of structural model by individual hospital

Hosp Num. of periods | Discount Factor | Low Severity High Severity R?
/B ﬂw,l ﬂr,l aw,h ﬂr,h

1 8016 0.3 —0.015 1.490 |—-0.749 0.301 |0.19
(0.025) (0.016) (0.031) | (0.060) (0.041)

2 6012 0.5 —0.001 1.465 | —0.659 0.519 [0.23
(0.026) (0.038) (0.028) | (0.054) (0.055)

3 8016 0.1 —0.124 2.558 | —1.560 1.185 |0.08
(0.052) (0.157) (0.052) | (0.155) (0.067)

4 8016 0.4 —0.065 2.307 | —0.940 0.798 |0.15
(0.011) (0.034) (0.040) | (0.053) (0.044)

5 6924 0.1 —-0.179 1.786 | —1.147 0.336 |0.10
(0.036) (0.096) (0.053) | (0.117) (0.076)

6 8016 0.2 —0.077 1.904 | —-0.970 0.531 |0.14
(0.041) (0.039) (0.045) | (0.080) (0.048)

7 6948 0.9 —1.755 2.687 | —1.876 1.453 |0.10
(0.177) (0.515) (0.083) | (0.328) (0.096)

8 7848 0.1 —0.249 1446 | —-0.764 0.380 |0.15
(0.062) (0.111) (0.034) | (0.089) (0.051)

9 6180 0.5 0.000 1.745 | —-0.789 0.707 |0.18
(0.035) (0.036) (0.040) | (0.062) (0.050)

10 7320 0.1 —0.629 2.339 | —1.630 0.929 |0.07
(0.325) (0.800) (0.053) | (0.466) (0.086)

11 8016 0.9 —1.127 1774 | —1.366 0.104 |0.08
(0.248) (0.538) (0.064) | (0.274) (0.108)

12 4668 0.6 —0.099 2.121 | —-0.558 0.637 |0.22
(0.014) (0.033) (0.051) | (0.058) (0.071)

13 8016 0.1 —0.044 2229 | —1.260 0.785 |[0.13
(0.016) (0.051) (0.045)| (0.110) (0.055)

14 8016 0.3 —0.147 1951 | —-0.956 0.662 |0.19
(0.050) (0.063) (0.036) | (0.082) (0.044)

15 6912 0.1 —1.082 2.155 | —-2.275 0.762 |0.10
(0.071) (0.180) (0.045) | (0.219) (0.076)

16 8016 0.1 —0.199 2319 | —1.233 1.005 |0.11
(0.000) (0.072) (0.050) | (0.123) (0.066)

17 6588 0.9 —1.669 2.065 |—1.530 0.660 |0.09
(0.082) (0.202) (0.069) | (0.134) (0.081)

18 8016 04 —0.154 2358 | —1.391 1.005 |0.04
(0.046) (0.065) (0.060) | (0.114) (0.069)

19 6576 0.1 —0.886 1.809 | —1.885 0.517 |0.12
(0.000) (0.069) (0.039) | (0.138) (0.056)

20 8004 0.3 —0.116 2.260 | —1.335 0.862 |0.09
(0.043) (0.054) (0.063) | (0.131) (0.084)

21 4008 0.7 —0.135 2.002 | —-0.612 0.240 |0.12
(0.047) (0.058) (0.094) | (0.096) (0.120)

22 4008 0.3 0.000 1.513 | —-0.979 0.175 |0.09
(0.042) (0.030) (0.068) | (0.130) (0.111)

Note: The second column reports the number of two-hour periods in each hospital, and the last column

provides the McFadden’s pseudo R?. Standard errors are reported in parenthesis. They are estimated by

bootstrapping with 500 trials. We find that the standard errors of the estimated /s are smaller than 0.05

(resp. 0.1) for 15 (resp. 19) out of the 22 hospitals. Although not reported here, in the bootstrapping, we find

that the estimated B remains the same or only changes to the adjacent levels (plus or minus 0.1) in more than
90% of the trials for 20 of the 22 hospitals (except Hospitals 14 and 15).



to mitigate the curse of dimension of state space. For example, Gordon (2009) only considers two product
types for each of the two firms in their model, by aggregating the product characteristics within each type.
This is similar to our setting with two customer classes. In contrast, our set-up is different from the structural
models in, e.g., Emadi and Staats (2020) and Yu et al. (2016), in which the dynamic decision is modeled
at the individual level. Thus, the state space only needs to contain the information for each individual.
This substantially reduces the computational burden and facilitates the use of parametric or random utility
coefficients to account for agent heterogeneity. Moreover, we identify the discount factor and action utilities
jointly in the dynamic discrete choice model, which brings additional technical challenge.

Counterexample for non-identification: The key intuition for model identification is that there is
enough variation in the observed states and actions relative to the parameter space. We now provide a simple
counter-example to show that the model cannot be identified when there is not sufficient variation in the
states and actions.

We consider an FSU with only one bed. We assume there is always one patient in the GK in every period.
The system can take three actions for the patient: keep her waiting in GK, admit her to SSU (with unlimited
capacity), or admit her to FSU. The last action is only feasible when FSU is empty. After one action is
taken in each period, the FSU state may transit due to external arrival or patient departure. The transition
probabilities are given by P = [poo, Po1; P10, P11}, Where p;; is the probability that the FSU state changes
from ¢ to j. The action utilities are given by wu,, for GK waiting, u, for SSU admission, and u, for FSU
admission. We assume an additive idiosyncratic term in the utility as in (3). The discount factor is 5 € (0, 1).
Denote the action probabilities by f(¢1|n] = 0) for ¢; € {w,r,a} and f(t2|n] = 1) for 15 € {w,r}. These
action probabilities can be computed similarly to eq. (9) in our main setting.

We perform the following numerical study. First, we compute the correct choice probabilities f(¢;|n! =
0) and f(to|n! =1) under a given set of parameters (3, w,, u,, u,,). Then, we assume an alternative, incor-
rect discount factor 3" and search for the corresponding utility parameters (u/,u’.,u! ) to fit the correct
choice probabilities. The FSU admission utility is normalized to zero (u, = 0).

We find that the discount factor cannot be identified in this model. In particular, for an incorrect discount
factor 3', we can always find the utility parameters (u/,, u..) such that the choice probabilities coincide with
the true values for every state and action. Thus, the model is unidentified due to observational equivalence.
In particular, the choice probabilities can be equivalently rationalized by a small discount factor combined
with high action utilities or a large discount factor combined with low action utilities (see Figure OS.3 of
the Online Supplement). This counter-example shows that we need enough variation in the observed states
and actions to identify the discount factor and utility parameters jointly.

State-dependent action set: A novelty of our identification is that our model has state-dependent action
set, which differs from Komarova et al. (2018). We now conduct a simulation study based on the ICU

admission problem to show that using state-dependent action sets is essential to correctly identify the model.



We first simulate a series of state and action pairs using the correct model with state-dependent action
sets for a given set of discount factor and utility parameters. We define the action in period t as d; =
(@1.4sT145Qn gy Tht), Which includes the numbers of ICU and non-ICU admissions for the low and high

severity classes, respectively. We then select a state 5 = (nf’,nf/,n') as n” = max{nf,} for . € {l,h} and

=
n! = B —nf —n§. That is, 5 has the maximum numbers of ED patients for both severity classes in the
simulation and enough empty beds in the ICU for admitting all ED patients. It is easy to verify that with the
state 5, all simulated actions d; = (a; ¢, 7.+, nt, 7)) are feasible.

We then estimate the model parameters using the simulated data from the misspecified model without
state-dependent action sets. For a candidate set of parameters 6 = (3, Uy 1, Ur1, Ui p, Urp ), WE sOlVe the
value function using the correct model with state-dependent action sets. However, in the estimation, we
incorrectly assume that the system state is given by 5 in every period ¢. That is, we use the choice proba-
bility f(d;|5) and compute the likelihood function as I/ = TI”_| f(d,|s) for the simulated data. We search
for the discount factor and utility parameters which maximize the likelihood function. We use the same
normalization as in main specification and restrict the discount factor to the grid {0.1,0.2,...,0.9}.

We select three representative hospitals, which have small, medium, and large estimated discount factors
under our main specification, to conduct the simulation study. For each hospital, we generate 100 paths
of state-action pairs using the estimated parameters (see Table EC.2). Each path includes 20,000 two-hour
intervals with a one-month warm-up period. For each path, we estimate the discount factor and utility
parameters using the correct state-dependent action set II(s;) as in our main specification, or the incorrect
state-independent action set I1(5) as described above. For each estimation approach, we take the average
over the 100 paths to obtain the final estimates. The results are reported in Table OS.10.

We find that when the state-independent action set II(S) is used in identification and estimation, the
estimated discount factor is always 0.9 and the utility parameters are largely biased from their true values
(see the “State-independent action set I1(5)” columns). In particular, the estimated waiting utilities ., ; and
Uy, 5, are close to zero with an upward bias in all cases, and the non-ICU admission utilities ,.; and i, j,
are largely underestimated with a substantial downward bias. In contrast, using the correct state-dependent
action set I1(s;) produces estimated parameters (both discount factor and and utility parameters) that are
close to the true values (see the “Correct action set” columns).

The estimation bias can be interpreted as follows. In the sample, the hospitals slow down ICU admissions
when the ICU becomes full, as hospitals would attempt save ICU capacity for future patients. However,
under the state s, it is always feasible to admit all ED patients to the ICU. Thus, the hospitals’ capacity
saving behaviors of keeping patients in the ED can only be (partially) rationalized by a large discount factor,
a high (non-negative) waiting utility, and/or a low non-ICU admission utility. This leads to the observed bias
in the estimation results. The above comparison shows that it is essential to account for the state-dependent

action set in the identification and estimation of dynamic discrete choice models.
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EC.6. Capacity Intervention of Adding One ICU Bed
We first evaluate the counterfactual impact of adding one more bed in ICU, while keeping the arrival and
service rates fixed. For the hospitals in our study, adding one ICU bed has limited impact on the average
ICU occupancy level. We focus on the impact on high ICU congestion measures introduced in (14) — (17).
Table EC.3 reports the reductions in ICU congestion measures for six selected hospitals. We see that
adding one bed in the ICU indeed leads to substantial reductions in ICU congestion. For some hospitals,
such reduction translates to 18 fewer days and 50 fewer patients exposed to high ICU congestion (“ADays
HighCgstn” and “APats HighCgstn” columns), as well as 10 more external arrivals admitted (“APats Balk”
column) in each year. The relative drops in Pr(HighCgstn) and Pr(Balk) are greater than 30% in most
cases. As patients who require ICU care are usually very unstable, the observed effects have the potential to
cause great improvements in their medical outcomes. Although not reported here, the standard deviations

computed from the simulation confirm that all differences are statistically significant at the 1% level.

