PATIENT FLOW AND CAPACITY MANAGEMENT IN HEALTH
SERVICES

by
Esmaeil Bahalkeh

A Dissertation
Submitted to the Faculty of Purdue University
In Partial Fulfillment of the Requirements for the degree of

Doctor of Philosophy

0€ Q{;’

School of Industrial Engineering
West Lafayette, Indiana
August 2021



THE PURDUE UNIVERSITY GRADUATE SCHOOL
STATEMENT OF COMMITTEE APPROVAL

Dr. Yuehwern Yih, Chair

School of Industrial Engineering

Dr. Seokcheon Lee
School of Industrial Engineering
Dr. Paul M. Griffin

Department of Industrial and Manufacturing Engineering
The Pennsylvania State University

Dr. Tze C. Chiam
Connecticut Children's Medical Center

Approved by:
Dr. Abhijit Deshmukh



To my family,
For

Their love and support.



ACKNOWLEDGMENTS

I would like to express my gratitude to many people who have helped me throughout the
course of my Ph.D. program.

First and foremost, | am grateful to my advisor, Dr. Yuehwern Yih, for her invaluable
advice, continuous support, and patience during my PhD study. Her immense knowledge and
plentiful experience have encouraged me in all the time of my academic research and daily life.
She has always been kind, patient, caring, and supportive.

| am grateful to my supervisor and committee member, Dr. Tze C. Chiam, for his
mentorship and support during my PhD study. His different perspectives have always challenged
me to answer the “why”” questions and helped me to think systematically.

I would like to thank my committee members, Dr. Paul Griffin, and Dr. Seokcheon Lee for
serving on my committee and providing valuable suggestions to improve my work, as well as
supporting my career goals over these years.

| greatly appreciate the tremendous support provided by ChristianaCare and thank
everyone at ChristianaCare for their support and assistance. Specifically, | would like to thank Dr.
Mia A. Papas, Dr. James M. Ellison, Dr. LeRoi S. Hicks, and everyone within the Value Institute.

Last but not least, | would like to thank my family. My parents and siblings who have

always been the source of encouragement and support throughout my life.



TABLE OF CONTENTS

LIST OF TABLES ...ttt sttt sttt sttt n e b e 8
LIST OF FIGURES ...ttt sttt st e st e e s e e e s nae e e nsaeeesneeeeneeeans 9
y N S I 2 ¥ X SRR 10
1. INTRODUCTION ..ottt sttt bbbttt sbe bbb nneeneas 11
2. LITERATURE REVIEW ..ottt ettt 13
2.1 AMDUIBIOIY Ca€.....iiiiciieiiicie ettt et re e sbeeaesneesneenee s 13
2.1.1  NO-ShOW MANAGEMENT ..ottt 14
2.1.2 Managing fOllOW-UP VISITS.........ccuoiiiiiiicie s 15
2.1.3  CapacCity PIANNING .......ccooiiiiee e 16

2.2 INPALIENT CAIB......eiitiieieieeieee ettt b bbbttt e e e b e b bbb e eneas 17
2.2.1  SINGIE-UNIT STUAIES ..ottt 18
2.2.2  CrOSS-UNIT STUTIES. ...c.vieieiiiieieetiesieesie e siee e see st ste e ste e e esreesteeneesreeteaneesreenaeanee e 20

3. EVALUATING THE EFFECTIVENESS OF ACCESS IMPROVEMENT STRATEGIES IN
A MULTIDISCIPLINARY MEMORY CLINIC ..ottt 26
200 A 111 oo [ Tox 1 o o RSSO 26
3.2 Data and BaCkgroUnd............ccooiiiiiiiiiiiiie e 28
3.2.1  Supply and demand VOIUMES .........c.ccoviiieieiie et 30
3.2.2  AVErage WAL LIME ......cciiiicie ettt re et e reesne e 30
3.2.3  QUEUE TENGLN ... 31

3.3 MEENOAOIOGY ... et 32
3.3.1 LOGIC FIOW ..o 33
3.3.2  Service time diStriDULIONS ......cooieiiieiiicces e 35
3.3.3 Interarrival diStriDULIONS ........cooiiiieecce e e 35
TR 0 ¥ [oTo [=] IV 1 T P 1 o o PSSR 37

B RESUIES .. e ns 38
R R O 1Y/ 1 oo o) ([ o OSSO UP ORI 38
3.4.2 Reducing unnecessary fOlloOW-UP VISItS ........c.coviiiiiiiiieniiireee e 39
3.4.3  INCreasing ProVIder NOUIS .........couiiiiiiiiiriesieeee e 39

3.5  Discussion and CONCIUSIONS .......cceeiuiiiriieieiie et et 41



4. IMPACT OF LONG-STAY PATIENTS ON HOSPITAL FLOW AND CAPACITY ........ 43

o R 1 (oo [0 Tox o] USRS PTT PPN 43
4.2 LITEratUure REVIBW. ....coviiiieiiieieciie sttt sttt et s re e te st beebeanaenneenns 45
4.3 Study Setting and HYPOTNESES ..o 46
4.3 1 ICU 0 MU FIOW.....ooiiiiiciiece e 47
4.3.2  SDU t0 MU FIOW ..oviiiiicieccecee et 48
4.3.3 MU FIOW....oiiiiiccee ettt e st e et e e te e nae e e beenrees 48
A4 DALA.....cooiieeeiiie e r e e e h et b e e e nr e e nn e 48
O R o a0 B =V 0 LA T PSSRSO 49
4.4.2  OCCUPANCY TBVEIS .....ceviieceeee e ra e 50
4.5 EMPIrical SPECITICAION.......ciiiiiiiiiie e 51
451 ICU L0 MU FIOW....cuiiiiccie ettt sttt reenneas 51
4.5.2 SDU t0 MU FIOW ..oviiiiiiicce et 52
4.5.3 MU FIOW...eoiiitiiiic ettt sttt ne s 52
T o (=TS | €SS 53
4.6.1 ICU L0 MU FIOW....cuiiiiiccie ettt et ereas 53
4.6.2 SDU t0 MU FIOW ..oviiiiiiiicce e 57
4.6.3 MU FIOW....cuiiiiiiiciec ettt et 60
4.7 DiscusSion and CONCIUSIONS .......ccveuriieiieieeie e e see et e e ae e eseeeneesneennas 63
5. REDEFINING PATIENT GROUPS IN THE HOSPITAL.....ccooieiiieeee e 66
T8 A 1 (oo [0 Tox 1 o] TSRS PRSPPI 66
5.2 LITEratUure REVIBW.....cueiiiiiiiiiiiieieeieie ettt ettt sttt sttt snesneeneas 67
TR T D | - ST RTRRTR 69
5.3.1  AdMISSION INFOIMALION ....veeiiieieciieie e enee e 69
5.3.2  Care COMPIEXITY ..cveiiiieiiciecie ettt e et s aeesreenee e 70
ST |V 1= 1 g oo (o] (oo Y ST SPPRTR 70
T 30 N 3 SR 71
5.4.2  CIlaSSITICAION TIBE ...c.vvevieiieeie ettt e sttt et e e e e sreeneeenee e 73
5.5 RESUILS ..ttt et b ettt nenr e nre et 73
55.1  Wilmington ROSPItal ..........ccuoeiiiiiiiiiieie e 73
5.5.2  Christiana RoSPITal ..........coiiiiiiiiiiiei e 79



5.6  DiSCUSSION AN CONCIUSIONS ......eeeeeeeee ettt e e e e e e e e e e e e e e e e e e eee s
6. FUTURE WORK . ...ttt e ettt e e e e e e e e ettt e e e e e e e e e eeeeeens

REFERENCES



LIST OF TABLES

Table 2.1. Recent cross-unit studies for bed allocation with included units............ccoooeveeeeinnn. 22

Table 2.2. Classification of cross-unit studies for bed allocation based on outcome measures. .. 23

Table 3.1. Average follow-up and NO-SNOW FALES. ..........ccciriiiiiiieiere s 30
Table 3.2. Description of service types and service time distributions. .........c.cccocevvvvieiieiennnne. 35
Table 3.3. Gaussian mixture distributions for interarrival times. ............ccocvoiieieienisneee 36
Table 3.4. Comparison of queue performance measures from simulation and data...................... 38
Table 3.5. Performance measures under optimal overbooking per patient type and 7. .......... 39
Table 3.6. Percent reduction in average wait time and queue length for different follow-up
reduction levels compared to the base SCENAriO. ........c.covveviiiciiece e 40
Table 3.7. Performance measures under optimal capacity per patient type and CW7. ................. 40
Table 4.1- Total number of long-stay patients in each specialty area. ..........cccceoevereiencnennnn 49
Table 4.2. Estimated results for ICU Wait TIMe. .........ccooviiiiiiiiniee s 54
Table 4.3. Estimated results for SDU WaIt TIMe. .........cooceiiiiiiiinieese s 58
Table 4.4. Estimated results for LOS 0f MU. ... s 61
Table 4.5. Estimated results for 30-day readmission probability in MU..........cccccoooeiiniiiinnnnn. 62
Table 5.1. Distribution of patients across age categories and hospitals............ccccceoceiiienininnnn. 71
Table 5.2. Classification tree parameters and SEttNG. .........ccovveirieriririreseeeee s 73
Table 5.3. Confusion matrix of classifier for the Wilmington hospital................cccccoooiiiiiennn. 73
Table 5.4. Distribution of patients across admitting medical sections and clusters in the
WilMINGEON NOSPITAL.......coiiiiiiie s 78
Table 5.5. Admitting diagnosis codes across clusters in the Christiana hospital. ........................ 83
Table 5.6. Top 3 ZIP codes in the Wilmington hospital and their racial distribution. ................. 86



LIST OF FIGURES

Figure 3.1. Patient flow in the multidisciplinary memory ClinicC. ..........ccccoovvveviiieii e 29
Figure 3.2. Supply and demand volumes for memory patients. ..........cccccovevvereiiesieesesee s 30

Figure 3.3. Number of visit requests and average wait time per month for memory patients...... 31

Figure 3.4. Queue length for memory Patients. ... 31
Figure 3.5. Logic flowchart of patient VISItS. ...........cccooiiiriiiiiiiceceese e 34
Figure 3.6. No-show and visit logic flows in Arena for Geriatric Psychiatry patients................. 34
Figure 3.7. Follow-up logic flow in Arena for Geriatric Psychiatry patients. ...........ccccccooeveennens 35
Figure 3.8. Empirical interarrival time and fitted function for memory patients. ............c.ccc....... 36
Figure 3.9. Empirical and fitted interarrival distributions for memory revisit patients................ 37
Figure 3.10. Goodness of fit for the Gaussian mixtures in memory revisit patients. ................... 37
Figure 4.1. LOS histogram for 1ong-stay Patients............coevieiriiieneneneseseseeee e 50
Figure 4.2. Occupancy of regular and long-stay patients in an MU. ..........cccccevviiiiievcicieenns 51
Figure 5.1. Bayesian information criterion for different number of clusters at the Wilmington
POSPITAL ...ttt et 72
Figure 5.2. Bayesian information criterion for different number of clusters at the Christiana
ROSPITAL ... .t a et e et et e re e re e e naeerean 72
Figure 5.3. Decision tree for the Wilmington hospital (Part 1/2). .........ccccooiiiiiiiiniiee 75
Figure 5.4. Decision tree for the Wilmington hospital (Part 2/2). ........cccooiiiiiiiiiie, 76
Figure 5.5. Average age between clusters in the Wilmington hospital. ............cccocooeniiiinnnne 77
Figure 5.6. Triage severity of illness in the Wilmington hospital. ...........c.cccccoviiiiiiiiiciciies 77
Figure 5.7. Admission source for patients visited the Wilmington hospital.................ccccceeeenins 79
Figure 5.8. Decision tree for the Christiana hospital (Part 1/3). ........ccccccceivieviiiveiie e 80
Figure 5.9. Decision tree for the Christiana hospital (Part 2/3). ..o 81
Figure 5.10. Decision tree for the Christiana hospital (Part 3/3). ........ccccooiiiiiniiiiiee 82
Figure 5.11. Average age adjusted Charlson score across clusters in the Christiana hospital. .... 83
Figure 5.12. Level of care for the Christiana hospital. ...........cccccooieiiiic 84
Figure 5.13. Distribution of race across clusters in the Wilmington hospital...............c.c.ccocove. 86



ABSTRACT

Growing demand for health services provided by outpatient clinics and hospitals caused
health institutions flow and capacity challenges. Health organizations’ poor response to these
challenges directly translate into negative patient outcomes and intensified downstream costs. In
this study, we investigate dynamics and mechanisms that influence patient wait times and capacity
strains and propose strategies and policies that can improve these issues in both ambulatory and
inpatient care.

First, we investigate the access issue in a multidisciplinary memory clinic, which consists of
three practices and six patient types. Considering patient flow and interactions, we develop an
empirical simulation model to evaluate the effectiveness of access improvement strategies such as
overbooking, repatriation (i.e., referring the patient back to primary care), and increasing provider
hours. Our results suggest that despite the increasing wait times in the multidisciplinary memory
clinic, increasing provider slots is not always an effective strategy. In fact, overbooking and
reducing unnecessary follow-up visits can result in more significant performance improvements.

Second, we study the impact of long-stay patients (i.e., patients with discharge barriers that
stay in the hospital for non-medical reasons) on flow and capacity. In particular, we focus on the
patient flow between Intensive Care Unit (ICU), Step-down Unit (SDU), and Medical Unit (MU)
and quantify the impact of long-stay patient volumes on wait time, length of stay (LOS), and 30-
day readmission probability of other patients transitioning among these units. We find that larger
proportion of long-stay patients in the MU results in shorter LOS for other patients in the MU, and
longer wait time for patients leaving the ICU to MU.

Third, we examine existing patient grouping system based on the service lines at two
hospitals within the same health system and propose a two-step clustering-classification approach
to identify new patient clusters. Unlike existing 8 patient clusters (i.e., service lines), our results
identified 11 patient clusters in Wilmington hospital and 15 patient clusters in Christiana hospital,
indicating the need to further splitting some of the existing service lines such as internal medicine,

general surgery, and neurological disorders.
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1. INTRODUCTION

Among the 30 developed countries in the Organization for Economic Cooperation and
Development (OECD), the United States has the highest health spending while it ranks near the
bottom on common health measures (Kane 2012, Peterson and Burton 2009, Schroeder 2007). To
this end, Schroeder (Schroeder 2007) proposed two focus areas that can impact health status in the
US, improving the quality of care, and improving patient access to care. Granting the fact that
quality of care in the US is no worse than that of other OECD countries (Schroeder 2007), access
to care remains an ongoing issue in the US, especially among underserved populations
(Bettenhausen et al. 2017, Land 2020, Mayer 2008, Schmidt et al. 2018).

Improving patient access to ambulatory services requires effective management of patient
no-shows as well as patient follow-ups. Patient no-show negatively impacts provider productivity,
clinic efficiency, healthcare costs, and patients access to care (Laganga and Lawrence 2007,
Ratcliffe et al. 2012). Depending on the clinic type, no-show may vary from 3% to 80% (LaGanga
and Lawrence 2012). Previous studies estimated patient no-show rates in different clinics. For
instance, 55% in an outpatient clinic (Vikander et al. 1986), 13.6% up to 23.1% in an academic
outpatient practice (Parikh et al. 2010), 18% in an Endoscopy clinic (Berg et al. 2013), 18% in
primary care (Mehrotra et al. 2008), 15.8% in a Swiss university outpatient clinic (Lehmann et al.
2007), and 8.5% in an endocrinology clinic (Kim et al. 2018).

In addition to the no-show issue, outpatient clinics also deal with great volumes of follow-
up visits. As reported in several studies, follow-up visits account for about 75% of specialist visits
in England (Reeve et al. 1997), and nearly 50% of overall outpatient visits in the United States
(Ackerman et al. 2014). It is believed that proportion of follow-up specialty visits can be handled
through primary care, hence improve the access to specialty clinics (Ackerman et al. 2014,
Mehrotra et al. 2011, Naiker et al. 2018). This proportion has been estimated anywhere between
5.6% to 48% (Ackerman et al. 2014, Hashim 2020, Reeve et al. 1997, U.S. 2013).

Although the literature supports the need for better no-show and follow-up management,
there is no study to measure the impact of them on patient access to multidisciplinary clinics.
Multidisciplinary practice models have gained popularity in recent years due to the potential
advantages they have to offer, such as early diagnosis and cost savings, process efficiencies, and
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better health outcomes especially for patients with comorbidities (Bech-Azeddine et al. 2001, Hejl
et al. 2002, Hodges et al. 2010, Hagh et al. 1999, Verhey et al. 1993, Wolfs et al. 2006).

In this study, we develop an empirical model of multidisciplinary memory clinic, considering
different patient flows, no-shows, and follow-up patterns. We then evaluate the effectiveness of
multiple access improvement strategies related to no-show, follow-up, and capacity management.

Similar to outpatient setting, inpatient flow can directly impact health outcomes, hospital
costs, and patient satisfaction (Eriksson et al. 2017, Shi et al. 2018). In addition, proper bed
allocation of hospital units and smoothing their occupancies shown to improve inpatient flow
(Armony et al. 2015, Crilly et al. 2015, Hillier et al. 2006).

To estimate bed requirements, one needs to assess patient needs and their care complexities
which can be extremely challenging due to the discretionary nature of diagnostics and treatment
decisions (Lismont et al. 2016), clouding effect of overflowing activities (Lismont et al. 2016), as
well as patient conditions and their health histories. As such, grouping similar patients is both
critical and challenging. For that, bed allocation studies in both single-unit setting (Van Riet and
Demeulemeester 2015, Rodrigues et al. 2018, Saghafian et al. 2015, Tierney and Conroy 2014)
and cross-units setting (Bhattacharjee and Ray 2014, He et al. 2019) considered overall patient
groups such as service lines.

