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Step Down Units (SDUs) were initially introduced in hosfsitan order to provide an intermediate level of care for
semi-critically ill patients who are not sick enough to rigguintensive care but not stable enough to be treated in the
general medical/surgical ward. However, there is a lackaofsensus within the medical community as to how these
units should be used as well as the impact of SDU care on patiecomes. Using data from 10 hospitals from a single
hospital network, we use instrumental variable approathestimate the impact on patient outcomes of routing pttien
to the SDU from the Emergency Department (ED) as well as ttenfive Care Unit (ICU). Our empirical findings
suggest that SDU care is associated with better clinicataones for some patients — reducing in-hospital mortality
by 6%-20%, shortening hospital length-of-stay (LOS) by-D.88 days or reducing ICU readmission rate by 4% and
hospital readmission rate by 8%. However, inappropriaaelyitting patients to the SDU is associated with an increase
in mortality risk by 1.60% and hospital LOS by nearly a faadd2. Our findings suggest that an SDU may be a cost-
effective way to treat patients when used as a true step daoityi.e. for patients who are post-ICU. However, the impact
of SDU care is more nuanced if and when other patients arettadini- for some patients, SDU admission is associated

with substantial degradation of outcomes, while for othieiis associated with slightly improved outcomes.
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1. Introduction

Hospitals are responsible for the largest component obnatihealth care expenditures and are therefore
under pressure from government and private payers to beswrecost efficientGenters for Medicare &
Medicaid Services 2036Intensive care units (ICUs), which provide the highegelef care, are the most
costly inpatient units to operate. The estimated annudlafazitical care in the U.S is between $121 and
$263 billion, accounting for 17.4%-39% of total hospitattoCoopersmith et al. 20)2Step-down units
(SDUs), sometimes called transitional care or intermediate units, have been used in many hospitals to
mitigate critical care costs without jeopardizing the déyadf care. SDUs provide an intermediate level of
care for semi-critically ill patients who are not severe@gioto require intensive care but not stable enough
to be treated in the general medical/surgical ward (warBJUSare generally less expensive to operate
than ICUs due primarily to lower nurse-to-patient ratioshil& an ICU may have one nurse per one or two
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patients, an SDU would typically have one nurse per threeto jpatients. On the other hand, SDUs are
more expensive than general wards where there are, genataiut 6 patients per nurse.

There is a lack of consensus within the medical communityuaiiee role of the SDU. Those who
advocate the use of SDUs see them as an alternative to eitiataining larger ICUs or jeopardizing
patient care due to premature, demand-driven, dischangatients from ICUs to general care units. As the
name suggests, the initial role of SDUs was to serve as dtitanfor patients after being discharged from
the ICU. In practice, SDUs are often used to treat other pttjdor example, those who might have gone
to an ICU but were blocked because the ICU was full. In genénal use of SDUs has evolved without
substantial evidence as to their benefits and what theirstodelld be. Some studies argue that these units
provide a safe and cost-effective environment for sentieali patients and can serve as a “bridge from
hospital to home” thereby improving patient outcomes arfidiehcy Byrick et al. 1986 Harding 2009
andStacy 201). Other studies argue that SDUs should not be used as theoeesnough evidence of their
cost-effectivenes¥eenan et al. 1998ndHanson et al. 1999Despite the lack of consensus in the medical
community surrounding the use of SDUs as well as the lack lo$tsuntive evidence to their effectiveness,
many hospitals have SDUs and others are considering irtnoglthese units. Even within a single hospital,
the use of SDUs is generally not standardized. Therefoiig,viery important to understand their value
and how they can best be used. This paper examines whethet 8DUs are associated with improved
operational and/or clinical outcomes. As SDUs are muchdggensive to operate than ICUs, improvements
associated with SDU care may enable reductions in hospitatading costs without sacrificing patient
outcomes. Given the increasing pressures for hospitaksdiace costs, such insights can be very valuable
to hospital administrators.

To the best of our knowledge, our work is the first to conductdtifnospital study to empirically
examine the role of an SDU for patients who are discharged the ICU as well as those who are admitted
from the Emergency Department (ED). Our analyses are basedaent data from Kaiser Permanente
Northern California, an integrated health care delivestemn serving 3.6 million members that operates 21
hospitals, some of which do and some of which do not have SDhiscohort and type of data we employ
have been described in previous studies Eseobar et al(2013, Kim et al. (2015 among others). Our
data source is based on nearly 170,000 hospitalizationsatabof 10 hospitals over a course of one and
half years. Each of the 10 hospitals in our study has an ICUSId, though the number of beds in each
of the units varies across hospitals.

There are a number of challenges which arise when trying terstand the impact of SDU care on
patient outcomes. One challenge is that there are limitetiest regarding its efficacy and, more specifically,
which patients can be appropriately admitted to the the SR&s(away et al. 1998While there is some
evidence that some ICU patients who are at low risk of neelifimgupport could be given less intensive

care in an SDU with no impact on outcomes (&Zgnmerman et al(1995), there is also evidence that



some critical care patients who are treated in SDUs or géwaras instead of the ICU are worse off (e.g.
Simchen et al(2004). As such, it seems that there are patients who may beneit ffreing cared for in
an SDU rather than in a general ward, while others who areeiea an SDU rather than an ICU may
suffer adverse consequences. An important empirical emgd is to be able to classify patients in order
to accurately assess the impact of SDU admission on patigodmes. To that end, we initially segregate
patients who are candidates for SDU care into two broad grahpse who are discharged from the ICU
and those who are admitted to an inpatient unit from the ERintga data-driven approach, we then stratify
patients from the ED into high and low severity groups.

In developing an understanding of SDUs, we face an impoestirhation challenge. The SDU admission
decision may be affected by health factors which are knowthéophysician at the time of the decision,
but are unobservable in the data. For instance, a patiemsigal appearance (i.e. whether he/she appears
ashen or pale) may provide evidence of early shock. Thusysighn may determine that, despite relatively
stable vital signs and lab scores, a patient who is pale amrativg will benefit from SDU care relative
to being sent to the general medical ward. But because tlienp& more critical than the average ward
patient, he/she is also more likely to have worse outcomesle8ly, it may be more appropriate to admit
a patient to the ICU if he is cognitively impaired and not tlcThus, patients who are admitted to the SDU
instead of the ICU may be healthier by unobservable measigmearing this potential endogeneity could
resultin biased estimates. To address this challenge,ilize@tn instrumental variable approach to identify
the desired effects.

Our empirical findings suggest that SDU care is associatéidl suibstantial improvements in various
patient outcomes for patients discharged from the ICU akagdbw severity patients being admitted from
the ED. In particular, for patients in our study cohort whongdy with our instrumental variable, we find
that SDU admission is associated with an average reductitheilikelihood of in-hospital death of 1.6% to
6%, remaining hospital length-of-stay (LOS) by .5 to 1.08sjdhe likelihood of ICU readmission (for ICU
patients) by 4%, and the likelihood of hospital readmis&igp to 8%. While these findings are supportive
of SDU care, we find that SDU admission is associated with &orgcomes for high severity patients
coming from the ED: mortality risk, readmission risk and L&® much higher for patients admitted to the
SDU versus the ICU. Our results suggest that when SDUs acdkasseriginally intended, as intermediary
units for post-ICU care, they may result in improved outcemadative to ward care. However, if hospital
administrators wish to expand the use of SDUs beyond pdstelte, it is important to be able to classify
which patients should or should not be treated in the SDU.

The rest of the paper is organized as follows. We concludesiction with a brief summary of related
papers in the literature. In Secti@nwe introduce our study setting and describe our data, dliveduthe two
patient cohorts we study. In Secti@nwe describe our econometric model for our first cohort ofges—

those being discharged from the ICU. Sectiotescribes how we partition patients who are admitted from
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the ED into high and low severity patients and then discuise®conometric model we use for these
patients. Our main results are presented in Seé&i@ection6 provides directions concluding remarks as

well as discussions for future research.

1.1. Literature Review
Our work is related to existing literature in both the metlaoad operations management communities.

First, our work contributes to the medical literature altbetrole of SDUs. We note that while there have
been studies on the SDU, the amount of attention SDUs hawnegat is far less than has been expended on
studying other care units, such as the ICU, general mediaal vemergency department, etc. On one hand,
some studies argue that SDUs are a cost-effective approaobat patients by providing a safe and less
expensive environment for patients who are not quite sicugh to require treatment in the ICU, but not
quite stable enough to be treated in the ward. Without an $mist of these patients end up being cared for
in the ICU.Byrick et al.(1986 suggests that the use of the SDU could alleviate ICU coragelsy reducing
ICU length-of-stay (LOS) without increasing mortalityeat This reduction is possible because patients do
not have to reach as high a level of stability to be dischatgexth SDU rather than to a general medical-
surgical ward. Other studies that have shown the costieféaess of an SDU includelarding (2009,
Stacy(2011), and Tosteson et al(1996. On the other hand, a survey of studies on SDUs raises doubts
about these benefits and argues that there is not enougimegidecost-effectiveneskéenan et al. 1998
The majority of these studies are conducted exclusivelgiwia single hospital, whereas our study utilizes
data from 10 different hospitals. Additionally, rathertheonducting a before-and-after study, which may
be limited by the inability to control for temporal changegls as staffing changes or closures of nearby
hospitals, we utilize an instrumental variable approacidémtify the impact of different care pathways
(going to the SDU versus ward following ICU discharge as wsligoing to the SDU versus ward or ICU
upon hospital admission from the ED). Our multi-center gtpobvides compelling evidence that there are
some patients for whom SDU care is associated with improlieidal outcomes, while there are others for
whom SDU care is associated with worse clinical outcomesug$, our results suggest that it would be of
value for the medical community to focus more attention orettigping an understanding of which patients
would or would not benefit from SDU care at hospitals of vagyratient mix and resource availability.

Our work is also related to a growing body of literature in diperations management community regard-
ing ICU care. There are a number of papers, includ@uoger et al(1994, Azoulay et al.(2001), Shmueli
et al. (2003, Escher et al(2004), Simchen et al(2004 andKim et al. (2015, which examine the impact
of ICU admission decisions on patient outcomes. While we klsk at the admission to ICU versus SDU
versus ward decision, we take a data-driven approach tsigleng patients into those who may or may
not benefit from SDU care (i.e., low versus high severitygres). Additionally, a major focus of our work

is the bed transfer decision upon ICU discharge, which wagosidered in these prior workkc and



Terwiesch(2012 also examines the ICU discharge process; however, the fs@mnearly discharges from
the ICU due to demand pressures. This work examines the iroptee type of unit a patient is transferred
to following ICU discharge.

We also consider the admission of patients from the ED. Thezea number of papers which utilize
stochastic modeling and queueing approaches to study the Epatient unit transfers (e.lylandelbaum
et al. (2012, Shi et al.(2014, Huang et al.(2019). Stowell et al.(2013, Kuntz et al.(2016 take an
empirical approach to explore the impact of admitting paseo various hospital units on patient outcomes.
They find that ‘off-placement’ can degrade patient outcariresll of these works, the focus is on admitting
patients to different unitsvithin the same level of carén contrast, our work empirically examines the
impact of admitting patients tdifferent levels of care

Our estimation model is most related to that considereldiin et al. (2015. Like Kim et al. (2015
and Kc and Terwiesch2012, among others, we utilize an instrumental variable whilbased on an
operational measure—congestion in an inpatient unit. &thié general methodology is similar, the question
we are considering is wholly different. The aforementiomextks focus on the ICU, while our focus is
on the SDU. From an operational standpoint, it is of valuegwetbp an understanding of how the use of
the units with lower resource requirements than the ICU mayded to treat moderately severe patients.
Additionally, from the viewpoint of clinicians and hosgdidministrators, these units are fundamentally
different in their use and role. Because they serve as th@bihtermediate care between the ICU and the
ward, there is risk of adverse consequences in admittingierpo the SDU who actually needs ICU care,
as well as admitting patients who would do just as well on tlaedwAs such, we first take a data-driven
approach to help identify higher and lower severity patidsgfore estimating the impact of SDU care on

patient outcomes.

2. Setting and Data

We utilize patient data from 10 hospitals from Kaiser Peremae Northern California containing 165,948
hospitalizations over a course of one and a half years. We thatt even within the Kaiser Permanente
Northern California system, there is no consensus on howédSDUs. Thus, some hospitals have SDUs,
while others do not.

Our data contains operational and patient level inforrmati@perational level information includes every
unit to which a patient is admitted during his hospital stégng with the date and time of admission
and discharge for each unit. Our objective in this work is nderstand the impact of SDU care. Talile
summarizes the distribution of where patients come fromediattely preceding their SDU visit. Over 78%

! This project was approved by the Kaiser Permanente NortBalifornia Institutional Review Board for the ProtectiohHuman

Subjects, which has jurisdiction over all study hospitalsd the XXX (redacted for double-bline review) InstitutidrReview
Board for the Protection of Human Subjects.



of patients in the SDU come from the ED or ICU. As such, our wsialwill focus on these two patient
cohorts. Specifically, we will focus on how transfer to thelSbnpacts patients who are admitted to an
inpatient unit from the ED as well as patients who are diggbadifrom the ICU to lower levels of care.

Figurel depicts these two transfer decisions that will be the hdastioempirical investigation.

Table 1 Distribution of Units Preceding the SDU

Unit Preceding SDU Percentage
ED 60.93%
ICU 17.11%
Ward 13.88%
Post-Anesthesia Recovery Unit (PAR) 4.25%
Operating Room (OR) 3.58%
Other/Unknown 0.25%

Figure 1  Types of Admission Decisions
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For each inpatient unit in each hospital, we use these pdlimndata to derive hourly occupancy levels
and we define its capacity as the maximum occupancy leveltbedime horizon. Table summarizes the
capacity for each of the different levels of inpatient careach hospital. While each level of care may have
further divisions based on specific services, e.g. medeaus surgical ICU, clinicians and administrators
at the study hospitals indicate that it is widely accepteatfice at their hospitals to consider the boundaries
as somewhat fluid in the sense that if a medical service pateunires ICU care, but there are no medical
ICU beds available, he will likely be cared for in the surdik@U. We observe substantial heterogeneity
across these hospitals; the SDU capacity varies from 11 toe88 and the the number of ICU beds in a
given hospital ranges from one half to twice the number inSbéJ.

Our dataset also contains information about patient cleniatics such as age, gender, admitting diagno-
sis and three different severity scores. One score is basébaesults taken 72 hours preceding hospital
admission and the second is based on comorbidities, sudhlatels, that may complicate patient recovery.

