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In managing inpatient ward beds, decision makers often face high levels of bed utilization and large variability

in demand. Load balancing via off-service placement is one of the primary operational levers to alleviate

congestion, yet this practice is associated with considerable costs. Therefore, it is imperative to understand

how much decision makers exercise load balancing in practice and its implications on system performance. In

this paper, we take the structural estimation approach and empirically quantify the causal effect of inpatient

wards’ occupancy on patient routing decisions. We leverage the control function method to overcome the

endogeneity problem of occupancy in estimation. Our results reveal a significant load balancing effect, and a

large difference between the load balancing behavior during daytime and nighttime. Based on the estimated

routing policy, we further study how changes to the load balancing behavior affect system performance.

Our findings provide new perspectives to manage congestion in the inpatient ward network. We find that

more consistent load balancing behavior throughout the day leads to overall better system performance.

Moreover, we find that allowing for heterogeneous load balancing factors for different off-service wards based

on the underlying network structure provides hospital managers with a low cost and low risk way to reduce

congestion in the busiest wards in the network.

Key words : Inpatient ward bed management; Load balancing; Behavioral operations management;

Structural estimation; Empirical operations management.

1. Introduction

Load balancing is one of the key operational levers for managing congestion in a network with

demand uncertainty. In a queueing network, by properly balancing the load among different pools

of servers, one can achieve better system performance through resource pooling than under uni-

form or round-robin type of routing policies (Weber 1978). However, in many service systems, load

balancing comes with various costs such as compromised service quality for customers, inconve-

nience imposed on staff members, and increased coordination costs. As a result, it is important to
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understand empirically how decision makers trade-off the costs and benefits associated with load

balancing and how much their decision making exhibits load balancing behavior.

In this paper, we take an empirical approach to study load balancing behavior in a complex

network resource management setting – patient flow management in inpatient ward units. The

inpatient ward beds, commonly known as the floor beds, are one of the most central resources in

hospital operations. Effective management of these beds has a crucial impact on patient access to

care, quality of care, financial costs of the hospital, and the operations of all connected units, includ-

ing the Emergency Department (ED), the Intensive Care Units (ICU), and the Operating Rooms

(OR). In most hospitals, inpatient ward beds are grouped into specialized units (“wards”), with

each ward designated to a specific care type (“medical specialty”). This focused care model allows

a hospital to better coordinate the teams of physicians, nurses, and technicians to treat patients

more effectively. In addition, it has the benefits of standardized nursing care, more streamlined

care delivery processes, and better management of specialized equipment and procedures (Best

et al. 2015). However, there are also many challenges associated with the focused-care model due

to the high uncertainty in patient demand, the high variability in patient demand across different

medical specialties, and the high utilization of the inpatient wards. When the ward utilization for

one specialty is particularly high, the hospital often admits the next patient of that specialty to a

bed in ward of a different specialty. This practice, commonly referred to as off-service placement in

the healthcare context, is one example of load balancing. Indeed, off-service placement is adopted

by many hospitals both in the U.S. and in other countries. In our partner hospital, for example,

22% of the patients admitted to inpatient wards are placed off-service on a yearly basis. In a U.S.

hospital studied in Song et al. (2019), 20% of the patients are placed off-service; in a Spanish

hospital studied in Alameda and Suárez (2009), 45% of the patients are placed off-service.

The reasons to which load balancing through off-service placement is such an important opera-

tional lever for patient flow management in inpatient wards are the following. First, the capacity of

each ward is largely fixed, and the cost of adjusting the capacity is high and in some cases involves

approval by local government (Copenhaver et al. 2019). However, patient demand varies over time.

Since the bed capacity can not be changed in the short term to meet the changing demand, there

can be a persistent mismatch between capacity and demand across different specialties in many

hospitals, including our partner hospital (see, e.g., Table 1). This necessitates off-service placement

to match overall supply with demand. Second, even in a hospital without persistent capacity mis-

match, hospital managers still need off-service placement to cope with stochastic fluctuations such

as randomness in patient arrivals and length of stay in the system. Managing the congestion in

inpatient ward units is important as admission delay can cause bed blocking in upper stream units

such as ED, ICU, or even OR (Allon et al. 2013, Carr et al. 2010, Hoot and Aronsky 2008), which
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can lead to worse clinical outcomes (Chan et al. 2016). Third, the patients admitted to inpatient

wards can be highly hetereogeneous in their severity, comorbidity, and urgency. The primary (or

designated) ward beds, which can provide more specialized care, are often preferred for more se-

vere patients when the capacity is running low, and load balancing can help reserve capacity for

those more severe patients (Kim et al. 2015). Finally, high occupancy is also associated with worse

clinical outcomes due to staff fatigue caused by high workload (Caldwell 2001, KC and Terwiesch

2009), which generates additional reasons for load balancing across different floor units.