In this study, we shed light on a special patient population, long-stay patients. These patients
have long length of stays due to either complex care needs or discharge barriers. They comprise a
fairly small portion of patient population but constitute majority of the patient days (e.g., 4.4% of
patient population used 63% of the patient days (Naghib et al. 2010)). As such, it is important to
investigate their impact on patient flow and hospital capacity. Due to the limited research in this
realm and controversial findings regarding their impacts on flow and capacity (Lantz 2020,
Woodger 2017, Woodger et al. 2018), this study aims to evaluate their impact on patient flow and
hospital capacity from multiple perspectives.

In addition, we identify patient clusters using available data at the time of patient admission.
Identified clusters can redefine existing service lines and inform reallocation of beds among them.

They can also inform the hospital about potential anomality and guideline adherences.
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2. LITERATURE REVIEW

Studies suggest that worse health outcomes are associated with poor access to both outpatient
(Landon et al. 2005, Wu et al. 2001) and inpatient services (Eriksson et al. 2017, Shi et al. 2018).
Also, historical patterns represent a constantly growing demand for both outpatient and inpatient
services. In fact, demand for outpatient services has doubled within the past decade (Ackerman et
al. 2014). Similarly, emergency visits and inpatient demands have been growing annually at annual
rate of 2.3% (Slade et al. 2010). A more recent study suggest that the number of emergency visits
increased from 128.97 million in 2010 to 144.82 million in 2016 with the cumulative annual
growth rate of 1.95% which is higher than population growth at the rate of 0.73% (Lane et al.

2020). These findings indicate the need for efficiency in both ambulatory and inpatient care.

2.1 Ambulatory Care

Demand for outpatient services is constantly growing. Ambulatory care visits nearly doubled
in the past decade (Ackerman et al. 2014). More than a third of patients are referred to outpatient
services every year (Mehrotra et al. 2011). Growing demand has negatively impacted the patient
access to ambulatory services. Access issue is even more pronounced among underserved
populations (Cook et al. 2007, Ferrer 2007, Mayer 2008, Weissman et al. 2003).

Research has shown that patients who encounter longer wait times for their outpatient
services are more likely to have worse health outcomes (Pizer and Prentice 2011). For instance,
Veterans with more than a month wait time for outpatient services are 21% more likely to die,
compared with patients who waited less than a month (Prentice and Pizer 2007). Similarly, a 10-
day increase in wait time for primary care services among veterans aged 70 or more resulted in 2%
increase in the odds of mortality and 6% increase in the odds of experiencing a stroke (Pizer and
Prentice 2011). Other studies also suggest associations between poor access and worse health
outcomes (Landon et al. 2005, Wu et al. 2001).

Poor access negatively impacts patient satisfaction. Patient satisfaction mainly depends on
the aspects that patients can judge, such as timeliness of services (Eilers 2004, Fogarty and Cronin
2008, Kenagy et al. 1999). Poor access also increases downstream costs and healthcare utilization

by deferring appropriate diagnosis and treatments (Kenagy et al. 1999) such as for preventable
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diagnosis in patients with diabetes (Mayfiel et al. 1998). As such, it is crucial to identify effective
strategies that improve patient access to ambulatory care.

A recent review of 152 studies, identified three major themes for improving access to
outpatient clinics (Naiker et al. 2018). The themes included resource alignment strategies (e.g.,
limiting the number of referrals, wait list audits, discharging patients from specialty to primary
care, and triaging patients), operational efficiencies (e.g., early start of clinics, improved
scheduling, separating new and follow-up access measures, and matching supply to demand) and
process improvements (e.g., improving efficiencies, reducing supply and demand variations, no-
show modeling, guidelines to improve efficiency of care processes, referral management,
telemedicine, and use of technologies such as text messaging, e-referrals, automated scheduling,
and reminders).

In the following sub-sections, we discuss the most common access improvement strategies,
one from each of the above themes. More precisely, we explain overbooking from the process
improvement theme (Laganga and Lawrence 2007, 2012, Liu et al. 2010), reducing unnecessary
follow-up visits from the resource alignment theme (Demeere et al. 2009), and increasing
providers from the operational efficiencies theme (Ponis et al. 2013).

2.1.1 No-show management

Patient no-show is a common issue in outpatient clinics, which can vary from 3% to 80%
(LaGanga and Lawrence 2012). Previous studies estimated patient no-show rates in different
clinics and location. For instance, 55% in an outpatient clinic (Vikander et al. 1986), 13.6% up to
23.1% in an academic outpatient practice (Parikh et al. 2010), 18% in an Endoscopy clinic (Berg
et al. 2013), 18% in primary care (Mehrotra et al. 2008), 15.8% in a Swiss university outpatient
clinic (Lehmann et al. 2007), and 8.5% in an endocrinology clinic (Kim et al. 2018). Regardless
of the significance, no-shows negatively impact provider productivity, clinic efficiency, healthcare
costs, and patients access to care by reducing the effective capacity (Laganga and Lawrence 2007,
Ratcliffe et al. 2012).

For instance, 25.4% no-show rate in a family medicine clinic resulted in 14% loss in its
anticipated daily revenue (Moore et al. 2001). Similar study in an endoscopy clinic revealed 16.4%

profit loss due to its 18% patient no-show rate (Berg et al. 2013).
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As such, researchers began to investigate the no-show drivers (Tan et al. 2019, Yang et al.
2020, Zailinawati et al. 2006), intervene to reduce no-show rates using reminder calls (Parikh et
al. 2010), and incorporate no-show behaviors into appointment scheduling models through
overbooking.

In particular, EI-Sharo et al. (EI-Sharo et al. 2015) studied overbooking strategies to
maximize profit in a multi-provider outpatient clinic. Similarly, Ratcliffe et al. formulated an
optimization model for overbooking and capacity decisions in outpatient clinics with two classes
of patients and no-shows (Ratcliffe et al. 2012). Overbooking also resulted in significant
improvements in patient access and provider productivity in different studies (Ahmadi-Javid et al.
2017, Cayirli and Yang 2014, Laganga and Lawrence 2007, 2012, Liu et al. 2010).

Huang and Hanauer compared personalized no-show prediction with traditional evenly-
distributed overbooking in a general pediatrics clinic and concluded that earlier resulted in 6-8%
less average patient wait time and 24-29% less overtime (Huang and Hanauer 2014). Other studies
also stated the superiority of including personalized no-show rates to fixed or randomized ones
(Glowacka et al. 2009, Salzarulo et al. 2016). For instance, Reid et al. proposed a predictive
overbooking that performed better than fixed overbooking (e.g., 19%, 29%, 38%) in minimizing
underutilization and overutilization of a Veterans Administration healthcare network clinic (Reid
et al. 2015). Similarly, Daggy et al. used logistic regression to predict patient no-shows, and
incorporated them into simulation model to optimize patient wait time, clinic utilization, and
overtime using three years data from Veterans Affairs medical center (Daggy et al. 2010).

Despite the abundance of overbooking models in monodisciplinary outpatient clinics (i.e., a
single provider type provides care services), none of the scheduling models in multidisciplinary
outpatient clinics (i.e., multiple provider types collaborate to deliver care services) studied
overbooking rules (Leeftink et al. 2018). As such, this study contributes to the literature by
incorporating overbooking levels into access improvement strategies for a multidisciplinary
outpatient clinic. Moreover, it considers queue length, as well as patient wait time, provider

utilization, and number of visits as key performance indicators.

2.1.2 Managing follow-up visits

Follow-up patients account for majority of outpatient clinic visits. As reported in several

studies, follow-up visits account for about 75% of specialist visits in England (Reeve et al. 1997),

15



and nearly 50% of overall outpatient visits in the United States (Ackerman et al. 2014). In specialty
clinics, some of these follow up patients can be referred back to primary care, which is known as
repatriation. National Ambulatory Medical Care Survey report in 2013 estimated repatriation for
different specialties, such as 10% for cardiology, 8% for psychiatry, and 5.6% for otolaryngology
(U.S. 2013). Other studies reported repatriation estimates across multiple specialties, such as 48%
in medical clinics (Reeve et al. 1997), 41.3% (Hashim 2020), and 16% (Ackerman et al. 2014).
Considering the significance of these estimates, it is believed that repatriation can lower
healthcare costs and improve the access to specialty clinics (Ackerman et al. 2014, Mehrotra et al.
2011, Naiker et al. 2018). As such, numerous studies investigated repatriation barriers such as
social, legal, and financial barriers (Ackerman and Gleason 2018), communication, guilt and trust
difficulties (Burkey et al. 1997, Foy et al. 2010, Reeve et al. 1997), and care coordination issues
(Liss et al. 2011). Accordingly, strategies have been proposed to facilitate the repatriation process,
such as implementing gatekeepers and referral guidelines (Kouroukis et al. 2017, Mehrotra et al.
2011). However, there is no study to measure the impact of repatriation on patient access. To
support the implementation of effective repatriation levels, the current study measures the impact
of different repatriations on patient access to a multidisciplinary outpatient clinic, considering the
complex nature of follow-up patterns, within-clinic referrals between disciplines, and no-show

behaviors.

2.1.3 Capacity planning

Extending provider shifts and increasing capacity can improve patient access if the clinic is
performing near its maximal capacity (Kritchanchai and Hoeur 2018). In addition, measuring
access (e.g., mean wait time, queue length and backlog, supply and demand volumes) over long
period of time can indicate potential capacity strains (van Bussel et al. 2018, Deslauriers et al.
2017, Johannessen and Alexandersen 2018, Kortbeek et al. 2017, O’Neill et al. 2012).

Capacity planning based on a target access time for some percentile of new patients is a
common technique in the literature. For instance, Elkhuizen et al. calculated short-term and
permanent capacity needed for neurology and gynecology outpatient clinics in order to achieve
two weeks access time for 95% of new patients (Elkhuizen et al. 2007). As such, they measured
mean access over time and suggested to have 26 additional consultations per week over two

months period to clear the neurology backlog, and to have 2 additional weekly consultations to
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retain the access within two weeks (Elkhuizen et al. 2007). Similarly, Nguyen et al. proposed a
mixed-integer programming model to minimize the maximum required capacity in an urology
outpatient clinic where 6 weeks access time for 95% of patients was one of the constraints (Nguyen
et al. 2015).

Another common capacity planning technique in the literature is based on demand variations
and matching it to supply. For instance, capacity planning in an outpatient physical therapy service
considering different service types and demand variations was studied using a discrete event
simulation model (Rau et al. 2013). Similarly, capacity planning by matching supply and demand
in the presence of walk-in and no-show was studied (Jiang et al. 2017).

Unlike these studies that have been done in monodisciplinary clinics, the current study
evaluates the effectiveness of different capacity levels on patient access by minimizing overall

patient wait time and provider idle time in a multidisciplinary outpatient clinic.

2.2 Inpatient Care

Hospital capacity planning is the effort of assigning hospital resources into different areas in
order to match supply to demand (Li and Benton 2003). Assignment of these resources mainly
depend on planning horizon. While short-term and intermediate-term capacity plans (e.g.,
scheduling, admission and discharge planning, and staffing) focus on operational and tactical goals,
long-term capacity plans (e.g., allocating beds to different hospital units) aim to achieve strategic
goals (Hulshof 2013, Hulshof et al. 2012). Among these, bed allocation has always been one of
the key focus areas for hospitals that strive for excellence in care delivery (L. V. Green 2006).

Improper allocation of beds results in ceaseless congestion in high traffic units such as
Intensive Care Unit (ICU), stepdown (Armony et al. 2015) and general medical floor (Crilly et al.
2015, Hillier et al. 2006). Research has shown the association between capacity strain and adverse
health outcomes such as readmission (Shi et al. 2018) and mortality (Eriksson et al. 2017). In a
recent systematic review, mortality rates increased during times of capacity strain in 18 of 30
studies and in 9 of 12 studies in ICUs (Eriksson et al. 2017), further indicating the importance of

balanced bed allocation.

17



2.2.1 Single-unit studies

Initial models studied bed allocation in different hospital units such as Emergency
Department (ED), ICU, and surgical units separately.

Bed allocation and improving patient flow in ED is of special importance. ED is the main
point of entrance to hospitals. In fact, majority of admitted patients to general medicine beds come
through the ED (Shi et al. 2015). ED visits account for approximately 85% of the admitted patients
to hospital beds (Hillier et al. 2006).

Bed allocation based on target occupancy rate of 85% has been a common practice for the
past decades (L. Green 2006, Green and Nguyen 2001). Bed allocation based on average
occupancy rate has several issues. Occupancy rate is based on certified number of beds which is
typically higher than staffed beds. Also, occupancy rate is captured based on midnight census
which is often the lowest level. Finally, occupancy rate is averaged throughout a year without
considering seasonal and time varying demands (Saghafian et al. 2015). As such, it is crucial to
incorporate demand variations over time into capacity plans. Higginson et al. studied bed
allocation problem in ED by tracking demand variation over time within different segmentations
(e.g., hours of day, weekdays, and seasonal changes) (Higginson et al. 2011). A review of similar
studies to improve patient flow and bed allocation in ED is provided in (Saghafian et al. 2015).

In line with bed allocation efforts within the ED, several models have been developed to
identify avoidable ED visits and estimate potential capacity gains (Brousseau et al. 2006, Hsia and
Niedzwiecki 2017, Johnston et al. 2017). Among others, NYU algorithm, also known as Billings
algorithm, is able to classify ED visits into four major categories of non-emergent (i.e., visits that
didn’t require care within 12 hours), emergent but primary care treatable (i.e., visits that required
care within 12 hours that could be treated in primary care), emergent but avoidable (i.e., visits that
could have been avoided through better primary care management such as medication adherence)
and non-preventable emergent visits (i.e., visits that required emergency care) (Billings et al.
2000b, a). NYU algorithm was also applied to 2-years Medicare claims data from 5 states (Dowd
etal. 2014). In this study, about 35% of ED visits were appropriate (i.e., non-preventable emergent),
about 50% could have been treated in primary care, and about 15% were deemed preventable
(Dowd et al. 2014).

Bed allocation in ICU has also been studied widely. Cost of care in the ICU is considered
expensive, and is expected to increase over the next decade (Angus 2000, Cohen et al. 2010,
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Halpern et al. 1994). ICU patients account for 5% of total hospital admissions, yet they account
for 15-20% of hospital budgets (Marlene Gyldmark 1995).

Wild and Narath studied ICU bed distribution, including percent of total hospital beds and
number of beds per 100,000 population in the United States, Germany, Austria, Spain, Japan, Italy,
United Kingdom, and Australia (Wild and Narath 2005). Among others, United States owns the
highest number of ICU beds (6.3% of all hospital beds, and 30.5 beds per 100,000 population)
which indicate the need for capacity planning in the US hospitals (Wild and Narath 2005).

In most countries, ICU capacity is planned based on estimated need, defined as multiplication
of annual admissions, average Length Of Stay (LOS), and ideal occupancy rate (Wild and Narath
2005). While the use of aggregated annual admission and average LOS ignores time varying
fluctuations, determining the ideal occupancy rate is challenging by itself. In this regard, Tierney
and Conroy (Tierney and Conroy 2014) reviewed ICU studies that recommended capacity
planning based on occupancy rates. While the US guideline for ICU occupancy rate is around
80%-85%, which is deemed to be unrealistically high (Halpern et al. 2006), several studies
suggested 75% or below as the optimal occupancy rate (Green 2002, Valentin and Ferdinande
2011). Despite these recommendations, capacity planning based on average occupancy rate has
been criticized. As discussed in the literature (Chrusch et al. 2009), occupancy rate can vary over
time and increase the chance of adverse outcomes. Moreover, there seems to be a correlation
between hospital size and its occupancy rate. In fact, Halpern et al. (Halpern et al. 2006) showed
that larger hospitals tend to perform in higher occupancy rates than smaller size hospitals.
Alternative approaches in managing ICU capacity using Operations Research techniques have
been reviewed in (Bai et al. 2018).

Upon completion of ICU stay, patients often being transferred to step-down units (SDU).
SDU is designed to offer intermediate level of care for patients downgraded from ICU or surgery.
Capacity planning in SDU is also critical due to its vital role on smoothing ICU flow (Armony et
al. 2018b). As such, one can expect to face the same challenges of ICU bed planning (Armony et
al. 2018b, Corwin et al. 2005, Fernando et al. 2019, Zimmerman et al. 1999). Rodrigues et al. and
references therein discussed the potential benefits of SDU on ICU patient flow and cost reductions
(Rodrigues et al. 2018).

Capacity planning in surgical units, or operating rooms (OR) is another challenging research

area due to the involvement of different stakeholders (e.g., elective vs. non-elective patients) as
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well as uncertainty sources (e.g., no-show, surgery duration) (Van Riet and Demeulemeester 2015).
It is also one of the major revenue generating units in hospitals (Bekes et al. 2004).

While majority of works in this area relate to scheduling operating rooms (Cardoen et al.
2010, Guerriero and Guido 2011, Zhu et al. 2019), bed allocation has often been studied with the
aim of determining the tradeoff between elective and emergency patient volumes (Van Riet and
Demeulemeester 2015). In this regard, Helm et al. proposed an admission model for elective
patients by smoothing the overall occupancy of hospital (Helm et al. 2011). Other studies aimed
to reduce patient wait time by optimizing the number of required beds for elective and non-elective
populations (Ferrand et al. 2014, Vanberkel and Blake 2007).

After surgery, patients either being discharged or held in post-anesthesia care unit (PACU).
As such, PACU plays a key role in smoothing patient flow in the OR. Hence, capacity planning
models in PACU and evaluation of their impacts were mainly tied to OR metrics (Dexter et al.
2005, Khorasanian et al. 2018, Marcon et al. 2003).

Capacity planning for each hospital unit separately results in sub-optimal plans that require
practitioners to use different strategies for smoothing real-time flow of patients. For instance,
hospitals tend to overflow patients to a non-preferred unit when there is capacity strain in the
preferred unit (i.e., off-service placement). One of the recent studies stated that more than 20% of
ED admitted patients were overflowed to inpatient wards (Dai and Shi 2019). In another study,
consequences of overflowing on health outcomes were measured (Song et al. 2019). In this study,
overflowing resulted in adverse outcomes due to the mismatch in nursing skills and extended
travelling distance for rounding physicians (Song et al. 2019).