These severity scores are assigned at hospital admissiaaramot updated during the hospital stay (more



Table 2  Capacity of Various Inpatient Units

Hosp|| ICU SDU Ward
1 11 24 61
2 11 25 76
3 16 14 77
4 16 19 76
5 16 24 78
6 23 19 124
7 24 20 145
8 26 27 110
9 31 11 188
10 || 32 32 100

details on these scores can be founBétobar et al2008 2013). The third severity score is the simplified
acute physiology score 3 (SAPS3), which is a common sevstitye used exclusively for ICU patients
(see, e.gStrand and Flaatt€?008, Mbongo et al(2009, Christensen et a{2011).

2.1. Data Selection

Since we study two different transfer decisions (from the &id from the ICU), we form two separate
patient cohorts: an ED Cohort and an ICU Cohort. Our datacBete process is depicted in Figuge
Because we use the patient flow data to determine the occyparet (and capacity) for each unit, we
first restrict both of our cohorts to the 12 months in the ceot¢he 1.5 year time period in order to avoid
censored estimates. A patient’s admission category isefkbfin a combination of whether or not they were
admitted through the ED, and whether they were admitted t@dical or surgical service resulting in 4
categories: ED-medical, ED-surgical, non-ED-medicaham-ED-surgical. We primarily focus on patients
who are admitted via the ED to a medical service for two magaisons. First, this group is the largest,
consisting of about 60% of the patients treated in theseitadspand is similar to the cohort considered in
Kim et al. (2015. Second, the care pathways of surgical patients tend taiblg §tandardized, especially
for non-ED-surgical patients, which is the larger of the sugical groups. In contrast, the care pathways
of ED-medical patients are more variable. It is this vatiggbive will leverage in our identification strategy

(see Section8 and4).

2.1.1. ED Cohort Over 60% of SDU patients are admitted from the ED. For thetienta, we consider
the ED to inpatient unit admission decision. The three fdssinits a patient can be admitted to are the
ICU, the SDU, or the Ward. We exclude the less than 5% of EDica¢gatients who go directly to the
Operating Room (OR) or Post-Anesthesia Recovery unit (FAdR) the ED.

2.1.2. ICU Cohort Many SDUs are designed as true ‘step-down units’, wherepigtican only be
admitted following ICU discharges (e.Bachempati et a{2004). Moreover, the ICU is the second most
frequent unit from which SDU patients are transferred. Tlous second cohort considers patients dis-

charged from the ICU to either the SDU or ward. To form the ICoh@rt, we consider patients who are



Figure 2 Data Selection
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admitted to the ICU at least once during their hospital $tay.each patient, we focus on the initial ICU
admission within each hospitalization. We exclude pasievito die in the ICU or are discharged directly
home from the ICU, since there is no decision about whetheoute these patients to the SDU or ward
following ICU discharge.

Table3 provides some summary statistics of these two cohorts.

Table 3 Summary Statistics of Patient Demographics
ED Cohort ICU Cohort
Variable mean std min max||mean std min max
Age 67.68 17.53 18 111| 68.13 15.91 18 105
Male 047 050 O 1 0.55 0.50 0 1
LAPS2 7470 37.35 O 272 75.13 49.10 O 262
COPS2 46.18 4421 O 290(46.63 4461 O 267
ED LOS (hrs) 1.46 2.20 0.02 118.68 1.57 2.73 0.02 118.68
ICU LOS (hrs) N/A 61.87 84.75 0.02 2279.17
LOS before ICU (hrs N/A 32.99 108.88 0 4877.58




2.2. Patient Outcomes

We consider four patient outcomes: (1) in-hospital deddloftality), (2) remaining hospital length-of-stay
(HospRemLOS), (3) hospital readmissionH{ospReadm), and (4) ICU readmission/ CU Readm) for
ICU patients.

The outcome&{ospRem LOS is defined as the remaining time spent in the hospital fohowhe transfer
decision. Thus, for patients in the ED Cohort, this will beithiotal inpatient LOS; for patients in the ICU
Cohort, this will be the remaining time spent in the hosgiddbwing ICU discharge.

HospReadms,, is defined as hospital readmission within two weeks aftevitephospital (e.g., see
Doran et al(2013 andOuanes et a[2012 which use these durations). In calculating hospital raasiion
rates, we exclude patients with in-hospital death. We atsmbustness checks for different time windows
for hospital readmission.

Following Brown et al.(2013 which aims to define reasonable time windows for ICU readioig we
considerl CU Readmsyg (ICU Readms,) which indicate ICU readmission within two (five) days follimg
ICU discharge. This measure is studied only for the ICU CbWge also do robustness checks for different
time windows for ICU readmission.

Table4 summarizes these patient outcomes for the two cohorts.

Table 4  Summary Statistics of Patient Outcomes: Mean (Numbe  r of observations or standard deviation for

continuous variables)

ED Cohort ICU Cohort
ICU SDU Ward SDU Ward
Outcome mean (N/std) mean (N/std) mean (N/stgnean (N/std) mean (N/std)
Mortality 0.12(8,630) 0.04 (14,832) 0.03 (50,623p.06 (3,832) 0.07 (7,226)

HospRemLOS (days) 6.67 (11.51) 4.23(5.89)  4.05 (5.79) 7.24 (14.76) 5.13 (10.91)
HospReadm - 2 weeKs0.12 (7,629) 0.11 (14,269) 0.10 (49,206).14 (3,585) 0.13 (6,685)
ICUReadm - 2 days N/A 0.04 (3,832) 0.05 (7,226)
ICUReadm - 5 days N/A 0.08 (3,832) 0.06 (7,226)

3. Discharge from the ICU
We begin by explicitly stating our fundamental researchstjoe for the ICU cohort: Following ICU dis-

charge, is SDU care associated with better patient outctimeshose for patients receiving ward care and,

if so, what is the magnitude of the improvement?

3.1. Econometric Challenge: Endogeneity
Our objective is to utilize retrospective patient data teedmine if ICU patients who are transferred to the
SDU have better outcomes than those transferred to the Bahuse we are using retrospective data,

an estimation challenge arises due to the fact that thengukicision following ICU discharge is likely
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correlated with patient outcomes. To highlight this chadje, we start with the following reduced form

model for hospital LOS:
log(HospRemLOS;) = 8 X; + YADMITSDU; + v,y + ¢€; (@H)

where X; is a vector of control variables including patient charesties (e.g. age) and seasonal factors
(e.g, admission time of dayy DM IT'SDU; is an indicator variable that equals 1 if patieénd transferred
directly to the SDU following ICU dischargé (i) is the hospital where patientis treated,,(; is the
hospital fixed effect and; denotes the error term. (see Talkin AppendixA for more details on control
variables). While we include controls for patient severnitgobservable patient severity measures may be
correlated with bothHospRem LOS and ADMITSDU. That is, sicker patients are more likely to be
transferred to the SDU than the ward, but are also more likeyave bad outcomes. As such, our estimates
for v may be biased and we may erroneously conclude that goin@tS8EJ hurts patients. To overcome

this potential endogeneity bias, we utilize an identifisattrategy using Instrumental Variables (IVs).

3.2. Instrumental Variable

A valid instrument should be 1) correlated with the endogsnariable ADM I'T'SDU;, and 2) unrelated
to the unobservable factors captured jnvhich affect patient outcomes. We propose to use congeistion
the SDU one hour before the ICU discharge as an IV. In pagicwe defineSDU Busy; as an indica-
tor variable that equals one when the number of available bethe SDU one hour prior to patiefis
discharge from the ICU is less than or equal to two, and zéveratisé. On average, about 11% patients
are discharged from the ICU when the SDU is buSY (U Busy = 1), though this varies quite a bit across
hospitals (see Tabl&d).

When controlling for various patient characteristics irralf#t regression model, we also find at the 0.1%
significance level that when the SDU is busy, patients arellzsly to go to the SDU. In particular, we
estimate that, on average, 21.14% percent of patients ated@o the SDU ifSDU Busy = 1 and this
percentage increases to 35.91%DU Busy = 0. Namely, a congested SDU is predicted to result in a
47% reduction in the likelihood of the SDU admission. Hermmmdition 1 is satisfied.

We now consider Condition 2 and consider wheti&rU Busy; is uncorrelated with unobservable fac-
tors in patient outcomes captureddn Since we cannot examine unobservable measures, we ueatpati
severity, SAPS3, as a proxy for those unobservable factors. In particula, pgrform a two-sample
Kolmogorov-Smirnov test (se@ibbons and Chakraborti 20%ar details) to test the hypothesis that the
2We also do robustness checks in Appentliky considering different specifications 8DU Busy;: (1) different cutoffs at one,
two, three, four available beds; (2) dummy variables usicgupancy level with cutoffs &0 (or 85", 90", 95") percentile,
i.e., SDU Busy; = 1 if occupancy level is larger than the cutoff percentile artbzotherwise; (3) congestion represented by a

continuous piecewise linear spline variable with knotsha0t" (or 85", 90", 95t") percentile; and (4) these measures 2 hours
(instead of 1) prior to ICU discharge.
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distribution of SAPS3 for patients who are discharged fr@W WwhenSDU Busy = 1 is not statistically
different to that wher6 DU Busy = 0. The p-value for the combined Kolmogorov-Smirnov test 536.
Thus, we can not reject the null hypothesis and believe i ipts who are discharged from the ICU when
SDU Busy = 1 are statistically similar to patients who are dischargedifthe ICU whenS DU Busy = 0.
For completeness, we also check this for the LAPS2 scoreshwibiassigned at the time of hospital admis-
sion. The p-value of the combined Kolmogorov-Smirnov te<i.B34.

Kc and Terwiesch 201@emonstrates that ICU congestion could result in earlyhdigge, which could, in
turn, affect the routing decision of ICU patients. While I€ongestion has been used as an IV in a number
of hospital studies (e.dKc and Terwiesch 201 Xim et al. 2019, we find that ICU congestion is not a
valid IV. This is because the impact of ICU congestion dodsmbibit a consistent effect on ICU routing,
i.e., a congested ICU could result in both a higher and a Ipgecentage of patients being admitted to the
SDU depending on a patient’s severity score. Moreover, wktfiat the ICU congestion is correlated with
a patient's SAPS3 and LAPS2 score.

We also considered using a number of additional instrunheat@ables. Specifically, we considered a
measure of the average severity of other patients in the ECbheasure of how the discharged patient
compares to the severity of other patients in the ICU, and asome of severity for the most recently
discharged ICU patient. We find that all of these measuresarelated with the SAPS3 and LAPS2 scores,
suggesting they may also be correlated with unobservabdsunes of severity, thereby invalidating these

variables as potential instruments.

3.3.  Econometric Model
3.3.1. Continuous outcome model$Ve now present our estimation model for our continuous out-
come,HospRem LOS. Since the ICU to SDU routing decisiod,DM ITSDU;, is a binary variable, we

model the ICU discharge decision via a latent variable model

ADMITSDU; = X;0 4+ aSDU Busy; + whu) + &,
ADMITSDU, = 1{ADMITSDU! >0},
log(HospRemLOS;) = X;8+~- ADMITSDU; +§ - AvgOccViisited; + vy + €, 2

where ADMITSDU; is a latent variable which represents the propensity tosv&dU admissionX;
is a vector of control variables for patient informatias, ;) is the hospital fixed effect; and; represents
unobservable factors that affect the routing at ICU disgealFor the outcome equatian,; is the hospital
fixed effect; and:; captures unobservable factors that affect patient outsome

We also control for the daily average occupancy level, dethasAvgOccVisited;, patient; experiences
for all impatient units s/he is admitted &dter leaving the ICU and before leaving hospitAbpendixA

provides robustness checks for different specificationd@jOccVisited;, as well as with this control
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excluded. We include such a measur&asind Terwiescli2012 shows that patient outcomes are affected
by congestionKim et al. (2015 provides additional discussion.

The error termg¢;, ;) in (2) may be correlated to model the endogeneity between thangpdécision
at ICU discharge and the patient outcome. We assume(¢hat) follows a Standard Bivariate Normal
distribution with correlation coefficient. This model can be jointly estimated using a treatment effec
model via via Full Maximum Likelihood Estimation (FLMEJfeene 2012 A likelihood ratio test of null
p =0 can be used to test the presence of endogeneity.

3.3.2. Discrete outcome model&or the binary outcomes\{ortality, HospReadm, [CU Readm),
we modify Eq. @) by replacing the continuous patient outcome with a prolauitiel. Specifically, we have:

ADMITSDU; = X,0+ aSDUBusy; + wna) + &,
ADMITSDU, = 1 {ADMITSDU; >0},
y; = X;B+v-ADMITSDU, + 6 - AvgOccVisited; + vy + €5,
yi = 1{y; >0} 3)

wherey; is a latent variable which represents the propensity footiieome. Similar to before, we assume
that (¢;,¢;) follows a Standard Bivariate Normal distribution with celation coefficienp. This Bivariate
Probit model can be jointly estimated via FLME (S@ameron and Trivedi 199&reene 2012andKim
et al. 2019. The presence of endogeneity can be tested through anlilceliratio test of nulp = 0.

For ICU readmission, we modifiedvgOccVisited; to be the daily average occupancy level that patient
1 experiences in all impatient units s/he is admittetétween two consecutive ICU admissions

3.4. Demand-driven discharges
Kc and Terwiesct{2012 found evidence that when ICUs are highly congested, cut€d patients may
be demand-driven discharged, in order to accommodate iimgpdemand of more severe patiertdm
et al.(2015 found that patients admitted to a medical service from thedb not seem to be susceptible to
such demand-driven discharges. We look at a similar groggaténts taKim et al. (2015

One potential concern is that the cohort studielim et al. (2019 includes hospitals with SDUs as well
as those without. Our cohorts only include patients treatdubspitals with SDUs. Thus, it is possible that
the presence of an SDU makes it more likely for medical p&iemo were admitted to the hospital via the
ED and are being treated in the ICU to be demand-driven digeldathus, making it possible that these
types of discharges occur in our dataset. Patients who anart#-driven discharged are more critical, so
are more likely to be admitted to the SDU, but also more likeljzave bad outcomes. If this were the case,
this could cause a downward bias of our results.