Table EC.3  Counterfactual Estimates of Impact when Adding One Bed in ICU (Select Hospitals)

Hosp B B ADays HighCgstn APats HighCgstn Relative drop | APats Balk Relative drop
(in # days) (in # patients)  Pr(HighCgstn) | (in # patients) ~ Pr(Balk)
1 (03 21 6.27 52.26 35.3% 6.73 38.8%
2 0.5 26 6.78 52.78 24.9% 8.43 27.5%
5 (0.1 11 18.74 68.04 38.2% 8.84 39.0%
8 0.1 16 10.90 64.88 37.5% 7.92 41.5%
9 |05 22 8.60 78.61 31.7% 13.57 35.3%
14 103 36 2.36 25.90 24.0% 5.26 27.6%

Next, we look into how the benefit of adding one bed in ICU varies across hospitals. Table EC.4 reports
the correlations of the reductions in the three congestion measures (“ADays HighCgstn”, “APats High-
Cgstn”, and “APats Balk” columns in Table EC.3) with the average ICU occupancy levels and the estimated
discount factors across the 22 hospitals in our sample. By the first two columns, all three effects are pos-
itively correlated with both ICU occupancy levels and estimated discount factors. This relationship still
holds when we perform the following linear regression for the three effects using the estimates of the 22
hospitals:

AICUCgstn, = Xy + )\132- + A ICUOccu; + ¢;.

By the last two columns of Table EC.4, the benefit of adding an ICU bed is positively associated with
both ICU occupancy and the estimated discount factor, though the relative importance of the two varies
across ICU congestion metrics. These results suggest that the benefit of adding one bed in the ICU tends to
be greater for ICUs with higher occupancy levels and/or hospitals that account more for the system-level

impact of their admission decisions. Although we do not interpret these results as prescriptive, they illustrate
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that the balancing behavior of hospitals is an important factor in capacity planning decisions. Notably, the
discount factor reflects the how the hospital balances the current patients and future system capacity, while
the ICU occupancy measures the average system utilization. Thus, they capture different aspects in the ICU
admission decisions and are complementary in capacity planning. This reveals the benefit of understanding

the hospitals’ discounting behaviors from the data.

Table EC.4  Correlations between Impact of Adding One ICU Bed and ICU Occupancy or j3

| Correlation | Regression coefficient

| B ICUOccu| B ICUOccu

ADays HighCgstn | 0.69*  0.36 |18.58"*  3.98
APats HighCgstn | 0.53*  0.77°* | 19.64  140.90***
APats Balk | 0.60** 075 | 5.72*  26.55*

Note: *p < 0.05, **p < 0.01, and ***p < 0.001.

EC.7. Robustness Checks
In this section, we conduct several robustness checks for our empirical results in Section 4. Our main
findings are largely robust in these settings.

Choice of Normalization Levels: We perform two robustness checks for the normalization choice of
(Uq.1, Uq, ), which can affect the identification results (see Section 2.2). First, we estimate our model using
the periods with same or similar ED states, which mitigates the impact of normalization choice by Proposi-
tion 4. We select the state to be (n{,n$) = (2,1), i.e., with two low severity patients and one high severity
patient. This state includes multiple ED patients with both severity classes. Thus, the action space is large
enough to reflect the balancing behavior of hospitals. In addition, the occurrence of the state is not too rare,
so the model can be effectively estimated by combining all hospitals. In the estimation, we now calculate
the log-likelihood I/ in (13) only using the actions under the ED state (n&,n$) = (2,1).

The results are reported in Table EC.5 for all hospitals combined. The first row repeats Table 1 for our
original model with all ED states. The second row reports the estimation results with only the ED state
(n&,n¢)=(2,1). As an additional check, we report in the third row the estimated parameters when we use
the ED states (n{",n$) = (2,1) or (1,1). This further increases the sample size. The ICU admission utilities
are assumed to be zero in the estimations. We see that 3 equals to 0.3 in all the three cases, suggesting the
identified discount factor is not affected when we limit to the select ED states. Figure OS.4 further shows
that the likelihood decreases monotonically as we deviate from the optimal B = 0.3 in all three cases. In
addition, the waiting and non-ICU admission utilities are also similar to the original model for both classes.
These findings support the robustness of our identification results.

As discussed in Section 3.3, we expect the utilities of ICU admission to be close to zero in our empirical

setting. In the second robustness check, we further estimate our model for each hospital separately under
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Table EC.5 Estimation Results with Different ED States (All Hospitals Combined)

(nf,nf) Size | B Gy g iy G p A

Al 154,140 03  —0.071 1950 —0932 0.671
(0.005) (0.001) (0.010) (0.018) (0.013)

2,1 4,230 03 —-0.013 2.001 -0.966 0.775
(0.019) (0.005) (0.042) (0.051) (0.036)

(2,1)or 11,706 03 -0.071 2215 -1.059 0.727
1,1 (0.023) (0.044) (0.031) (0.040) (0.022)

non-zero ICU admission utilities u, ;, and u, ;. Here all ED states are used in the estimation. In particular,
we estimate the model with different normalization levels for the ICU admission utilities. We consider the
cases with both u, , = u,,; and u,; < u,; (we assume the ICU admission utility is higher for the high-
severity class). The values of u, ; and v, ; are varied from —0.3 to 0.3. As in our main setting, we still
assume that the ED admission utility is lower than the utility of ICU and non-ICU admission.

The estimated discount factors for individual hospitals are shown in Table OS.11. Each column in the
table corresponds to a normalization choice (u,,, U, 5 ). We find that the estimated discount factors are very
robust under alternative normalization choices. The estimated discount factor 3 remains unchanged or only
changes to adjacent levels (increase or decrease by 0.1) in all cases. We also compute the correlation (across
hospitals) between B in the original model and each of the alternative settings. The correlation is higher
than 0.9 in all cases. Thus, our results are robust to the choice of normalization levels.

Stratified Sample and Time Trend: As a robustness check, we also estimate the structural model with
stratified samples based on flu vs non-flu seasons, as well as day and night periods. The flu season ranges
from November to March, and the non-flu season includes the rest. The day periods include the twelve
hours from 7AM to 7PM. We re-estimate the ED arrival rates A ; and Ag 5, external ICU arrival rate Ag,
and ICU departure rate y; for each stratified sample. The ED and ICU capacities Q);, 5, and B are set as
those for the full sample in Table OS.6. We estimate the structural model with the stratified samples for all
hospitals combined and for individual hospitals separately.

Table EC.6 reports the results from the combined estimation. We can see the estimated parameters are
close to that in our main specification (first two rows). The estimated discount factor is 0.4 for the flu season,
0.2 for the non-flu season, and 0.4 for the day sample, and 0.1 for the night sample. The lower discounting
level during the night can be explained as there may be more medical and operational constraints that hinder
the hospital from responding to the system state during the night (e.g., shortage in nurses). For individual
hospitals, we find the heterogeneity in discount factors estimated from the stratified data is largely consistent
with that from the full sample given in Table EC.2. In particular, the across-hospital correlations between
the estimated B from stratified and full sample are significantly positive: 0.87 for the flu season, 0.67 for the
non-flu season and day sample, and 0.46 for the night sample. Thus, our main findings from the structural

model are robust to accounting for these potential temporal variations.
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In Section OS.4 of the Online Supplement, we further develop and estimate a structural model that explic-
itly accounts for time trend in the system transition during a day. The model includes a time indicator for
each two-hour interval in a day in as a state variable, and allow the arrival and departure rates to vary with

time. Our main findings remain very robust after the time trend is included in the model.

Table EC.6 Estimation of Structural Model with Stratified Data: All
Hospitals Combined

Size | Discount factor | Low Severity High Severity

N 6 aw,l ’&r,l ’&w,h ﬂr,h R2

All 154,140 0.3 —0.071 1950 | —0.932 0.671 |0.14
(0.005) (0.001) (0.010) | (0.018) (0.013)

Flu 60,031 0.4 —0.028 1936 | —-0.755 0.674 |0.14
(0.004) (0.010) (0.012) | (0.021) (0.019)

Non-flu 108,737 0.2 —0.058 1.960 | —1.086 0.670 |0.13
(0.005) (0.010) (0.009) | (0.023) (0.016)

Day 84,372 04 —0.001 2.006 | —0.806 0.655 |0.13
(0.004) (0.009) (0.011) | (0.020) (0.018)

Night 84,396 0.1 —0.045 1.875 | -0.971 0.684 |0.14
(0.005) (0.011) (0.009) | (0.024) (0.016)

Standard error is reported in parenthesis.

Finer Grid Search, Three Patient Class, and Change in Unit Capacities: For computational purposes,
we conduct a grid search over the discount factor with a step of 0.1 in our main specification. This facilitates
the numerical implementation of our estimation as the state space in our model is relatively large. As a
robustness check, we have also done a finer grid search with 0.01 increment for select Hospitals 4 and 9.
The identified 3’s from the finer grid are very close to those from the original grid (see Figure OS.5 of the
Online Supplement).

In Section OS.5 of the Online Supplement, we develop and estimate a dynamic structure model with three
patient classes for all hospitals combined and each individual hospital. The estimation results (discount
factor and utility parameters) are very similar under the two-class and three-class models (see Tables OS.4
and OS.13). Finally, we estimate our model under alternative ICU and ED capacity levels, which are set
according to the data (see Section EC.2.2). In robustness checks, we increase or decrease the ICU capacity
B by one bed, as well as drop the buffer term | M4 ;| in the ED capacities ); for ¢ € {l, h}. The identified
discount factors are reported in Tables OS.14 and OS.15, which are very similar to our main specification.