Another real-time strategy for alleviating congestion is prematurely discharging patients
from a congested unit, such as ICU, which is also associated with higher risk of mortality
(Rodriguez-Carvajal et al. 2011). In fact, average Length Of Stay (LOS) in ICU decreases when
its occupancy rate increases which then increases the likelihood of ICU readmission (i.e., bounce-
back) (Singh and Terwiesch 2012).

2.2.2 Cross-unit studies

Studies on multi-unit capacity planning were motivated by findings of earlier works on
patient flow and its impact on downstream units. For instance, McConnell showed that an increase
of 20 beds in an ICU can reduce ambulance diversion hours and LOS in ED by 66%, and 10%
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respectively (McConnell et al. 2005). Similar studies investigated the impact of ICU capacity on
patient flow within ED and reported potential associations between them (Allon et al. 2013, Pham
et al. 2006). Studies also repeatedly reported the association between OR and PACU flows
(Corwin et al. 2005, Dexter et al. 2005, Khorasanian et al. 2018, Marcon et al. 2003). As such,
researchers began to incorporate multiple units in their capacity planning models. These models
were reviewed from uncertainty quantification and modeling perspectives (Bhattacharjee and Ray
2014).

Similarly, He et al. identified nearly 1,500 scholarly articles published between 2013-2017
and criticized their static approach toward the flow (He et al. 2019). In this line, Table 2.1 shows
some of the most relevant studies that considered multiple hospital units within their bed allocation
problems.

Although the systematic approach aims to combine multiple patient groups together, the use
of this approach requires a method to group and prioritize patients based on their characteristics
and clinical needs. Bed allocation models need to incorporate metrics that are beyond the
operational outcomes. For instance, 5 hours reduction in average wait time has different
significance for a readmitted 80-year patient that seeks an ICU bed, and a 30-year patient that
seeks a floor bed. Despite the abundance of system-level studies for bed allocation, only one of
them included risk factors into their surge capacity planning model (Kelen et al. 2006). As shown
in Table 2.2, majority of these system-level studies included only operational outcomes and
ignored characteristics, risk factors, and clinical needs of patients. Including such features may
reform the existing patient clusters, as in the case of type 2 diabetes mellitus domain (Lismont et
al. 2016).

System-level studies require a method to group and prioritize patients based on their overall
similarities. These similarities can be studied using process analytics (Lismont et al. 2016). Process
analytics (i.e., process mining) offers a wide variety of techniques to track the movements of
individual patients between different hospital units and extract the full trajectory of their pathways
(Hripcsak and Albers 2013, Lismont et al. 2016). These techniques include sequencing events,
temporal abstraction, clustering, sequence clustering, social network discovery, and decision
mining (Lismont et al. 2016, Mans et al. 2015).

Although a recent review of these models identified their potential benefits in healthcare

resource allocation problems (Garcia et al. 2019), several major challenges exist in their
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application, including inadequate granularity of recorded data, high complexity of healthcare data,
and clouding effect of overflowing activities (Lismont et al. 2016), which have limited their

applications to small size practice.

Table 2.1. Recent cross-unit studies for bed allocation with included units.

ED Ward | ICU PACU Ob/Gyn SDU Surgery
(Burdett et al. 2017) v v 4 v v v v
(Burdett and Kozan 2016) 4 4 v
(Cochran and Bharti 2006) v v v v v v v
(Hick et al. 2010) v v v v v
(Li etal. 2009) v v v v v v v
(Cochran and Roche 2008) v v v
(Lee et al. 2019) v v 4
(Lee et al. 2016) v v 4
(Mathews and Long 2015a) 4 v
(Helm et al. 2011) v v v
(Helm and Van Oyen 2014) v v v
(Schafermeyer and Asplin 2003) | v/ v v
(Martin Prodel et al. 2013) v v
(Kortbeek et al. 2015) v v
(Best et al. 2015) 4 v
(Harper and Shahani 2002) 4 4 v
(Shi et al. 2015) v v v v
(Armony et al. 2015) v v
(Khanna et al. 2012) v v

For instance, Lismont et al. applied process analytics to study pathways of type 2 diabetes
mellitus patients in primary care setting, and identified ten clusters where each contained a unique
pathway, except one containing all remained 562 traces (Lismont et al. 2016). Similarly, resource
allocation rules were extracted from clustering patient traces in a radiology CT-scan facility
(Huang et al. 2011). Trace or sequence clustering was also combined with text mining to identify
standard and atypical association rules (De Weerdt et al. 2012).
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Table 2.2. Classification of cross-unit studies for bed allocation based on outcome measures.

Operational Outcomes (Akcali et al. 2006, Armony et al. 2015, Best et al. 2015, Burdett
et al. 2017, Burdett and Kozan 2016, Cochran and Bharti 2006,
Cochran and Roche 2008, Costa et al. 2003, Feng et al. 2017,
Gorunescu et al. 2002, Gupta et al. 2007, Harper 2002, Harper
and Shahani 2002, Helm et al. 2011, Helm and Van Oyen 2014,
Howell et al. 2007, Khanna et al. 2012, Kortbeek et al. 2015, Lee
et al. 2016, 2019, Li et al. 2009, Martin Prodel et al. 2013,
Mathews and Long 2015a, Schafermeyer and Asplin 2003, Shao
et al. 2013, Shi et al. 2015, Villa et al. 2009, Yang et al. 2016)

Financial Outcomes (Barz and Rajaram 2015, Chapman and Carmel 1992, Gorunescu
et al. 2002, Klassen and Rohleder 2001, Li et al. 2009, Li and
Benton 2003)

Health Outcomes (Kelen et al. 2006)

Clustering was also applied in an inpatient radiology unit to understand its workflow and
detect variations such as cancellations, association between certain processes, and neglecting
guidelines (Rebuge and Ferreira 2012). For instance, they were able to identify cases where instead
of first requesting an exam, physicians scheduled and completed the exam, then requested the
exam (Rebuge and Ferreira 2012). Similarly, Mans et al. applied process analytics to stroke
pathways in two different hospitals and compared their practices, bottlenecks, and preadmission
processes (Mans et al. 2008).

In addition, Najjar et al. applied clustering algorithms to hospital visits data for patients over
65 years old who had kidney and heart problems (Najjar et al. 2018). They also compared different
clusters in terms of their most frequent diagnosis, specialists, age and sex, and length of stay
information. Similarly, Antonelli et al. applied frequent diagnostic pathways for colon cancer and
showed that existing diagnostic guidelines were rarely followed by practitioners (Antonelli et al.
2012b). They also identified exam frequency, and frequency of exam sequences in the clinic that
can be used for allocating resources and identifying bottlenecks (Antonelli et al. 2012b).

Other applications of process analytics and clustering include mining discharge patterns of
over 60,000 hospitalized patients (Pagnoni et al. 2001), anomaly detection in clinical practices of
colon cancer and diabetes (Antonelli et al. 2013), redesigning cancer and neuroscience outpatient
centers (Yoo et al. 2016), predicting revisit probability and revisit disease types in a public health

center using classification and sequential pattern analysis (Choi et al. 2010), construction of
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clinical pathways based on nursing order sequences in a hospital (lwata et al. 2014), extracting
frequent pathways in a prenatal diagnostic testing clinic to evaluate patient adherence to existing
medical guidelines (Antonelli et al. 2012a), identifying frequent clinical pathways to model
progression of arterial hypertension and evaluate the effectiveness of visits on health outcomes
(Balakhontceva et al. 2018), studying radiology workflow and care processes in a gynecologic
oncology department using sequential pattern mining (Caron et al. 2014), understanding ED
process flow (Delias et al. 2015), identifying most frequent clinical pathways for patients with
acute coronary syndrome (Funkner et al. 2017), and defining chronic obstructive pulmonary
disease (COPD) phenotypes using clustering algorithms (Weatherall et al. 2010). Finally, Rojas et
al. reviewed process mining studies in different healthcare areas such as arthritis, breast
examination, cardiology, chronic cough, clinical imaging, dentistry, diabetes, ear infection,
emergency, ICU, oncology, ophthalmology, outpatient care, stroke patients, surgery, trauma, and
urology (Rojas et al. 2016).

Despite the potentials of process analytics in clustering patients across all types, none of the
studies considered more than one patient population. As such, this study aims to extend them to
multiple patient types and inform system-level approach for bed allocation.

In a nutshell, we identified the following gaps from literature:

1. Despite the popularity of multidisciplinary outpatient models in practice, there is no
study in literature to evaluate access improvement strategies regarding no-show and
follow-up management among them.

2. Despite popularity of long-stay patients in medical literature, little is known about their
impact on hospital flow and capacity.

3. Improving patient flow in hospitals and reducing the bed wait times require balanced
distribution of beds among hospital units. While numerous cross-unit bed allocation
models have been proposed to address this issue, none of them considered grouping
patients based on their clinical needs, and individual characteristics. Separate body of
research has shown that patient clustering can improve patient flow, increase

productivity, reduce misdiagnosis, and improve health outcomes.

As such, in this study:
1. We aim to develop an empirical simulation-optimization model for a multidisciplinary

memory clinic, including multiple patient flows, no-shows, and follow-up patterns. We
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then evaluate the effectiveness of multiple access improvement strategies related to no-
show, follow-up, and capacity management.

. We quantify the impact of long-stay patients on patient flow and hospital capacity.

. We develop a two-step clustering and classification based on patient data available at

the time of admission.
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3. EVALUATING THE EFFECTIVENESS OF ACCESS IMPROVEMENT
STRATEGIES IN A MULTIDISCIPLINARY MEMORY CLINIC

Demand for treatment services related to neurocognitive disorders is growing due to the
aging of our population, increased life expectancy, and the high prevalence of cognitive symptoms.
Since these disorders require both acute intervention and long-term care plans from collaborative
disciplines (e.g., neurologist, geriatrician, psychiatrist, neuropsychologist, social worker, speech
therapist, physical therapist, care manager), demand for multidisciplinary memory clinics is
increasing rapidly. In the studied multidisciplinary memory disorders clinic with three disciplines,
average monthly demand and average wait time of patients to receive their first evaluation have
increased by five folds and three folds between 2011 and 2017. Reducing this wait time and
improving access require effective strategies that are tailored for multidisciplinary nature of these
clinics. In this paper, we investigate the effectiveness of overbooking, reducing unnecessary
follow-up visits, and increasing provider hours using a simulation-optimization model. Our results
suggest that despite the increasing wait times in the multidisciplinary memory clinic, increasing
provider slots is not always an effective strategy. In fact, overbooking and reducing unnecessary

follow-up visits can result in more significant performance improvements.

3.1 Introduction

Demand for multidisciplinary memory disorder clinics is growing due to the chronic nature
of neurocognitive disorders (Akushevich et al. 2018) and the advantages of multidisciplinary
over monodisciplinary approach (Hodges et al. 2010). Early detection and treatment planning in
the care of these disorders can result in better health outcomes and reduce downstream costs
(Knopman et al. 2000, Lee et al. 2018, Leifer 2003). Despite these facts, our analysis shows that
patients in our studied Multidisciplinary Memory Clinic (MMC) need to wait for 1-3 months to
receive their first evaluation.

A recent review of 152 studies, identified three major themes for reducing patient wait time
and improving access to monodisciplinary clinics (Naiker et al. 2018). The themes included
process improvements (e.g., overbooking, improving efficiencies, reducing supply and demand

variations, no-show modelling, guidelines to improve efficiency of care processes, referral
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management, telemedicine, and use of technologies such as text messaging, e-referrals, automated
scheduling), resource alignment strategies (e.g., reducing unnecessary follow-up visits, wait list
audits, and triaging patients), operational efficiencies (e.g., increasing provider hours, early start
of clinics, improved scheduling, separating new and follow-up access measures, matching supply
to demand). When these strategies are applied within multidisciplinary clinics, shared nature of
resources and interaction of different patient flows can hinder their effectiveness. Due to the
popularity of multidisciplinary practices (J. Morrice et al. 2019, Kortbeek et al. 2017, Leeftink et
al. 2018, 2019, Mutlu et al. 2015), and in the lack of studies to inform the effectiveness of access
improvement strategies within these practices, this study aims to evaluate the effectiveness of
overbooking, reducing unnecessary follow-up visits, and increasing provider hours within a
multidisciplinary memory clinic.

Overbooking is a common strategy to better utilize resources against patient no-show.
Depending on the clinic type, no-show can vary from 3% to 80% (LaGanga and Lawrence 2012).
For instance, 55% in an outpatient clinic (Vikander et al. 1986), 13.6% up to 23.1% in an
academic outpatient practice (Parikh et al. 2010), 18% in an Endoscopy clinic (Berg et al. 2013),
18% in primary care (Mehrotra et al. 2008), 15.8% in a Swiss university outpatient clinic
(Lehmann et al. 2007), and 8.5% in an endocrinology clinic (Kim et al. 2018). In the studied clinic,
no-show varied between 17.4-34.8% which suggests the need for better scheduling systems
(Bahalkeh 2015, Bahalkeh et al. 2015, Madraki et al. 2015) or overbooking in order to improve
the access. In addition to the no-show issue, outpatient clinics serve great volume of follow-up
patients. As reported in several studies, follow-up visits account for nearly 50% of overall
outpatient visits in the United States (Ackerman et al. 2014). Since majority of follow-up specialty
visits can be handled through primary care, referring these visits to primary care can free up the
capacity in specialty care and improve the access (Ackerman et al. 2014, Mehrotra et al. 2011,
Naiker et al. 2018). This proportion was estimated between 5.6% to 48% (Ackerman et al. 2014,
Hashim 2020, Reeve et al. 1997, U.S. 2013). Finally, extending provider shifts and increasing
capacity can improve patient access if the clinic is performing near its maximal capacity
(Kritchanchai and Hoeur 2018).

This study contributes to the literature in several ways. First, we develop generic logic
flowchart and simulation model for the MMC with multiple provider types. These models can be

readily extended to other specialty clinics with similar structure. Second, we estimate actual
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arrivals of new patients as well as follow-up patterns using finite mixture distributions. These
models can account for latent behaviors such as patient preferences in the scheduling system and
disrupted patient pathways (Kim et al. 2015, 2018). Finally, through the literature, expert
knowledge, and supporting evidence based on clinic visits data, we calibrate strategies to reduce
patient wait time and provide idle time (i.e., overbooking, reducing unnecessary follow-ups,
increasing provider hours) and quantify their effects using a simulation-optimization model. We
also draw upon the rich literature on the application of discrete-event simulation in healthcare
(Glinal and Pidd 2010, Hasan et al. 2020, Shoaib et al. 2020, Zhang 2018).

3.2 Data and Background

The MMC is a comprehensive outpatient clinic for neurocognitive disorders. It offers
consultative, diagnostic, and treatment services for six types of patients: memory new, memory
revisit, neurology initial consultation, neurology follow-up, geriatric psychiatry initial consultation,
and geriatric psychiatry follow-up. These patients meet with clinicians from three disciplines in a
shared physical space, supported by a shared clinic staff (registrar, medical assistant). Moreover,
the clinicians interact with each other through frequent discussion of practices and approaches as
well as by referring their patients to each other.

The MMC operates five days a week, Monday-Friday, from 8:00 AM to 4:30 PM. In addition,
a full time receptionist handles the check-in process, a full time medical assistant examines patients
and schedules follow-up appointments, two social workers provide consult to the patients or
clinicians as needed, a nurse (22 hours/week) sees memory follow-up patients, four geriatric
specialist physicians (total 42 hours/week) see both memory new and memory revisit patients, a
geriatric psychiatrist (8 hours/week) sees geriatric memory disorder patients with psychiatric
complications. Finally, a neurologist (10 hour/week) sees both initial memory visits as well as
neurology initial and revisits for memory patients with neurological symptoms or concerns beyond
the expertise of the other clinicians. Details of appointment length and service distributions are
shown in Table 3.2.

The patient intake process is performed over the phone and supplemented through responses
to a mailed questionnaire. As shown in Figure 3.1, new appointment requests arrive as phone calls.
These requests are scheduled for the earliest available time. The time interval between a phone

call and the appointment is often referred as out-clinic wait time. On the other hand, in-clinic wait
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time is the time a patient spends in the clinic before seeing a provider. Since the in-clinic wait time
is much shorter than the out-clinic wait time, we only consider the latter, and we refer to it as wait
time for simplicity.

Ideally, wait time for new patients should be zero, but follow-up patients may need to wait
for clinical reasons (e.g., effect of prescriptions on a patient). Therefore, we focus on the wait time
for new patients only. For simplicity, we use “memory” for “memory new patients”, “geriatric
psychiatry” for “geriatric psychiatry initial consultation”, and “neurology” for “neurology initial
consultation” in the rest of the paper.
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Figure 3.1. Patient flow in the multidisciplinary memory clinic.
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The data for memory, geriatric psychiatry, and neurology patients cover 06/2011-08/2017,
11/2015-09/2017, 04/2016-06/2017, respectively. Table 3.1summarizes the average follow-up and
no-show rates of new and initial consultation patients, estimated from retrospective visits data.
Apart from the average number of follow-ups, some patients experience a few follow-ups, as low
as one, within a six-month period or less, while others have as high as ten follow-ups within a

several year window.
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Table 3.1. Average follow-up and no-show rates.

Cancel and no-show rate (%) Follow-up visit Average number of follow-up

rate (%) visits
Memory 34.8 62 8
Geriatric psychiatry 175 73 7
Neurology 33.3 25 1

3.2.1 Supply and demand volumes

We examine the MMC supply and demand volumes by tracking the number of scheduled
and the number of requested appointments each month, as shown in Figure 3.2. Both supply and
demand graphs have upward trends. The sudden drop toward the end is due to incompleteness of
recorded data. Also, the narrow gap between supply and demand curves indicates clinic’s ability

to respond to demand changes.
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Figure 3.2. Supply and demand volumes for memory patients.

3.2.2 Average wait time

The average wait time in a particular month was calculated as the arithmetic mean of the wait
time of the patients who had any number of appointments in that month. Figure 3.3 represents the
average wait time (dashed line) and demand (bar graph) over time. As shown in Figure 3.3, despite
the constant growth of demand volumes, wait time fluctuates for memory patients, which could be

caused by many mechanisms over time (e.g., staff changes, backlog in the queue).
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Figure 3.3. Number of visit requests and average wait time per month for memory patients.