To check this, we estimated the following reduced form model

log(ICULOS,) =nX; + kICUBUSY; + v, (4)
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to explore whether ICU LOS is reduced when the ICU is busy. $fematex to be —0.05 with standard
error0.04. Thus, consistent witkkeenan et al(1998 andKim et al. (2015, we do not find evidence that
patients are demand-driven discharged. To dig a little deepe examined whether the SDU congestion
had an impact on whether patients are demand-driven digetiafo do this, we enhance our regression

model to include a measure of SDU congestion:
log(ICULOS;) =nX; + kICUBUSY; + pSDUBUSY; + ¢ (ICUBUSY; x SDUBUSY;) +v; (5)

In particular, we would expect demand-driven dischargdsetonost common when the ICU is busy and
the SDU is not. Tablé& summarizes these results. We find that none of the coeffecemet statistically

significant. Thus, we do not find any evidence suggestingdeatand-driven discharges impact our ICU
cohort.

Table 5  Demand-driven discharges: Effectof  ICU Busy and SDU Busy on ICU LOS

Parametel Estimate (SE) ICU Busy| SDU Busy # Observations

K -0.057 (0.040 1 0 855

0] -0.039 (0.039 0 1 1,056

(0 -0.034 (0.096 1 1 136
Note.Standard error in parenthesesp < 10%),* (p < 5%),"* (p <1%),"** (p < 0.1%).

4. Admission to Inpatient Unit
In this section, we study the routing decision regardingHfie Cohort. We aim to empirically estimate
how SDU admission immediately following transfer from thB Bffects patient outcomes, comparing to
ED patients who are transferred to the ICU or ward. Here, dairastimation challenge arises. Routing
decisions are associated with patient severity and, thitis patient outcomes.

Kim et al. (2015 examined this problem in the context of admitting patigntshe ICU from the ED.
In that paper, the goal was to estimate the impact of admitipatient to the highest level of car, i.e. the
ICU versus elsewhere. In contrast, our objective is to ustded the impact of admitting patients to an
intermediary level of care, the SDU. In contrast to the ICezat is possible that the impact of SDU care
could be positive, neutral or even negative. For instanics, feverity patients who should be admitted to
the ICU, but are instead admitted to the SDU may experienasavoutcomes as a result. On the other
hand, SDU care may have no impact or even benefit low seveiigrgs who would traditionally be cared
for in the ward. There are limited objective standards foowhould be treated in the ICU (s€ask Force
of the American College of Critical Care Medicine, Societyoitical Care Medicing1999 andKim et al.
(2019), let alone for the SDUNasraway et al. 1998Thus, such categorizations of patients are likely to
be highly varied across different physicians. As such, we tadata-driven approach to stratifying patients
by severity.
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4.1. Severity Categorization

In order to estimate the impact of SDU care for patients aeohfrom the ED, we categorize patients based
on their severity and study each severity group separa&ebcifically, we aim to identify a ‘low severity’
cohort, for which the decision is to admit patients to eitther ward or SDU, and a ‘high severity’ cohort
for which the decision is to admit to either the SDU or ICU. @any, it seems reasonable to expect the
decision to admit a patient to the SDU will have a differenpaut on the low versus high severity patients.

We begin by considering how patient level characteristifls@&nce whether a patient is admitted to the
ICU, SDU or ward from the ED. Specifically, we estimate an @edeProbit regression model using only
patient characteristics.

Ward, it Tz <t
Tx; =< SDU, if t,<Tz; <ty and Tz =X0+¢, (6)
ICU, if tyo<Tx;
where X is a vector of control variables for patient charactersséindg; represents unobservable factors.

We use the observed latent variaﬁ/fé: = X6 to define each patient’s severity. Intuitive@;: is a
linear transformation of patient characteristics intoregk continuous variable which can be interpreted as
a measure for the desired amount of care for the patient. arger the value dﬁc*, the more likely the
patient will be routed to higher level units, e.g., the IChke tower the value, the more likely a patient will
be routed to the ward.

We differentiate high-severity patients from low-sevwepgatients with thresholds. In theors;, andt,
from (6) partition theT'xz; space into patients who will be routed to the Ward, SDU, and,|€o that
patients withT'xz; < ¢, could be classified as low-severity patients and patientis Wi, > ¢, could be
classified as high-severity patients. However, becauseowmtobserve;, we are only able to observe an
estimateff}:, instead ofl'z;. Thus, some patients wiﬂ/‘f?c: < ¢, will be routed to the SDU, or even the
ICU. Similarly, patients Withﬂ:: > t, may be routed to the SDU or ward. Increasiagvill increase the
proportion of patients witlﬁ:: > t, Who are routed to the ICU and simultaneously decrease tipoion
who are routed to the ward. Similarly, decreasingyill increase the proportion of patients Wiﬁ:j <t
being admitted to the ward and decrease the proportion kEngtted to the ICU. Of course, this also
comes at the cost of reducing the number of patients whidgbfgaihese two criteria. Thus, we define the
cutoffs to balance increasing the proportion of patienthéehigh (low) severity group who are routed to
the ICU (ward) versus maintaining large enough patient dsho allow for meaningful statistical analysis.
We use a data-driven approach and find that setting threshslthed5'" and60'" percentiles achieve this
delicate balance. In Appendix, we run robustness checks using different thresholds.

We expect that when the SDU is congested, patients will lsdilesly to be admitted (e.g. see Secti®n
Thus, we examine where patients are admitted when the SDl$is Befined as done in SectidnFigure3

shows the proportion of patients admitted to each unit,eviéable summarizes these results. Note that the
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ICU and SDU congestion have a correlation coefficient of 0s@&he busyness of the ICU does not factor
substantially into these results. Specifically, we rarstsaeomparing the proportion of patients admitted to
each level of inpatient unit when the SDU is busy versus neybfis we can see, when the SDU is busy,
low severity patients will be rerouted to the wagd< 0.001), rather than the ICUy(= 0.327). Conversely,
when the SDU is busy, high severity patients tend to be retbiatthe ICU p = 0.002), rather than the ward

(p =0.212). These results are suggestive that these severity caations are reasonable for our purposes.

100% 100% 100%

90% 90% 90%
80% 80% e~ 80%
70% 70% 70%
60% 60% 60%
0 50% 0
~
40 Sseo 40% 40
30% 30% 30%
/
20% 20% 20%
10% 10% 10%
0% 0% 0%
SDUBusy = 0 SDUBusy = 1 SDUBusy =0 SDUBusy = 1 SDUBusy =0 SDUBusy = 1
B To Ward OTo SDU 8To ICU B To Ward OTo SDU ©To ICU BmToWard OToSDU ®TolICU
(a) High-severity Patients (b) Medium-severity Patients (c) Low-severity Patients
Figure 3 Proportions of ED patients who are routed to the ICU, SDU, and ward when SDUBusy =1 vs
SDU Busy = 0.

Table 6 Proportions of ED patients who are routed to the ICU, S DU, and ward when SDUBusy =1 vs

SDU Busy = 0 and results of t-tests which compare the difference in routi ng proportions.

SDUBusy =0 SDUBusy =1 p-value of t-test
ICU SDU | Ward ICU SDU | Ward || ICU | SDU | Ward
Low Severity 4.62% | 15.97%]| 79.14%|| 4.94% | 5.23% | 89.93%| 0.327| < 0.001 | < 0.001
Medium Severityf| 16.90%]| 31.05%] 52.04%| 21.84%]| 12.64%| 65.51%]| 0.013| < 0.001 | 0.001
High Severity 53.60%| 22.39%| 24.01%)]| 63.38%]| 10.06%)]| 26.56%)|| 0.002| < 0.001 | 0.212

Remark 1 In theory, one could also consider a ‘medium severity’ grddpe of the challenges in trying to
measure the impact of SDU care is that it may benefit somemstiehile harming others. The challenge
is classifying patients into groups such that the impactfSare is consistent within the cohort, so that
one can attempt to use statistical approaches for causatémice. This is particularly challenging for a
medium severity group. We see that when the SDU busy, atieyt be sent to the ICU or Ward, making it
difficult to assess whether SDU is beneficial or harmful. Afhswe leave the exploration of these types of

patients for future research.
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As summarized in Tablé&, for the high severity group, 54.9% are admitted to the ICQ78% to the
SDU, and 24.35% to the ward. For low severity patients 4.6586/3% and 80.62% are admitted to the
ICU, SDU, and ward, respectively. We can see that even witltlassifications, some high (low) severity
patients will still be admitted to the ward (ICU). In orderftacus on the impact of SDU admissions on
patient outcomes, we exclude high (low) severity patieriie @re routed to the ward (SDU). Tablgand

9 report summary statistics of patient demographics andougs for each severity group.

Table 7 Routing Statistics of High-severity and Low-severi ty Patients

High-Severity Patients Low-Severity Patients
Frequency Percentag&requency Percentage

Unit following the ED

ICU 2,034 54.90 2,067 4.65
Sbu 769 20.76 6,549 14.73
Ward 902 24.35 35,836 80.62

Table 8  Summary Statistics of Patient Demographics for ED Co hort by severity classification
Low Severity High Severity
Variable mean std min max|| mean std min max
Age 67.48 18.57 18 107|| 70.36 14.74 18 102
Male 0.43 0.49 0 1 0.57 0.50 0 1
LAPS2 59.48 26.89 O 158|| 155.57 31.85 16 272
COPS2 4196 41.21 0 1028p 64.13 53.64 O 278
EDLOS (hrs)|| 1.38 1.99 0.02 62.73 1.66 292 0.02 113.50
Table 9  Summary Statistics of Patient Outcomes for ED Cohort by severity classification: Mean (Number of
observations or standard deviation for continuous variabl es)
Low Severity High Severity
SDU Ward SDU ICU
Outcome mean (N/std) mean (N/std)| mean (N/std) mean (N/std)
Mortality 0.02 (6,549)| 0.02 (35,836)| 0.17 (769) | 0.27 (2,034)
HospRemLOS (days) 3.97 (5.85)| 3.95(5.21) || 6.68 (10.54)| 9.35 (14.22)
HospReadm - 2 weeks0.10 (6,431)| 0.10 (35,258), 0.17 (636) | 0.16 (1,483)

4.2. 1V Justification

We are again faced with the econometric challenge of endatyebias. Our econometric model is very

similar to that of ) and @). The main difference is that for low (high) severity patem DM IT'SDU;
is equal to 1 if the patient is admitted to the SDU and 0 if towlaed (ICU). Detailed descriptions of the

covariates are shown in Takl& in the Appendix. Similarly, we also control fofvgOccVisited;, i.e., the

daily average occupancy level patiérdgxperiences for all impatient units s/he is admittedfter leaving
the ED and before leaving hospital
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Similar to our models for the ICU Cohort, we consider usth@U Busy; as an instrumental variable.
Additionally, we consider usingC'U Busy; as an instrument asim et al. (2019 found that it is a good
instrument when studying patients who are or are not addnitighe ICU, which is similar to our High
severity group. Specifically, we defirteDU Busy; (ICU Busy;) as an indicator variable that equals one
when the number of available beds in the SDU (ICU) one houwrpa patient’s transfer from the ED is
less than or equal to two, and zero otheniisen average, the proportions of patients who are transferre
from the ED when the SDU is busy and the ICU is busy are appratdiyn 12% and 6%, respectively.

As discussed previously, in order for a variable to be a viaktrument, it has to be 1) correlated with
the endogenous variabld, DM ITSDU;, and 2) unrelated to the unobservable factors which affetos pt
outcomes. As seen in Tabfe when the SDU is busy, patients are less likely to be admitigtie SDU.
However, we find that ICU congestion does not appear to haveretanic effect on SDU admission for
low severity patients. Specifically, we observe that wherpasition the low severity patients into deciles
of T'z;, ICU congestion increases the percentage of SDU admis&orsdome patients, while it has no
effect or everdecreasethe percentage of SDU admissions for other patients. Toergfve conclude that
ICU Busy; is not a valid instrument for low severity patients. We sesstheffects more concretely when
we analyze a Probit regression model, which controls faouarpatient characteristics and operational con-
trols. We find with 0.1% significance level that SDU congestieduces the likelihood of SDU admission
for both low and high severity patients, and that ICU congesincreases the chance of SDU admission
for only high severity patients. The impact of ICU congestior low-severity patients is not statistically
significant.

We next examine whether our instruments are correlatedatisiervable measures of severity. We again
perform a two-sample Kolmogorov-Smirnov test to test thedilesis that the distribution of LAPS2
is not statistically different whe DU Busy = 1 (ICU Busy = 1) from that whenSDU Busy = 0
(ICU Busy = 0). For low severity patients, the p-value for the Kolmogef@mirnov test is 0.135, thus, we
conclude that patients who leave the ED wisdnU Busy = 1 are statistically similar to those who leave the
ED whenSDU Busy = 0. For high severity patients, the p-values are 0.141 andBJ@55 DU Busy and
ICU Busy, respectively. Therefore, our models for low severity @ais use5 DU Busy; as an instrument,
while bothSDU Busy; andICU Busy; are used in the models for high severity patients.

4.2.1. Additional Instruments Apart from the congestion in the ICU and the SDU, we also aersi
other potential behavioral 1Vs discusseddim et al. (2015. The first factor isRecent Discharge? PV,

which accounts for the number of all SDU discharges in the @ihdow before patient is admission to

3 We also do robustness checks in Appendilty considering different specifications $U Busy; andICU Busy;: (1) different
cutoffs at one, two, three, four available beds; (2) dummyaldes using occupancy level with cutoffs &i" (or 85", 90",
95'") percentile, i.e.SDU Busy; (ICU Busy;) = 1 if occupancy level is larger than the cutoff percentile aembatherwise; (3)
congestion represented by a continuous piecewise linéiaesgriable with knots at thg0t" (or 85", 90", 95t") percentile; and
(4) these measures 2 hours (instead of 1) prior to ICU digehar
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the first inpatient unit. The second behavioral fact®ecent Admission; PV, accounts for the number
of SDU admissions in the 3-hr window before patient is adiiss$o the first inpatient unit. To define
RecentDischarge?PY and Recent AdmissionsPY, we normalize the number of discharges or admis-
sions by the SDU capacity of each hospital. The third fackerst AdmitSeverity?PY, measures the
severity of the last patient admitted to the SDU from the E® &ls0 consideRecent Dischargel©V,
Recent Admission!®Y, LastAdmitSeverity!“Y, which are defined the same way but instead involve
the ICU. Most of these variables demonstrate a heterogdnqect on the SDU admission decision; for
instance, amongst low severity patiertecent Admission? PV will increase the likelihood of SDU admis-
sion, while it will decrease likelihood for other patieritge find that onlyRecent Admission!Y is a valid
instrument and is valid only for high-severity patients.wéwer, we do not include this as a third IV for
high-severity patients in our main specifications becausedsults are similar.

5. Results

We now present our main results for the three different gsafppatients we study. We find that the effect
of SDU admission varies substantially across these diftgratient types.