These results further demonstrate the robustness of our findings.

EC.8. Summary of Model Assumptions
In this section, we present the major assumptions used in our empirical study as well as their economic

justifications and robustness checks. These discussions are summarized in Table OS.16.
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Linear utility function: As discussed in the paper, we achieve joint identification of discount factor and
utility parameters by leveraging the results in Komarova et al. (2018), which require per-period payoff to be
linear in utility parameters. This assumption is critical for our identification. It cannot be tested from data,
but we believe it is a reasonable assumption to capture the first-order effect in our model. In particular, the
hospitals’ per-period (perceived) utility should be the sum of action utility for each patient affected by the
decision, which is reflected by the linear utility function in (2). In addition, as shown in Table OS.18, the
number of ED patients in each period is relatively small, mitigating the non-linearity concern regarding.
Besides, we also find that the ED waiting time is relatively short for most patients (see Table OS.17),
suggesting that patient deterioration in ED to have little impact.

Constant utility parameters:We assume the utility parameters are constant and independent of the state,
which is standard in dynamic discrete choice model literature. This assumption is crucial for our identifi-
cation and interpretation of the discount factor in our model. As discussed in Section 4.2, we expect the
benefit from ICU care to remain relatively stable even when ICU is congested, since ICU typically allocates
dedicated resource to each bed and maintains a fixed nurse-to-bed ratio. In addition, we find no significant
impact of ICU occupancy on patient outcomes (see Table OS.2 in Section OS.3). These results provide
suggestive evidence that our main findings are not driven by congestion-dependent ICU admission utility.

Normalization level: In our main model, we normalize the ICU admission utilities of both classes to be
zero. The normalization assumption is necessary to achieve identification, and the specific normalization
choice can affect our estimates (e.g., Aguirregabiria and Mira 2010). The normalization choice cannot be
tested from the data, but we justify it based on our empirical context and provide multiple robustness checks.

The normalization assumption is needed for identification in most dynamic discrete choice models, as
we cannot identify the utilities of all actions from data (e.g., Rust 1994, Magnac and Thesmar 2002). In
addition, setting zero utility for a reference action is the most common practice (e.g., Magnac and Thesmar
2002, Ryan 2012, Aguirregabiria and Mira 2010). In general dynamic discrete choice models, the nor-
malization choice can affect the identification results and counterfactual estimates (see e.g., Magnac and
Thesmar 2002, Norets and Tang 2014, Aguirregabiria and Suzuki 2014, and Abbring and Daljord 2020).

As discussed in Section 3.3, the assumption of zero ICU admission utility is based on our empirical
context. First, setting ICU admission utility to zero provides a proper reference point for perceived utility
across all ED states, as ICU admission is the best action hospitals can do in terms of patient’s clinical
outcomes. Second, the marginal utility of admitting a patient to ICU should be small due to its very high
fixed and operating cost. Due to data limitation, we assume the ICU admission utility is the same for the
two severity classes. Note that if a patient is eventually admitted to ICU, it is likely because his unobserved
factors or latest conditions imply significant risk, regardless of the pre-assigned severity class. From the
data, we find that although the high severity class is four times more likely to be admitted to ICU than
the low severity class (34% vs. 8%), the difference in their ICU length-of-stay (LOS) is much smaller. As
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shown in Table OS.19, the average ICU LOS of the low severity class is roughly 70% of that of the high
severity class. In addition, the ICU LOS exhibits substantial variation for both severity classes.

Given the normalization choice impacts our identification results, we have performed multiple robustness
checks using stratified samples (periods with same ED state) and alternative normalization levels. They
are discussed in Section EC.7. We show that our main findings remain robust in these tests. Moreover,
under current normalization assumption, the estimated dynamic discrete choice model fits our observed data
well (Section OS.2) and provide evidence for hospitals’ discounting behaviors that is consistent with the
multinomial logistic model (Section EC.3).

Lower ED waiting utility: We assume the utility of keeping patients waiting in ED is lower than that of
admitting them to the ICU and non-ICU units. This assumption is important for our empirical study, as it
rules out unrealistic model estimates that are improper in our setting.

The assumption cannot be directly tested from data, but it is justified based on our empirical context.
In our setting, the ED waiting time is defined as the time difference between the time the order to admit
is made and the time the patient is eventually admitted to an inpatient unit. Thus, ED waiting is generally
detrimental to our patient cohort, given they must be admitted to the hospital. It represents an additional
cost in the patient rerouting process and is only a temporary state due to frictions or constraints.

From the data, we indeed find that the ED waiting time is relatively short (see Table OS.17) for most
patients, suggesting that ED waiting is on average an undesirable state in patient flow. Therefore, we assume
the ED waiting should bring lower perceived utility than ICU and non-ICU admission. Note that the utility
parameters represent the average perceived utility associated with each action for the two patient classes.
The patient-specific deviations from the average utilities are captured by the idiosyncratic term, as standard
in dynamic discrete choice models (Rust 1987, Komarova et al. 2018).

Patient classes: We divide patients to two severity classes in our model and use six deterministic parame-
ters to represent the average perceived utilities for their actions. As discussed in Section EC.5, this is neces-
sary for our identification as our dimension of state space grows fast with the number of patient classes. We
believe this assumption is innocuous as two severity classes are sufficient to capture the heterogeneity in the
patients’ need for service. As a robustness check on this assumption, we have shown that our main findings
remain very similar when we define three patient classes with low, medium, and high severity levels. This
is described in Section OS.5 (Tables OS.4 and OS.13).

Other model primitives: We assume constant model primitives including ICU and ED capacities, arrival
rates to ED and ICU, and ICU departure rate. These set-ups are in line with the dynamic discrete choice
model literature (e.g., Rust 1994). The model parameters are directly estimated from the observed data
using standard methods. We conduct multiple robustness checks on these model primitives. For ICU and
ED capacities, we estimate the model after increasing or decreasing the ICU capacity by one bed from the

current level, as well as after dropping the buffer term in the ED capacity. The estimation results remain
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very similar to our main specification for both all hospitals combined and individual hospitals (see Tables
0OS.14 and OS.15). For arrival and departure rates, we estimate the model after incorporating the time trend
in the state variable (see Section OS.4). That is, we allow the arrival and departure rates to vary for each
two-hour interval. In addition, we estimate the model separately for daytime and nighttime, as well as for
flu and non-flu seasons. Our main findings remain robust in the above settings.

In line with the literature, we assume the arrivals per period follow Poisson distributions. To validate this,
we compute the ratio between the variance of arrivals per period to the mean of arrivals for each hospital. As
reported in Table OS.20, the ratio is close to one for most hospitals, consistent with the Poisson distribution.
We also assume the number of ICU departures follows a binomial distribution in each period with a constant
rate. Table OS.21 reports the estimated departure rates for ICU occupancy levels in each decile bin (all

hospitals combined). We see that the departure rates are relatively stable for different decile bins.

EC.9. Impact of Misspecifying Discount Factor in Identification

In this section, we use counterfactual simulations to show how pre-specifying an “incorrect” discount factor
leads to deviations in evaluating the high ICU congestion periods. We consider four choices of discount
factors for each hospital: 8 = 0 for a pure myopic model, 5 = 0.3 as the average level from the combined
estimation, = ,5’ at the estimated level, and 8 = 0.99 as is commonly used in the literature. For a given
discount factor, the utility parameters are estimated accordingly for each hospital. By our estimation proce-
dure, the estimated discount factor leads to the highest likelihood of hospitals’ observed actions (see Figures
0OS.4 and OS.5), i.e., it fits the data better than alternative discount factors. Thus, we use it as the benchmark
for comparison. We also perform the likelihood-ratio test to compare different models. For all hospitals
combined, the models with 5 =0 and 5 = 0.99 are rejected compared to the identified model at the 0.1%
significance level. For individual hospitals, the model with 3 = 0 (resp. with 8 = 0.99) is rejected compared
to the identified model at the 1% level for 16 (resp. 15) out of the 22 hospitals.

We use counterfactual simulations to estimate the ICU congestion under three scenarios. The first is the
base case with the estimated system set-up. We then consider two system changes. In the first one, we
increase the ED arrival rates A\, and Ag; by 50%. In the second one, we keep the ED arrivals at the
original level but reduce the ICU capacity B by one bed. The two system changes reflect scenarios when
ICU capacity gets constrained (e.g., during a pandemic). Correctly evaluating the impact of such shocks is
crucial to hospitals for managing their ICUs.

Table EC.7 provides the estimates of total numbers of patients exposed to high ICU congestion and
external arrivals who balk under different choices of discount factor (with corresponding utility estimates)
and the three scenarios of system set-up. The numbers in the table represent the sum of the 22 hospitals in
our sample. The top row “g = B” shows the estimates when we jointly identify discount factor and utility
parameters for each hospital. Thus, we use it as the benchmark for comparison. For other choices of /3, their

relative deviations compared with 5 = B are reported in the parenthesis.
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Table EC.7 Estimated ICU Congestion Metrics under Difference Choices of Discount Factors
and Corresponding Utility Estimates

Discount \ Base case || Increasing ED arrival by 50% || Reducing one ICU bed
factor | Pats HighCgstn ~ Pats Balk || Pats HighCgstn ~ Pats Balk || Pats HighCgstn  Pats Balk
B=B | 2356 352 || 4408 678 || 3308 546

B=0 | 4319 (83.4%) 718 (103.8%)
B=0.3 | 2,961 (25.7%) 461 (30.9%)
B=0.99 |2,223(-5.6%) 324(—8.1%)

7,384 (67.5%) 1,282 (89.0%)
5,335 (21.0%) 866 (27.6%)
3,718 (—15.6%) 554 (—18.3%)

5,445 (64.6%) 995 (82.5%)
3,993 (20.7%) 692 (26.8%)
3,065 (—=7.3%) 500 (—8.3%)

We have the following observations. First, setting 8 = 0 or 0.3 in the structural model substantially
overestimates the ICU congestion compared with using the identified /3. In the base case, setting 8 = 0 (resp.
B = 0.3) overestimates the number of patients under high ICU congestion by 83.4% (resp. 25.7%) and the
external arrivals who balk by 103.8% (resp. 30.9%). In contrast, assuming 5 = 0.99 would underestimate the
ICU congestion. In the base case, it underestimates the patients under high ICU congestion (resp. externals
who balk) by 5.6% (resp. 8.1%). Such deviation becomes substantially larger when the ICU gets more
constrained in adverse scenarios. After we increase ED arrivals by 50% (resp. reduce one ICU bed), the
relative underestimation with 8 = 0.99 increases to 15.6% (resp. 7.3%) for high ICU congestion patients
and 18.3% (resp. 8.3%) for balking external arrivals. The above findings are in line with our interpretation
of the discount factor: Hospitals with larger discount factors respond to ICU state more proactively when
making admission decisions, i.e., reducing ICU admission likelihood when ICU occupancy is high. This
mitigates the high ICU congestion periods.