Despite the many benefits of load balancing via off-service placement, there are also costs associ-

ated with this practice. Most noticeably, off-service placement can lead to worse clinical outcomes

such as longer length of stay or higher readmission rate (Song et al. 2019, Stylianou et al. 2017).

Moreover, off-service placement may impose additional workload on physicians and nurses (Gould-

ing et al. 2012). In particular, to provide care, physicians from the patients’ home specialty often

need to travel between the the off-service ward and the home ward (or primary ward) which can be

physically far away from each other. Nurses in the off-service unit also experience higher workload

and cognitive switching costs to provide care to patients not in their specialized area. Because

of these clinical and operational costs, hospital managers can be hesitant in utilizing the load

balancing lever to manage congestion.

Given the many costs and benefits of load balancing in the complex inpatient ward network, it

is imperative to empirically study how decision makers use it in practice and, more importantly,

analyze how their load balancing behavior can impact the entire system’s performance. To achieve

these two goals, we build a structural model to estimate the bed management team’s patient routing

decision using data. This approach allows us to quantify the causal effect of the ward occupancy

on the patient routing decision as well as conduct counterfactual analyses to evaluate the impact

of the load balancing behavior on the system performance.

The first objective of our work is to quantify the load balancing behavior of the bed management

team when making patient routing decisions. Leveraging a detailed inpatient dataset from a large

teaching hospital in Southeast Asia, we estimate the causal effect of ward occupancy on the routing

decision for patients admitted from ED, for whom the off-service practice is used most frequently

due to the uncertainty of ED arrivals. A key challenge in the estimation is that there are unobserved

determinants of the patient routing decision correlated with the ward occupancy which introduces

bias. In other words, the occupancy is endogenous. The endogeneity arises from two sources. First,

there is endogenous selection in terms of which ED patients to assign to the primary ward. In

particular, the bed management team may have a strong preference for admitting more severe

patients to the primary wards. Since the primary wards of many specialties are often associated

with higher occupancy levels, there is a positive correlation between occupancy and the unobserved
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preference for selecting more severe patients into the primary wards. Second, there are also time-

specific unobserved features that affect the routing decision. Specifically, there are multiple types of

patients (e.g., ED admissions, elective admissions, ICU transfers) “competing” for the same limited

amount of inpatient ward beds. The unobserved patient characteristics such as severity of the

non-ED admissions can also be correlated with occupancy. To solve the endogeneity problem, we

construct instrumental variables (IVs) and adopt the control function approach in the estimation.

Our estimation results suggest that the load balancing behavior has a substantial impact on the

patient routing decision. Take the general medicine (GenMed) specialty for an example. Increasing

the occupancy of a GenMed primary ward from 90% to 95% is associated with around 6.4%

decrease in the admission probability on average. We also find the magnitude of the effect to be

different across different specialties and between the daytime and nighttime admissions, with a

larger magnitude of load balancing happening at night than during the day.

Moreover, our results show that taking into account the endogeneity of occupancy in the esti-

mation is crucial in eliminating potential bias in the results. The finding suggests that the bed

management team has a strong preference for admitting more severe patients to the primary ward

when the occupancy is higher. This implies that the commonly used occupancy based IVs (Chan

et al. 2016, Kim et al. 2015, Song et al. 2019) in the empirical healthcare operations management

literature might be invalid in some settings. Our proposed IVs also provide an solution to this

problem.

Based on our estimated patient routing policy, we further explore how changes to the load bal-

ancing behavior affect system performance in the counterfactual analysis. We leverage a detailed

queueing network model to capture the complex interplay between the routing decisions and occu-

pancy levels across the ward units all specialties to provide an accurate evaluation of the system

performance. Our findings highlight the importance of the decision makers’ behavior to congestion

management in healthcare settings.

Specifically, focusing on two of the most congested specialties, Cardiology (Cardio) and Gen-

Med, we first investigate the impact of reducing the difference in the magnitude of load balancing

behavior between daytime and nighttime admissions. By adjusting the daytime and nighttime load

balancing factors, we find that the number of high occupancy periods of the highly occupied pri-

mary wards can be substantially reduced, while not increasing the proportion of patients being

placed off-service by much. This finding provides hospital managers with a low-cost and low-risk

way to mitigate congestion in the busiest wards and suggests that a more consistent load balancing

behavior throughout the day leads to better overall system performance.