5.1. ICU Cohort
We start by exploring the impact of SDU care on patients belisgharged from the ICU. Because we
jointly estimate the SDU admission decision and patient@uies, using FMLE, the impact 6fDU Busy;
may vary slightly for different outcomes. That said, we alieghat the differences are very minor. For
illustrative purposes, we note that the coefficient for tin@act of SDU Busy; in the Mortality model is
—0.5110 with standard errod.0503 and p-value< 0.1%.

As we are primarily interested in estimating the causalotgfef SDU admission on patient outcomes,
we report only the coefficient of SDU admission on the patiericomes, i.esy in (2) and Q).

Table 10 Effect of SDU Admission Following ICU discharge () on Patient Outcomes

With 1V Without IV
Outcome + (SE) Eredlcted g)utcome » (SE) Test ~ (SE)
Pspy Py ara p=0
Mortality -0.60* (0.22) 3.96% 10.26%  0.26(0.14) 0.07 |-0.18** (0.05)
log(HospRemLOS) || -0.35** (0.10) 2.48 3.56 0.44* (0.05) 0.00 | 0.38**(0.02)
I1CU Readmsy -0.51* (0.20) 2.34% 6.62% 0.320.12) 0.02 0.01 (0.05)
ICU Readmsq -0.5** (0.18) 3.93% 10.10% 0.36(0.11) 0.05 0.09 (0.04)
HospReadma,, -0.43 (0.21) 8.66% 17.08%  0.21(0.12) 0.09 0.05 (0.04)

Note.Standard error in parenthesesgp < 10%),* (p < 5%),"* (p < 1%),"** (p < 0.1%).
Predicted outcomePs ,r; - Average predicted outcome if all patients could be routetthé SDU
andP,, ., if no SDU and everyone is rerouted to Ward.
PredictedH ospRem LOS (days) is shown instead ddg( HospRemLOS)

Table 10 summarizes the relationship between SDU admission rigkt #£U discharge and patient
outcomes. The sign of SDU admission is negative and stalhtisignificant in all outcome measures,
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suggesting that routing an ICU discharge to the SDU is aasextivith improved patient outcomes. To geta
rough estimate of the magnitude of the effects we've es@thate also use our estimation results to predict
patient outcomes under two extreme scenarios: (i) the SBLhh®le capacity so that all patients will be
routed to the SDU (referred to &%) versus (i) the hospital does not have an SDU and all patient
will be routed to the ward (referred to &%/Vard). We find that, on average, SDU care is associated with
significant improvements in patient outcomes: the relateriction is 72% in the likelihood of in-hospital
death, 34% in the hospital remaining length-of-stay, 67(83:9%) in the likelihood of ICU readmission
within 2 (5) days, and 52% in the likelihood of hospital reassion within 2 weeks.

We note that the large effect on mortality rate is under thgoltiyetical (and extreme) comparison of
sending all patients to the SDU versus ward. In practicégfe were no SDU, this could likely impact the
ICU discharge decision, so that, e.g. patients would haveaoh a higher level of stability before being
discharged to the ward. Moreover, these estimates are basedoutingall patients to the ward, while our
estimates (as with all instrumental variables estimates)a the subset of patients who ‘comply’ with the
IV. That is, our estimates are an average treatment effetihéopatients who the SDU versus ward routing
decision may be impacted by SDU congestion. As it is diffitmliscertain exactly which patients comprise
this subset, we provide marginal estimates assuming thagedreatment effect is consistent across our
entire cohort.

Another factor which could be impacting our results is “dd resuscitate (DNR)” orders, which are
patients’ end-of life wishes not to undergo Cardiopulmgrrasuscitation (CPR) or advanced cardiac life
support if their heart were to stop or they were to stop biegthn speaking with intensivists, we learned
it is possible that patients with DNRs are more likely to betde the ward, but also may be more likely to
die, resulting in an overestimate of the effect of SDU cargfotunately, we do not have access to patients’
DNR status, so cannot control for this. That said, DNR oraery represent 9% of ICU patientdgyes
et al. 1993, so this is likely to affect only a small percentage of patise Additionally, there is evidence
that DNR orders do not change the quality of cadBaker et al. 2008 We do not expect DNR orders to
impact our results for hospital readmission since we exclatients who died in hospital in this model.
For remaining LOS, we find that our results are robust to miclg and excluding patients who died.

Our empirical findings also suggest strong evidence of an@erkity bias between the routing following
ICU discharge and patient outcomes. The p-value of theiliket ratio test with null hypothesjs= 0 is
small, as seen in TablE), implying a strong correlation between the routing at ICsctiarge and patient
outcomes. Ignoring this endogeneity tends to result in tesiinates of the benefit of SDU care and could

result in a qualitatively different insight; see the colutitied with “Without I1V".

5.2. ED Cohort

We now consider the impact of SDU admission on patients begimgjtted to an inpatient unit from the ED.
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5.2.1. High SeverityWe find that a busy SDU is associated with a decrease in liketihof SDU
admission for high severity patients, while a busy ICU isoagsted with an increase in likelihood of SDU
admission. For the mortality model, the coefficient®PU Busy; is —0.6325 with standard erro.1043
and p-value< .1%; for ICU Busy;, the coefficient i$).4072 with standard erro0.1352 and p-vale< .1%.
The results are similar for the other patient outcome modklble 11 summarizes the impact of SDU

admission after ED transfer on the various patient outcdorgbese patients.

Table 11 Effect of SDU Admission Following the ED () on Patient Outcomes for High Severity Patients

With IV Without IV
Outcome + (SE) P[edlcted Qutcome » (SE) Test + (SE)
Pspy Prey p=0
Mortality 0.75° (0.33) 42.08% 20.86% -0.480.18) 0.03 -0.05 (0.07)
log(HospRemLOS) || 0.45* (0.12) 8.31 5.32 -0.57* (0.07) 0.00 |-0.32** (0.04)
HospReadms,, 1.27*(0.40) 49.17% 11.51% -0.7§0.20) 0.04 -0.08 (0.08)

Note.Standard error in parenthesesgp < 10%),* (p < 5%),"* (p < 1%),"** (p < 0.1%).
Predicted outcomePs ,;; - Average predicted outcome if all patients will be routedhte SDU
and Py if everyone is routed to the ICU.
PredictedH ospRem LOS (days) is shown instead tfg(HospRemLO.S)

For high severity patents, being admitted to the SDU appedre associated with worse outcomes, as
seen in the sign of SDU admission coefficient, which is pesigind statistically significant in all outcome
measures. We also present the predicted patient outcordes two extreme scenarios: (i) the ICU has no
available capacity but the SDU has ample capacity so akpetiwill be routed to the SDU; ;) and (ii)
the ICU has ample capacity and all patients will be routeti¢d €U (P;). Our results suggest that being
admitted to the SDU instead of the ICU is associated withtsuligl degradation in patient outcomes. SDU
admission is, on average, associated with an increase@%iin in-hospital death and 28.21% in hospital
remaining length-of-stay. SDU care also increases théditiked of hospital readmission within 2 weeks
by 2.93 times. As with the ICU cohort, the marginal effecténeates are based on the estimated treatment
effect, which is averaged across all patients who compli #ie instruments. Thus, one should interpret
our results as demonstrating substantive and rigorougeealto the statistical significance and direction
of the treatment effect. Again, we see evidence of a coiogldietween the SDU admission decision and
patient outcomes.

The results for LOS and hospital readmissions are consigtiéim Kim et al. (2015. Interestingly, we
find that being admitted to the SDU is associated with an asmeén mortality risk, whil&im et al. (2015
did not find an impact of non-ICU care on mortality. One potdrgxplanation is thaKim et al. (2019
considered all patients admitted from the ED to a medicaiserwhile we stratify our analysis to focus on
only the high severity patients. As such, the resultKiof et al. (2015 may be distorted as SDU care may

improve mortality risk for some patients within their cohwahile also degrading mortality risk for other
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patients, thereby cancelling each other out. In contramtesve focus on patients who are more likely to be
admitted to the ICU (i.e. 54.90% compared to 11%im et al. (2015), we are able to provide a cleaner

estimate.

5.2.2. Low SeverityWe now consider the impact of SDU admission on low severityepés. For
low severity patients, a busy SDU is associated with a deeréalikelihood of SDU admission. For the
mortality model, the coefficient o8 DU Busy; is —0.5117 with standard erro.0376 and p-value< .1%.
The results are similar for the other patient outcome models

Table12 summarizes our results. We find that although SDU care isc&gsd with worse outcomes for
high severity patients, it may actually benefit low sevepisitients. Specifically, we find that SDU care is
associated with lower mortality rate and shorter hospéedaining length-of-stay, as seen in the positive
sign of SDU admission coefficient. We again use our estimatsults to predict the patients outcomes
under two extreme cases: (i) the SDU has ample capacity hpaltants will be routed to the SDUX /)
and (ii) the hospital does not have an SDU and all patientbeiadmitted to the Wardy;,,,). Our results
indicate that, on average, SDU care is associated with actieduin mortality by 78.60% and hospital
remaining length-of-stay by 19.90%. As with the ICU cohartldhe high severity patients, these marginal
estimates are based on the assumption that the SDU effaaistapall patients according to the average
treatment effect, so may overestimate the potential ber@fBDU care for non-compliers. We do not find
a statistically significant relationship between SDU careé the likelihood of hospital readmission within

2 weeks.

Table 12 Effect of SDU Admission Following the ED () on Patient Outcomes for Low Severity Patients

With IV Without IV
Outcome + (SE) Rredlcted Qutcome » (SE) Test ~ (SE)
Pspy Py ara p=0
Mortality -0.55* (0.28) 0.64% 2.24% 0.33(0.17) 0.07 | 0.06 (0.06)
log(HospRemLOS) || -0.20** (0.04) 2.37 2.89 0.18* (0.03) 0.00 |0.03 (0.01)
HospReadms, -0.13(0.12) - - 0.09 (0.07) 0.21| 0.02(0.03)

Note.Standard error in parenthesesgp < 10%),* (p < 5%)," (p < 1%),*** (p < 0.1%).
Predicted outcome®s ., - Average predicted outcome if all patients could be routetthé SDU
and Py, if no SDU and everyone is routed to the Ward.
PredictedH ospRem LOS (days) is shown instead tdg(HospRemLO.S)

5.3. Robustness Checks
We now describe a number of robustness checks for our maittgeBirst, we tried different specifica-
tions of control variables. Recall that, some of our conteslables — age, severity scores (LAPS2, COPS2,

SAPS3), length-of-stay at ICU, and length-of-stay bef@¥ ladmission — are modeled as spline variables
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to account their possible non-linear effects on the ICU tdJSihd ED to SDU routings and patient out-
comes. We repeated the analysis with different specifisatiocluding changing the number of cutoffs and
values of these cutoffs. Our results are qualitatively simo these changes.

The second robustness check we did is with respect to théhlefigime window for readmission. For
ICU readmission, we varied the time window of the ICU readhiois from time of ICU discharge from 2 to
7 days and also during any time frame during the same hosjpédtalFor hospital readmission, we consider
hospital readmission within 1 week, 2 weeks, and 30 days affmtient is discharged from the hospital.
We found that our main results are similar to those in Tab®4 1, and12with slight quantitative changes.
For example, the effects of the ICU to SDU and ED to SDU rowtiageweakerwhen the elapsed time
between two consecutive hospital stays is longer. We peotlid detailed estimation results in Tables
28, and21in the Appendix.

For ICU readmission, we also checked alternative spediitsitof AvgOccVisited. In the paper, we
define AvgOccVisited for ICU readmission as the average occupancy for all unitateepts is admitted
to between two consecutive ICU admissions. We consideree thiternatives: 1) the average occupancy
for all units a patient is admitted to ine remaining hospital stay before leaving hospifjlthe average
occupancy for all units a patient is admittedaithin 3 daysafter the ICU discharge and before the next ICU
admission; and 3) excluding a control fdwgOccVisited. While these three specifications yield similar
results, there are slight differences in the significangelle the first is the strongest and the last is the
weakest, see Tablin the Appendix.

For the LOS models, we also considered the robustness ofesuits to including patients with in-
hospital death. We find that for the ICU cohort and for the kmwverity patients in the ED Cohort, our
results are very robust. However, as seen in Tallevhen including patients with in-hospital mortality in
the high-severity ED Cohort, the sign 9fis negative and statistically significant. This raises tjoas as
to the robustness of our LOS results for the high-severibpigr However, we believe the main results as
reported are more likely to be aligned with the true effeceéction and size of SDU admission as it has
been well established in the medical literature to excluakiepts with in-hospital death for LOS models
(e.g.Rapoport et al(1996, Norton et al(2007)).

5.3.1. Severity categorizationdn our severity categorizations for the ED Cohort, we tookasad
driven approach and used thresholdsTarj to partition the patients into Low and High Severity groups.
We varied the thresholds for these categorizations and ieeaithe estimation results in the Appendix.

Table 16 presents the results for the low severity patients. As with rmain specification, we do not
find statistically significant results for the Hospital Reasision models. We find that the results for
HospRemLOS is very robust in magnitude and statistical significanceffer@nt specifications of the the

low severity threshold. While the mortality results areustito lowering the threshold, which reduces the
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sample size, we lose statistical significance when inangakie threshold. This may be because as the sam-
ple size is increased, more medium severity patients whastaliy risk may suffer with SDU admission
are included in the cohort. When examining the LOS resulteenotosely, we see that as the threshold is
increased, the magnitude of the coefficient decreasesestigg that the low severity cohort is including
more patients for which SDU care is detrimental.

Table 15 presents the results for the high severity patients. Welsate in some cases, increasing the
threshold for high severity patients results in some of gggessions not converging. This is likely because
the size of the cohortis being made smaller and smallererd ire not enough samples to solve the FMLE
optimization. Our tests suggest that the hospital readomsssults are not very robust. On the other hand,
the HospRem LOS results are quite robust to changes in the threshold. Sitoilaur observations for the
low severity patients, we see that as the threshold de@ghgsanagnitude of the coefficient decreases. This
may be because medium severity patients who benefit from Sib&lare entering into the high severity

cohort as the threshold is decreased. A similar argumenbeanade for the mortality results.