We also compute other key system statistics under different discount factors, including overall ICU
admission probabilities, ICU occupancy, and ED waiting times. We find that using 8 =0.99 and 5 = B with
their respective estimated utility parameters in the model produce close estimates for these system statistics.
This reflects the potential “observational equivalence” issue that hinders the identification (e.g., Komarova
et al. 2018). However, as shown in Table EC.7, the estimates of high ICU congestion clearly hinge on the
choice of discount factor. This is because the impact of hospital’s balancing behavior is more visible during
high ICU congestion periods. The above finding highlights the importance of identifying the discount factor
using observed data. Similar analysis is conducted in Ching and Osborne (2020) under a different setting.
It shows that using an “incorrect” discount factor of 0.995 would largely overestimate the increase in sales

from price promotions.
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OS.1. Proofs
0S.1.1. Proof for Proposition 2

By Rust (1987), the value function V (s) can be expressed as:

-3 / V(s',2") g(s/|s)a(=')s")de’

= Z/ sup E{ ﬂj_tU(Sjadja5j)|5t,5t}g(st5)‘](5t|5t)d5ta (OS.1)
Et 7 t

d¢€T1(st)

where the second equality follows from the definition of V' (s;,e;) in (6). The expectation above is taken
over the transition of (s;, ;) starting from (s;, ;) based on the transition probability g(s’|s) and probability
density q(|s'). Thus, the function V() represents the expected future utilities starting from intermediate
state s and assuming the system always takes the optimal action.

We introduce following notations. We consider two systems s and s’. For every period ¢, we use
s; and s, to denote the system states at the start of period ¢, which are s; = (nft,nﬁt,nf ) and s} =
((ng)", (ng,)",(nF)"). Additionally, we use 3, = (f,,A¢,,af) and 3, = ((7%,), (7)), (AF)) to
denote the intermediate states after actions d, and d; are taken in period ¢, which are given by §; = ¢ (s;,d;)

and 3, = p(s},d}) according to (8). Assume the two systems start from intermediate states 5, and §{, with
nS, = (%) forie {I,h}, and il < (af)", (0S.2)

then Proposition 2 translates to V (3) > V (3)).



Coupling: Our proof is based on a coupling argument and induction in time. We first introduce the coupling
of the two systems s and s’ as follows: First, the two systems witness identical arrivals to GK and external
arrivals to the FSU in every period, i.e., 4; ; = Ag,t, Ap= A%,t’ and E; = Ej for every t. Next, we couple the
FSU departures from the two systems as follows. Denote the numbers of FSU customers before departures
by af and (F)’ respectively and assume nf < (F)'. Then, the departures D, and D) are coupled as
D} = D, + Z,, where D, is a Binomial-(7n}, ut;) variable and Z; is a Binomial-((nf") — !, ;) variable.
That is, the number of departures in the s’ system is always at least as many as the number in the s system.
Finally, if an identical action d is taken in each system, the random utility components ¢,(d) and &}(d)
associated with that action d coincides for the two systems in every period ¢.

Under the coupling described above, we first prove following lemma.

Lemma 1 Under the coupling, if the intermediate states in each system in period t — 1 satisfy

li

n,_, = (aC,_,) fori€ {i,h}, and 2l < (Al )", (0S.3)
then the states at the start of period t satisfy
nft = (nft)/ forie{l,h} and nf < (nf)/ (0S.4)

PROOF: The result follow directly from the coupled arrivals and departures in the two systems. Since we
start from the intermediate state, the system evolution to period ¢ is only dictated by the stochastic arrivals
to the GK, external arrivals to the FSU, and departures from the FSU during period ¢ — 1.

It is trivial to see the relationship for the customers in GK holds as we assume same GK arrival processes

by coupling. For the FSU customers, we consider both external arrivals and departures. We have

(nf) —nf = min {(af" ) + E,_,,B} —min {a"  + B, ,,B} — (D,_, — D, 4)
=min{ (A, ,)'+ E_1,B} —min{f; , + E,_;,B} — Z,_, > 0.

The last equality follows from the coupling E;, = E} for external arrivals and D, ; + Z;,_, = D;_, for
departures. The last inequality holds as Z; ; follows a Binomial-(L, i, p;) distribution with L, ; =
min {(7{ ;) + E;_1,B} —min {@{ ; + E,_;, B}. This completes the proof for Lemma 1. O
Mimicking Policy: We now define the policies used in each system. We assume the system s’ always takes
its optimal action which achieve the supremum in (OS.1). For system s, we define a mimicking policy 7
which mimics the action taken in the s’ system whenever possible; if it is not possible, it takes its own
optimal action. We denote the value function associated with this policy by V™ (s), which is defined by

(OS.1) with optimal action d; replaced by the one under policy 7. By definition, we have

V(50) > V™ (50). (OS.5)



To prove the proposition, we will establish following two properties under our coupling and the policy 7.
First, two systems always have same number of customers in the GK, but system s has no more customers
in the FSU:

ng, = (nicft)/ fori e {I,h} and n} < (nf)/, Vit. (0S.6)

Second, the action taken in the s’ system is always admissible for system s; thus system s always mimics
the action of s’ under 7:

Note that (0S.6) directly implies (OS.7), as it follows from (1) that given the same number of customers in
GK, the system with fewer FSU customers has a larger admissible action set, leading to d; € I1(s;) C II(s;).
Induction: We establish (OS.6) for every ¢ by induction.

Base Case: The base case follows directly from the relationship of the initial intermediate states 5o and
50, which satisfy (0S.2), and from Lemma 1. Thus we have n{; = (nfl)/ fori € {I,h} and nf < (nF)".

Inductive Step: We assume (0S.6) holds for period j and show this implies it holds for period j + 1. In
period j, under policy 7, system s takes the same action of s’ since by the inductive hypothesis the action is
admissible, i.e., d; = d}. Given the same action is taken in each system, it is easy to verify the intermediate
states after action also coincide, i.e., ﬁfj = (ﬁfj)/ fori € {l,h} and ﬁf = (ﬁf )I. Finally, we can apply
Lemma 1 to prove the relationship (OS.6) holds for period j + 1. This completes the inductive step.
Per-Period Utilities: We have shown that under our coupling and the policy 7 for the s system, at the start of
each period, the two systems always have same numbers of customers in the GK, and system s always has
fewer customers in the FSU than that in system s’. Thus, the system s always mimics the action by s’ under

the policy 7. We next prove the per-period utilities always coincide for the two systems, which follows by:

U(st,di,er) = u(se, di) +e(dy) = Z Uq,i Wit + Z Uy T4t + Z Uy i Z-, — i,t—Ti,t)‘f‘Et(dt)

ie{l,h} ie{l,h} ie{l,h}
= Z Uq,i y + Z umrm"" Z Uwz zt _a;,t_r;,t) +e(dy) =U(sy, dy €y).
ie{l,h} ie{l,h} ie{l,h}

This is because: (i) Both systems take the same action, thus they send same numbers of customers to the
FSU and SSU, leading to same routing utilities; (ii) As both systems have same numbers of customers in
the GK, the number of customers remaining in the GK after actions are also the same, leading to the same
waiting utilities; (iii) By our coupling, the random utility components coincide for the same action d; = d;,
ie., g.(dy) =¢€i(d}).

As the per-period utilities coincide for every period given system s takes policy 7 and system s’ takes its

own optimal policy, we have V™ (3,) = V (3,). Then it follows by (0S.5)
V(30) = V™ (5) = V(8)).

This proves the proposition.



0S.1.2. Proof for Proposition 3

We prove equation (11) in below. The proof of equation (12) follow in a similar way. For the two states
s1=1(1,0,0) and s, = (0,1, 0), denote the probabilities of admitting the patient to FSU and SSU under the
them by Pr(als;), Pr(r|s2), Pr(als1), and Pr(r|s,) respectively. By Proposition 1, we can compute the log

of these choice probabilities as
InPr(als;) =BV (s,) — C(s1), InPr(rls;)=—c.+BV(s,) —C(s1), (0S.8)

and

InPr(alss) = BV (s4) — C(s2), InPr(r|sy) = —cpp+ BV (s,) — C(ss), (0S.9)

where s, = (0,0,1) and s, = (0,0,0) denote the system state after the customer is admitted to the FSU
and SSU respectively. Here we use the assumption u,; = u, = 0. Taking the differences in the choice

probabilities across the two states for FSU and SSU admission decisions respectively, we obtain
InPr(a|s1) —InPr(a|ss) = C(s2) — C(s1). (0S.10a)

and

InPr(r|s;) —InPr(r|ss) =y — u,p + C(s2) — C(s1). (0S.10b)

Here we see the terms involving the value function YN/() in (0S.8) — (0S.9) are canceled out in the dif-
ferences. Further subtracting (OS.10a) from (OS.10b), we get rid of the terms related to state-dependent

function C(-) and identify the SSU admission utility difference as

Pr(r|s1) Pr(r|ss)
rl—Upp=In| =———= | —In{ ————= | .
Uni Uk =20 (Pr(a\sl) a Pr(a|sq)
This proves (11). The above steps show how well-constructed state and action pairs can be used to disen-

tangle the complex structure in the choice probability expression (9). The proof of (12) follows similarly.