3.2.3 Queue length

Queue length is another facet of the access which indicates the overall busyness of a system.
At a given time t, queue length is defined as the total number of appointment requests that have
arrived before t and have been scheduled for any time after t. In our analysis, t is a continuous
variable, updated every day. Figure 3.4 represents a constantly growing queue length for memory
revisit patients. In addition, queue for memory patients represent an increasing pattern followed
by a slight drop. This analysis shows that there is a build-up of memory and revisit patients from

past years, further indicating the need to provide improved access to providers for these patients.
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Figure 3.4. Queue length for memory patients.
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3.3 Methodology

The studied clinic was interested to evaluate the effectiveness of overbooking, reducing
unnecessary follow-up visit and increasing provider hours on the providers’ idle time as well as
wait time of new patients. Revisit and follow-up patients were excluded from this objective
because often they need to wait for prespecified amount of time for monitoring prescription effects.
As such, our goal is to determine the optimal level of overbooking, capacity expansion, and follow-
up reduction so that the weighted sum of expected patient wait time and expected provider idle
time is minimized. To account for differences in scale, we normalized these two objectives

according to their base (without any intervention) values. A general form of the model can be

written as
min ¥ (cf" i EWTi (0] + cif 35 E[IT)()]) (3.1)
s.t.xeX (3.2)
where

[ = patient index
Jj = provider index
k = patient/provider type
c’T = cost coef ficient of waiting time for patient of type k
ciT = cost coefficient of idle time for provider of type k

x = solution vector
E[WT,(x)] = expected normalized wait time of patient i of type k, given x
E[IT]_R\(x)] = expected normalized idle time of provider j of type k, given x

X = feasible space (capacity and process configuartions)

The costs of patient wait time and provider idle time can be balanced by defining ¢}/™ +
cil =1 where ¢ > 0and c/ > 0. Each clinic can specify these weights based on its own
operational goals and financial constraints. For instance, a high-volume, low-acuity clinics may
prefer to minimize patient wait times (¢}’ » ciT) or a for-profit imaging clinic wants to

maximize its utilization (cf'” « ciT) as discussed in (Froehle and Magazine 2013).
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To determine the optimal level of overbooking for each patient type, the optimization model
needs to be evaluated for each feasible combination of overbooking levels across patient types. To
speed up this process, we developed a discrete-event simulation model in Arena and used the
OptQuest to search for the optimal solution. The OptQuest is a combination of several heuristic
methods such as scatter search, Tabu search, and neural network guides a given stochastic
optimization problem (Klassen and Yoogalingam 2009).

We developed the simulation model, and incorporated the OptQuest search method based on
the following details:

1. To account for differences in date ranges of available data across patient populations,
we set 01/2017 as simulation start time and initialized the simulation model with the
snapshot of the clinic on 01/2017. Thus, we set the warm-up period to zero.

2. The independent effects of each simulation scenario were simulated in Arena by
modifying the cost coefficients in (3.1), and constraints in (3.2).

3. For each of the scenarios, we ran the OptQuest for 1,000 iterations. In each iteration,
a randomly selected feasible solution is evaluated. Each iteration consisted of three
replications. Each replication ran for a two-year period.

4. The simulation-optimization algorithms would stop after either reaching the error
(i.e., difference between two consecutive objective function values) of smaller than
0.0001, or completing 1,000 iterations.

5. To refine the solutions upon termination, top 25 solutions were selected, and an
additional 100 replications were run on each of them. Then, the final solution was

selected from the updated ranking of the solution set.

3.3.1 Logic flow

For each patient type, a new visit request arrives according to a specified interarrival
distribution. If the patient does not show-up, scheduled resources (e.g., provider, nurse) will remain
idle. Otherwise, the patient checks in and completes the visit. If the patient does not require a
follow-up visit, the patient leaves the clinic. Otherwise, returns to the clinic after a random follow-
up interval that is drawn from a specified distribution. Upon arrival as a follow-up patient, the loop
repeats until the patient completes the random number of required follow-up visits. Figure 3.5

shows the flowchart of the described logic.
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Figure 3.5. Logic flowchart of patient visits.

Figure 3.6 and Figure 3.7 illustrate the implementation of no-show, visit, and follow-up logic

flows for one of the patient types in Arena.

Figure 3.6. No-show and visit logic flows in Arena for Geriatric Psychiatry patients.
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Figure 3.7. Follow-up logic flow in Arena for Geriatric Psychiatry patients.

3.3.2 Service time distributions

Patients utilize multiple services during their clinic visits. Table 3.2 summarizes these

services and their estimated durations.

Table 3.2. Description of service types and service time distributions.

Definition Duration (min/patient)  Capacity (hour/week)
Check-in Triang (2,4,6) 40
Examination Triang (2,4,6) 40
Follow-up scheduling Triang (2,4,6)

Social worker consult Triang (24, 30, 36) 80
Memory new visit 75 64
Memory revisit 45

Geriatric psychiatry initial consultation 60 8
Geriatric psychiatry follow-up 30

Neurology initial consultation 60 10
Neurology follow-up 30

3.3.3 Interarrival distributions

We examine time-dependency of patient arrivals using retrospective visits data. Among all,
only memory patients represent such dependency. We model the interarrival of memory patients
as 1.8479 exp(—0.022T) + € where e~N(0,1 hour) and T is the arrival month. Figure 3.8
represents the time varying interarrival rates and fitted decaying function (R? = 83%). Irregular
patterns at the beginning are due to data limitations (only 7, 6, and 0 datapoints on 3/2012, 4/2012,
and 5/2012 respectively).
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Figure 3.8. Empirical interarrival time and fitted function for memory patients.

Interarrival of other patient types do not represent time-varying patterns. In addition, they do
not satisfy the assumption of equal mean and variance of the Poisson distribution (Kim et al. 2015,
2018). As such, we used bootstrapping with a confidence level of 95% to estimate the interarrival
distribution of other patients with Gaussian mixture models. A Gaussian mixture model is a
linearly weighted sum of multiple Gaussian distributions with known mean and variance. More
precisely, a Gaussian mixture with C components can be written as >'5_, A;N (u;, 67) in which

¢ A = 1. Table 3.3 summarizes the estimated Gaussian mixtures.

Figure 3.9 represents the empirical probability mass function, estimated Kernel density

function, and fitted Gaussian mixture model for interarrival of memory revisit patients, and Figure

3.10 visualizes its goodness of fit (Cosma Shalizi 2013).

Table 3.3. Gaussian mixture distributions for interarrival times.

Interarrival distribution (day) p-value
Memory revisit 0.07 N(5.72, 17.64) + 0.22 N(40.98, 317.55) + 0.26 N(99.85, 272.58) + 0.45 0.42
N(145.37, 3970.26)
Geriatric psychiatry ~ 0.17 N(2.26,0.75) + 0.46 N(0.48, 0.2) + 0.31 N(4.8, 2.99) + 0.06 N(8.52,9.06) 0.32

Geriatric psychiatry ~ 0.56 N(20.88, 151.78) + 0.34 N(74.43, 522.58) + 0.08 N(183.32, 282.59) + 0.32
follow-up 0.02 N(365.14, 46.38)

Neurology 0.31 N(0.62, 0.26) + 0.69 N(8.91, 37.95) 0.17
Neurology follow-up  0.88 N(53.49, 1000.46) + 0.12 N(181.48, 32.04) 0.32
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Figure 3.9. Empirical and fitted interarrival distributions for memory revisit patients.
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Figure 3.10. Goodness of fit for the Gaussian mixtures in memory revisit patients.

3.3.4 Model validation

We compared the base simulation model with clinic’s data as shown in Table 3.4. Despite
changes in the clinic’s staffing and operations throughout the years, our simulation is able to mimic
the actual behavior of the system for memory and geriatric psychiatry populations. Major
differences in queue performance measures for neurology population can be explained by its low
utilization in practice, which is 9%. Increasing this utilization in practice can potentially reduce
both average wait time and average queue length in practice as estimated in our simulation. Due
to these differences, simulated results for the neurology population should only be compared with

those in the simulated base model.
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Table 3.4. Comparison of queue performance measures from simulation and data.

Patient Type Performance Measures Simulation Data

Memory Average wait time (day) 67.6 68.2
Average queue length 224.1 212.6

Geriatric psychiatry Average wait time (day) 14.2 18.8
Average queue length 55 5.7

Neurology Average wait time (day) 15 44.8
Average queue length 0.2 3

3.4 Results

3.4.1 Overbooking

For each patient population, the maximum level of overbooking is set to be slightly less than
no-show rates, estimated from the data. In particular, we set 30% as the overbooking upper-bound
for memory and neurology patients who had total no-show rates of 34.8% and 33.3%, respectively.
This upper-bound for geriatric psychiatry patients who had a no-show rate of 17.5% was set to
15%.

Table 3.5 represents the impact of overbooking on performance measures under different
CYT where CWT+CT=1. The first column represents the base simulation results without any
intervention.

For memory population, when €7 = 0.25, overbooking to 29.37% level is the optimal
action. This can increase the provider utilization from 74% to 87% and increase the average wait
time by 1 day. Average queue length is also increased significantly. These results are due to the
low value for cost coefficient of the wait time, W7 = 0.25. For that, at C"T=0.5and C"T = 0.75,
optimal overbooking levels are only 0.54% and 0.98% respectively.

For geriatric psychiatry population, optimal overbooking levels are 14.98%, 15%, and 14.44%
under T = 0.25, ¢"T = 0.5 and C"T = 0.75 respectively. Opposed to memory population,
this population needs to be overbooked by almost 15% regardless of C"7.

For neurology population, optimal overbooking levels are 28.25%, 19.32%, and 15.68%
under "7 = 0.25, ¢"T = 0.5 and C"T = 0.75 respectively. Unlike two other populations,

optimal overbooking drops constantly as C"7 is increased.
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Table 3.5. Performance measures under optimal overbooking per patient type and C"7,

Patient Type Performance Measures Base Model CWT=025 CcWT=05 CWT=075
Memory Average wait time (day) 90.8 91.21 87.92 87.9
Average queue length 327.2 537.57 323.33 330.38
Number of visits 926.2 1151 913.33 925.67
Provider utilization (%) 74 87 74 75
Geriatric Average wait time (day) 23.2 27.55 26.72 27.83
psychiatry Average queue length 9.3 14.30 14.62 14.88
Number of visits 153.5 166.33 162.33 161.67
Provider utilization (%) 92 97 96 95
Neurology Average wait time (day) 1.4 1.44 1.40 131
Average queue length 0.2 0.23 0.21 0.18
Number of visits 49.5 77.33 71.67 65.67
Provider utilization (%) 6 10 9 8

3.4.2 Reducing unnecessary follow-up visits

We tested the effectiveness of reducing unnecessary follow-up visits under three levels of
25%, 50%, and 75%. To make these levels comparable, we made sure that scenarios produce
exactly the same number of patients by relaxing the two-year simulation length. As such, we ran
the simulation model alone, without considering the optimization model. As shown in Table 3.6,
this intervention does not benefit the memory population unless it’s done at 75%, reducing the
number of follow-ups from 8 to 2. On the other hand, it benefits geriatric psychiatry population
significantly. Reducing the average number of follow-ups from 7 to 5.25 results in about 60%
reduction in both average wait time and queue length. These patterns continue with slower rates as
the average number of follow-ups decreases more. This change can be explained by the greater
saturation of available hours. Since the neurology population has only one follow-up per patient
on average, this intervention has a negligible effect on their average wait time and queue length.

3.4.3 Increasing provider hours

We relaxed the capacity constraint by a reasonably large amount to explore total provider
hours needed for each scenario. As such, we allowed capacity expansion up to three times, even if

it might be unrealistic in reality. Table 3.7 summarizes the results for different values of 7. As
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shown, current capacities are optimal for neurology and geriatric psychiatry populations under all
scenarios. However, the memory population requires more capacity when C"7=0.95. For this case,
increasing provider hours from 64 hours/week to 108 hours/week is the optimal level that reduces
the average wait time from 90.8 days to 86.8 days. It also reduces the providers’ utilization from
74% to 37%.

Table 3.6. Percent reduction in average wait time and queue length for different follow-up
reduction levels compared to the base scenario.

Number of follow-up reduction (% base)

25% 50% 5%

Memory Average wait time =0 2% 53%
Average queue length =0 8% 65%

Geriatric psychiatry Average wait time 59% 68% 70%
Average queue length 57% 67% 69%

Neurology Average wait time = =0 =0
Average queue length = =0 =0

Table 3.7. Performance measures under optimal capacity per patient type and C"7.

Patient Type Performance Measures Base Model CWT =0.25,0.5,0.75 cWT =0.95
Memory Average wait time (day) 90.8 90.8 86.8
Average queue length 327.2 327.2 316
Number of visits 926.2 926.2 926.2
Provider utilization (%) 74 74 37
Geriatric Average wait time (day) 23.2 23.2 23.2
psychiatry Average queue length 9.3 9.3 9.3
Number of visits 153.5 153.5 1535
Provider utilization (%) 92 92 92
Neurology Average wait time (day) 1.4 1.4 1.4
Average queue length 0.2 0.2 0.2
Number of visits 49.5 495 495
Provider utilization (%) 6 6 6
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3.5 Discussion and Conclusions

We studied the effectiveness of overbooking, reducing unnecessary follow-up visits, and
increasing provider hours on reducing patient wait time and provider idle time in a
multidisciplinary memory clinic that provides care to six different patient types. We developed
generic logic flowchart for patient visits, and simulated it using a discrete-event simulation model
in Arena. Combining retrospective data analysis on queue performance measures and simulation-
optimization results suggests the following:

1. For the memory population which had the highest demand volume, queue length, wait
time, no-show rate and follow-up visits, extensive reduction in the number of follow-
ups improved the performance measures. Under extreme values of CYT, overbooking
or expanding capacity can be effective as well.

2. For the geriatric psychiatry population that had medium demand volume, queue
length, wait time, no-show rates and follow-up visits, reducing the number of follow-
ups by any amount improved the performance indicators significantly. In addition,
overbooking to the fullest (15%) can improve the overall performance.

3. For the neurology population that had the lowest demand, wait time, queue length,
and follow-up visits with high rates of no-show, overbooking can improve the
provider’s productivity without a significant impact on patient wait time. However, as
discussed above, due to the nature of neurology practice that is not able to be captured
in the simulation model, the conclusion above is only true when compared to the base
case of the model. The base case assumes that patients are scheduled on a first-come,
first served basis instead of by patient preferences, and providers’ schedules are to be

made available for seeing patients instead of other duties.

Despite the long wait times across all patient populations, expanding capacity was not an
effective strategy for improving access. Instead, reducing no-show or unnecessary follow-up visits
can result in better improvements in performance measures. These findings are consistent with
similar access improvement strategies in monodisciplinary clinics that include similar patient flow
(Naiker et al. 2018).

Our study has several limitations. First, we tested the impact of reducing unnecessary follow-

up visits numerically. However, a more realistic approach is to perform chart reviews or to conduct
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a prospective study to capture a more accurate estimation on percent of patients seen in the
multidisciplinary clinic who should have been repatriated to primary care. Estimating this
proportion can also provide a more accurate range than that of the literatures which is anywhere
between 5.6%-48% (Ackerman et al. 2014, Hashim 2020, Reeve et al. 1997, U.S. 2013).

Reducing unnecessary follow-up visits is challenging in practice. Apart from difficulties in
defining unnecessary follow-up visits in terms of clinical attributes, repatriating them should
address the concerns discussed in the literature. These concerns include communication difficulties,
uncertainties about primary care’s ability to provide care, specialists’ perceptions of their
responsibilities, specialists’ unease and guilt about discharging patients, organization of follow-up
care in primary care, resources needed within primary care, flow of information from the clinic to
primary care, among others (Ackerman et al. 2014, Burkey et al. 1997, Reeve et al. 1997). As an
alternative, opening a geriatric psychiatry follow-up clinic in Behavioral Health can help the MMC
to achieve the same goal without jeopardizing the continuity of care.

Overbooking is also challenging in practice. When all patients show up, the MMC needs to
whether a) send overbooked patients home unseen, or b) keep overbooked patients waiting in the
clinic, or c) reduce appointment length of other patients. To avoid overtime issue, we included
overbooking thresholds based on the estimated no-show rates. As a future work, one could develop
predictive models to estimate no-show probability of individual patients and incorporate those into
the overbooking strategy.

Another limitation of this study relates to the use of past data (that are reflective of past
decisions) to model future decisions which can induce inherent heterogeneity issues. Future studies
can attempt to address this issue. In addition, future studies can extend our work in several ways.
First, including additional performance measures such as cost components, and patient outcomes.
Second, performing sensitivity analysis on our results and obtain more robust conclusions. Finally,
future research can quantify the economic trade-off between providers idle time and patient wait
times, taking into consideration societal costs incurred due to patient wait times, and provide better

interpretations for C"T and C'T.
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4. IMPACT OF LONG-STAY PATIENTS ON HOSPITAL FLOW AND
CAPACITY

Patients with discharge barriers stay in medical units for non-medical reasons (e.g.,
homelessness and guardianship issues) and contribute to flow and capacity issues within and
beyond medical units. Using patient-level data at two academic hospitals within the same
healthcare system, we estimate the impact of long-stay patients on length of stay and 30-day
readmission of other patients in medical units, as well as wait time for patients transitioning from
both intensive care unit (ICU) and step-down unit (SDU) to medical unit (MU). Inspired by prior
studies on patient flow between ICU and MU, we include occupancy of origin (i.e., ICU, SDU)
and destination (i.e., MU) units. We find that larger proportion of long-stay patients in the MU is
correlated with shorter LOS for other patients in the MU, and longer wait time for patients leaving
the ICU to MU. Also, proportion of long-stay patients is associated with neither 30-day
readmission, nor wait time for patients leaving the SDU. For both the ICU and the SDU, we find
that patients experience shorter wait time leaving these units to the MU as the unit gets busier.

Finally, busier MU is correlated with longer wait time for patients leaving the SDU.