5.3.2. Definitions of ‘Busy’ We also vary the definition of a busy SDU and a busy ICU by carsigd
different cutoffs for the number of available beds, randiogn one bed to four. On average, the percentage
of patients, who are discharged from the ICU when the SDU mgjested, varies from 34% to 3% when
the cutoff is decreased from four beds to one (Takle While the quantitative effect of a busy SDU and
ICU varies for these different specifications, the main ltesdo not change—being admitted to the SDU
following ICU discharge is associated with better patiemicomes, and being admitted to the SDU from
the ED is associated with better and worse patient outconrel® severity patients and high severity
patients, respectively. See Tabléks 20, 21, and28. We also considered alternative measures of SDU (ICU)
congestion based on percentiles of the SDU (ICU) occupaai.IWe did this using a binary variable
indicating whether the occupancy level exceeds a thregyeickntile as well as a piece-wise linear spline.
The estimation results are similar to our results obtaingtié other specifications. See Tahkes 30. We

find that our results are very robust to different specifaadiof our instrumental variables.

6. Conclusions and Managerial Insights

This paper studies the role of a hospital step-down unit (BiDlthe care of patients. To that end, we con-
sider a fundamental question regarding the SDU: Does admiit patient to the SDU improve or degrade
patient outcomes and, if so, what is the magnitude of thdeete? Our work represents an important first
step towards answering this question. We find that while tissver for patients discharged from the ICU

(its original purpose) is fairly clear, for those admittedrh the ED, it is quite nuanced — some patients will
benefit, while others will not. Moreover, the impact of SDUa&aan be substantial, so it is essential to be

able to carefully identify which patients are appropriate$DU care.
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Using patient data from 10 hospitals, we use econometricefsdd estimate the impact of SDU care.
Our empirical results suggest that using SDUs accordinigdm original intent — as a true step down unit
from the ICU — is associated with substantial improvememtgdtient outcomes relative to discharge to
a ward. Under the hypothetical comparison that all patieatsbe discharged to the SDU rather than all
patients being discharged to the ward, we find that the SD4ss@ated with a reduction in in-hospital
mortality rate of 70%, ICU readmission rate of 67.7%, hadpieadmission rate of 52%, and hospital
length-of-stay of 34%. As such, we find compelling evider there are measurable benefits to having
an SDU for these patients. It is important to note that ouriffigsl for patients being discharged from the
ICU provide guidelines and demonstrate the potential fainguSDUs in a way that not only results in
better clinical outcomes, but also can result in significaogt savings for hospitals. Because SDUs are
significantly less expensive to operate than ICUs, and hia@epotential to significantly decrease ICU
and hospital readmissions as well as remaining hospital, [f@&perly used they can result in decreased
hospital bed utilization and staffing costs. In the currealthcare environment in which hospitals are under
increasing pressure to be more cost-effective, findingstlile ones in this paper can be very valuable in
achieving that goal.

Though the role of an SDU was originally intended for post}I€are, its use has expanded and patients
are often admitted from non-ICU units. For patients adrditiean inpatient unit from the ED, the impact
of an SDU is much more nuanced. We take a data-driven apptogdrtition patients in to high and low
severity groups. We find that low severity patients may béfrefin the additional monitoring provided in
the SDU. However, off-placing high severity patients whouwdd be admitted to the ICU into the SDU is
associated with substantial adverse consequences wiindrég mortality risk and hospital LOS. While
there appear to be potential benefits associated with SDWsed inappropriately, they could degrade
patient outcomes and increase costs. As such, it is esldendantify which patients can be safely admitted
to the SDU and those who cannot. If such classification primashallenging (e.g unavailability of relevant
clinical data such as those from tests and imaging), oulteesuggest that it may be better to restrict use of
the SDU to function as a true step-down unit and only allowiadion of patients from the ICU. Of course,
this may require additional capacity in the ICU.

Our work complements the results Afmony et al.(2013. When ICU and SDU capacity is limited,
Armony et al.(2013 provides insights into how to allocate resources betwkernwo units depending on
the relative costs of abandonment of critical patients amdging of semi-critical patients. This work is
a first step towards estimating the impact of bumping seitical patient from the SDU to the ward on
patient outcomes, thereby providing insights into the bmggost component which drives the capacity
allocation decision.

There are a number of opportunities for future work. Our eiogl analysis relies on the variation in
patient routings following ICU discharge or following adssion from the ED due to SDU and/or ICU
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capacity constraints. Consequently, our estimates furdgatly apply to patients whose SDU admission
comply with our instrumental variables. As such, it is nosgible to make any statements about the impact
of SDU care for patients whose care pathway is invariant t&J $8r ICU) bed availability. While it is
difficult to extrapolate our results to make inferences @ngrecise magnitude of the effect of the SDU on
individual patients, our results demonstrate strong ewides to the directional impact of an SDU. Because
SDUs go in and out of favor at individual hospitals, there rbayopportunities for natural experiments to
make such inferences without requiring an instrumentatsée analysis. Alternatively, at a hospital system
such as Kaiser Permanente, it might be possible to condumtaofied randomized trial by randomizing
which hospitals have SDUs. Of course, such a study wouldnmegubstantial buy-in from hospital admin-
istrators and staff. The purpose of our work is to measuredlationship between SDU care and patient
outcomes rather than to build a predictive model to detegntfire role of SDU care for each individual
patient. In such a setting, a split-validation approachldide useful to verify the out of sample predictive
power of such a model.

Our empirical setting focuses on patients admitted to ttspital via the ED to a medical service. A num-
ber of studies in the medical literature consider the imp&&DUs on surgical patients (e.5achempati
et al. (2004). The impact of SDU congestion is likely very different feurgical patients, where surgical
procedures and schedules often dictate the precise cdre@aator these patients. Hence, an alternative
identification strategy is likely needed.

From a stochastic modeling point of view, it would be intéresto study the optimal control policies
regarding where to transfer patients from the ED or follapi@U discharge in the presence of an SDU.
This would provide a system-level view that would capture plotential benefits of an SDU, including
externalities on other patients, beyond the estimatesddfittual patients estimated in this work. Addition-
ally, given the findings of this work, one could consider hovdéetermine the capacity of the SDU relative
to the ICU given patient mix and arrival rates. One factorakhivould significantly impact this decision
is whether to restrict use of the SDU to be a true step-dowsugeallowing admission of patients from

non-ICU units, such as the ED.
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Appendix A:

Supplementary Tables

Table 13 Control variables for patient characteristics and

hospital care

Variable

Description

ICU Cohort

ED Cohort

Gender

Dummy variable: Males were coded 1 and females O

v

v

Age

Continuous variable: Coded as piecewise linear splinakbas
with knots at its50'* and80*" percentiles (65 and 81)

v

v

LAPS2

Laboratory-based Acute Physiology Score; measures ph
logic derangement at admission and is mapped from 14 la
tory test results, such as arterial pH and white blood celhtg
obtained 72 hours preceding hospitalization to an integerey
that ranges from 0 to 262 in our data set(higher scores
cate poorer condition); coded as piecewise linear splinatizs
with knot at its50" and80*" percentiles (94 and 134)

ysio v’
hora-

indi-

v

COPS2

Comorbidity Point Score; measures the chronic illness dm
and is based on 41 comorbidities, such as diabetes, to V
patients are categorized using outpatient and inpatigatfdam
the 12 months preceding hospitalization. It ranges from 260
in our data set, a higher score indicates a higher comoth&kt
burden, it was coded as piecewise linear spline variablés
knot at its50*" and80'" percentiles (33 and 87)

rd
vhich

v

Wi

SAPS3

Simplified Acute Physiology Score; measures the severit§-q
ness and predict vital status at hospital discharge basédr
admission data. SAPS3 score is associated with each IClsa
sion and is calculated based on data obtained within on Ho
ICU admission. SAPS3 ranges from 14 to 100 in our datal
coded as piecewise linear spline variables with knot af(it§
and80‘" percentiles (52 and 61)

dmi
ur o
set;

Admitting
diagnosis

A way of classifying ICD9 codes. This clinical classificatisys-
tem was developed by HCUP and buckets ICD9’s into about
groups. A further grouping of the variable HCUP developec
Gabriel Escobar to condense the HCUP grouping into 38 gr
so it could be used in a similar fashion as PRIMCOND3

v
200
| by
oups

Seasonality

Month/day-of-week/time-of-day; Category variable forck
month and day-of-week. For time-of-day, we use categoriy
ables for nurse shifts happening three times a day at 7arm,1
and 23pm.

il v
var

Sp

Previous
unit

Category variable to track impatient unit a patient is athdito
immediately before ICU admission.

v

LOS
before
ICU

Continuous variable that is the total lengh-of-stay (hr&mto
the ICU admission. It measures how long a patient has be
hospital before being admitted to the ICU, coded as pieee
linear spline variables with knot at it and80*" percentiles
(2 and 31).

v
enin
WiS

ICU LOS

Continuous variable that is the lengh-of-stay (hrs) at thet
ICU. It measures how long a patient has been taking care
ICU, coded as piecewise linear spline variables with knatsg
50" and80'" percentiles (38 and 83).

;
of at
18

v

ED LOS

Continuous variable that is the lengh-of-stay (hrs) at tis¢ ED.
It measures how long a patient has been taking care of at E




30

Table 14

ICU Cohort: Percentage of patients who are discharg

ed from ICU when SDU is busy

% when number of available SDU beds

Hosp ||SDU Size <1 <2 <3 <4
1 24 0.93 3,57 7.80 12.17
2 25 0.66 295 7.54 12.46
3 14 0.56 7.94 24.29 45.63
4 19 3.17 12.68 27.07 41.59
5 24 0.28 154 3.93 7.87
6 19 0.82 3.34 6.76 15.37
7 20 0.00 2.84 16.74 36.77
8 27 2.81 9.34 18.80 31.74
9 11 9.76 37.72 63.94 80.34
10 32 0.34 2.66 6.19 12.71

All hosp 2.52 10.64 21.70 34.00




Table 15  Estimation Results for Patient Outcomes: Differen t High Severity Thresholds as specified by

percentiles of Tz;.

Percentile off'z; || Estimate (SE) AME  ARC | p (SE) Testp=0
Mortality

90" and above || 0.35(0.23) - - -0.26" (0.13) 0.05
91" and above || 0.35(0.24) - - -0.277 (0.14) 0.07
92" and above || 0.36 (0.30) - - -0.28 (0.17) 0.12
93" and above || 0.51" (0.29) 0.13 71.24% -0.37 (0.16) 0.04
94" and above || 0.52" (0.31) 0.14 73.19% -0.36" (0.18) 0.06
95" and above || 0.75 (0.33) 0.21 91.60% -0.48 (0.18) 0.03
96" and above || 0.96 (0.46) 0.28 116.71% -0.57" (0.25) 0.08

97" and above || 0.80 (0.59) - - -0.47 (0.31) 0.20
log(HospRemLOS)

90" and above || -0.01 (0.22) - - -0.23 (0.17) 0.19

91" and above || 0.23 (0.16) - - -0.41** (0.11)  0.00

92t" and above || 0.25(0.17) - - -0.42** (0.12) 0.00
93" and above || 0.36 (0.13) 0.36 23.93% -0.50** (0.09) 0.00
94" and above || 0.35* (0.13) 0.35 22.54% -0.51*** (0.09) 0.00
95" and above || 0.45** (0.12) 0.45 28.21% -0.57** (0.07) 0.00
96" and above || 0.48* (0.14) 0.48 29.01% -0.56* (0.08) 0.00
97" and above || 0.51* (0.21) 0.51 29.09% -0.65* (0.11) 0.00

HospReadmy,,
90" and above || -0.27 (0.56) - - 0.15(0.34) 0.67
91" and above || 0.19 (0.69) - - -0.13(0.42) 0.77
92" and above || 0.33(0.57) - - -0.21 (0.34) 0.54
93" and above || 0.45 (0.59) - - -0.31 (0.34) 0.40
94" and above || 0.53 (0.74) - - -0.36 (0.42) 0.24
95" and above || 1.27 (0.59) 0.32 390.23% -0.77 (0.26) 0.11
96" and above Does not converge Does not converge
97t and above Does not converge Does not converge

HospReadms,,
90" and above || -0.33 (0.45) - - 0.22 (0.28) 0.44
91*" and above || 0.07 (0.62) - - -0.02 (0.38) 0.75
92" and above || 0.29 (0.50) - - -0.16 (0.30) 0.59
93" and above || 0.63 (0.65) - -0.39 (0.38) 0.35

94" and above || 0.72 (0.59) 0.20 165.56% 0.47" (0.34)  0.09
95t and above || 1.27* (0.40) 0.38 293.70% -0.78 (0.20)  0.04

96" and above Does not converge Does not converge
97" and above Does not converge Does not converge
HospReadmsog
90" and above || -0.16 (0.35) - - 0.07 (0.21) 0.76
91" and above || 0.14 (0.37) - - -0.11 (0.22) 0.64
92t and above || 0.15 (0.35) - - -0.12 (0.21) 0.56
93" and above || 0.39 (0.36) - - -0.29 (0.21) 0.21
94" and above || 0.56 (0.40) - - -0.42 (0.23) 0.11
95" and above || 0.97* (0.31) 0.31 278.71%-0.65* (0.17) 0.01
96" and above Does not converge Does not converge
97" and above Does not converge Does not converge

Note.Standard error in parentheses$p < 10%)," (p < 5%),"* (p < 1%),"* (p < 0.1%).
AME - Average Marginal Effect; ARC - Average Relative Change
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Table 16

Estimation Results for Patient Outcomes: Differen

percentiles of Tz;.