0S.1.3. Proof for Proposition 4
With non-zero utility u,, ;, for sending the high-priority customer to the FSU, the per-period utility of action

is given by

/ _ G G
W (s, dy) = Uq1Qr ¢+ Ur 1t + Uy (nl,t R Tl,t) + U, Qp ot + Ur 1Tt + U, (nm —Qpt — Th,t)

= Z Auw,L (nlcff — Q¢ — Tb,t) + Z AUT,LTL,t + Aua,lal,t + ua,hnth (OSll)
ve{l,h} ve{l,h}

where nf = nft + nf/, denotes the total number of customers in GK in period ¢. In addition, we denote

Ay, = Uy, — Uq p, and Au,., =u,, —u, p, for v € {l,h}, as well as Au,; = u,; — U, . They represent

the relative actions utilities compared with sending the high-priority customer to the FSU.



We see that, with non-zero utility for sending high-priority customer to the FSU, the last term u, ,n¢
is involved in the per-period utility. Denote the per-period utility and value function with non-zero FSU

routing utility u, 5, by U'(s;,d;,e,) and V' (s, €,), respectively. By (6), we have

V'(sy,es)= sup E { E BJtU/(sj,dj,Ej)\St,et} = sup E { E 5H [U(sj,dj,ej) —|—ua,thG] ]st,gt} ,
dr€ll(st) di€l1(s¢) =t
(0S.12)

J=t

where U (s;,d;, ;) denotes the per-period utility with zero FSU routing utility u, ; and same relative utili-
ties of other actions, i.e., Au,,, and Au,., for ¢ € {I,h} as well as Au, .

With same total number of customers in GK for each period, we can drop the subscript j in nJG and
write it as n¢. Then the term Ug, »n¢ in (0S.12) is independent of action d, and can be extracted out of the

conditional expectation. We can write (OS.12) as

V'(s¢,e0) = sup E{ZﬁjtU(sj,dj,sj)|st,st}+ Ug nn, (0S.13)

1
wens) | 4= 1-p
where the last term is a constant number and independent of the optimal actions. We note that by (6), the first
term in (OS.13) is exactly the value function under the model with zero FSU routing utility for high-priority
customers and same relative utilities for other actions. Thus, we can establish the following relationship

between the value functions with different normalization levels of u, j:

V/(St,gt) = V(St,gt) +

1
mua’hnc .
Similarly, by (OS.1), we can prove the function v’ (s) under non-zero utility u, , satisfies

~ 1

V'(s)=V(s)+ mua,hn‘;. (0S.14)

By (OS.11) and (OS.14), we have
- - 1
u'(s,d) + BV (p(s,d)) = u(s,d) + BV (¢(s, d)) + mua,hnc'
Plugging this in to (10), it is easy to verify the new function V’ (s) satisfies the functional equation. More-

over, by (9), we can show that the new choice probability f’(d;|s;) coincides with the original ones under

U, = 0. Thus, model identification is not affected by the normalization level of u, j,.

0S.2. Goodness of Fit of Estimated Structural Model

We show our estimated structural model provides good fits for both the hospitals’ decisions and the overall
system statistics. First, we compare the explanatory power for the hospitals’ decisions, as measured by the
McFadden’s pseudo R?, from our structural model with that from the reduced-form multinomial logistic

regression model in Section EC.3 of the Online Supplement. As shown in Tables 1 and EC.1, the pseudo



R? for the combined estimation of all hospitals is similar from the structural model and logistic regression
(0.14 versus 0.16). The average pseudo R? for individual hospital estimations is also comparable (0.13 vs
0.16). We note that the multinomial model contains a comprehensive set of variables that might influence
admission decisions, including patient’s characteristics, system states, and multiple dummies for seasonality
fixed effects. Thus, the similar R? suggests that our structural model has reasonable explanatory power in
capturing the hospitals’ decisions.

We also find the structural model and reduced-form regression provide consistent evidences for the het-
erogeneity in hospitals’ discounting behaviors. In the multinomial logistic model, we measure the impact of
ICU occupancy on ICU admission likelihood by the coefficient v, ;. As discussed in Section EC.3, v, 1S
significantly negative for most hospitals, suggesting the ICU admission probability drops as ICU occupancy
increases. We find that the estimated B and vy, are negatively correlated: the correlation is —0.770 across
the 22 hospitals, statistically significant at the 0.1% level. As such, hospitals with larger estimated discount
factors indeed tend to be more responsive to ICU congestion when admitting patients.

Next, we use simulation to show that our structural model produces system statistics close to those
observed in the data. We examine several important system statistics, including the average ICU occupancy,
overall proportion eventually admitted to the ICU for the two classes, as well as the ED waiting times for
the two classes. The statistics estimated from our structural model are averaged from 200 simulation trials

as in the counterfactual studies in Section 5.

Figure OS.1 Comparison of System Statistics from Structural Model and Real Data
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Note: The figure compares the system statistics simulated from the structural model (y-coordinate) and observed from the real data

(x-coordinate), including ICU admission probability (left), ICU occupancy (middle), and ED waiting times (right).

Figure OS.1 compares the simulated and observed system statistics: ICU admission probabilities (left),
ICU occupancy (middle), and ED waiting times (right). In the panels, each point represents a hospital in our

study; its x-coordinate (y-coordinate) corresponds to the observed (simulated) value of the system statistic.



We plot the 45-degree line in each panel, which represents a perfect fit. As we can see, most points fall
very close to the 45-degree line, implying that our estimated structural model produces system statistics that
are very close to the observed data. We also check the correlation and the relative mean absolute deviation
(MAD) between the observed and simulated system statistics. The results are reported in Table OS.1. We
see the correlations are very close to one and the relative deviation is small (2.2% to 4.5%). This further

supports its effectiveness in modeling the admission process for ED patients.

Table 0S.1 Correlation and Relative MAD between Simulated and Observed Statistics
| ICU Adm. Prob ICU Avg Occu Avg ED Wait

Correlation 0.999 0.993 0.976
Relative MAD 2.21% 2.58% 4.49%

With a small number of parameters, over-fitting is unlikely for our structural model. To further address
this concern, we divide the sample to first and second halves for each hospital. We estimate the structural
model with all hospitals combined using the first half sample, and do out-of-sample prediction on the second
half. The McFadden’s pseudo R? from the out-of-sample prediction (0.13) is very similar to that from the

in-sample estimation (0.14) and the level from the full sample estimation in Table 1 (0.14).

0S.3. Impact of ICU Occupancy on Patient Outcomes
In this section, we use reduced-form analysis to examine if ICU congestion affects the outcomes of patients

admitted to the ICU. We run an OLS regression to examine how ICU occupancy affects patient outcomes:
Y, = Yo.a T fyLydLAPS2i + ’yICU7dICUOccut + nyD)dEDNumt + 'y;dzm + €it, (0S.15)

where Y; is one of the following patient outcomes: 30-day mortality, hospital readmission, and hospital
length-of-stay (LOS). ICUOccu, is the ICU occupancy level at the time of patient admission, measured
by the percentage occupancy relative to the ICU capacity; EDNum, is the number of patients in the ED
(including both high and low severity types). The other patient and system-level controls Z; , are introduced
in Section EC.3. The set-up of the OLS regression (OS.15) is similar to our reduced-form analysis for the
patient admission decision in Section EC.3.

As an additional test, we also examine the impact of the average ICU occupancy during a patient’s ICU
stay, rather than the occupancy level at the time of ICU admission. The average ICU occupancy is also

measured relative to the ICU capacity.
Y =704+ 71.aLAPS2; + 7,0y 4 AvgICUOCcy, + v, JEDNum, + 7} ,Z; ; + €51, (0S.16)

The average ICU occupancy, AvglCUOccu;, is computed using the two-hour snapshots from our structural

model. For example, if a patient enters the ICU at 12:45 and leaves at 17:16, we take the average of ICU



occupancy levels recorded at the 13:00, 15:00, and 17:00 snapshots. Note the average ICU occupancy level
is not available to the physician at the time of a patient’s ICU admission, but this analysis allows us to
understand the association between congestion and outcomes. We replace ICUOccu; by AvgICUOccu; in
regression (OS.15). The two variables are not included simultaneously as they are highly correlated (a

correlation of 0.85).

Table 0S.2  Estimation Results for OLS Regression (0S.15), N = 19,680

Panel A: ICU occupancy at the time of admission Panel B: Average ICU occupancy during a patient’s stay
\ Mortality =~ Readmission Hospital LOS \ Mortality =~ Readmission Hospital LOS
LAPS2 0.004*** 0.0006*** 0.0355*** LAPS2 0.0004*** 0.0006*** 0.0354**~
(8.02x107°) (8.68x1079) (0.002) (8.01x1075) (8.68x1079) (0.002)
ICUOccu; -0.0076 0.0022 -0.381 AvgICUOccu; -0.011 0.0153 -0.0423
(0.017) (0.019) (0.491) (0.020) (0.021) (0.556)
EDNum; -0.0009 0.0048* 0.0898 EDNum, -0.0008 0.0047~ 0.08971
(0.002) (0.002) (0.055) (0.002) (0.002) (0.053)

Note: Tp < 0.1, *p < 0.05, **p < 0.01, and ***p < 0.001.

Since we focus on the ED medical patients in our structural model, we estimate (OS.15) and (OS.16)
using the sample of ED medical patients admitted to the ICU. The estimation results are reported in Table
0S.2. The coefficients of ICU occupancy level are statistically insignificant for all three outcomes. This
holds for both the ICU occupancy level at the time of admission (Panel A) and the average ICU occupancy
level during a patient’s stay (Panel B). We also note that the magnitudes of the estimated coefficients are
small across all three outcomes and two specifications, except for LOS in Panel A, where the impact of
ICU occupancy on hospital LOS is negative—i.e., higher ICU occupancy is possibly associated with shorter
hospital LOS. These results suggest that, even if we had larger sample size, it is still unlikely that we would
find higher ICU occupancy associated with worse patient outcomes. Therefore, we do not find empirical
evidence that ICU congestion leads to worse patient outcomes in our study cohort.