4.1 Introduction

Small number of patients with complex social needs use relatively large amount of hospital
resources (Lantz 2020). This population is referred as long-stay patients due to their prolonged
stay in the hospital for non-medical reasons such as lack of social support, lack of economic
resources, and behavioral issues, among others (Gigantesco et al. 2009). Due to these discharge
barriers, long-stay patients spend majority of their stay in non-critical Medical Units (MU)
(Heincelman et al. 2016).

Changes on proportion of long-stay patients within a medical unit can have several
implications on the flow of the rest of patients in that unit. From operations perspective, servers
employ different strategies when they encounter customers with long service times (e.g., long-stay
patients) such as multitasking (Freeman et al. 2017, Jaeker and Tucker 2017), task reduction
(Alizamir et al. 2013, Kuntz et al. 2015, Singh and Terwiesch 2012), rushing (Kc and Terwiesch
20009, Staats and Gino 2012, Tan and Netessine 2012), and early task initiation (Batt and Terwiesch

43



2017). Studies suggest that multi-tasking and early task initiation strategies are common within
Emergency Departments (ED) where physicians can order tests and lab works before seeing
patients (Batt and Terwiesch 2017, Freeman et al. 2017, Jaeker and Tucker 2017). In addition,
several studies indicate that providers tend to discharge patients earlier than expected when
medical units (Long and Mathews 2018) and cardiothoracic Intensive Care Unit (ICU) (Singh and
Terwiesch 2012) operate in busy periods. While long-stay patients occupy beds in a medical unit
for a long period of time, other patients in that unit are more likely to be discharged in order to
board waiting patients into that unit. As such, we investigate the hypothesis that regular patients
in medical units will have shorter length of stay (LOS) if proportion of long-stay patients increase
in that unit.

Although clinical studies suggest that policies that incentivize short LOS may lead to worse
patient outcomes (Southern and Arnsten 2015), relationship between shortened LOS due to
operational behaviors and patient outcomes is challenging to measure. While early discharge from
ICU due to ICU busyness is likely to result in ICU bounce-back (Singh and Terwiesch 2012), such
incidents are not correlated with readmission and mortality (Long and Mathews 2018). As such,
this study investigates the impact of long-stay patients in medical units on 30-day readmission of
regular patients in that unit.

Long-stay patients residing in medical units can impact not only regular patients in those
units, but also patients in upstream units such as ICU and stepdown unit (SDU), especially during
their busy periods. In particular, ICU patients experience longer wait time for medical beds when
medical units operate in higher occupancy rates (Long and Mathews 2018, Singh and Terwiesch
2012). Since long-stay patients occupy medical beds for a long period of time, accumulation of
these patients in a medical unit can congest that unit and exacerbate the wait time for ICU patients.
As such, we investigate the impact of long-stay patients on the wait time of ICU patients prior their
transfer to medical units.

Despite the critical role of SDU in alleviating ICU flow (Mathews and Long 2015a), little
attention has been paid to investigate patient flow between SDU and medical units. SDU provides
intermediate level of care to patients who are in transition between ICU and medical units (Armony
et al. 2018a). Our study is the first attempt to investigate patient flow between SDU and medical
units. We investigate the impact of long-stay patients in medical units on the wait time of patients

exiting SDU to medical units.
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Our study is motivated by our observation from impacts of long-stay patients on hospital
flow at two academic hospitals within the same healthcare system. Our study is the first attempt to
estimate the impact of long-stay patients in medical units on LOS and readmission of other patients
in those units. In addition, we estimate the impact of long-stay patients on the wait time of ICU,

and SDU patients being transferred to medical units.

4.2 Literature Review

Past studies have mainly focused on identifying long-stay patients through predicting their
cost (Heincelman et al. 2016, Ng et al. 2019), LOS (Polito et al. 2019), prolonged discharge
boarding (Shaikh et al. 2018), discharge barriers (Afilalo et al. 2017, Gigantesco et al. 2009,
Oseran et al. 2019), expert knowledge through survey analysis (Woodger et al. 2018) and
methodological review of past studies (Grafe et al. 2020). Despite extensive research on
identifying long-stay patients, there is no study to quantify their impact on hospital flow and patient
outcomes, which is an important issue from Operations perspective in order to design case mixes
(Vitikainen et al. 2009).

Since long-stay patients occupy medical beds for a long period of time, those beds can be
viewed as closed beds which then will exacerbate occupancy rates. Congested hospital can
experience higher in-hospital mortality (Schilling et al. 2010, Yu et al. 2020). In fact, mortality
rates increase when hospitals operate beyond a tipping point of 92.5% (Kuntz et al. 2015). Higher
occupancy is also correlated with several other issues such as higher rates of overflowing patients
to less desired units (Song et al. 2020), higher incidence of hospital-acquired infections (Kaier et
al. 2012), worse patient care (Diwas Singh et al. 2020), and less likelihood of admitting new
patients (Kim et al. 2020). As such, we study the impact of total occupancy rate, as well as
proportion of long-stay patients on LOS and 30-day readmission rate of other patients in medical
units.

Total occupancy rate of medical units, along with proportion of long-stay patients within
those medical units can also impact ICU patients that are being transferred to those medical units.
Numerous studies in the literature pointed out the impact of medical and surgical occupancy rates
on ICU flow. For example, ICU patients experience longer wait time when downstream medical
units are busy (Long and Mathews 2018). As a result of higher wait time, ICU can experience

higher occupancy. Similar to medical units, higher ICU occupancy rate is associated with a lower
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likelihood of ICU admission (Kim et al. 2016). As such, delayed ICU admission can result in
negative outcomes. One observational study finds that timely ICU admission reduces 28-day
mortality by 30% (Edbrooke et al. 2011). Other studies demonstrate that delaying ICU admission
can prolong ICU length of stay (Chalfin et al. 2007) and increase the risk of death (Cardoso et al.
2011). In addition, congested ICU can negatively impact ED boarding time and ambulance
diversions (Chan et al. 2017, McConnell et al. 2005). Despite these insights from the literature,
there is no study that investigates the impact of a particular patient population (e.g., long-stay
patients) on ICU flow. To further investigate the flow between ICU and medical units, we focus
on patient transfers from ICU to medical units, and evaluate the impact of both total occupancy
rate of medical units and proportion of long-stay patients in medical units on transfer wait times.
In addition to medical and ICU units that are designed to provide care for low and high acuity
levels respectively, some hospitals include Stepdown Unit (SDU) that provides medium level of
care. Nurse to patient ratio in SDU is lower than ICU, but higher than medical units (Mathews and
Long 2015a). SDU can provide a higher level of care for patients deteriorating on a ward (“step-
up”), a lower level of care for patients transitioning out of intensive care (“stepdown’) or a lateral
transfer of care from a recovery room for postoperative patients (Prin and Wunsch 2014). As such,
SDU play a vital role in improving flow and costs within the hospital. Studies suggest that SDU
can improve cost per patient-day, and total cost per year (Rodrigues et al. 2018), ICU throughput
(Gershengorn et al. 2020), as well as bed occupancy and wait time for ICU admission (Mathews
and Long 2015a). Magnitude of these effects can vary between patient types. For example, ICU
patients are likely to benefit more, compared to ED patients (Chan et al. 2019). Majority of studies
in literature focused on either effectiveness of SDU on patient outcomes (Chan et al. 2019,
Gershengorn et al. 2020, Prin and Wunsch 2014) or determining the optimal SDU size (Armony
et al. 2018a, Mathews and Long 2015a, Rodrigues et al. 2018). As such, this study investigates the
impact of overall occupancy rate of medical unit as well as proportion of long-stay patients in

medical units on wait time of SDU patients that are going to be transferred to medical units.

4.3 Study Setting and Hypotheses

Small portion of patients in medical units, known as long-stay patients, experience longer
LOS than medically needed due to discharge barriers and other non-medical reasons.

Accumulation of these patients in a medical unit can have several consequences on patient flow.
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Since long-stay patients have discharge barriers, they will reside in medical units for a long period
of time. Therefore, beds that are occupied by long-stay patients can be regarded as closed or
unavailable beds. Therefore, remaining beds in the medical unit will be the only candidate beds to
accept new patients. As demand for medical beds exceeds the number of available medical beds,
providers and bed assigners may keep patients waiting until beds become available or decide to
transfer some of the existing patients off the unit and place new patients in those beds. For the first
scenario, we consider patient flow between ICU to medical units, as well as SDU to medical units,
and assess the wait time of patients being transferred to medical units with respect to overall
occupancy rates, and proportion of long-stay patients in the medical unit. For the second scenario,
we investigate the LOS and 30-day readmission rate of patients in the medical unit with respect to

overall occupancy and proportion of long-stay patients in the medical unit.

4.3.1 ICU to MU flow

Cost of care in the ICU is considered expensive, and is expected to increase over the next
decade (Angus 2000, Cohen et al. 2010, Halpern et al. 1994). ICU patients account for 5% of total
hospital admissions, yet they account for 15-20% of hospital budgets (Marlene Gyldmark 1995).
As such, numerous studies looked into the flow between the ICU and the ED (Kolker 2009), the
ICU and the SDU (Mathews and Long 2015b), and the ICU and the medical unit (Long and
Mathews 2018). Among these, Long and Mathews (Long and Mathews 2018) concluded that the
wait time is likely to increase if either the medical unit gets busier or the ICU gets less busy. They
measured occupancy rates of the ICU and the medical unit at transfer times (Long and Mathews
2018). Since patient transfers occur more within certain shifts (Luyt et al. 2007), capturing
occupancy rate in a specific timestamp can introduce biases into the model. To resolve this issue,
we use average occupancy rate over the entire wait time interval. In addition, we measure the
average proportion of long-stay patients in the medical unit over the entire wait time interval and
investigate its impact on the wait time. As such, we have the following hypotheses.

Hypothesis 1A: Higher ICU occupancy is correlated with a shorter wait time.

Hypothesis 1B: Higher medical unit occupancy is correlated with a longer wait time.

Hypothesis 1C: Higher proportion of long-stay patients is correlated with a longer wait time.
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4.3.2 SDU to MU flow

SDU provides intermediate level of care to patients coming mainly from the ICU and PACU.
Majority of these patients will then transition to the medical unit. Despite the importance of SDU
in alleviating the ICU and the medical unit flow, there is no empirical research to understand its
flow patterns and behaviors. This is the first study to investigate the impact of overall occupancy
of the medical unit and proportion of long-stay patients in the medical unit on the wait time of
patients transitioning from the SDU to the medical unit. Similar to the ICU, we have the following
hypothesis.

Hypothesis 2A: Higher SDU occupancy is correlated with a shorter wait time.

Hypothesis 2B: Higher medical unit occupancy is correlated with a longer wait time.

Hypothesis 2C: Higher proportion of long-stay patients is correlated with a longer wait time.

43.3 MU flow

Since long-stay patients reside in the medical unit, and have discharge issues, they are more
likely to stay in the unit even when the unit is congested. As such, other patients in the unit are
more likely to be transitioned prematurely. Premature discharge from a unit due to capacity strain
is acommon practice (Rodriguez-Carvajal et al. 2011). Studies show that premature ICU discharge
can result in more readmissions (Chan et al. 2012). As such, we investigate the impact of long-
stay patients on premature discharge as well as 30-day readmission likelihood with the following
hypotheses.

Hypothesis 3A: Higher proportion of long-stay patients is correlated with a shorter LOS for
regular patients.

Hypothesis 3B: Higher proportion of long-stay patients is correlated with a higher likelihood

of 30-day readmission for regular patients.

4.4 Data

We use patient visits data from Christiana hospital and Wilmington hospital within the same
health system, ChristianaCare, between 1/1/2018 and 10/31/2019. These hospitals are non-

sectarian, not for profit, urban and suburban, academic and community hospitals. The Christiana
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hospital with 906 beds, includes Delaware’s only Level I trauma center, and the Wilmington
hospital consists of 321 beds.

Visit data excludes patients under age 18, patients who expired within the hospital visit, visits
to women and children service line (e.g., newborns, obstetrics and gynecology), and all encounters
with missing values. The dataset includes unit codes, bed requested time (day vs. evening shift,
day of week, month of year), unit occupancy as ratio of occupied beds to total number of beds,
ratio of long-stay patients in a medical unit, severity of illness at the time of admission, risk of
mortality at the time of admission, complications during hospitalization, 30-day readmission,
number of ICU days during the hospitalization, comorbidity score as a total number of chronic
conditions identified in the hospitalization, diagnosis related groups (DRG) codes, and patient data
such as ethnicity, age, sex, and race. Depending on independent variables used for estimation and
their missing records, our dataset included 1239-1513 records for ICU to MU transfers, 2716-3409
records for SDU to MU transfers, and 7123-9375 records for transfers out of MU.

4.4.1 Long-stay patients

Unlike other studies that identified long-stay patients based on thresholds on LOS such as
95-percentile (Woodger 2017), our dataset uses the result of a prior project to identify long-stay
patients in the health system. In that project, long-stay patients were identified in a two-step
process. In the first step, a team of case managers proactively searched through the EHR to identify
potential long-stay patients based on LOS and clinical conditions. In the second step, case
managers reached out to their care teams to verify if patients qualify as long-stay patients. Within
our study period, total number of 682 unique long-stay patients were identified in both Christiana

and Wilmington hospitals. Distribution of these patients over specialty is shown in Table 4.1.

Table 4.1- Total number of long-stay patients in each specialty area.

Specialty Total Specialty Total Specialty Total
General Medicine | 212 | Pulmonary 22 Thoracic Surgery 4
General Surgery 80 Psychiatry 21 Urology 4
Neurology 68 Oncology 20 Spinal Surgery 3
Trauma 33 Complications of Prior Care | 12 Ophthalmology 2
Orthopedics 30 Neurosurgery 12 Aftercare and Other Factors | 1
Vascular Surgery | 24 HIV 10 Burns 1
Cardiology 22 Cardiac Surgery 4 Dermatology 1
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Majority of long-stay patients stay in the hospital for less than 100 days, but occasionally it

extends to over a year as shown in Figure 4.1.

Distribution of Observed LOS (OLOS)
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Figure 4.1. LOS histogram for long-stay patients.

4.4.2 Occupancy levels

We define occupancy as a ratio of occupied beds to total number of beds in that unit. In order
to investigate the impact of long-stay patients on the flow of regular patients, we divide the
occupancy into two mutual exclusive components, occupancy of long-stay (i.e., exceptional)
patients and occupancy of regular patients, and update them every hour. Figure 4.2 represents an
example of these occupancies in one of the MU. We then convert the occupancy of long-stay

patients to a ratio and define it as proportion of long-stay patients.
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Figure 4.2. Occupancy of regular and long-stay patients in an MU.
4.5 Empirical Specification

45.1 ICU to MU flow

Our first model considers ICU wait time (WaitTimelCU;) as the dependent variable and
examines its relationship with ICU (OccupancyICU;) and medical (OccupancyMED;) occupancy
levels, and proportion of long-stay patients (LongStayMED;), controlling for unit codes, bed
requested time (day vs. evening shift, day of week, month of year), severity of illness at the time
of admission, risk of mortality at the time of admission, complications during hospitalization, 30-
day readmission, number of ICU days during the hospitalization, comorbidity score as a total
number of chronic conditions identified in the hospitalization, DRG codes, and patient
characteristics such as ethnicity, age, sex, and race (X;). To capture non-linear effect, we break
ICU and medical occupancies, and proportion of long-stay patients to four quartiles.

Because WaitTimelCU; is positive and skewed, we use the natural logarithm and obtain the

following empirical specification to test Hypotheses 1A, 1B, and 1C.
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In (WaitTimelCU;) = ay + ayOccupancyICU; + a,0ccupancyMED; +
az;LongStayMED; + yX; + ¢; (4.1)

We used ordinary least square (OLS) method to estimate (4.1), and present nested models
with base results that include only the control variables. In addition, we include two interaction
terms. First, for simultaneously high occupancy in the ICU and medical unit where both in the
highest quartile of occupancies. Second, for OccupancyMED; and LongStayMED;, where both
in the highest quartile of occupancies.

4.5.2 SDU to MU flow

Similar to ICU wait time, our second model considers SDU wait time (WaitTimeSDU;) as
the dependent variable and examines its relationship with SDU (OccupancySDU;) and medical
(OccupancyMED;) occupancy levels, and proportion of long-stay patients (LongStayMED;),
controlling for same control variables in equation (1) (X;). To capture non-linear effect, we break
SDU and medical occupancies, and proportion of long-stay patients to four quartiles.

Because WaitTimeSDU; is positive and skewed, we use the natural logarithm and obtain
the following empirical specification to test Hypotheses 2A, 2B, and 2C.

In (WaitTimeSDU;) = Sy + f10ccupancySDU; + ,0ccupancyMED; +
pBsLongStayMED; + yX; + ¢; 4.2)

We used ordinary least square (OLS) method to estimate (4.2), and present nested models
with base results that include only the control variables. In addition, we include two interaction
terms. First, for simultaneously high occupancy in the SDU and medical unit where both in the
highest quartile of occupancies. Second, for OccupancyMED; and LongStayMED;, where both

in the highest quartile of occupancies.

453 MU flow

Our third model considers LOS in the medical unit (losMED;) as the dependent variable and
examines its relationship with medical occupancy level (OccupancyMED;) and proportion of
long-stay patients (LongStayMED;), controlling for unit codes, severity of illness at the time of
admission, risk of mortality at the time of admission, complications during hospitalization, 30-day
readmission, number of ICU days during the hospitalization, comorbidity score as a total number
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of chronic conditions identified in the hospitalization, DRG codes, and patient characteristics such
as ethnicity, age, sex, and race (X;). Because losMED; is positive and skewed, we use the natural
logarithm and obtain the following empirical specification to test Hypotheses 3A.

In(losMED;) = &, + 6,0ccupancyMED; + §,LongStayMED; + yX; + ¢; (4.3)

With the same control variables in equation (4.3), our fourth model considers probability of
readmission to the hospital within 30 days of discharge (Readmission;) as the dependent variable
and examines its relationship with medical occupancy level (OccupancyMED;) and proportion of
long-stay patients (LongStayMED;). We obtain the following empirical specification to test
Hypotheses 3B.