t Low Severity Thresholds as specified by

Percentile of'z; || Estimate (SE) AME ARC | p (SE) Testp=0
Mortality
85" and below || -0.35 (0.35) - - 0.22 (0.22) 0.32
80" and below || -0.46 (0.34) - - 0.30(0.21) 0.18
75" and below || -0.51 (0.33) - - 0.33(0.20) 0.12
70" and below || -0.52 (0.31) - - -0.33 (0.20) 0.11
65" and below || -0.52 (0.30) - - -0.33(0.19) 0.11
60" and below || -0.55* (0.28) -0.02 -78.60% 0.33" (0.17) 0.07
55t" and below || -0.58* (0.23) -0.02 -80.82% 0.34" (0.14) 0.03
50" and below || -0.58* (0.24) -0.02 -80.81% 0.33 (0.14) 0.03
45" and below || -0.58" (0.31) -0.02 -81.40% 0.34" (0.19) 0.09
log(HospRemLOS)
85" and below || -0.08 (0.04) -0.08 -8.559% 0.11*** (0.03) 0.00
80" and below || -0.14* (0.04) -0.14 -14.35% 0.14" (0.03) 0.09
75" and below || -0.14** (0.04) -0.14 -14.65% 0.15** (0.03) 0.00
70" and below || -0.15** (0.04) -0.15 -15.15%-0.16"* (0.03) 0.00
65" and below || -0.17** (0.04) -0.17 -16.87% 0.16** (0.03) 0.00
60" and below || -0.20** (0.04) -0.20 -19.909% 0.18** (0.03) 0.00
55t" and below || -0.21** (0.04) -0.21 -20.269% 0.18** (0.03) 0.00
50" and below || -0.22** (0.04) -0.22 -21.46% 0.18** (0.03) 0.00
45" and below || -0.22** (0.05) -0.22 -21.67% 0.19** (0.03) 0.00
HospReadmy,,
85 and below || -0.04 (0.12) - - 0.04 (0.07) 0.57
80" and below 0.00 (0.14) - - 0.01 (0.08) 0.88
75" and below || -0.03 (0.14) - - 0.02 (0.08) 0.80
70" and below || -0.03 (0.14) - - 0.16 (0.08) 0.80
65" and below || -0.03 (0.14) - - 0.05 (0.08) 0.81
60" and below || -0.03 (0.15) - - 0.02 (0.08) 0.78
55" and below 0.00 (0.15) - - 0.00 (0.09) 0.99
50" and below || -0.03 (0.18) - - 0.00(0.10) 0.94
45" and below || -0.11 (0.21) - - 0.05 (0.11) 0.67
HospReadms,,
85" and below || -0.04 (0.10) - - 0.04 (0.07) 0.50
80" and below || -0.02 (0.11) - - 0.03 (0.07) 0.69
75" and below || -0.06 (0.12) - - 0.04 (0.07) 0.52
70" and below || -0.08 (0.12) - - 0.04 (0.07) 0.45
65" and below || -0.11 (0.14) - - 0.05 (0.07) 0.25
60" and below || -0.15 (0.12) - - 0.09 (0.07) 0.18
55" and below || -0.16 (0.13) - - 0.09 (0.07) 0.20
50" and below || -0.10 (0.14) - - 0.06 (0.08) 0.43
45" and below || -0.10 (0.17) - - 0.07 (0.09) 0.45
HospReadmsog
85" and below || -0.04 (0.09) - - 0.04 (0.05) 041
80" and below || -0.02 (0.10) - - 0.03 (0.06) 0.57
75" and below || -0.07 (0.10) - - 0.05 (0.06) 0.34
70" and below || -0.10 (0.11) - - 0.06 (0.06) 0.30
65" and below || -0.09 (0.12) - - 0.05 (0.06) 0.27
60" and below || -0.10 (0.11) - - 0.07 (0.06) 0.23
55" and below || -0.09 (0.11) - - 0.06 (0.06) 0.32
50" and below || -0.09 (0.12) - - 0.06 (0.07) 0.36
45t and below || -0.12 (0.14) - - 0.08 (0.07) 0.29

Note.Standard error in parenthesesgp < 10%),* (p < 5%),"* (p < 1%),"* (p < 0.1%).
AME - Average Marginal Effect; ARC - Average Relative Change
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Table 17 Effect of SDU Admission Following the ED (
In-Hospital Death

~v) on HospRemLOS When Including Patients with

Cohort ~v (SE)

PSDU

Predicted Outcome
PICU/PWard

p (SE)

Test
p=0

ED Cohort - High Severityl -1.83* (0.07) 1.33% 8.31%/;c;) 0.81** (0.02) 0.00
ED Cohort - Low Severity| -0.20** (0.04) 2.38

2.92Py..q) 0.18**(0.03) 0.00

Note.Standard error in parenthesesgp < 10%),* (p < 5%)," (p < 1%),*** (p < 0.1%).

Predicted outcome®s », - Average predicted outcome if all patients could be routetthié SDU
andP;cu (Pwara) if N0 SDU and everyone is routed to the ICU (Ward).
PredictedH ospRem LOS (days) is shown instead tdg(HospRemLO.S)

Table 18  ICU Cohort Robustness Test on ICU Readmissions: Alt  ernative Specifications for  AvgOccVisited
AvgOccVisited Estimate (SE) AME ARC o (SE) Testp=0
ICU Readmay
Before next ICU admission (Baseling)-0.51* (0.20) -0.04 -68% 0.32° (0.12) 0.02
Before hospital discharge -0.62** (0.19) -0.05 -7490.38* (0.11) 0.00
3 days before next ICU admission| -0.50* (0.20) -0.04 -67% 0.31* (0.12) 0.02
AvgOccVisited not included -0.40 (0.20) -0.03 -58% 0.25° (0.12) 0.05
ICU Readm
Before next ICU admission (Baseling) -0.24 (0.20) - - 1 0.25 (0.12) 0.05
Before hospital discharge -0.40° (0.18) -0.06 -539%0.34* (0.11) 0.00
3 days before next ICU admission| -0.23 (0.20) - - 10.24 (0.12) 0.06
AvgOccVisited not included -0.15 (0.20) - - | 0.19(0.12) 0.11

Note.Standard error in parenthesesgp < 10%),* (p < 5%),"* (p < 1%),"** (p < 0.1%).
AME - Average Marginal Effect; ARC - Average Relative Change
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Table 19

ICU Cohort Robustness Test on Patient Outcomes: Bin

Available Beds

ary SDU Busy Based on Number of

SDUBusy =1 Estimate (SE) AME ARG  p (SE) Testpp=0
Mortality
SDUFreeBeds<=41 -0.56 (0.27) -0.06 -70% 0.23(0.17) 0.17
SDUFreeBeds <=3 -0.47 (0.23) -0.05 -64% 0.17 (0.14) 0.22
SDUFreeBeds <=2 || -0.60* (0.22) -0.06 -72% 0.26" (0.14) 0.07
SDUFreeBeds <=1 || -0.69** (0.25) -0.07 -77% 0.31" (0.16) 0.06
log(HospRemLOS)
SDUFreeBeds <=4 -0.42** (0.03) -0.42 -37% 0.47** (0.05) 0.00
SDUFreeBeds <=3 | -0.38** (0.10) -0.38 -36% 0.46"* (0.05) 0.00
SDUFreeBeds <=2 -0.35** (0.10) -0.35 -34% 0.44** (0.05) 0.00
SDUFreeBeds <=1 -0.36"* (0.12) -0.36 -34% 0.44** (0.06) 0.00
ICU Readmay
SDUFreeBeds <=4 -0.70** (0.20) -0.06 -78% 0.43** (0.12) 0.00
SDUFreeBeds <=3 -0.76"* (0.17) -0.07 -81% 0.47** (0.10) 0.00
SDUFreeBeds <=2 -0.51** (0.20) -0.04 -68% 0.32 (0.12) 0.02
SDUFreeBeds <=1 -0.39 (0.27) - - 0.24 (0.17) 0.16
ICU Readmsy
SDUFreeBeds<=41 -0.30(0.31) - - 0.21(0.19) 0.28
SDUFreeBeds<=3| -0.52(0.22) -0.05 -67% 0.35 (0.13) 0.02
SDUFreeBeds <=2 -0.45 (0.20) -0.05 -61% 0.31" (0.12) 0.02
SDUFreeBeds <=1 -0.18 (0.35) - - 0.14 (0.21) 0.53
ICU Readmsq
SDUFreeBeds<=41 -0.41(0.27) - - 0.30" (0.16) 0.08
SDUFreeBeds <=3 | -0.55*(0.20) -0.07 -67% 0.39** (0.12) 0.00
SDUFreeBeds <=2 -0.51* (0.18) -0.06 -64% 0.37** (0.10) 0.00
SDUFreeBeds <=1 -0.15(0.29) - - 0.14 (0.18) 0.42
ICU Readm
SDUFreeBeds<=41 -0.28 (0.25) - - 0.27+ (0.15) 0.08
SDUFreeBeds <=3 -0.35" (0.20) -0.05 -48% 0.32* (0.12) 0.01
SDUFreeBeds <=2 -0.24 (0.20) - - 0.25 (0.12) 0.05
SDUFreeBeds <=1 -0.02 (0.27) - - 0.11 (0.16) 0.49
HospReadmy,,
SDUFreeBeds <=4 -0.49 (0.25) -0.07 -62% 0.24 (0.15) 0.12
SDUFreeBeds <=3 -0.27 (0.25) - - 0.10 (0.15) 0.49
SDUFreeBeds <=2 -0.22 (0.23) - - 0.07 (0.13) 0.60
SDUFreeBeds <=1 -0.34 (0.31) - - 0.15(0.18) 0.43
HospReadmsa,,
SDUFreeBeds<=41 -0.26 (0.22) - - 0.10(0.13) 0.46
SDUFreeBeds <=3 -0.32 (0.22) - - 0.14 (0.13) 0.30
SDUFreeBeds<=2| -0.43 (0.21) -0.08 -52% 0.21" (0.12) 0.09
SDUFreeBeds <=1 -0.79** (0.21) -0.15 -74% 0.43** (0.13) 0.00)
HospReadms,,
SDUFreeBeds <=4 -0.22(0.20) - - 0.11(0.12) 0.35
SDUFreeBeds <=3 -0.18 (0.20) - - 0.09(0.12) 0.45
SDUFreeBeds <=2 -0.39 (0.19) -0.09 -45% 0.22" (0.11) 0.06
SDUFreeBeds <=1 -0.70** (0.20) -0.16 -66% 0.41* (0.12) 0.00
HospReadmszog
SDUFreeBeds <=4 -0.18 (0.20) - - 0.08 (0.12) 0.49
SDUFreeBeds <=3 -0.20 (0.21) - - 0.09(0.12) 0.45
SDUFreeBeds <=2 -0.44 (0.20) -0.11 -47% 0.24" (0.12) 0.05
SDUFreeBeds <=1 -0.72** (0.23) -0.18 -64% 0.41* (0.14) 0.01

Note.Standard error in parentheseégp < 10%),* (p < 5%),"* (p < 1%),"* (p < 0.1%).
AME - Average Marginal Effect; ARC - Average Relative Change
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Table 20

ED Cohort Robustness Test on Patient Outcomes: Bina

Available Beds. High Severity Patients.

ry SDU Busy Based on Number of

SDUBusy=1 Estimate (SE) AME ARC p (SE) Testpp=0
Mortality
SDUFreeBeds<=41 0.45(0.40) - - -0.30 (0.22) 0.19
SDUFreeBeds <=3 0.62"(0.34) 0.17 86%| -0.40" (0.19) 0.06
SDUFreeBeds<=2] 0.75 (0.33) 0.21 92%)| -0.48 (0.18) 0.03
SDUFreeBeds <=1 0.61 (0.412) - - -0.39 (0.23) 0.12
log(HospRemLOS)
SDUFreeBeds <=4 0.48"*(0.12) 0.48 31%|-0.58** (0.07) 0.00
SDUFreeBeds <=3 0.49%* (0.11) 0.49 32%| -0.59** (0.06) 0.00
SDUFreeBeds <=2 0.45** (0.12) 0.45 28%| -0.57** (0.07) 0.00
SDUFreeBeds <=1 0.48"*(0.12) 0.48 31%-0.58** (0.07) 0.00
HospReadmy,,
SDUFreeBeds<=41 0.99(1.12) - - -0.62 (0.58) 0.44
SDUFreeBeds<=3| 0.32(1.23) - - -0.25(0.72) 0.74
SDUFreeBeds<=2| 1.27(0.59) 0.32 390% -0.77 (0.26) 0.11
SDUFreeBeds <=1 1.11(0.81) - - -0.68 (0.40) 0.26
HospReadmsa,,
SDUFreeBeds <=4 1.01 (0.95) - - -0.64 (0.51) 0.38
SDUFreeBeds <=3 1.02 (1.08) - - -0.45 (0.62) 0.53
SDUFreeBeds <=2 1.27*(0.40) 0.38 294% -0.78 (0.20) 0.04
SDUFreeBeds<=1| 1.19 (0.57) 0.35 283% -0.74" (0.29) 0.09
HospReadmszoy
SDUFreeBeds<=41 0.51(0.77) - - -0.38 (0.45) 0.44
SDUFreeBeds<=3| 0.42(0.70) - - -0.33(0.41) 0.46
SDUFreeBeds <=2 0.97*(0.31) 0.31 279% -0.65* (0.17) 0.01
SDUFreeBeds <=1 0.94*(0.37) 0.30 163% -0.63 (0.20) 0.03

Note.Standard error in parenthesesgp < 10%),* (p < 5%),"* (p < 1%),"** (p < 0.1%).
AME - Average Marginal Effect; ARC - Average Relative Change
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Table 21

ED Cohort Robustness Test on Patient Outcomes: Bina

ry SDU Busy Based on Number of

Available Beds. Low Severity Patients.