As expected, the LAPS?2 severity score is significantly positive for all three outcomes. In addition, we find
that the number of patients in the ED at the time of ICU admission is associated with a higher readmission
rate and a longer hospital length of stay. The latter effect is statistically significant only at the 10% level,
and only when we control for the average ICU occupancy during a patient’s stay (Panel B). One possible
explanation for the ED occupancy effect is that higher ED occupancy may delay the initiation of care due
to longer boarding time. In addition, the care quality in the ED may be more sensitive to patient occupancy

than that in the ICU, as the ICU typically operates under a fixed nurse-to-bed ratio.



0S.4. Dynamic Model with Intraday Time Trend
In this section, we extend our dynamic discrete choice model for the ICU admission problem by including a
time indicator in the state. This captures the time trend in the system transition during a day, e.g., the arrival
and departure rates may vary substantially during day time and night time.

The model is set up as follows. Recall our data consists of state-action pairs for each two-hour interval.
We now include a time indicator m, € {1,2,...,12} in the state variable, which denotes the specific time
(two-hour interval) of the day. For example, m; = 1 means the time of the day is from 12AM to 2AM. Thus,

our new state variable becomes s, = (m,, nft, nﬁt, n!"). Naturally, the transition of m; is given by

- mt-l-l, lfmt<12
M= 1, ifm =12

To capture the time trend in the system state, we estimate the ED arrival rates (Ag,; and Ag ;), external
ICU arrival rate (Ag), and ICU departure rate (1) for each of the 12 two-hour time intervals separately. That
is, we now estimate {Agfz)}’ {)\gn,i}, and {\"} for m = 1,2, ..., 12 following the procedures in Section
EC.2.2. This accounts for the intra-day variation in the system state transition. In other words, we allow the
state transition probability g(s'|s) of (n{’,,n§,,n;") derived in Section EC.1.1 to depend on the time interval
m; using the estimated arrival and departure rates for the specific time period. The ED and ICU capacities
are still fixed as they do not vary over time.

We estimate the new model using our data. However, including the time indicator increases our state
space by 12 times. To reduce computational burden, we now drop the buffer term in the ED capacity (see
Section EC.2.2) and set it for each severity class as the maximum number of patients observed in the data.
This has limited impact on the estimation since, in most cases, there are usually only one or two patients
in the ED. Like our main specification, we consider a discrete grid {0.1,0.2,...,0.9} for potential discount
factor levels.

The estimation results for the time-trend model are reported in Table OS.3 for all hospitals combined
and Table OS.12 for individual hospitals. The 3 column reports the estimated discount factor, and the four
subsequent columns (., , Uy, Uy p, Urp) report the estimated utility parameters for the low and high
severity classes. By Table OS.3, we see that the estimated model parameters under the time-trend model are
very similar to those in our main specification. In particular, the estimated discount factor B moves from 0.3

to the adjacent level of 0.2. The utility estimates are also very similar.

Table 0S.3  Comparison of Main Model and Time-trend Model: All Hospitals Combined

‘ 5 uw,l ur,l uw,h ur,h

0.3 -0.071 1.950 -0.932 0.674
0.2 -0.003 1.887 -0.839 0.680

Main specification
Time-trend model
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In Table OS.12 for individual hospitals, the last “AB (main)” column additionally reports the estimated
discount factor in our main setting without time trend. We see that the estimated discount factors are very
similar for most hospitals between the two specifications. In particular, the estimated discount factors are
exactly the same for 15 out of the 22 hospitals and changes to adjacent levels for 5 hospitals. Only for two
hospitals (Hospital 7 and 11), the estimated & experiences a larger change after the time trend is incorpo-
rated. For these hospitals, we have a smaller sample size and thus less variation. This explains the change
in the discount factor once we incorporate the time trend. The above results suggest that our main findings

are robust to including the time trend in the dynamic discrete choice model.

0S.5. Dynamic Model with Three Patient Classes

To further capture the heterogeneity in patient’s utility coefficients, we estimate a dynamic structure model
with three patient classes. The three severity classes include patients with severity scores (LAPS2 score)
below the 60th percentile, between the 60th and 85th percentile, and those above the 85th percentile, respec-
tively. We normalize the ICU admission utility to zero for all three classes and allow them to have different
utility parameters for ED waiting and non-ICU admission. The arrival rates and ED capacity of the three
classes are estimated directly from data as in our main set-up. Thus, we have in total seven parameters to
estimate in the identification, including the discount factor, and the waiting and non-ICU admission utilities
for the three classes. The discount factor is still estimated on the grid {0.1,0.2,...,0.9}. To control the state
space dimension, we drop the buffer term in the ED capacity and set it for each class as the maximum
number of patients in the data.

The estimation results for three-class model are reported in Table OS.4 for all hospitals combined and
Table OS.13 for individual hospitals. By Table OS.4, we see that our estimation results remain very robust
when using the three-class model. The identified discount factor is still 0.3. The estimated utility parameters
are also similar. Recall that the high severity class is defined for the same patient cohort in the main model
and the three-class model (the patients with LAPS2 above the 85th percentile). We see that their utility
estimates u,, 5, and u,. j, are indeed very close in the two models (—0.972 vs. —0.950 for w,, ; and 0.674 vs

0.684 for u, ).

Table 0S.4  Comparison of Main Model and Three-class Model: All Hospitals Combined

Main specification Three-class model

N

/B uw,l u'r',l uw,h ur,h /8 Uy, 1 uT,l uw,m ur,’m u’w,h uT,h

0.3 -0.071 195 -0.932 0.674 0.3 -0.001 2.299 -0.418 1.794 -0.95 0.684

Table OS.13 reports the estimation results with three patient classes for individual hospitals. The second

column reports the dimensions of state space in our three-class model, which are indeed relatively large.
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The third column (3 3.) reports the estimated discount factor in the three-class model. The subsequent three
columns (1, Uy, 2, and i, 3) report the estimated ED waiting utilities for the low-, medium-, and high-
severity patients. The next three columns (4, 1, @, 2, and i, 3) report the estimated non-ICU admission
utilities for the three classes. In the last column, we report the estimated discount factor from the two-class
model as in our main manuscript.

We have the following observations about the results. First, the estimated discount factors remain similar
to the main specification with two patient classes for most of the individual hospitals. The absolute dif-
ference between Bzc and 336 is zero for 13 hospitals, and 0.1 for 8 hospitals This suggests that our main
identification and estimation results are robust under the three-class model. Second, we find that for most
hospitals, the estimated ED waiting and non-ICU admission utilities are also similar to those in the main
specification and are decreasing in patient severity level. This also makes sense as more severe patients on
average benefit more from the ICU admission (recall the ICU admission utilities are normalized to zero for
all three classes). It also suggests that our main model with two classes of patients captures most of the

patient heterogeneity in the sample.
0S.6. Supplementary Tables and Figures

Figure 0S.2  Probability of ICU admission by ICU occupancy rates (selected hospitals)

Hosp 9: B=0.5 Hosp 10: B=0.1 Hosp 11: =0.9

0.08 1 0.08

adm prob
adm prob
adm prob

0.04 0.04
0.05
0.00 0.00 0.00
20% 40% 60% 80% 100% 20% 40% 60% 80% 100% 20% 40% 60% 80% 100%

ICU occupancy rate ICU occupancy rate ICU occupancy rate

Table 0S.5 Summary Statistics of ED Medical Patient Characteristics

Final study cohort: N=164,167 ICU admission cohort: N=19,683
Min Max Mean Median SD Min Max Mean Median SD
Male 0.53 Male 0.48
Age (years) 18.00 113.00 67.27 70.00 17.59 Age 18.00 111.00 64.52 67.00 17.48
LAPS2 0.00 294.00 74.11 70.00 37.47 LAPS2 0.00 294.00 105.03 102.00 45.98
EDWait (hours) 0.02 12.00 1.30 0.88 1.41 EDWait 0.02 11.98 1.36 0.90 1.45

Note: LAPS2 is severity of illness score. EDWait corresponds to the ED boarding time
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Figure 0S.3

Figure 0S.4
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13

Table 0S.6  System Summary Statistics by Hospital

Hosp Num. of days hosgfarﬁ'zgtfions Q Q. B ICUOccu Ao, Ao Ae  py  Pr(a) Pr(a)
1 667 11,676 115 21 067 1230 0221 0252 0.035 0.12 041
2 500 9,902 14 7 26 076 1429 0227 0268 0.026 0.1 0.36
3 667 8,039 8 4 12 049 0859 0.146 0.101 0.030 005 022
4 667 14,595 13 7 31 071 1529 0327 0519 0.031 005 0.29
5 576 5,082 7 3 11 065 0633 0098 0.108 0.030 0.1 041
6 667 10,577 9 5 21 058 1123 0208 0278 0.036 008 036
7 578 4915 7 4 11 071 0583 0.111 0.188 0.030 005 0.18
8 653 8,400 10 6 16 067 0868 0.185 0.158 0.033 0.14 040
9 514 12,355 15 5 22 071 1807 0264 0354 0.036 007 031
10 609 5,978 8 4 12 052 0714 0092 0228 0.048 006 028
11 667 2,655 6 4 7 055 0284 0045 0056 0.029 0.12 046
12 388 6,751 12 6 24 069 1256 0.173 0299 0.026 006 033
13 667 8,061 9 4 16 050 0817 0.182 0.110 0.028 007 030
14 667 12,841 11 6 36 072 1332 0257 0493 0.026 007 0.33
15 575 7,208 8 4 16 043 0897 0.111 0.114 0031 007 031
16 667 7,190 8 4 13 044 0752 0.133 0.108 0.033 006 026
17 548 3,511 7 4 9 062 0418 0099 0066 0.024 009 032
18 667 7,702 9 6 32 058 079 0.122 0557 0034 006 026
19 547 7,476 8 4 25 046 0966 0.170 0.196 0.031 0.10 037
20 666 5,096 8 4 11 034 0545 0087 0.065 0.035 007 029
21 333 2,109 8 4 13 068 0451 0076 0.139 0.025 0.10 0.44
22 333 2,048 8 4 16 062 0422 0.090 0.182 0.028 0.15 045

Note: System summary statistics for each hospital: @Q; for ¢ € {l, h} is the ED capacity for the two classes of patients; B is the
ICU capacity; ICUOccu is the average ICU occupancy level; Ag,; for ¢ € {I,h} is the ED arrival rate; Ag is the external arrival
rate to ICU; pu; is the ICU departure rate; Pr(a;) for i € {l, h} is the overall ICU admission probability for the ED patients.