1 ( P(Readmission;)
1-P(Readmission;)

) = po + p10ccupancyMED; + p,LongStayMED; + yX; + &; (4.4)

In both models (4.3) and (4.4), we break medical occupancy level and proportion of long-
stay patients to four quartiles in order to capture non-linear effect. We also present nested models
with base results that include only the control variables. In addition, we include an interaction term
for OccupancyMED; and LongStayMED;, where both in the highest quartile of occupancies.

Finally, we use OLS to estimate (4.3), and binomial logistic regression to estimate (4.4).

4.6 Results

46.1 ICU to MU flow

We find that higher ICU occupancy is associated with shorter ICU wait time. In particular,
ICU wait time in the second quartile of ICU occupancy is 17% (1- exp(-0.186)= 1- 0.8303) shorter
than the first quartile of ICU occupancy. Similarly, ICU wait time in third and fourth quartiles are
24% and 36% shorter than the first quartile, respectively, as shown in Table 4.2 model (2). These
findings are consistent with similar studies in other ICU units (Long and Mathews 2018, Singh
and Terwiesch 2012), and support our Hypothesis 1A, in which higher ICU occupancy is
correlated with a shorter ICU wait time. We also find that ICU wait time in the third quartile of
medical unit occupancy is 28% longer than the first quartile of medical unit occupancy (p<0.05).
In addition, second and fourth quartiles of medical unit occupancy is not correlated with
significantly longer ICU wait time than the first quartile. After including proportion of long-stay

patients and interaction terms, we found that medical unit occupancy is no longer associated with
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ICU wait time, which does not support our Hypothesis 1B (models (3) and (4) in Table 4.2). Unlike
prior studies that suggest higher medical unit occupancy is associated with longer ICU wait time
(Long and Mathews 2018), our results show that this association is not significant when we include
proportion of long-stay patients and interaction terms within the model.

Similar to other studies (Long and Mathews 2018), we defined binary interaction variables
to differentiate surge periods from normal periods. In particular, we included
OccupancylCU;(74.4,96] * OccupancyMED;(86.2,98] and OccupancyMED;(86.2,98] *
LongStayMED;(16.3,48.6] in model (4), Table 4.2 that all occupancies indicate fourth quartiles.

Our results suggest that higher proportion of long-stay patients in medical unit is associated
with longer ICU wait time, which support our Hypothesis 1C. In particular, ICU wait time in
second, third and fourth quartiles of proportion of long-stay patients variable are 30%, 34% and
42% longer than the first quartile, respectively.

We find that ICU wait time is associated with timing of transfer requests. Transfer requests
on Sunday and Tuesday are correlated with 30-47% and 32-33% longer ICU wait time than those
of Friday, respectively. Longer ICU wait time on Sunday is likely due to limited access to hospital
resources (Black 2016). Due to high volume of admissions from ED on Monday, our studied
hospitals tend to schedule most of elective surgeries on Tuesday. As such, longer ICU wait time
on Tuesday is likely due to higher volume of surgeries. In addition, ICU wait time is associated
with transfer requested month, January being the first month and resulting in the longest ICU wait
time. Finally, we find that ICU wait time is not associated with transfer requested shift.

Our results also suggest positive correlations between ICU wait time and age, as well as
number of days spent in the ICU. Older patients, and patients with longer ICU days are likely to
have complex issues that need longer time to coordinate their care transfer, resulting in longer ICU
wait times (Guest 2017, Schoen et al. 2011).

Table 4.2. Estimated results for ICU wait time.

In(WaitTimelCU)

1 2 3 4

-0.186" (-0.375, | -0.196" (-0.404, | -0.189" (-0.398,

OccupancyICU(61.8,69.2] 0.003) 0.013) 0.019)
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Table 4.2 continued

-0.274™ (- -0.288" (- -0.274™ (-
OccupancylCU(69.2,74.4] 0.475,-0.073) | 0512,-0.064) | 0.498, -0.051)
-0.443" (- -0.468"" (- -0.450™" (-
OccupancylCU(74.4,96] 0.652,-0.235) | 0.702,-0.233) | 0.705, -0.196)
0.028 (-0.190, | -0.049 (-0.329, | -0.037 (-0.3186,
OccupancyMED(68.6,81.2] 0.2(46) 0.2(30) 0_2(43)
0.249™ (0.0186, 0.173 (-0.125, 0.194 (-0.104,
OccupancyMED(81.2,86.2] 0_4é2) 0.571) 0.4593)
0.168 (-0.066, | 0.070 (-0.230, | 0.214 (-0.118,
OccupancyMED(86.2,98] 0_203) 0.3571) 0.5(46)
LongStayMED(4.97,11] 0.268 5(5-(7)5021, 0.268 5(5-%023,
LongStayMED(11,16.3] 0'293 5(5%006’ 0'293 5(9_85008’
LongStayMED(16.3,48.6] 0-24(?&_5;_)%)074, 0.348 67((7)).022,
OccupancylCU(74.4,96]* -0.037 (-0.394,
OccupancyMED(86.2,98] 0.320)
LongStayMED(16.3,48.6]* -0.401™ (-
OccupancyMED(86.2,98] 0.753, -0.049)
NextBedRequestedShift[15-23) -0.05631(6%208, -O.O%?O(é%le, -0.01(1)71(2-%216, -0.05041(1-%.223,
NextBedRequestedShift[23-07) -0.0%12(1-25256, 0.00072(3.)228, 0.040135(-)%)224, 0.040135(-)%)223,
0.156 (-0.083, 0.156 (-0.083, | 0.155(-0.105, | 0.169 (-0.091,
NextBedRequestedDayMonday 0.3(96) 0.3595) 0. 4516) 0. 4530)
NextBedRequestedDaySaturday 0.11063(;;)126, 0.0géléé%)lﬂ, 0.10(?95;%)160, 0.1354&-)(1.)136,
0.264™ (0.026, | 0.253™ (0.016, | 0.368™" (0.110, | 0.386™ (0.127,
NextBedRequestedDaySunday O.5C§3) 0. 451) 0. 62(7) 06 4(5)
NextBedRequestedDay Thursday 0.0302 2(;3%.)205, 0.0lol 2(;{%.)225, 0.0800 é;)%)l?& 0.0901 35;,%)167’
NextBedRequestedDay Tuesday 0.288 : 2(%055, 0.288 - 1(%047, 0.278 ) 2(gj021, 0.283 ) 4%034,
NextBedRequestedDayWednesday 0.0953 3(;3(1.)140, 0.0907 &(1.)138, 0.03; 2(;)(;.)225, 0.0359 2(;)(;.)219,
NextBedRequestedMonth2 -0.15050(535409, -0.1%6133).360, -0.286’30(()-90).575, -0.26010g-10).554,
-0.324™ (- -0.269™ (- -0.447" (- -0.449™" (-
NextBedRequestedMonth3 0.579,-0.070) | 0.525,-0.013) | 0.741,-0.153) | 0.742,-0.155)
0.074 (-0.182, | 0.092 (-0.164, | 0.068 (-0.218, | 0.075 (-0.212,
NextBedRequestedMonth4 0.330) 0.348) 0.355) 0.362)

55




Table 4.2 continued

-0.124 (-0.384, | -0.219 (-0.487, -0.364™ (- -0.364™ (-
NextBedRequestedMonth5 0.135) 0.049) 0.672, -0.056) | 0.672,-0.057)
-0.217 (-0.483, -0.307™ (- -0.446™ (- -0.457"" (-
NextBedRequestedMonth6 0.050) 0.582, -0.032) | 0.759,-0.133) | 0.769, -0.144)
0.036 (-0.285, [ -0.135(-0.476, | -0.180 (-0.550, | -0.165 (-0.535,
NextBedRequestedMonth7 0.356) 0.207) 0.190) 0.205)
-0.059 (-0.405, [ -0.091 (-0.443, | -0.216 (-0.615, | -0.203 (-0.602,
NextBedRequestedMonth8 0.286) 0.261) 0.183) 0.196)
-0.135 (-0.489, | -0.289 (-0.656, -0.483™ (- -0.485™ (-
NextBedRequestedMonth9 0.220) 0.077) 0.880, -0.087) | 0.881, -0.089)
-0.400™ (- -0.385™ (- -0.521™" (- -0.487"" (-
NextBedRequestedMonth10 0.728,-0.073) | 0.722,-0.048) | 0.901,-0.141) | 0.867, -0.106)
-0.087 (-0.432, | -0.096 (-0.443, | -0.123 (-0.504, | -0.108 (-0.489,
NextBedRequestedMonth11 0.258) 0.250) 0.258) 0.273)
-0.052 (-0.401, | -0.102 (-0.454, | -0.023 (-0.446, | -0.026 (-0.448,
NextBedRequestedMonth12 0.296) 0.250) 0.400) 0.396)
CampuswW -0.155 (-0.476, -0.411™ (- -0.226 (-0.673, | -0.265 (-0.713,
P 0.165) 0.774, -0.047) 0.222) 0.183)
UnitCode Included Included Included Included
- 0.097 (-0.094, 0.098 (-0.093, | 0.054 (-0.158, [ 0.059 (-0.153,
Readmission_30d 0.289) 0.289) 0.266) 0.271)
. 0.073"" (0.051, | 0.069™" (0.047, | 0.074™ (0.050, | 0.075"" (0.051,
ICU.Days.Obs.from.ICU.File 0.096) 0.091) 0.098) 0.099)
- -0.014 (-0.094, | -0.012 (-0.092, | -0.039 (-0.125, | -0.035 (-0.122,
ComorbidityScore 0.066) 0.067) 0.048) 0.052)
Admit.Severity.of.IlIness Included Included Included Included
Admit.Risk.of.Mortality Included Included Included Included
Complication Included Included Included Included
DRG Included Included Included Included
Ade 0.005™ (0.0002, | 0.005™ (0.001, | 0.005™ (0.001, | 0.005™ (0.001,
g 0.009) 0.009) 0.010) 0.010)
SexMale -0.005 (-0.135, | -0.009 (-0.139, | 0.048 (-0.097, | 0.057 (-0.089,
0.126) 0.121) 0.194) 0.203)
Ethnicity Included Included Included Included
Race Included Included Included Included

56




Table 4.2 continued

Constant 4.609™" (2.360, | 4.756™ (2.520, | 4.117" (1.809, | 4.196™" (1.890,
6.857) 6.991) 6.425) 6.502)

Observations 1,513 1,511 1,239 1,239

R? 0.095 0.111 0.14 0.144

Adjusted R? 0.043 0.056 0.072 0.075

*kk

Note: "p<0.1; "p<0.05; "“p<0.01

4.6.2 SDU to MU flow

We find that SDU wait time is not associated with SDU occupancy, unless we include
proportion of long-stay patients and interactions terms within the model. We added interaction
terms in model (4) shown in Table 4.3 by defining binary variables that distinguish surge periods
from regular periods (Long and Mathews 2018). Specifically, we included
OccupancySDU(82.9,97.3] * OccupancyMED(86.7,97.4] and LongStayMED(15.3,44.7] *
OccupancyMED(86.7,97.4] where occupancy intervals represent fourth quartile occupancies.
We find that SDU wait time in second and third quartiles of SDU occupancy are not significantly
shorter than its first quartile. When SDU occupancy increases from its first quartile to fourth
quartile, associated SDU wait time reduces by 20% which is consistent with our Hypothesis 2A.

Similarly, we find that only fourth quartile of medical unit occupancy is correlated with a
significantly different SDU wait time. As such, when medical unit occupancy changes from its
first quartile to fourth quartile, SDU wait time extends 21-37%, which supports our Hypothesis
2B. In addition, we find no significant association between SDU wait time and proportion of long-
stay patients in medical unit and reject our Hypothesis 2C.

We find that SDU wait time is associated with timing of transfer requests. Transfers within
the evening shift (i.e., 3:00-11:00pm) have 23-25% shorter SDU wait time than the morning shift
(i.e., 7:00am-3:00pm). In addition, transfers on Thursday result in 17-21% shorter SDU wait time
than Friday. Finally, SDU wait time during July and August are longer than that of January.

Comorbidity score is also positively correlated with SDU wait time which can be explained
by complexity of care transition processes (Guest 2017, Schoen et al. 2011). In addition, SDU wait

time in the Christiana campus is almost five times longer than that of the Wilmington campus.
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Table 4.3. Estimated results for SDU wait time.

In(WaitTimeSDU)

1 2 3 4
0.011 (-0.140, -0.035 (-0.214, | -0.033 (-0.212,
OccupancySDU(73.2,78.7] 0.1(62) 0_1(43) 0_1(45)
0.014 (-0.172, -0.089 (-0.302, | -0.088 (-0.301,
OccupancySDU(78.7,82.9] 0_2(00) 0_1(24) 0_1(25)
-0.069 (-0.265, -0.170 (-0.391, | -0.220" (-0.453,
OccupancySDU(82.9,97.3] 0.1(26) 0_0(52) 0_054)
-0.045 (-0.215, 0.025 (-0.210, 0.028 (-0.207,
OccupancyMED(69.2,82.1] 0.1(25) 0.2(60) 0.2(64)
0.132 (-0.051, 0.190 (-0.058, 0.205 (-0.043,
OccupancyMED(82.1,86.7] 0.é15) 0.‘537) 0.253)
0.195™ (0.010, 0.261™ (0.011, | 0.313™ (0.038,
OccupancyMED(86.7,97.4] 0.3551) 0.51(1) 0.5é9)
LongStayMED(3.39,9.95] '0'1%70(7'25450' '0'1%30(7'85456'
LongStayMED(9.95,15.3] '0'0291(5;%343’ '0'0%11(7'%355’
LongStayMED(15.3,44.7] '0'0%11(9'%354’ '0'0%92(7'%290'
OccupancySDU(82.9,97.3]* 0.174 (-0.101,
OccupancyMED(86.7,97.4] 0.449)
LongStayMED(15.3,44.7]* -0.333" (-
OccupancyMED(86.7,97.4] 0.617, -0.049)
. i -0.266™" (-0.411, | -0.262" (-0.408, -0.283™" (- -0.289™" (-
NextBedRequestedShift[15-23) -0.121) -0.117) 0.449,-0.117) | 0.455 -0.123)
NextBedRequestedShift[23-07) 0.153456%)082, 0.15023%03.)089, 0'120945(_)%)147’ 0.1401£%)135,
0.026 (-0.150, 0.022 (-0.155, 0.028 (-0.169, 0.025 (-0.172,
NextBedRequestedDayMonday 0_2(02) 0_1(99) 0_2(25) 0_2(22)
NextBedRequestedDaySaturday _0'0%01(68)'281’ _0'0%31(0_3)'274’ _0'01(371(6;2).259’ _0.0%31(5-8).265’
-0.010 (-0.195, 0.0004 (-0.185, 0.006 (-0.201, 0.010 (-0.197,
NextBedRequestedDaySunday 0_1(75) 0_125) 0_2(13) 0_2(17)
-0.182™ (-0.359, | -0.186™ (-0.364, -0.235™ (- -0.241™ (-
NextBedRequestedDay Thursday -0.005) -0.009) 0.432,-0.037) | 0.438,-0.043)
NextBedRequestedDay Tuesday -0.0((5)51(1-3).242, -0.0211(6%249, -0.06(3)51(3:2).265, -0.0%31(?:((5)).263,
NextBedRequestedDayWednesday 0'0161 1(;)(;.)163, 0'0007 1(;3%)170’ 0'083 2(;;')108’ 0'09012(;3%)107’
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Table 4.3 continued

NextBedRequestedMonih? 1040299, | 0084 (0280, | 00480275, | 0043 (0265
NextBedRequestedMonths 1120304, | 0031 (0274, | 0025 (0248, | 0037 (0260,
NextBedRequestedMonth4 00019%1(; (-0.314, -0.021":1(?:2).279, 0.0032%%.)222, O.OOSZ(é%.)ZZS,
NextBedRequestedMonth5 001%56(; (-0.255, —0.0%%1(6;2).232, 0'143 éég')loz’ 0'145 ég%)o %,
NextBedRequestedMonth6 001(?3%4)r (-0.268, -0.0%72(68).234, 0.048 2(;g).)le, 0.015 2((—3%.)233,
NextBedRequestedMonth7 82%)* (0.034, 0.338; 0(%057, 0.416(3;:1(60).116, 0.39%:9(60).095,
NextBedRequestedMonthg 8:}1?1) (-0.081, 0.243T5(3:%038, 0.45%?8(60).114’ 0.45(();’;8(50).114,
NextBedRequestedMonth9 8%{192) (-0.167, 0.148&(%.)146, 0.24(?5(;303.)073, 0.22(;&%)092,
NextBedRequestedMonth10 8322; (-0.547, '0'23:. 82'5'504' _0'1%?1(5;2)'415’ _0'1%)?1(5;85414’
NextBedRequestedMonth11 00021:;* (-0.481, '0'2%?0(5;2)'457’ _0'1?)?1(2_%440’ _0'1%(.)1(2_%443’
NextBedRequestedMonth12 001057645 (-0.304, '0'03?1(7'8)'285’ 0'0461. éé(i.)ZSZ, 0'055 éé%)zzs’
Campusw -1.489" (-2.191, | -1.621™" (-2.336, |  -1.594"" (- -1.625™" (-
-0.787) -0.907) 2.346,-0.841) | 2.378,-0.872)
UnitCode Included Included Included Included
oozt | oo (yist | oo [ 00 (o1s
ICU.Days.Obs.from.ICU.File 0.0107.&(;.)003, 0.01(?.&(;.)004, 0.0151.(%%)008, 0.01(1)3.&(&)_’.)009,
ComorbidityScore 0.053 (-0.013, 0.050 (-0.016, 0.073™ (0.0004, | 0.075™ (0.003,
0.118) 0.115) 0.145) 0.147)
Admit.Severity.of.1lIness Included Included Included Included
Admit.Risk.of.Mortality Included Included Included Included
Complication Included Included Included Included
DRG Included Included Included Included
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Table 4.3 continued

Ade 0.004™ (0.00003, | 0.004™ (0.00000, | 0.003 (-0.002, 0.003 (-0.002,
g 0.007) 0.007) 0.007) 0.007)
SexMale -0.085" (-0.185, -0.087" (-0.187, -0.088 (-0.199, | -0.087 (-0.198,
0.014) 0.013) 0.023) 0.024)
Ethnicity Included Included Included Included
Race Included Included Included Included
Constant 7.7477 (4.703, 7.734™ (4.690, | 7.709™" (4.656, | 7.709"" (4.658,
10.792) 10.778) 10.762) 10.759)
Observations 3,409 3,407 2,716 2,716
R? 0.091 0.094 0.105 0.107
Adjusted R? 0.063 0.065 0.067 0.069
Note: “p<0.1; "p<0.05; ““p<0.01

46.3 MU flow

We find that higher proportion of long-stay patients in a medical unit is correlated with
significantly shorter unit LOS for other patients in that unit which supports our Hypothesis 3A. As
shown in Table 4.4, presence of long-stay patients in a medical unit shortens the unit LOS of other
patients in that unit by 74.31%-76.92%. This pattern is consistent across different quartiles of
LongStayMED variable. The Wilmington hospital is smaller than the Christiana hospital, and
provides care for less acute patients. As such, patients in the Wilmington hospital experience
46.85-74% shorter stay than patents in the Christiana hospital.