In the second set of counterfactual analyses, we investigate the impact of introducing hetero-

geneity in load balancing factors in routing GenMed patients on the occupancy of Cardio primary
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wards which have the highest occupancy in the network. Through network connectivity of different

inpatient wards, we find that, by properly injecting heterogeneity in the load balancing factor of dif-

ferent off-service wards for GenMed, the number of high occupancy periods of the highly occupied

Cardio primary wards can be substantially reduced without changing the proportion of GenMed

patients placed off-service. On the other hand, we also show that without a good understanding

the of underlying inpatient ward network structure, inappropriate load balancing behavior can

deteriorate system performance. Our finding highlights the interplay between the load balancing

behavior and the inpatient ward network structure, and provides the hospital managers a low cost

way, through behavioral changes only, to target the reduction of congestion in the busiest units in

the inpatient ward network.

1.1. Related Literature

Our work contributes to the literature on load balancing by providing empirical evidence on how

load balancing affect patient routing in hospitals. The concept of load balancing has been inves-

tigated in many application contexts (e.g., Ghomi et al. (2017) for load balancing algorithms in

cloud computing, Eschenfeldt and Gamarnik (2016) for asymptotic performance analysis of super-

market queues). Theoretically, it has been widely observed that well-managed load balancing can

lead to substantial performance improvement over uniform routing, without requiring adding more

resources (Daley 1987, Mukherjee et al. 2018). Unlike the vast amount of load balancing literature

on algorithm designs and performance quantifications, we focus on the behavior aspect of the prob-

lem. In particular, when managing queueing networks that arise in inpatient flow management,

in addition to load balancing, many other competing factors such as patient arrival and discharge

patterns play key roles in the routing decisions (Armony et al. 2015). Even for load balancing itself,

as we discussed above, there are reasons that substantially differentiate the patient flow setting to

other service or computer systems. To understand how decision makers trade off the various pros

and cons, it is important to study their behavior empirically. The work most related to ours is Dong

et al. (2018), which studies the effect of delay announcement on hospital network coordination.

By analyzing the relationship between whether delay announcement is provided on the hospital’s

website and the correlation between the waiting times of nearby hospitals, they found empirical

evidence that patients may choose to go to the ED with a shorter waiting time if the delay infor-

mation is available. This help creates load balancing among hospitals in the same neighborhood.

In this work, we study load balancing within the same hospital. By utilizing detailed patient-flow

data, we can quantify the magnitude of load balancing. In particular, our results reveal how the

occupancy is affecting patient routing decisions not only qualitatively, but also quantitatively.

In the application context, our work is related to the growing body of literature on hospital

capacity management. Decisions at different time scales has been analyzed in this context. In the
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long term, how to optimally allocate capacity and ward design has been studied in Green (2002),

Gupta and Potthoff (2016), Pinker and Tezcan (2016). Best et al. (2015) compare pooled versus

separate ward designs and point out several strengths and weaknesses in the two designs. On a

shorter time scale, dynamic admission control and patient routing have been studied in Freeman

et al. (2017), Sun et al. (2018). Our paper is most closely related to Dai and Shi (2019), Helm

and Oyen (2014), Samiedauluie et al. (2017), which study admission control and patient routing

in inpatient ward networks. Aiming at deriving the optimal routing policy, these studies typically

impose a specific objective function for the decision maker. In contrast, we acknowledge that the

objective of the decision maker is likely to be very complex in practice and take a fully data driven

approach to estimate the decision rule.

Our work is also closely related to the literature on empirical behavioral queueing and behavioral

healthcare operations management. When managing queues in radiology diagnoses, Ibanez et al.

(2018) provide empirical evidence that doctors are prioritizing smaller tasks. They also find that

this may erode productivity due to the tradeoff between time required to exercise discretion and the

gains from doing so. Song et al. (2015) empirically investigate the effect of queueing configuration

on the productivity of ED physicians. Green et al. (2013) study factors that affect the nurse

absenteeism behavior. Kim et al. (2019) use behavioral models and controlled experiments to study

admission control biases in hospital unit capacity management. Ding et al. (2019) estimate the

waiting cost of ED patient in routing decisions. Batt and Terwiesch (2017) and Soltani et al.

(2019) study various load adaptive behavior in ED and their implications on patient outcomes.