Table 0S.7  Hospital Characteristics Considered in the Heterogeneity Analysis

Size ICU size, ED size for low and high severity classes
Arrival rates ED arrival rate for low and high severity classes, external ICU arrival rate
Departure rate ICU departure rate

ICU congestion Average ICU occupancy (as % of capacity), median ICU occupancy (as % of capacity),
% of periods with fewer than one or two empty ICU beds
Variation in system | Standard deviations of ED arrivals, ICU external arrivals, and ICU occupancy across periods
Patient characteristics | average age, average LAPS2 score, average ED waiting time for two classes,
% of high severity class patients, % of ICU admissions from external arrivals
Utility parameters | waiting and non-ICU admission utilities for both classes
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Table 0S.8  Counterfactual Estimates of Impact when /3 Increases from j3 to 0.9 (All Hospitals)

ADays HighCgstn APats HighCgstn APats Balk Increase in ED Time
Hosp B (in days) (in patients) (in patients) (in hours)
| 1009 B+1 Heuris | 5t00.9 B+1 Heuris|5t009 B+1 Heuris || Low Class High Class
1 0.3 4.19 6.27 3.38 3494 5226 28.20 4.68 6.73 4.27 2.05 0.63
2 0.5 6.04 6.78 6.44 47.03 52.78 50.12 7.53 8.43 8.73 1.84 0.63
3 0.1 1.75 6.06 2.26 6.89 23.82 8.88 0.81 211 0.77 1.59 0.29
4 04| 1.60 422  1.17 17.89 47.08 13.11 3.95 8.63 281 1.33 0.42
5 0.1 6.79 18.74 5.24 24.67 68.04 19.02 4.55 8.84 3.11 1.75 0.44
6 0.2 1.15 2.73 1.36 10.07 23.77 11.83 1.27 2.42 1.52 1.70 0.50
7 09| -045 2323 0.01 -1.62  84.04 0.04 -0.71 2120 1.33 0.00 0.00
8 01| 558 1090 545 33.21 64.88 3241 4.69 7.92  4.62 1.36 0.76
9 0.5 4.27 8.60 6.37 38.99 78.61 58.22 6.42 13.57 10.56 1.55 0.49
10 0.1| 0.81 823 1.09 5.10 51.80 6.87 0.81 7.56  1.51 0.73 0.26
11 09| -0.11 2698 279 -024 56.65 5.86 -0.04 661 054 0.00 0.00
12 0.6 2.14 6.06 2.96 1520 43.17 21.05 3.35 7.67 4.07 1.15 0.71
13 0.1 0.96 2.34 0.79 4.79 11.65 3.92 0.50 0.95 0.32 2.08 0.38
14 03| 1.58 236 1.73 17.43 2590 19.07 3.26 526 3.54 1.26 0.46
15 01| 022 0.85 0.11 1.25 477  0.64 0.13 0.30 0.00 0.37 0.11
16 0.1 0.65 2.52 0.95 3.09 12.07 4.56 0.29 0.95 0.52 1.48 0.44
17 09| 0.35 21.54 0.65 0.82 50.58 1.52 -0.03 6.60 0.35 0.00 0.00
18 04| 0.08 0.65 0.16 1.07 824 2.05 0.23 1.16 0.62 1.42 0.28
19 0.1| 0.05 0.08 0.02 0.40 0.75 0.20 0.04 0.09 0.05 0.45 0.16
20 03| 025 0.94 0.06 1.05 391 0.26 0.02 0.15 0.08 1.90 0.33
21 0.7 1.90 16.61 2.71 6.77 59.02 9.62 1.86 11.97 2.59 1.33 0.49
22 03| 1.12 827 1.35 9.75 4231 691 2.43 7.59 2.29 3.23 0.47




Table 0S.9  Comparison of Identified Discount Factor 3 and Coefficient of ICU Occupancy v,

Hosp | Discount factor 3 Coefficient ~ cu Coefficient vy
Structural model Full logit model Simplified logit model
1 0.3 —0.372** —0.162"
(0.012) (0.114) (0.089)
2 0.5 —0.642*** —0.445**
(0.010) (0.116) (0.099)
3 0.1 —0.191 —0.175
(0.019) (0.193) (0.153)
4 0.4 —0.344* —0.020
(0.010) (0.140) (0.105)
5 0.1 —0.782*** —0.488***
(0.023) (0.183) (0.140)
6 0.2 —0.2707 0.144
(0.014) (0.146) (0.107)
7 0.9 —1.489*** —1.170***
(0.016) (0.230) (0.208)
8 0.1 —0.591*** —0.404***
(0.020) (0.117) (0.099)
9 0.5 —0.419*** —0.258"*
(0.009) (0.126) (0.104)
10 0.1 —0.434 —0.275T
(0.027) (0.201) (0.166)
11 0.9 —0.969*** —0.956"**
(0.017) (0.216) (0.185)
12 0.6 —1.025%** —0.508***
(0.010) (0.219) (0.149)
13 0.1 —0.214 —0.06
(0.018) (0.184) (0.131)
14 0.3 —0.269* —0.127
(0.012) (0.132) (0.100)
15 0.1 —0.083 —0.035
(0.033) (0.182) (0.145)
16 0.1 —0.393* —0.227
(0.020) (0.171) (0.147)
17 0.9 —1.444* —0.922***
(0.021) (0.237) (0.176)
18 0.4 0.001 0.104
(0.013) (0.218) (0.159)
19 0.1 —0.341* 0.014
(0.029) (0.172) (0.122)
20 0.3 —0.744** —0.494**
(0.017) (0.208) (0.165)
21 0.7 —1.091*** —1.023***
(0.012) (0.253) (0.215)
22 0.3 —0.751** —0.3471
(0.025) (0.276) (0.195)
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Table 0S.10  Simulation Study with the Correct State Space I1(s;) and State-Independent State Space I1(5)

Hospital 2 Hospital 13 Hospital 22
True value  Correct  State-independent | True value  Correct  State-independent | True value  Correct  State-independent
action set  action set I1(3) action set  action set II(3) action set  action set I1(5)

B 0.300 0.380 0.900 0.500 0.566 0.900 0.900 0.834 0.900
(0.007) (0.000) (0.008) (0.000) (0.010) (0.000)

Uy 1 -0.015 -0.101 0.000 0.000 -0.124 0.000 -1.669 -1.570 0.000
(0.012) (0.000) (0.014) (0.000) (0.022) (0.000)

Uy g 1.489 1.486 0.248 1.745 1.742 0.364 2.065 2.074 0.010
0.011) (0.007) (0.001) (0.007) (0.003) (0.005)

Uy, 1 -0.750 -0.798 0.000 -0.789 -0.873 0.000 -1.530 -1.475 0.000
(0.008) (0.000) (0.010) (0.000) (0.012) (0.000)

Ur,p 0.301 0.299 -0.863 0.707 0.707 -0.533 0.660 0.665 -1.177
(0.002) (0.002) (0.002) (0.003) (0.004) (0.002)

Table 0S.11  Estimated Discount Factor 3 Under Alternative Normalization Choices of (v i, ua 1)

Hosp‘(0.3,0.3) (0.2,0.2) (0.2,0.3) (0.1,0.2) (0.1,0.1) (0,00 (-0.1,-0.1) (-0.2,-0.1) (-0.2,-0.2) (-0.3,-0.2) (-0.3,-0.3)

1 0.2 0.3 0.3 0.3 0.3 0.3 0.3 0.3 0.3 0.3 0.3
2 04 0.5 0.5 0.5 0.5 0.5 0.6 0.6 0.6 0.6 0.6
3 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
4 0.3 04 04 04 0.4 04 0.4 04 04 0.4 04
5 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
6 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2
7 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9
8 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
9 0.5 0.5 0.5 0.5 0.5 0.5 0.6 0.6 0.6 0.6 0.6
10 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
11 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9
12 0.5 0.5 0.5 0.6 0.6 0.6 0.6 0.6 0.6 0.7 0.7
13 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
14 0.2 0.2 0.2 0.2 0.2 0.3 0.3 0.3 0.3 0.3 0.3
15 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
16 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
17 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9
18 0.3 0.3 0.3 0.3 0.3 04 0.4 04 04 0.4 04
19 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
20 0.2 0.3 0.3 0.3 0.3 0.3 0.3 0.3 0.3 0.3 0.3
21 0.6 0.6 0.6 0.6 0.6 0.7 0.7 0.7 0.7 0.8 0.8
22 0.3 0.3 0.3 0.3 0.3 0.3 0.3 0.3 0.3 0.4 04