In addition, we find that patients experience longer stay when the unit is busier. Unit LOS
extends by 39.65-57.78% when unit occupancy increases from its first quartile to fourth quartile.
Moreover, patients with longer ICU stay or higher comorbidity score experience slightly longer
stay (i.e., 2-5%) due to their acuter conditions. Readmitted patients within 30-day of discharge are
associated with 18.78% shorter unit LOS. Finally, older patients are likely to experience slightly

shorter unit LOS in medical units.
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Table 4.4. Estimated results for LOS of MU.

In(losMED)
1 2 3 4
-0.075 (-0.195, | -0.101 (-0.261, | -0.102 (-0.262,
OccupancyMED(68.7,81.1] 0.045) 0.059) 0.058)
0.334"" (0.208, | 0.366™" (0.201, | 0.362"" (0.197,
OccupancyMED(81.1,86.1] 0.461) 0.532) 0.528)
0.398™" (0.271, | 0.456™" (0.291, | 0.420™" (0.239,
OccupancyMED(86.1,100] 0.526) 0.622) 0.601)
-1.423" (- -1.420" (-
LongStayMED(1.94,8.05] 1.821,-1.025) | 1.819, -1.022)
-1.359" (- -1.359" (-
LongStayMED(8.05,14.6] 1.755,-0.962) | 1.756,-0.962)
-1.437" (- -1.466™ (-
LongStayMED(14.6,54.5] 1.835,-1.040) | 1.867, -1.065)
LongStayMED(14.6,54.5]* 0.106 (-0.107,
OccupancyMED(86.1,100] 0.320)
CamousW -0.301™" (- -0.632"" (- -0.553" (- -0.538™" (-
P 0.504, -0.098) 0.853,-0.411) 0.834, -0.273) 0.820, -0.256)
UnitCode Included Included Included Included
. -0.209"" (- -0.208™" (- -0.208™" (- -0.208™" (-
Readmission_30d 0.327,-0.091) | 0.326,-0.091) | 0.345,-0.071) | 0.345,-0.070)
. 0.020™ (0.005, 0.019™ (0.004, 0.018™ (0.001, 0.018™ (0.001,
ICU.Days.Obs.from.ICU.File 0.036) 0.035) 0.036) 0.036)
ComorbiditvScore 0.038 (-0.012, 0.039 (-0.012, 0.049" (-0.007, | 0.049" (-0.007,
y 0.088) 0.089) 0.105) 0.105)
Admit.Severity.of.llIness Included Included Included Included
Admit.Risk.of.Mortality Included Included Included Included
Complication Included Included Included Included
DRG Included Included Included Included
Age -0.004™ (-0.007, |  -0.004™" (- -0.005™" (- -0.005™" (-
g -0.001) 0.007,-0.001) | 0.009,-0.002) | 0.009, -0.002)
SexMale 0.097™ (0.018, 0.090™ (0.012, 0.070 (-0.020, 0.069 (-0.020,
0.175) 0.168) 0.159) 0.159)
Ethnicity Included Included Included Included
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Table 4.4 continued

Race Included Included Included Included
Constant 4.146™" (2.517, | 4.3197 (2.697, | 5.866"" (4.030, | 5.868™" (4.031,
5.775) 5.941) 7.703) 7.705)
Observations 9,375 9,374 7,123 7,123
R? 0.068 0.077 0.097 0.097
Adjusted R? 0.059 0.068 0.085 0.085
Note: “p<0.1; “p<0.05; ““p<0.01

As shown in Table 4.5, and in-line with other similar studies (Long and Mathews 2018), we
find no significant association between proportion of long-stay patients and 30-day readmission;

hence, reject our Hypothesis 3B. In addition, we find no association between medical unit

occupancy and 30-day readmission.

Table 4.5. Estimated results for 30-day readmission probability in MU.

P(Readmission)
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-1 -2 -3 -4
-0.035 (-0.263, | -0.054 (-0.360, | -0.054 (-0.360,
OccupancyMED(68.6,80.8] 0_1(92) 02(52) 0.2(52)
0.009 (-0.236, 0.053 (-0.263, | 0.053 (-0.263,
OccupancyMED(80.8,85.9] 0_2(54) 0.?569) 03570)
-0.085 (-0.332, | -0.100 (-0.416, | -0.097 (-0.440,
OccupancyMED(85.9,99.3] 0.1(61) 0.2(16) 0.2(46)
LongStayMED(3.34,10.2] 0'21035&3%)143’ 0'21035%%)143*
LongStayMED(10.2,15.6] 0.0051 %%357, 0.0051 ?Eéa.)sw,
-0.002 (-0.362, 0.0002 (-
LongStayMED(15.6,48.3] 0.3(58) 0.377 0.3(78)
LongStayMED(15.6,48.3]*
-0.009 (-0.427,
0.409)
OccupancyMED(85.9,99.3]




Table 4.5 continued

UnitCode Included Included Included Included
. -0.109" (- -0.110™ (- -0.105™" (- -0.105™ (-
ICU.Days.Obs.from.ICU.File | 165 "6 057) | 0.162,-0.057) | 0.161,-0.048) | 0.161, -0.048)
- -0.103™ (- | -0.102™ (-0.204, -0.117" (- -0.117" (-
ComorbidityScore 0.204, -0.001) -0.001) 0.229, -0.005) | 0.229, -0.005)
Admit.Severity.of.llIness Included Included Included Included
Admit.Risk.of. Mortality Included Included Included Included
Complication Included Included Included Included
DRG Included Included Included Included
Age -0.009" (- -0.009" (- -0.010™" (- -0.010™ (-
g 0.015, -0.004) 0.015, -0.004) 0.016, -0.004) | 0.016, -0.003)
SexMale 0.074 (-0.075, 0.074 (-0.076, 0.063 (-0.108, | 0.063 (-0.108,
0.224) 0.224) 0.233) 0.233)
Ethnicity Included Included Included Included
Race Included Included Included Included
-16.835 (- -16.795 (- -16.220 (- -16.221 (-
Constant 1,532.886, 1,544.152, 1,709.604, 1,709.600,
1,499.217) 1,510.563) 1,677.164) 1,677.157)
Observations 7,096 7,095 5,748 5,748
Akaike Inf. Crit. 5,122.00 5,126.87 4,045.81 4,047.81
Note: “p<0.1; “p<0.05; ““p<0.01

4.7 Discussion and Conclusions

Our study examined patient flow in different level of care transitions, ICU to medical unit,
SDU to medical unit, and exiting medical units.

We re-examined prior studies on ICU to medical unit flow and investigated the impact of
both ICU and medical unit occupancy on ICU wait time. In addition, we included proportion of
long-stay patients in medical unit which is believed to negatively impact the flow (Gigantesco et
al. 2009, Polito et al. 2019). In-line with other studies (Long and Mathews 2018, Singh and
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Terwiesch 2012), we found that patients likely to spend significantly shorter time to exist the ICU
when the ICU gets busier. We also found that patients exiting the ICU experience longer wait time
when the downstream medical unit gets busier; however, this association was insignificant when
we modified our model by including the proportion of long-stay patients in medical unit. As we
hypothesized, patients exiting the ICU experience longer wait time when there are more long-stay
patients in the downstream medical unit. Our empirical results offer support for hospital-wide
initiatives to identify long-stay patients in advance, and to better distribute these patients across
hospital units. One extreme approach is to assign long-stay patients into a separate hospital unit.
By grouping these patients, providers can deliver a focused care, and improve the ICU wait time
simultaneously (Englander et al. 2017). Alternatively, hospitals can assign long-stay patients
across different medical units based on a threshold-based rule, and redefine their case mix in unit-
level operations (Vitikainen et al. 2009). In addition, improving ICU admission and discharge
policies such as increasing the discharge window and balancing the ratio of different patient types
known to improve the ICU flow and wait time (Hasan et al. 2020).

Our study is the first attempt to examine SDU wait time. As more and more hospitals begin
to include SDU (Gershengorn et al. 2020, Prin and Wunsch 2014), this study sheds light on the
importance of taking system-wide approach in order to achieve smooth flow between SDU and
medical units. We found that drivers of SDU wait time is different from those of ICU wait time.
As downstream medical unit gets busier, patients exiting the SDU experience longer wait time.
Also, this wait time is not associated with the proportion of long-stay patients in the medical unit.
Different effects of medical occupancy and proportion of long-stay patients in medical unit on
SDU and ICU wait time provides opportunities to improve both SDU and ICU wait time by
balancing the overall occupancy of medical unit and proportion of long-stay patients in them.

Concentration of long-stay patients within a medical unit is associated with significantly
shorter LOS of other patients in that unit. In addition, proportion of long-stay patients is not
correlated with the probability of 30-day readmission in the medical unit. Discretionary nature of
patient transfers between hospital units, and lack of information on transfer reasons within the
EHR limited our study to further investigate this phenomenon. As such, future study can build
upon our finding and investigate transfer reasons that result in significant differences in LOS.
Possibly, units occupied by long-stay patients are used as overflow for regular patients, resulting

in premature transfers off those units.
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Our study has several limitations. First, our analysis is for only two academic hospitals within
the same health system where institution-specific bed capacity constraints and policies likely exist.
Second, our dataset lacks transfer reasons and notes. Although shorter LOS in medical unit due to
the presence of long-stay patients is intuitive but cannot be explained empirically due to the data
limitations. Moreover, we do not observe other key variables such as physician experience, staff
ratio, and team dynamics that are known to affect providers’ cognitive load and clinical decision
making (Kuntz et al. 2015).

Our study investigated the correlation of long-stay patient occupancy levels with wait time,
LOS, and 30-day readmission. Future studies can extend our work and examine causality between
long-stay patient occupancy levels with wait time, LOS, and 30-day readmission variations using
randomized control trials. In addition, future studies can incorporate cost components to the model

and perform cost effectiveness analysis on different occupancy levels of long-stay patients.
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5. REDEFINING PATIENT GROUPS IN THE HOSPITAL

Hospital beds are often assigned among several major groups called service lines, each of
which is aimed to provide care for patients with similar medical needs such as cancer,
musculoskeletal disorders, vascular, surgical, medical, and women and children, among others.
Despite benefits of service lines, this division can cause imbalanced capacity allocation, and flow
issues. In addition, patients with multiple conditions might need interdisciplinary care from
multiple service lines. Using entire patient records within two academic hospitals under the same
health system, we propose a two-step clustering-classification approach to identify new patient
clusters and shed light on existing service line grouping. Unlike existing 8 patient clusters (i.e.,
service lines), our results identified 11 patient clusters in Wilmington hospital and 15 patient
clusters in Christiana hospital, indicating the need to further splitting some of the existing service

lines such as internal medicine, general surgery, and neurological disorders.

5.1 Introduction

Hospital capacity planning is the effort of assigning hospital resources into different areas in
order to match supply to demand (Li and Benton 2003). A gap between supply and demand for
hospital beds results in ceaseless congestion in high traffic units such as Intensive Care Unit (ICU),
stepdown (Armony et al. 2015) and general medical floor (Crilly et al. 2015, Hillier et al. 2006).
Research has shown the association between capacity strain and adverse health outcomes such as
readmission (Shi et al. 2018) and mortality (Eriksson et al. 2017). In a recent systematic review,
mortality rates increased during times of capacity strain in 18 of 30 studies and in 9 of 12 studies
in ICUs (Eriksson et al. 2017). As such, matching supply to demand among hospital units has
always been one of the key focus areas for hospitals to strive for excellence in care delivery (L. V.
Green 2006).

Matching supply to demand in hospital units can be challenging because of the way they are
designed to cater certain patient conditions. Patients may present multiple comorbidity conditions
(e.g., a medicine patient who is diagnosed with cancer) that require resources from multiple
different units, and specialties. With the current design, patients will need to transition between

hospital units or overflowed to non-preferred units, which both negatively impact safety (M.F. et
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al. 2020) and health outcomes (Song et al. 2019). In addition, patients with common conditions
could be scattered over different hospital units. Alternatively, grouping these patients into a
specialized unit and providing specialized care can improve their outcomes, and hospital flow
(Englander et al. 2017).

Instead of dividing hospital beds into rigid units and assigning patients among them, hospitals
need to restructure themselves around patient needs. Focusing on patient needs also promotes
patient-centered care (de Boer et al. 2013), where patients can receive customized care plans and
medications (NEJM Catalyst 2017). As such, moving toward patient-centered care requires
grouping patients based on their similarities. These similarities can be studied using process
analytics (Lismont et al. 2016).

Process analytics (i.e., process mining) offers a wide variety of techniques to extract patient
similarities (Hripcsak and Albers 2013, Lismont et al. 2016). These techniques include clustering,
sequencing events, temporal abstraction, sequence clustering, social network discovery, and
decision mining (Lismont et al. 2016, Mans et al. 2015). Despite potentials of these techniques to
identify similar patients (Garcia et al. 2019), application of process analytics in healthcare resource
allocation has been limited to single-populations such as type-2 diabetes (Lismont et al. 2016),
radiology patients (Rebuge and Ferreira 2012), stroke patients (Mans et al. 2008), and kidney and
heart problems (Najjar et al. 2018). Extending these techniques to multiple patient populations
across the hospital requires addressing several major challenges such as inadequate granularity of
recorded data, high complexity of healthcare data, and clouding effect of overflowing activities
(Lismont et al. 2016).

This study is the first attempt to cluster entire inpatient populations based on their similarities.
In this study, we include patient level data that are available at the time of admission at two
hospitals within the same healthcare system and apply latent class analysis to identify patient
clusters and membership labels. In addition, we apply interpretable classification models to explain

determining factors for each cluster membership.

5.2 Literature Review

The idea of grouping patients with similar needs started as a solution to the historical method
of reimbursement problem, per diems, that were based on length of stay regardless of the illness
of the patients (Goldfield 2010). As such, invention of Diagnosis-related Groups (DRG) by
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researchers at the Yale School of Public Health was the first attempt to define case types, each of
which could be expected to receive similar outputs or services from a hospital (Fetter et al. 1980).

As US hospitals battered by competition, they have begun to pursue product line
management techniques using DRG systems (Fetter and Freeman 1986). DRGs were used to create
broader groups of patients, called service lines (Studnicki 1991). Then, service lines were used for
allocating hospital resources such as beds, nurses, and equipment (Baghai et al. 2008, Studnicki
1991).

Although dividing hospital beds into a few service lines can help hospitals provide a focused
care and reap tremendous fiscal benefits while enhancing their ability to serve their communities
(Baghai et al. 2008), use of DRG alone to form the service lines can result in several issues.
Because different DRG systems use different classification variables including treatment
characteristics, patient characteristics, and provider/setting characteristics, DRGs can result in
inconsistent patient groups (Pettengill and Vertrees 1982, Quentin et al. 2012, Vitikainen et al.
2009). In addition, patients within the same DRG can have quite different intensity of medical
needs (Vitikainen et al. 2009). Moreover, patients can have multiple co-existing comorbidities that
a single DRG fails to capture patient complexities. As such, patients can experience frequent
transfers between service lines (Survey 2014).

Alternatively, process analytics can evaluate patient similarities using a more comprehensive
list of variables including operational constraints, patient characteristics, and their complex clinical
conditions. In particular, Latent Class Analysis (LCA) is a powerful statistical method for grouping
data into classes of an unobserved (latent) variable. LCA is a common method in medical field
since researchers often interested in phenomena that cannot be directly observed such as eating
disorder, socialization, and temperament (Porcu and Giambona 2017). LCA applications include
identifying subgroups of self-injurers among young adults (Klonsky and Olino 2008), analysis of
cancer risk behaviors among U.S. college students (Kang et al. 2014), identifying clusters of
alcohol and drug use and health-risk behaviors (Assanangkornchai et al. 2018), understanding
health lifestyles and suicidal behaviors among US adolescents (Xiao et al. 2019), investigating
cancer treatments and geriatric interventions (Ferrat et al. 2016), and distinguishing patients with
low back pain diagnosis (Fop et al. 2017) among others. In addition, LCA can provide insights on
resource utilization of different patient groups. Hastings et al. applied LCA to understand health

service use of older adults in emergency department and identified five cluster of patients with
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distinct patterns of health service use (Hastings et al. 2014). Similarly, Young-Wolff et al. used
LCA to investigate patterns of resource utilization among women exposed to victimization
(Young-Wolff et al. 2013). Despite popularity of LCA in healthcare, its application has been
limited to single patient populations. Our study is the first attempt to apply LCA among entire
inpatient populations to identify latent patient clusters and their characteristics. These clusters can
then improve existing service lines for resource allocation purposes.