Other examples in the broader area of empirical behavioral operations management include Buell

and Norton (2011), Mandelbaum and Zeltyn (2013), Yu et al. (2017). Our work complements this

literature by empirically investigate the load balancing behavior in managing a network of inpatient

ward units.

Our work also contributes to the literature in empirical operations management using structural

estimation methods. To establish the causal effect of occupancy on patient routing, we use a control

function approach to account for the endogeneity of occupancy. This method has been applied

to solve endogeneity problems in estimating consumer choice models in economics and operations

management (Arıkan et al. 2018, Guajardo et al. 2012, Petrin and Train 2010). More related to

our particular setting, when studying retrospectively collected patient flow data, it is important to

account for the endogeneity caused by unobserved patient characteristics such as severity. In this

context, occupancy is often used to construct instrumental variables (see, for example, KC and

Terwiesch (2012), Kim et al. (2015), Song et al. (2019)). The rationale is that the determinants

of the admission decision for an individual patient is unlikely to be correlated with the occupancy

level. However, our work provides evidence that this assumption may be invalid in some settings

and suggests a possible solution to address the endogeneity problem.
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2. Empirical Setting and Data

In this section, we describe the setting of our study and the data we use for the analyses. We start

by providing an overview of the operations of the inpatient ward network in our partner hospital.

Then, we discuss our research setting and provide some preliminary empirical evidence of the load

balancing behaviour.

2.1. Network of Inpatient Wards

The inpatient ward network of our partner hospital has 13 inpatient wards serving patients from

eight specialties: Cardiology (Cardio), Surgery (Surg), Orthopedics (Ortho), Respiratory disease

(Respi), Gastroenterology & Endoscopy (Gastro Endo), Renal disease (Renal), General Medicine

(GenMed), and Neurology (Neuro). Each ward contains 20 to 50 beds. We index the wards from W1

to W13. The hospital employs a focused care model. Figure 1 shows the specialty-ward mapping,

with circles representing the wards and rectangles representing the specialties. Note that each

ward is designated to serve patients from one specialty (referred to as dedicated wards) or two

specialties (referred to as shared wards). All designated wards are considered the primary wards

for a specialty.

W10
W12

W5
W6

Cardio Surg Ortho Respi Gastro
Endo

Renal Gen
Med

Neuro

W1 W8 W4 W2 W7

W3 W13 W9 W11

Figure 1 Specialty-ward assignment.

In our partner hospital, all bed assignments in the hospital (including bed-requests from both

ED patients and non-ED patients) are managed by a central bed management team. When the

team receives a bed request, one team member will start searching for an appropriate bed (could

be either from a primary or a non-primary ward) and make a tentative bed allocation. After the

bed allocation is confirmed, the patient will be arranged to be admitted to the allocated bed.

Supply-demand mismatch. Table 1 summarizes the daily admission rate from each specialty

(Λs), the average length of stay (E[LOSs]), and the capacity allocated to each specialty (Cs). The

admission rate and average length of stay (LOS) include patients from all admission sources. For the

capacity of the shared wards, there is a nominal allocation of the beds between the two specialties,
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and our calculation on bed utilization suggests that bed assignments follow the nominal allocations.

Thus, Cs in the table counts the number of beds in the dedicated ward and the nominally assigned

number of beds in shared ward for specialty s.

The fourth row in Table 1 shows the (nominal) occupancy rate (capacity utilization rate) for

specialty s, which is defined as

ρs := ΛsE[LOSs]/Cs,

As the hospital allows off-service placement, this nominal occupancy can be larger than 100%,

indicating an insufficient capacity allocation to specialty s to meet the demand. The last row in

the table reports the proportion of off-service placement for each specialty. We observe that the

specialties that are overloaded (ρs > 100%) have very high off-service proportions. These statistics

suggest a mismatch between capacity and demand across the eight specialties. For example, Cardio,

GenMed, and Neuro have insufficient capacity allocated (ρs > 100%) and have to rely on frequent

off-service placement to meet their demand. In contrast, Ortho has a very low occupancy rate (59%).

This capacity mismatch may be due to several reasons. For example, similar to many hospitals

in the U.S., the demand for Cardio and GenMed has been growing fast over time because of the

aging population, while the capacity increase or reallocation has been limited due to regulation or

budget reasons. Elective surgeries for Ortho patients are usually very profitable, so the hospital

tends to allocate more capacity to Ortho to ensure smooth elective admissions.