SDUBusy =1 Estimate (SE) AME ARG  p (SE) Testpp=0
Mortality
SDUFreeBeds<=41 -0.66(0.34) -0.02 -85% 0.40(0.21) 0.09
SDUFreeBeds <=3 -0.59 (0.27) -0.02 -80% 0.35 (0.16) 0.05
SDUFreeBeds <=2 || -0.54* (0.27) -0.02 -78% 0.33" (0.17) 0.07
SDUFreeBeds <=1 -0.21 (0.25) - - 0.12 (0.15) 0.41
log(HospRemLOS)
SDUFreeBeds <=4 -0.22"** (0.04) -0.22 -22% 0.19"** (0.03) 0.00
SDUFreeBeds <=3 -0.21** (0.04) -0.21 -21% 0.18** (0.03) 0.00
SDUFreeBeds <=2 -0.20* (0.04) -0.20 -20% 0.17** (0.03) 0.00
SDUFreeBeds <=1 -0.22** (0.04) -0.22 -22% 0.19"** (0.03) 0.00
HospReadmy,,
SDUFreeBeds<=41 -0.01(0.15) - - 0.00 (0.09) 0.99
SDUFreeBeds <=3 -0.06(0.14) - - 0.03 (0.08) 0.71
SDUFreeBeds <=2 -0.03 (0.15) - - 0.02 (0.08) 0.78
SDUFreeBeds <=1 -0.12 (0.17) - - 0.07 (0.10) 0.45
HospReadmsa,,
SDUFreeBeds<=41 -0.12 (0.13) - - 0.08 (0.07) 0.27
SDUFreeBeds <=3 -0.11(0.12) - - 0.07 (0.07) 0.29
SDUFreeBeds <=2 -0.15(0.12) - - 0.09 (0.07) 0.18
SDUFreeBeds <=1 -0.21 (0.14) - - | 0.13" (0.08) 0.10
HospReadmszoy
SDUFreeBeds<=41 -0.09 (0.11) - - 0.06 (0.06) 0.31
SDUFreeBeds<=3| -0.07(0.11) - - 0.06 (0.06) 0.35
SDUFreeBeds <=2 -0.10 (0.11) - - 0.07 (0.06) 0.23
SDUFreeBeds <=1 -0.14 (0.11) - - 0.09 (0.06) 0.15

Note.Standard error in parenthesegsgp < 10%),* (p < 5%)," (p < 1%),"** (p < 0.1%).
AME - Average Marginal Effect; ARC - Average Relative Change
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Table 22

ICU Cohort Robustness Test on Patient Outcomes: Bin ary SDU Busy Based on Occupancy
Percentile
With IV
SDUBusy=1 Estimate (SE) AME ARJ  p (SE) Testp =0
Mortality
SDUOcc >= 80" percentile || -0.55 (0.27) -0.06 -70% 0.23(0.17) 0.19
SDUOcc >= 85" percentile || -0.72* (0.29) -0.08 -78% 0.33" (0.18) 0.09
SDUOcc >= 90" percentile || -0.72* (0.27) -0.08 -78% 0.33 (0.17) 0.07
SDUOcc >= 95" percentile || -0.81* (0.27) -0.09 -82% 0.39 (0.17) 0.04
log(HospRemLOS)
SDUOcc >= 80" percentile || -0.50** (0.08) -0.50 -43% 0.51"** (0.04) 0.00
SDUOcc >= 85" percentile || -0.47** (0.09) -0.47 -42% 0.50** (0.04) 0.00
SDUOcc >= 90" percentile || -0.42** (0.09) -0.42 -39% 0.48** (0.05) 0.00
SDUOcc >= 95" percentile || -0.42** (0.10) -0.42 -37% 0.47** (0.05) 0.00
ICU Readmay
SDUOcc >= 80" percentile || -0.63** (0.20) -0.05 -75% 0.39* (0.11) 0.00
SDUOcc >= 85" percentile || -0.55 (0.23) -0.05 -71% 0.34 (0.14) 0.02
SDUOcc >= 90" percentile || -0.38 (0.30) - - 0.24 (0.18) 0.20
SDUOcc >= 95" percentile || -0.54 (0.24) -0.05 -70% 0.33 (0.14) 0.03
ICU Readmsy
SDUOcc >= 80" percentile || -0.44 (0.27) - - | 0.30" (0.17) 0.09
SDUOcc >= 85" percentile || -0.19 (0.32) - - 0.14 (0.20) 0.47
SDUOcc >= 90" percentile || -0.05 (0.38) - - 0.06 (0.23) 0.80
SDUOcc >= 95" percentile || -0.24 (0.33) - - 0.17 (0.20) 0.40
ICU Readmsy
SDUOcc >= 80" percentile || -0.54** (0.22) -0.07 -66% 0.38* (0.13) 0.01
SDUOcc >= 85" percentile || -0.40 (0.26) - - | 0.30" (0.16) 0.08
SDUOcc >= 90" percentile || -0.19 (0.32) - - 0.16 (0.19) 0.41
SDUOcc >= 95" percentile || -0.36 (0.26) - - 0.27 (0.15) 0.10
I1CU Readm
SDUOcc >= 80" percentile || -0.54** (0.18) -0.08 -64% 0.43** (0.11) 0.00
SDUOcc >= 85" percentile | -0.49* (0.19) -0.07 -60% 0.40** (0.12) 0.00
SDUOcc >= 90" percentile || -0.12 (0.26) - - 0.18 (0.16) 0.28
SDUOcc >= 95" percentile || -0.29 (0.23) - - | 0.27* (0.14) 0.06
HospReadmy.,,
SDUOcc >= 80" percentile || -0.37 (0.23) - - | 0.27" (0.14) 0.06
SDUOcc >= 85" percentile | -0.55* (0.22) -0.08 -65% 0.38* (0.13) 0.01
SDUOcc >= 90" percentile || -0.06 (0.25) - - 0.08 (0.15) 0.58
SDUOcc >= 95" percentile || -0.54 (0.23) -0.08 -65% 0.38* (0.14) 0.01
HospReadms,,
SDUOcc >= 80" percentile || -0.23 (0.23) - - 0.17 (0.14) 0.24
SDUOcc >= 85" percentile || -0.37" (0.23) -0.07 -47% 0.26" (0.14) 0.00
SDUOcc >= 90" percentile || -0.18 (0.22) - - 0.14 (0.14) 0.33
SDUOcc >= 95" percentile || -0.71** (0.21) -0.14 -70% 0.47** (0.13) 0.00
HospReadms,,
SDUOcc >= 80" percentile || -0.14 (0.22) - - 0.12(0.13) 0.37
SDUOcc >= 85" percentile || -0.22 (0.22) - - 0.17 (0.13) 0.20
SDUOcc >= 90" percentile || -0.20 (0.22) - - 0.16 (0.13) 0.25
SDUOcc >= 95" percentile || -0.67** (0.20) -0.16 -65% 0.45* (0.12) 0.00
HospReadmszoy
SDUOcc >= 80" percentile || -0.06 (0.23) - - 0.07 (0.14) 0.63
SDUOcc >= 85" percentile || -0.08 (0.22) - - 0.08 (0.13) 0.53
SDUOcc >=90"percentile || -0.13 (0.24) - - | 0.11(0.14) 0.45
SDUOcc >= 95" percentile || -0.69** (0.23) -0.18 -63% 0.45* (0.14) 0.01

Note.Standard error in parenthesesgp < 10%),* (p < 5%),™* (p < 1%),"** (p < 0.1%).
ANE _ Mvarane Marainal Efact: ARC - Aviaranae Ralatnie Channe



Table 23  ED Cohort Robustness Test on Patient Outcomes: Bina ry SDU Busy Based on Occupancy

Percentile. High Severity Patients.
SDUBusy=1 Estimate (SE) AME AR(Q p (SE) Testp=0
Mortality
SDUQOcc >=80"percentile || 0.56" (0.33) 0.15 84%]| -0.37" (0.18) 0.07
SDUOcc >= 85" percentile || 0.61" (0.36) 0.17 86%)| -0.40" (0.20) 0.08
SDUOcc >= 90" percentile || 0.75 (0.33) 0.21 92%| -0.47 (0.18) 0.03
SDUOcc >= 95" percentile || 0.64" (0.37) 0.18 86%)| -0.41" (0.20) 0.07
log(HospRemLOS)
SDUQOcc >=80"percentile|| 0.38 (0.15) 0.38 24%] -0.53** (0.09) 0.00
SDUOcc >= 85" percentile || 0.41* (0.14) 0.41 26%| -0.54** (0.08) 0.00
SDUOcc >= 90" percentile || 0.45** (0.13) 0.45 29% -0.56* (0.07) 0.00
SDUOcc >= 95" percentile || 0.44* (0.13) 0.44 28% -0.56* (0.07) 0.00
HospReadmy,,
SDUOcc >= 80" percentile || 0.93 (0.86) - - -0.60 (0.45) 0.33
SDUOcc >= 85"percentile || 0.92 (1.00) - - -0.59 (0.52) 0.40
SDUOcc >= 90" percentile || 1.10" (0.68) 0.26 379% -0.68 (0.33) 0.18

SDUOcc >=95"percentile || 1.01 (1.07) - - -0.63 (0.54) 0.41
HospReadms,,
SDUOcc >= 80" percentile || 0.82(0.72) - - -0.54 (0.40) 0.29

SDUOcc >= 85"percentile || 1.04 (0.77) - - -0.6 (0.41) 0.28
SDUOcc >=90"percentile || 1.26™ (0.42) 0.37 290% -0.77" (0.23) 0.07
SDUOcc >=95"percentile || 1.16* (0.67) 0.34 280% -0.72(0.35) 0.21
HospReadmszoy

SDUOcc >= 80" percentile || 0.54 (0.49) - - -0.41 (0.28) 0.20
SDUOcc >= 85"percentile || 0.77" (0.42) 0.25 151% -0.54" (0.24) 0.07
SDUOcc >= 90" percentile || 0.94* (0.34) 0.31 279% -0.64 (0.19) 0.02
SDUOcc >= 95" percentile || 0.86 (0.43) 0.28 164% -0.59" (0.24) 0.07
Note.Standard error in parenthesesgp < 10%),* (p < 5%),"* (p < 1%),"** (p < 0.1%).

AME - Average Marginal Effect; ARC - Average Relative Change




Table 24 ED Cohort Robustness Test on Patient Outcomes: Bina ry SDU Busy Based on Occupancy

Percentile. Low Severity Patients.

SDUBusy =1 Estimate (SE) AME ARG  p (SE) Testp=0
Mortality
SDUOcc >= 80" percentile || -0.67 (0.30) -0.02 -85% 0.41(0.19) 0.06
SDUOcc >= 85" percentile | -0.84* (0.25) -0.03 -89% 0.51** (0.16) 0.01
SDUOcc >= 90" percentile | -0.93* (0.21) -0.03 -90% 0.57* (0.13) 0.01
SDUOcc >= 95" percentile || -0.42 (0.29) - - 0.25(0.18) 0.17
log(HospRemLOS)
SDUOcc >= 80" percentile || -0.22** (0.04) -0.22 -22%0.19** (0.03) 0.00
SDUOcc >= 85" percentile || -0.22** (0.04) -0.22 -22% 0.19** (0.03) 0.00
SDUOcc >= 90" percentile || -0.22** (0.04) -0.22 -22% 0.20** (0.03) 0.00
SDUOcc >= 95" percentile || -0.22** (0.04) -0.22 -22% 0.20** (0.03) 0.00
HospReadmy,,
SDUOcc >= 80" percentile || -0.01 (0.15) - - 0.02 (0.08) 0.77
SDUOcc >= 85" percentile || -0.02 (0.15) - - 0.01 (0.09) 0.87
SDUOcc >= 90" percentile || -0.01 (0.15) - - 0.01 (0.09) 0.91
SDUOcc >= 95" percentile || -0.10 (0.17) - - 0.06 (0.09) 0.51
HospReadms,,
SDUOcc >= 80" percentile || -0.10 (0.12) - - 0.07 (0.07) 0.34
SDUOcc >= 85" percentile || -0.13 (0.13) - - 0.08 (0.07) 0.26
SDUOcc >= 90" percentile || -0.09 (0.11) - - 0.07 (0.06) 0.27
SDUOcc >= 95" percentile || -0.20 (0.13) - - | 0.13" (0.08) 0.10
HospReadmszoy
SDUOcc >= 80" percentile || -0.05 (0.11) - - 0.04 (0.06) 0.49
SDUOcc >= 85" percentile || -0.07 (0.11) - - 0.05 (0.06) 0.39
SDUOcc >= 90" percentile || -0.10 (0.11) - - 0.07 (0.06) 0.23
SDUOcc >=95"percentile || -0.14 (0.11) - - | 0.10(0.06) 0.13

Note.Standard error in parenthesesgp < 10%)," (p <5%),"* (p < 1%),"* (p < 0.1%).
AME - Average Marginal Effect; ARC - Average Relative Change
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Table 25 ICU Cohort Robustness Test on Patient Outcomes: Con  tinuous SDU Busy Modeled as a Spline
Variable
With IV
SDUOcc. as piece-wise linear splifieEstimate (SE) AME AR(Q p(SE) Testp=0
Mortality
With knot at80"" pct -0.79** (0.25) -0.08 -81% 0.38 (0.16) 0.03
With knot at85'" pct -0.79** (0.25) -0.08 -81% 0.38 (0.16) 0.03
With knot at90*" pct -0.77** (0.25) -0.08 -81% 0.37 (0.16) 0.04
With knot at95'" pct -0.83** (0.26) -0.09 -83% 0.40 (0.16) 0.03
log(HospRemLOS)
With knot at80"" pct -0.44** (0.09) -0.44 -449%0.49** (0.04) 0.00
With knot at85'" pct -0.42** (0.09) -0.42 -429%0.48** (0.05) 0.00
With knot at90*" pct -0.40* (0.10) -0.40 -38% 0.46** (0.05) 0.00
With knot at95'" pct -0.35** (0.11) -0.35 -349%0.43** (0.06) 0.00
ICU Readmeoy
With knot at80"" pct -0.43" (0.24) -0.04 -61% 0.26" (0.15) 0.09
With knot at85" pct -0.40 (0.26) - - | 0.25(0.16) 0.14
With knot at90*" pct -0.42 (0.26) - - 0.26 (0.16) 0.11
With knot at95'" pct -0.50° (0.24) -0.04 -67% 0.3 (0.15) 0.05
ICU Readmesy
With knot at80"" pct -0.06 (0.31) - - 0.06 (0.19) 0.74
With knot at85'" pct -0.02 (0.33) - - 0.04 (0.20) 0.85
With knot at90*" pct -0.05 (0.34) - - 0.06 (0.20) 0.78
With knot at95'" pct -0.12 (0.34) - - | 0.10(0.20) 0.62
ICU Readmsy
With knot at80"" pct -0.23 (0.27) - - 0.19 (0.16) 0.25
With knot at85" pct -0.18 (0.28) - - | 0.16(0.17) 0.35
With knot at90*" pct -0.20 (0.28) - - | 0.17(0.17) 0.33
With knot at95'" pct -0.31 (0.26) - - 0.24 (0.15) 0.14
I1CU Readm
With knot at80%" pct -0.24 (0.21) - - | 0.25" (0.13) 0.07
With knot at85'" pct -0.15 (0.23) - - 0.19 (0.14) 0.18
With knot at90*" pct -0.07 (0.25) - - | 0.14(0.15) 0.34
With knot at95'" pct -0.12 (0.25) - - 0.17 (0.15) 0.26
HospReadmy.,,
With knot at80"" pct -0.37" (0.22) -0.05 -51% 0.27+ (0.14) 0.05
With knot at85'" pct -0.33 (0.23) - - | 0.25" (0.14) 0.09
With knot at90*" pct -0.29 (0.25) - - | 0.23(0.15) 0.14
With knot at95'" pct -0.45" (0.23) -0.06 -58% 0.33 (0.14) 0.03
HospReadms,,
With knot at80"" pct -0.38" (0.21) -0.07 -47% 0.26" (0.13) 0.06
With knot at85'" pct -0.39" (0.21) -0.08 -49% 0.27+ (0.13) 0.05
With knot at90*" pct -0.42" (0.23) -0.08 -51% 0.29" (0.14) 0.05
With knot at95'" pct -0.63** (0.21) -0.12 -65% 0.42** (0.13) 0.00
HospReadms,,
With knot at80"" pct -0.30 (0.20) - - | 0.22V (0.12) 0.09
With knot at85'" pct -0.34" (0.21) -0.08 -41% 0.25' (0.12) 0.06
With knot at90*" pct -0.40" (0.21) -0.09 -46% 0.28 (0.13) 0.04
With knot at95'" pct -0.55* (0.20) -0.13 -57% 0.37* (0.12) 0.01
HospReadmszoy
With knot at80™" pct -0.24 (0.22) - - | 0.17(0.13) 0.19
With knot at85'" pct -0.29 (0.22) - - 0.21 (0.13) 0.13
With knot at90*" pct -0.39" (0.23) -0.10 -43% 0.27+ (0.14) 0.07
With knot at95'" pct -0.60* (0.22) -0.16 -58% 0.40* (0.14) 0.01