Similar to clustering algorithms, LCA is not interpretable and does not provide interpretable
rules on how the clusters form. To overcome this issue, we combine LCA with decision tree
classifiers. The classification decision tree is a hon-parametric supervised learning method used
for classification of a target variable (e.g., cluster index from LCA output) by learning simple
decision rules inferred from the data features. Because of its interpretability, classification decision
tree is widely used in healthcare field including predicting the survivability of breast cancer
patients (Khan et al. 2008), characterizing skin diseases (Chang and Chen 2009), and monitoring

diabetes patients (Kelarev et al. 2012), among others.

5.3 Data

We use patient visits data from Christiana hospital and Wilmington hospital within the same
health system, ChristianaCare, between 1/1/2018 and 12/31/2019. These hospitals are non-
sectarian, not for profit, urban and suburban, academic and community hospitals. The Christiana
hospital with 906 beds, includes Delaware’s only Level I trauma center, and the Wilmington
hospital consists of 321 beds.

To implement our findings in practice, we use the data that are available at the time of patient
admission such as admission information, and care complexity. Our dataset contains 20,674 unique
patient visits in the Wilmington hospital, and 61,289 unique patient visits in the Christiana hospital.
In addition, our datasets include data related to geographic location of patients such as admitting

unit code and admitting medical section.

5.3.1 Admission information

The dataset includes admission source, admission category, and admitting diagnosis code.

Admission source refers to the source of admitted patients which can be either of born in hospital,
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born outside hospital, court, emergency room (ER), physician referral, transferred from other
hospital, transfer from other hospital within same health system. Admission category refers to the
type of admission which can be either of elective, emergency, newborn, trauma center, urgent.

Admitting diagnosis code is an ICD-10 code that is assigned to each admitted patient at the
time of admission. This diagnosis code is different from primary diagnosis code and DRG codes
that are determined after discharge. We grouped admitting diagnosis codes based on their initial
alphabetic letters and defined a new variable which includes letters from A to Z, each of which
reflect a certain illness category.

5.3.2 Care complexity

The dataset includes several variables to capture complexity of required medical needs such
as triage severity of illness, level of care, age, and age adjusted Charlson comorbidity index. Triage
severity of illness is available for patients admitted from ED and contains five levels, 1 being the
most urgent patients, and 5 is the least urgent patients. Levels of care indicates the type of
envisioned care such as nursing, ICU, and SDU. Age adjusted Charlson comorbidity index is
introduced to account for comorbidity condition of patients by assigning score to each comorbidity
condition (Charlson etal. 1987, Tian et al. 2017). In our dataset, age adjusted Charlson comorbidity
index is only available for patients who have been in the hospital before, otherwise, it will be a
missing index. Average (standard deviation) age adjusted Charlson comorbidity index in the
Wilmington and Christiana campuses are 7.8 (4.16) and 7.9 (4.39).

5.4 Methodology

Since our goal is to implement our findings in practice, interpretability of results is the main
deciding factor between different methods. As such, we design a two-step clustering, then
classification approach.

In the first step, we use Latent Class Analysis (LCA) to form clusters and attach a cluster
label to each datapoint. Unlike distance-based clustering methods that measure the distance
between datapoints and assign them into different clusters, LCA is a model-based approach in
which fits a finite mixture model to the underlying data (Andersen et al. 2003, Melnykov and

Maitra 2010). To determine the optimal number of latent classes (i.e., clusters) in LCA, we fit 30
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different models by varying the number of latent classes from 1 to 30 and select the one with the
lowest Bayesian Information Criterion (BIC). BIC is a penalty-based method to overcome the
overfitting issue (Schwarz 1978).

In the second step, we use classification tree models to predict the latent class labels that we
created in the first step. Among other classification algorithms, classification trees are the most

interpretable which will enable us to implement our results in practice (Steorts 2009).

541 LCA

LCA is a common method for clustering multivariate categorical data (Drew A. Linzer and
Jefrey B. Lewis 2011, Fop et al. 2017, Fop and Murphy 2018). In this study, we use “LCAVarsel”
package in R which is developed by Fop et al. (Fop et al. 2017). We convert numerical variables
to categorical format. For age, category 1 represent age less than or equal to 10, category 2
represents age between 10 and 20, etc. Table 5.1 summarizes the distribution of patients in both
hospitals across age categories. We converted age adjusted Chalrson comorbidity index to

categorical format directly.

Table 5.1. Distribution of patients across age categories and hospitals.

Age Category 1 2 3 4 5 6 7 8 9 10 11
Christiana 43 493 | 3257 | 4276 | 4935 | 9924 | 13745 | 13679 | 8795 | 2110 32
Wilmington 0 72 607 | 1154 | 1848 | 4008 4628 4345 | 3016 980 16

To determine the number of clusters for each hospital, we fit different number of clusters and
calculate Bayesian information criterion (BIC)(G 1978) for each scenario, and select the lowest
BIC. Figure 5.1 demonstrates BIC values for number of clusters between 1 and 30 in Wilmington
hospital. We find that 10 and 15 clusters yield minimum BIC in the Wilmington and Christiana
hospitals, respectively.
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Figure 5.1. Bayesian information criterion for different number of clusters at the Wilmington
hospital
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Figure 5.2. Bayesian information criterion for different number of clusters at the Christiana
hospital.
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5.4.2 Classification tree

Once we form clusters and label each visit within one of the clusters, we construct a
classification tree for each hospital using “rpart” package in R. To obtain interpretable decision

trees, we control for tree parameters as shown in Table 5.2.

Table 5.2. Classification tree parameters and setting.

Decision Tree Parameter Definition Value
Minimum split The minimum number of observations that must exist in anode | 50

in order for a split to be attempted.
Maximum depth Maximum number of child leaves, root node being depth 0 10
Cross validation Number of cross validation folds 10

Complexity parameter (cp) | If the cost of adding another variable to the decision tree from | 0.01
the current node is above the value of cp, then tree building
does not continue

Training dataset Percentage of data used for training the algorithm 80

5.5 Results

5.5.1 Wilmington hospital

We used LCA to form 10 clusters in the Wilmington hospital, and constructed a classification
tree with specified parameters in Table 5.2. We then used 20% testing dataset to test the
performance of our classification tree. The accuracy of the classification tree was 88.04%, as

shown in Table 5.3.

Table 5.3. Confusion matrix of classifier for the Wilmington hospital.

Row=actual
Col= prediction 1 2 3 4 5 6 7 8 9 10
1| 447 41 0 0 0 0 0 18 19 0
2 11 | 1396 0 0 0 0 0 31 12 0
3 47 1| 327 0 0 0 0 41 0 0
4 0 0 0 714 26 28 1 0 0 0
5 0 0 0 7 297 9 0 0 0 0
6 0 0 0 5 25 131 4 0 0 12
7 0 0 0 1 8 64 | 284 0 0 5
8 12 105 0 0 0 0 0] 520 6 0
9 9 29 0 0 0 0 0 0| 331 0
10 0 0 0 0 28 0 13 0 0 104
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First rule in splitting the nodes is based on the triage severity of illness. Clear separation
between patients admitted from ED and non-emergency patients indicates their significant
differences. Due to the large number of clusters, and classification tree size, we present the
constructed classification tree as two separate figures, provided as Figure 5.3 which refers to
patients admitted from the ED, and Figure 5.4 for all other patients. First observation from these
two groups relates to their number of leaf nodes. Patients admitted from the ED include 11 leaves,
while non-emergency admitted patients have only 6 leaves. Apart from natural differences between
emergency and non-emergency patients, the difference in number of leaves can be explained by
the number of admitted patients from the ED units (13,778) and non-ED units (6,896) where the

number of ED admissions is almost twice the size of non-emergency admissions.
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Figure 5.3. Decision tree for the Wilmington hospital (Part 1/2).
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Figure 5.4. Decision tree for the Wilmington hospital (Part 2/2).

As shown in Figure 5.3, patients admitted from the ED are split based on their age. Patients
older than 60 are assigned to either of the clusters 1, 2, 8, and 9, whereas patients younger than 60
are assigned to either of clusters 1, 2, 3, and 8. While clusters 1, 2, and 8 are common between this
separation, clusters 1 and 9 are completely separated. The age difference between clusters 1 and 9
can be seen in Figure 5.5. Comparison of clusters 1,2, and 8 indicate that cluster 2 includes larger
volume of patients with higher severity as shown in Figure 5.6. In addition, majority of cardiology
patients are assigned to clusters 2 and 8 as listed in Table 5.4.
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Figure 5.6. Triage severity of illness in the Wilmington hospital.
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Table 5.4. Distribution of patients across admitting medical sections and clusters in the
Wilmington hospital.

Admitting Medical Section 1 2 3 4 5 6 7 8 9] 10
DENTISTRY/ORAL SURGERY 0 0 0 2 2 5 2 0 0 4
MEDICINE/ CARDIOLOGY 41 299 11 2 0 7 0] 85 1 0
MEDICINE/GASTROENTEROLOGY 0 0 1 0 0 0 0 0 0 0
MEDICINE/ INFECTIOUS DISEASE 0 0 1 0 0 0 0 0 0 0
MEDICINE/ INTERNAL MEDICINE 819 | 2379 | 535 14| 11| 55 2 | 872 | 559 9
MEDICINE/ NEUROLOGY 0 2 0 0 0 0 0 0 0 0
MEDICINE/ PHYSICAL MEDICINE 0 1 0 30913 | 31 5 0 3| 80
MEDICINE/ PULMONARY 6 19 7 0 0 1 0 7 1
SURGERY/ GENERAL SURGERY 150 49 | 65 39 0] 247 | 135| 30| 144 | 176
SURGERY/NEUROLOGIC 0 0 0 0 0 0 1 0 0 0
SURGERY/ORTHOPEDIC 6 1 0]2759 | 13| 251239 0 8| 72
SURGERY/ OTOLARYNGOLOGIC 0 1 0 13 4| 57 2 1 0 4
SURGERY/ PLASTIC SURGERY 1 0 1 15 2| 51 3 0 0 9
SURGERY/ THORACIC SURGERY 0 0 1 0 0 0 0 0 0 0
SURGERY/ TRAUMA SURGERY 14 3 3 1 0 1 0 5| 27 0
SURGERY/ UROLOGIC SURGERY 0 0 0 3 0 3 5 0 0 0

Figure 5.4 shows that clusters 4, 5, 6, 7, and 10 fall under non-emergency admissions. As
shown in Figure 5.7, these patients mainly came from physician referral and hospital transfers.
Among these, clusters 4 and 7 include the same type of patients (i.e., admitting diagnosis letter
codes M, and T that are admitted to orthopedic surgery section), in which cluster 4 contains patients
older than 60, and cluster 7 contains remaining patients. Comparison of average age within these
two clusters is shown in Figure 5.5. In addition, cluster 5 includes patients with admitting diagnosis
letter code I, R, S, and Z. Majority of these patients are admitted in physical medicine as shown in
Table 5.4. Finally, clusters 6, and 10 include all other patients that are separated based on age, in

which cluster 10 includes patients younger than 60, and cluster 6 includes patients older than 60.
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Figure 5.7. Admission source for patients visited the Wilmington hospital.

5.5.2 Christiana hospital

We used LCA to form 15 clusters in the Christiana hospital, and constructed a classification
tree with specified parameters in Table 5.2. We then used 20% testing dataset to test the
performance of our classification tree. The accuracy of the classification tree was 78.22%. Due to
the large number of clusters, and classification tree size, we present the constructed classification
tree as three figures, provided in Figure 5.8, Figure 5.9, and Figure 5.10.

Figure 5.8 includes clusters 1, 2, 5, 6, 8, and 14. These clusters are completely separated
from the rest of the clusters based on their triage severity of either 5 or non-emergency patient
visits. Clusters 2, and 14 include patients with admitting diagnosis letter code of “O” which refers
to pregnancy, childbirth and the puerperium, as listed in Table 5.5. Clusters 5 and 6 include similar
patients, but different in age adjusted Charlson score as shown in Figure 5.11. In addition, clusters
1 and 8 are separated based on the admission source.
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Table 5.5. Admitting diagnosis codes across clusters in the Christiana hospital.
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Figure 5.11. Average age adjusted Charlson score across clusters in the Christiana hospital.
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Figure 5.9 includes clusters 4, 7, 9, 10, and 11. These clusters include patients with triage
severity of less than 5 and younger than 90. Majority of patients in cluster 9 fall under stepdown
or ICU level of care, as shown in Figure 5.12.
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B Ward

Number of Unique Visits
6000 8000 10000 12000
| | 1
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0
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Figure 5.12. Level of care for the Christiana hospital.

Cluster

Finally, Figure 5.10 includes clusters 10, and 15. These clusters include patients with triage

severity of less than 5 and older than 90.

5.6 Discussion and Conclusions

In this study, we investigated existing patient grouping in two academic hospitals within the
same health system using a two-step clustering, then classification approach. To facilitate
implementation of our results in practice, we used available data at the time of patient admission
and used interpretable classification tree models. Using patient admission data and our
interpretable results from the classification trees, hospital admins can readily determine cluster
membership of admitted patients. Currently, there are 8 patient groups (i.e., service lines) within
these hospitals. Using patient records within a two-year period, and information available at the
time of patient admission, we applied latent class analysis and BIC criterion to identify new patient

groups. We identified 10 and 15 patient groups in the Wilmington and Christiana hospitals,

84



respectively. We then constructed a classification tree for each hospital (accuracy of 88.04% in the
Wilmington hospital, and 78.22% in the Christiana hospital) and analyzed distribution of patient
types across clusters. High accuracies achieved in our classification trees indicate that available
information at the time of admission, despite being limited, can provide significant insights to form
patient groups. We found that existing 8 service lines can be further split into 10 and 15 groups in
the Wilmington and Christiana hospitals, respectively. Most splits occur between surgery and
medicine service lines. More specifically, internal medicine, neurological disorders, and general
surgery patients spread across multiple clusters.

Comparing patient distribution across clusters with rules extracted from classification trees,
we can identify some of the clusters that include unique patient populations such as orthopedic
surgery, cardiology, and physical medicine in the Wilmington hospital, and pregnancy, childbirth
and the puerperium in the Christiana hospital.

Our findings also shed light on the usefulness of triage severity index, age adjusted Charlson
comorbidity score, and age in determining patient condition and required care complexity. In
particular, we found that using all these information can provide a more robust picture of patient
conditions. In addition, our classification trees repeatedly split nodes based on age threshold of 60,
suggesting potential differences among patients younger than 60 and older than 60.

In the existing design, hospital units are specialized in different levels of care such as ICU,
stepdown, and ward. Literature suggests that separating ICU and stepdown can exacerbate flow
issues within the hospital by increasing number of patient transfers (Edbrooke et al. 2011, Hasan
et al. 2020, Long and Mathews 2018, Singh and Terwiesch 2012). Ideally, a hospital unit should
be equipped with skilled staff and facilities, and able to provide any needed level of care. As such,
each unit should be able to provide ICU, stepdown, and ward level of care without being
specialized in one of these levels. Our findings also support this idea. As shown in Figure 5.12,
clusters (e.g., 1, 7, 9) include patients from different levels of care.

Top 3 most common ZIP codes of visited patients from the Wilmington hospital, and their
racial distribution according to the census data is shown in Table 5.6. While majority of these ZIP
code residents are black or African American, our records show that black or African American
make up much smaller number of visits from the Wilmington hospital. Figure 5.13 represents the

distribution of race across clusters in the Wilmington hospital. Although top three ZIP codes are
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mainly black or African American residents, majority of hospital visits belong to white race,

indicating potential issues related to access.

Table 5.6. Top 3 ZIP codes in the Wilmington hospital and their racial distribution.

% Black/African
ZIP Code Name Number of Visits American % White
19802 Wilmington, DE 2491 76.1 18.5
19805 Wilmington, DE 1990 56 32.7
19801 Wilmington, DE 1752 74.5 19.5
= White
B Unavailable
g _ O Pacific Islander
o B Other Race
B Decline
o [l Black or African Ametrican
2 €7 W Asian
£ B American Indian or Alaska Native
_
é |
Z

2000
1

1000

1 2 3 4

0
|

1nillis

Cluster

Figure 5.13. Distribution of race across clusters in the Wilmington hospital.

Although we designed our study to facilitate the implementation phase, there are several
challenges and barriers to implement our results in practice. Future studies can extend our work
and attempt to identify these challenges. In addition, future studies can incorporate patient
outcomes and compare the effectiveness of formed clusters in practice. In this direction,
counterfactual analysis using simulation models can inform the impacts of these clusters on patient

flow and capacity within the hospitals.
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6. FUTURE WORK

In this dissertation, we investigated some of the issues related to patient flow and capacity
management in two major components of health services, namely ambulatory care and inpatient
care. Using administrative data and quantitative methods, we explored access issue in the
ambulatory care, as well as flow and capacity challenges in the inpatient care. While our study
shed light on the effectiveness of current policies regarding access and flow within these settings,
further studies needed to address some of the limitations of our work.

As healthcare delivery is shifting from volume-based to value-based, integration is
becoming more essential than ever. As such, future studies should investigate access and flow
issues within ambulatory (e.g., primary care, specialty care, nursing home) and inpatient care
simultaneousely. Identifying vulnerable patient cohorts and investigating their access and flow
barriers across the entire healthcare system can provide opportunities to improve both system
performance and patient outcomes. These studies can also inform health organizations about the
importance and advantages of implementing integrated information systems across the board.

To facilitate the Triple aims introduced by the Institute for Healthcare Improvement (I1HI),
flow and capacity policies should be evaluated holistically. As such, future studies should evaluate
the impact of flow and capacity policies on population health, costs, and quality of care.
Multidisciplinary nature of these studies can introduce new challenges and opportunities for
collaboration.

To bridge the gap between theoretical development and practical implementation, future
studies should focus on addressing challenges of incorporating algorithms at the provider site and
aid clinicians in decision making. These efforts can investigate the dynamics between leadership
support, incentives, training opportunities, global vs. local perception of employees, technology
infrastructure, user friendliness of products, and efficiency of developed algorithms.

Amidst the global pandemic, we experienced that health systems were able to adopt rapid
strategies to restructure their inpatient groups, and facilitated patient access to ambulatory care
through telemedicine (Bashshur et al. 2020, Patterson et al. 2020). While it is not the end of the
pandemic, it is definitely the beginning for flow and capacity management in health services.
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