Table 0S.12  Estimation Results of Dynamic Discrete Choice Model with Time Trend

B Gy ey Gwp Upp | B (main)
0.2 0.000 1.445 -0.692 0.304 0.3
0.5 -0.023 1.486 -0.682 0.522 0.5
0.1 -0.169 2.568 -1.562 1.188 0.1
0.4 -0.099 2.322 -1.024 0.839 0.4
0.1 -0.223 1.834 -1.209 0.290 0.1
0.2 -0.088 1.907 -1.011 0.528 0.2
0.6 -0.101 2.731 -0.752 1.605 0.9
0.1 -0.277 1.465 -0.794 0.387 0.1
0.5 -0.001 1.808 -0.843 0.716 0.5
0.1 -0.620 2.350 -1.726 0.932 0.1
0.4 -0.056 1.846 -0.908 0.129 0.9
0.6 -0.134 2.139 -0.559 0.640 0.6
0.1 -0.074 2.235 -1.292 0.810 0.1
0.2 0.000 1.930 -0.853 0.673 0.3
0.1 -1.105 2.160 -2.280 0.824 0.1
0.1 -0.194 2.334 -1.221 1.012 0.1
0.9 -1.701 2.070 -1.540 0.660 0.9
0.3 -0.001 2.336 -1.244 1.008 0.4
0.1 -0911 1.820 -1.888 0.513 0.1
0.2 0.000 2.209 -1.238 0.906 0.3
0.6 0.000 1.980 -0.489 0.247 0.7
0.3 -0.033 1.546 -1.037 0.119 0.3
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Table 0S.13  Estimation Results for Individual Hospitals with Three Severity Classes

Hosp Dim. of state B3c Up1  Uwo  Ups | U1 Upg  Ups ‘ B2c (two class)
2 11616 0.3 ] 0.000 -0.344 -0.750|1.699 1.459 0.301 0.3
3 18144 0.5] 0.000 -0.251 -0.659|1.742 1.401 0.518 0.5
5 4680 0.2 1-0.229 -0.654 -1.709|3.045 2.250 1.186 0.1
7 22528 0.5]-0.180 -0.733 -1.064 |2.870 2.209 0.798 0.4
8 1920 0.2 ]-0.161 -0.805 -1.244|2.216 1.301 0.333 0.1
9 8316 0.3 ]-0.130 -0.636 -1.076|2.342 1.715 0.530 0.2
10 2400 09]-1.794 -2.032 -1.875|2.881 2.689 1.454 0.9
11 7140 0.1 -0.191 -0.383 -0.763|1.751 1.278 0.380 0.1
13 13248 0.6 | -0.068 -0.570 -0.912{2.243 1.658 0.706 0.5
14 3640 0.9 | -2.563 -3.034 -2.667|2.740 1.898 0.920 0.1
15 1400 09]-1.134 -1.275 -1.366|2.144 1.272 0.105 0.9
16 13475 0.6 | -0.061 -0.388 -0.558|2.595 1.897 0.637 0.6
17 4080 0.2]-0.131 -0.545 -1.379|2.641 2.052 0.785 0.1
19 19943 0.2 ] 0.000 0.000 -0.840|2.181 2.006 0.662 0.3
20 3400 0.1 -0.784 -1.850 -2.276|2.531 1.881 0.761 0.1
21 3360 0.1 ] 0.000 -0.621 -1.233|2.688 2.041 1.005 0.1
22 1750 0.9 | -1.812 -1.649 -1.530|2.427 1.732 0.660 0.9
24 10395 0.41-0.021 -0.597 -1.392(2.710 2.106 1.006 04
25 8190 0.1 -0.615 -1.447 -1.885|2.202 1.574 0.516 0.1
27 2400 0.3 1-0.010 -0.372 -1.333|2.569 1.952 0.861 0.3
29 3780 0.7 | -0.104 -0.305 -0.612]2.379 1.594 0.241 0.7
30 3060 0.4 1]-0.118 -0.309 -1.073|1.865 1.205 0.174 03




Table 0S.14  Estimation Results Under Changes in Capacity Choices (All Hospitals Combined)

‘ B uw,l ur,l uw,h ur,h

Main Specification 0.3 —-0.071 1.950 —-0.932 0.671

Increase ICU Capacity by One Bed | 0.3 —0.066 1.956 —0.928 0.677
Decrease ICU Capacity by One Bed | 0.3 —0.090 1.931 —-0.958 0.651
Remove Buffer Term In ED Capacities | 0.3 —0.070 1.949 —0.931 0.672

Table 0S.15  Estimated Discount Factor 3 Under Changes in Capacity Choices

Hosp Main Increase ICU Decrease ICU Remove Buffer Term in
Specification Capacity by One Bed Capacity by One Bed ED Capacity

1 0.3 0.3 0.3 0.3
2 0.5 0.5 0.5 0.5
3 0.1 0.1 0.1 0.1
4 0.4 0.4 0.4 0.4
5 0.1 0.1 0.1 0.1
6 0.2 0.2 0.2 0.2
7 0.9 0.9 0.3 0.9
8 0.1 0.1 0.1 0.1
9 0.5 0.5 0.5 0.5
10 0.1 0.1 0.1 0.1
11 0.9 0.4 0.3 0.9
12 0.6 0.6 0.6 0.6
13 0.1 0.1 0.1 0.1
14 0.3 0.3 0.2 0.3
15 0.1 0.1 0.1 0.1
16 0.1 0.1 0.1 0.1
17 0.9 0.2 0.1 0.9
18 0.4 0.4 0.4 0.4
19 0.1 0.1 0.1 0.1
20 0.3 0.3 0.3 0.3
21 0.7 0.7 0.7 0.7
22 0.3 0.3 0.3 0.3




Table O0S.16

Summary of Model Assumptions and Justifications/Robustness Checks

Assumption

Summary

Justification/Robustness checks

Linear utility function

Linearity is critical to achieve joint identification of dis-
count factor and utility parameters (Komarova et al.
2018). It cannot be directly tested from the data.

It is a reasonable assumption as per period utility should be the sum
of action utilities for each patient. In addition, we find in the data
that the number of patients in ED is small for most periods (Table
0S.18) and the ED waiting time is short for most patients (Table
0S.17). We also find that the ICU departure rates are generally sim-
ilar for different ICU occupancy levels (Table OS.21).

Constant utility parame-
ters

We assume the utility parameters are constant and inde-
pendent of the state. This is essential crucial for our
identification and interpretation of the discount factor in
our model. This assumption can be validated empirically
given sufficient variation in the data.

The ICU typically allocates dedicated resource to each bed and
maintains a fixed nurse-to-bed ratio, thus the benefit of ICU care
tends to remain stable even when the ICU is congested. Consis-
tent with this, our reduced-form analysis finds no significant impact
of ICU occupancy on patient outcomes (see Table OS.2 in Section
08S.3).

Normalization choices

Normalization assumption is needed to identify dynamic
discrete choice model (e.g., Magnac and Thesmar 2002).
Different normalization choices can affect our estimates
of discount factor and utility parameters. The normaliza-
tion choice cannot be pinned down from the data.

We set the ICU admission utility to zero as (i) it provides a proper
reference point for current period utility across ED states; (ii) the
ICU has very high fixed and operating costs. We perform robustness
checks with stratified sample and alternative normalization choices
(see Section EC.7).

Lower ED waiting utility

This assumption is critical in our problem as it rules out
unrealistic model estimates (long-term benefit from ED
waiting). It cannot be directly tested from the data.

ED waiting represents an additional cost in the patient rerouting pro-
cess, and is a only temporary state instead of final destination. Thus,
on average, it brings lower perceived utility than ICU and non-ICU
admission. We find in the data that the ED waiting time is indeed
short for most patients (see Table OS.17).

Patient classes

This assumption facilitates our estimation by reducing
the state space dimension, which is important as our state
space grows exponentially in number of patient classes.
It is innocuous as two patient classes are sufficient to
capture the difference in patients’ needs for care.

We perform robustness checks with three patient classes in Section
0S.5. The estimated discount factors and heterogeneity across hos-
pitals are similar to our main specification.

Constant arrival/departure
rates

These set-ups are standard in dynamic discrete choice
models. The arrival/departure rates are estimated from
data.

We perform robustness checks using time-varying transition rates
(Section OS.4) and stratified sample analysis (Section EC.7).

ED and ICU capacity

These set-ups are standard in dynamic discrete choice
models. The units capacity levels are directly estimated
from the data.

The ICU/ED capacity levels are directly estimated from data. We
perform robustness checks by varying capacity levels of ED and
ICU (Section EC.7).

Unlimited capacity for
non-ICU units

This assumption facilitates our estimation by reducing
the state space dimension. It can be validated from the
observed data.

We observe in the data that the occupancy of non-ICU units seldom
reaches their maximum observed level (see footnote 2). Thus, the
capacity of non-ICU units should not be a constraint. This is also
confirmed in our communication with hospitals.
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Table 0S.17  Statistics of Patients ED Length-of-Stay
\ Full cohort (N = 180051) \ ICU admission cohort (N = 20977)
ED LOS ‘ < 2hours < 4hours < 6 hours ‘ < 2hours <4hours < 6hours
Proportion \ 85.40%  94.10%  96.60% \ 82.40%  93.80% 97.00%

Table 0S.18  Summary Statistics of ED Occupancy

‘25th percentile Median Mean 75th percentile 90th percentile

Low severity class 0.00 1.00  1.02 2.00 3.00
High severity class 0.00 0.00 0.19 0.00 1.00

Table 0S.19  Summary Statistics of ICU Length-of-Stay (Hours)

Severity Class | Count Mean  Std

Low 11490 45.09 48.33
High 8189 66.04 59.98

Table 0S.20  Variance-to-mean ratio for arrivals in each periods

Hosp ED low severity ED high severity External ICU

1 1.066 0.985 1.047
2 1.259 1.025 1.072
3 1.025 1.009 1.050
4 1.134 0.999 1.244
5 1.090 1.011 1.038
6 1.085 1.029 1.056
7 1.054 1.012 1.049
8 1.091 0.987 1.043
9 1.083 1.010 1.039
10 1.110 0.994 1.015
11 1.002 1.010 1.016
12 1.316 1.051 1.048
13 1.054 1.009 1.026
14 1.095 0.965 1.175
15 1.077 0.994 1.079
16 1.100 1.012 1.022
17 0.970 0.975 1.020
18 1.171 1.069 1.391
19 1.019 1.003 1.059
20 1.007 0.990 0.996
21 1.003 0.997 1.076
22 1.037 0.976 1.033
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Table 0S.21 ICU Departure Rate by ICU Occupancy Level (All Hospitals Combined)

ICU Occupancy Decile Bin ICU Departure Rate y;

0.031
0.031
0.032
0.032
0.031
0.029
0.032
0.032
0.030
0.029

S0 AW
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