Note.Standard error in parenthesesgp < 10%),* (p < 5%),"* (p < 1%),"** (p < 0.1%).
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Table 26

ED Cohort Robustness Test on Patient Outcomes: Cont

Variable. High Severity Patients.

inuous SDU Busy Modeled as a Spline

SDUOcc. as piece-wise linear splifj&stimate (SE) AME ARQ p (SE) Testp=0
Mortality
With knot at80°" pct 0.54 (0.38) - - -0.36 (0.21) 0.12
With knot at85¢" pct 0.66(0.39) - - | -0.37(0.22) 0.13
With knot at90t" pct 0.77 (0.32) 0.19 91%| -0.46 (0.17)  0.04
With knot at95¢" pct 0.71 (0.36) 0.18 87%| -0.47"(0.21)  0.06
log(HospRemLOS)
With knot ats0”" pct 0.40" (0.14) 0.40 25%]| -0.54°" (0.08)  0.00
With knot at85¢" pct 0.42* (0.13) 0.42 27%|-0.55** (0.08)  0.00
With knot at90*" pct 0.43* (0.13) 0.43 27%) -0.55** (0.08)  0.00
With knot at95¢" pct 0.46** (0.12) 0.46 30%|-0.58** (0.07)  0.00
HospReadmy,,
With knot at807" pct 0.93(1.04) - = [ -0.60 (0.54) 0.41
With knot at85" pct 1.03 (0.96) - - | -0.65(0.49) 0.36
With knot at90*" pct 1.20° (0.58) 0.26 377% -0.69 (0.25) 0.15
With knot at95" pct 1.05 (0.95) - - | -0.66(0.48) 0.25
HospReadms,,
With knot at807" pct 1.11(0.73) - - [ -0.70(0.38) 0.25
With knot at85t" pct 1.25°(0.57) 0.37 289% -0.77 (0.28) 0.14
With knot at90t" pct 1.26° (0.56) 0.37 290% -0.78" (0.23)  0.09
With knot at95" pct 1.14(0.76) - - | -0.71(0.40) 0.28
HospReadmszoy
With knot at807" pct 0.777 (0.47) 0.25 150% -0.54(0.27) 0.11
With knot at85¢" pct 0.87 (0.43) 0.25 151% -0.59" (0.24)  0.06
With knot at90t" pct 0.87 (0.44) 0.28 222% -0.60" (0.25)  0.07
With knot at95" pct 0.70 (0.71) - - | -0.50(0.41) 0.31

Note.Standard error in parenthesesgp < 10%),* (p < 5%),"* (p < 1%),"** (p < 0.1%).
AME - Average Marginal Effect; ARC - Average Relative Change
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Table 27

ED Cohort Robustness Test on Patient Outcomes: Cont

Variable. Low Severity Patients.

inuous SDU Busy Modeled as a Spline

SDUOcc. as piece-wise linear splifieEstimate (SE) AME ARJ  p (SE) Testp=0
Mortality
With knot at30"" pct 20.6T (0.26) -0.02 -82% 0.37 (0.16)  0.04
With knot at85t" pct -0.60* (0.26) -0.03 -89% 0.36 (0.16)  0.04
With knot at90*" pct -0.54 (0.27) -0.02 -78% 0.32" (0.17)  0.07
With knot at95t" pct -0.24 (0.25) - - | 0.14(0.15) 0.33
log(HospRemLOS)
With knot at30"" pct 2027 (0.04) -0.21 -219%0.18" (0.03) _ 0.00
With knot at85'" pct -0.21°* (0.04) -0.21 -21%0.19"* (0.03)  0.00
With knot at90*" pct -0.21°* (0.04) -0.21 -21%0.19"* (0.03)  0.00
With knot at95t" pct -0.22°* (0.04) -0.22 -229%0.19"* (0.03)  0.00
HospReadmy,,
With knot at807" pct 0.09 (0.16) - =] 0.06 (0.09) 0.53
With knot at85" pct -0.11 (0.16) - - | 0.07(0.09) 0.45
With knot at90*" pct -0.13(0.17) - - | 0.08(0.10) 0.41
With knot at95" pct -0.14 (0.17) - - | 0.09(0.10) 0.38
HospReadms,,
With knot at807" pct 20.16 (0.12) - ~ ] 0.12(0.17) 0.15
With knot at85" pct -0.19 (0.13) - - | 0.12(0.07) 0.11
With knot at90*" pct -0.21(0.13) - - | 0.13* (0.07)  0.08
With knot at95'" pct -0.22 (0.13) - - | 0.14" (0.08) 0.08
HospReadmszoy
With knot at807" pct -0.06 (0.10) - =] 0.05 (0.06) 0.38
With knot at85" pct -0.10 (0.11) - - | 0.07(0.06) 0.24
With knot at90*" pct -0.11(0.11) - - | 0.08(0.06) 0.18
With knot at95'" pct -0.15 (0.11) - - | 0.10(0.06) 0.12

Note.Standard error in parenthesesgp < 10%),* (p < 5%),"* (p < 1%),"** (p < 0.1%).
AME - Average Marginal Effect; ARC - Average Relative Change



Table 28 ED Cohort Robustness Test on Patient Outcomes: Bina  ry ICU Busy Based on Number of

Available Beds. High Severity Patients.

ICUBusy =1 Estimate (SE) AME ARC p (SE) Testp=0
Mortality
ICUFreeBeds<=41 0.63" (0.35) 0.18 84%| -0.41" (0.23) 0.06
ICUFreeBeds<=31| 0.68 (0.32) 0.19 86%) -0.44 (0.18) 0.03
ICUFreeBeds<=2| 0.75 (0.33) 0.21 92%) -0.48 (0.18) 0.03
ICUFreeBeds<=11| 0.69 (0.34) 0.19 86%) -0.44 (0.19) 0.04
log(HospRemLOS)
ICUFreeBeds<=41 0.42** (0.13) 0.42 27%]| -0.55** (0.08) 0.00
ICUFreeBeds <=3 0.43** (0.13) 0.43 27%]| -0.55** (0.08) 0.00
ICUFreeBeds <=2 || 0.45** (0.12) 0.45 28%| -0.57** (0.07) 0.00
ICUFreeBeds<=11| 0.56°(0.24) 0.56 30%|-0.46* (0.07) 0.00
HospReadmy,,
ICUFreeBeds <=4 1.19" (1.68) 0.29 390% -0.73(0.32) 0.18
ICUFreeBeds <=3 1.15(0.73) - - -0.71 (0.35) 0.21
ICUFreeBeds<=2| 1.27(0.59) 0.32 390% -0.77 (0.26) 0.11
ICUFreeBeds<=11| 1.19" (0.62) 0.29 388% -0.73(0.29) 0.14
HospReadmsa,,
ICUFreeBeds<=41 1.35*(0.36) 0.41 297% -0.83 (0.17) 0.02
ICUFreeBeds<=3| 1.28*(0.35) 0.38 293% -0.79 (0.17) 0.02
ICUFreeBeds<=2| 1.27*(0.40) 0.38 294% -0.78 (0.20) 0.04
ICUFreeBeds<=11| 1.18*(0.43) 0.35 283% -0.73 (0.22) 0.05
HospReadmszoy
ICUFreeBeds<=411.01*y(0.28) 0.33 281% -0.68* (0.15) 0.01
ICUFreeBeds<=3] 0.98* (0.27) 0.32 277% -0.66" (0.15) 0.01
ICUFreeBeds<=2| 0.97*(0.31) 0.31 279% -0.65* (0.17) 0.01
ICUFreeBeds<=11| 0.90* (0.35) 0.29 270% -0.62 (0.19) 0.02

Note.Standard error in parenthesesgp < 10%),* (p < 5%),"* (p < 1%),"** (p < 0.1%).
AME - Average Marginal Effect; ARC - Average Relative Change



Table 29 ED Cohort Robustness Test on Patient Outcomes: Bina  ry ICU Busy Based on Occupancy

Percentile. High Severity Patients.

ICUBusy =1 Estimate (SE) AME AR(Q p (SE) Testp=0
Mortality
ICUOcc >= 80" percentile || 0.51(0.37) - - -0.34 (0.21) 0.13
ICUOcc >= 85" percentile || 0.56 (0.36) - - | -0.37 (0.20) 0.09
ICUOcc >=90"percentile || 0.58 (0.38) 0.17 90%| -0.35" (0.21) 0.09
ICUOcc >= 95" percentile || 0.60" (0.35) 0.17 86%| -0.39" (0.20) 0.08
log(HospRemLOS)
ICUOcc >= 80" percentile || 0.42* (0.13) 0.42 27%]| -0.55 (0.08) 0.00
ICUOcc >= 85" percentile || 0.40* (0.14) 0.40 25%] -0.54* (0.08) 0.00
ICUOce >= 90" percentile || 0.49* (0.13) 0.49 30% -0.54* (0.08) 0.00
ICUOcc >= 95" percentile || 0.39** (0.15) 0.39 23%] -0.56* (0.07) 0.00
HospReadmy,,
ICUOcc >= 80" percentile || 1.09" (0.65) 0.26 375% -0.69 (0.32) 0.16
ICUOcc >= 85"percentile || 1.15 (0.52) 0.28 388% -0.71" (0.25) 0.08
ICUOce >= 90" percentile || 1.14" (0.63) 0.27 380% -0.71 (0.31) 0.15
ICUOcc >= 95" percentile || 1.12% (0.68) 0.27 383% -0.70 (0.33) 0.18
HospReadms,,
ICUOcc >= 80" percentile || 1.24* (0.41) 0.36 286% -0.77 (0.24) 0.04
ICUOcc >= 85"percentile || 1.27* (0.31) 0.38 293% -0.79* (0.15) 0.01
ICUOce >= 90" percentile || 1.29** (0.37) 0.38 294% -0.80 (0.18) 0.03
ICUOcc >=95"percentile | 1.22* (0.41) 0.36 287% -0.76" (0.21) 0.04
HospReadmszoy
ICUOcc >= 80" percentile || 1.05* (0.24) 0.34 287% -0.70* (0.13) 0.01
ICUOcc >= 85" percentile || 1.01* (0.25) 0.33 285% -0.68~ (0.14) 0.01
ICUOce >= 90" percentile || 0.97* (0.28) 0.32 280% -0.66* (0.15) 0.01
ICUOcc >= 95" percentile || 0.94* (0.30) 0.31 279% -0.64~ (0.16) 0.01

Note.Standard error in parenthesesgp < 10%),* (p < 5%),"* (p < 1%),"** (p < 0.1%).
AME - Average Marginal Effect; ARC - Average Relative Change



Table 30 ED Cohort Robustness Test on Patient Outcomes: Cont  inuous ICU Busy Modeled as a Spline
Variable. High Severity Patients.
ICUBusy =1 Estimate (SE) AME ARC p (SE) Testpp=0
Mortality
With knot at80?" pct|| 0.60" (0.34) 0.17 90%]| -0.39" (0.19) 0.07
With knot at85'" pct|| 0.63" (0.33) 0.18 90%| -0.41* (0.18) 0.05
With knot at90*" pct|| 0.68 (0.32) 0.19 91%| -0.44 (0.18) 0.03
With knot at95t" pct|| 0.72°(0.30) 0.20 91%| -0.46 (0.17) 0.02
log(HospRemLOS)
With knot at80?" pct|| 0.42* (0.13) 0.42 27%] -0.55* (0.08) 0.00
With knot at85t" pct|| 0.42* (0.13) 0.42 27%]| -0.55** (0.08) 0.00
With knot at90*" pct|| 0.42* (0.13) 0.42 26%] -0.54** (0.08) 0.00
With knot at95t" pct|| 0.43* (0.13) 0.43 27%]| -0.55** (0.07) 0.00
HospReadmy,,
With knot at80?" pct|| 1.18 (0.54) 0.29 388% -0.73" (0.25) 0.09
With knot at85t" pct|| 1.22° (0.54) 0.28 388% -0.75" (0.25) 0.08
With knot at90*" pct|| 1.24 (0.54) 0.27 380% -0.76" (0.24) 0.08
With knot at95t" pct|| 1.29 (0.50) 0.32 392% -0.78" (0.22) 0.07
HospReadmsa,,
With knot at80?" pct|| 1.24* (0.36) 0.36 286% -0.77 (0.18) 0.02
With knot at85t" pct|| 1.26 (0.37) 0.38 293% -0.78 (0.18) 0.02
With knot at90*" pct|| 1.27* (0.37) 0.38 295% -0.79 (0.18) 0.03
With knot at95t" pct|| 1.27* (0.37) 0.38 294% -0.79 (0.18) 0.02
HospReadmszoy
With knot at80*" pct|| 0.98* (0.27) 0.32 279% -0.66* (0.15) 0.01
With knot at85t" pct|| 0.97* (0.28) 0.33 285% -0.65* (0.14) 0.01
With knot at90** pct|| 0.98* (0.29) 0.32 280% -0.66 (0.15) 0.01
With knot at95t" pct|| 0.99** (0.28) 0.32 287% -0.67* (0.15) 0.01
Note.Standard error in parentheses$p < 10%)," (p <5%),** (p < 1%),"* (p < 0.1%).
AME - Average Marginal Effect; ARC - Average Relative Change
Table 31  ED Cohort Estimation Results for Patient Outcomesw  ith Recent Admission! €Y Included as an
Additional Instrument. High Severity Patients
Outcome Estimate (SE) AME ARC p (SE) Testpp=0
Mortality 0.73 (0.33) 0.20 92.819% -0.49" (0.29) 0.08
log(HospRemLOS) || 0.46** (0.13) 0.46 29.55% -0.59** (0.08) 0.00
HospReadm,, 1.16 (0.46) 0.38 353.41%-0.79 (0.20) 0.05
HospReadma,, 1.21 (0.39) 0.34 240.98% -0.79" (0.25) 0.09
HospReadmsgg 0.92 (0.30) 0.29 233.60% -0.65 (0.38) 0.13

Note.Standard error in parenthesegp < 10%),* (p < 5%),** (p < 1%),** (p < 0.1%).
AME - Average Marginal Effect; ARC - Average Relative Change
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