Cardio Ortho Surg Gastro GenMed Neuro Renal Resp Overall
Λs 19.8 13.2 17.5 8.2 17.8 5.9 6.2 4.6 93.2
E[LOSs] 3.7 4.4 3.6 3.6 4.5 3.7 4.5 4.0 4.0
Cs 61 98 87 39 67 16 32 25 425
ρs 119% 59% 73% 76% 119% 134% 87% 74% 87%
Off-service % 26% 6% 12% 33% 27% 54% 26% 14% 22%

Table 1 Summary of workload related statistics.

Admission sources. Each specialty of patients are admitted from three main sources: the Emer-

gency Department (ED), the Elective Admissions (EL), and the patients transferred from the

intensive care units (ICU). We refer to them as ED, EL, and ICU transfer patients for the rest of

the paper. Figure 2a shows the number of ‘arrivals’ to the inpatient wards in each hour for ED,

EL, and ICU transfer admissions. The arrival rates are estimated using the bed-request times-

tamp for ED patients; for EL and ICU transfer patients, since we do not observe their bed-request

timestamps, we use their admission timestamps instead. We can see that the arrival rates are time-

varying, and the patterns for ED and non-ED patients are substantially different. In particular, EL

admissions are pre-scheduled, so they mostly arrive in the afternoon and are admitted in clusters
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when beds are becoming available, i.e., after the block discharges which peak around noon–4pm

as shown in Figure 2b. Similar observations apply to the ICU transfer patients. The arrivals of ED

patients, on the other hand, are more exogenous and are spread across different hours of the day.

The exogeneity of the ED arrivals is key for the identification of our model. We will return to this

point and provide the detailed discussion in Section 3.

(a) Hourly arrival rate (b) Discharge time distribution

Figure 2 Hourly rates of arrivals by patient sources and hourly discharge rate. The arrival rates are estimated

using the bed-request timestamps for ED patients and the admission timestamps for non-ED patients (no

bed-request time for the latter). The numbers on the x-axis denote the hourly interval, e.g., 2 denotes the

interval of 1-2am.

Daytime versus nighttime. The hospital operates in a highly non-stationary environment. We

divide each day into two periods: daytime, from 7:00 am to 9:00 pm; and nighttime, from 9:00 pm

to 7:00 am the next day. There are two reasons for this partition. First, the majority of patients

are discharged by 9:00 pm and there is almost no discharge between 9:00 pm and 7:00 am the

next day, see, the discharge time distribution in Figure 2b. Therefore, the bed management team’s

decision making in the nighttime is not affect by patient discharges. Second, the majority of non-ED

admissions happen before 9:00 pm and there is almost no EL or ICU transfer admissions between

9:00 pm and 7:00 am the next day, see the arrival rate plot in Figure 2a. This suggests that the

bed management team’s decision making in the daytime and nighttime also differs in terms of

the patient sources. Both reasons suggest that it might be beneficial to conduct separate analyses

for daytime and nighttime to better understand the bed management team’s behavior, which we

provide in Section 4.

Table 2 details the average number of admissions in the daytime and nighttime, by admission

sources, for each specialty. We observe that (i) as shown in Figure 2a, most EL and ICU transfer

patients are admitted during the daytime and (ii) the proportion of EL and ICU transfer patients

varies significantly across specialty. For example, about half of the Cardio and Surg admissions are

from EL admissions or ICU transfers; while GenMed has the majority of patients admitted from

ED.
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Cardio Ortho Surg Gastro GenMed Neuro Renal Resp
Daytime (7am-9pm)

ED 7.2 5.3 5.6 3.9 9.8 3.1 3.3 1.7
Elec 4.3 2.4 3.6 1.1 0.3 0.2 0.7 0.2
ICU 3.9 1.9 3.9 0.5 0.6 0.5 0.3 1.4
Total 15.4 9.6 13.0 5.5 10.7 3.8 4.4 3.3
ED % 47% 55% 43% 70% 92% 82% 76% 52%
Elec % 28% 25% 27% 20% 3% 5% 16% 6%
ICU % 25% 20% 30% 10% 5% 13% 8% 41%

Nighttime (9pm-7am)
ED 3.8 3.2 4.1 2.6 7.0 2.0 1.7 1.2
Elec 0.2 0.0 0.1 0.0 0.0 0.0 0.0 0.0
ICU 0.3 0.4 0.3 0.1 0.1 0.1 0.0 0.1
Total 4.3 3.7 4.5 2.7 7.1 2.1 1.8 1.3
ED % 88% 87% 91% 97% 99% 96% 97% 89%
Elec % 5% 1% 2% 1% 0% 0% 2% 0%
ICU % 7% 12% 7% 2% 1% 4% 1% 10%

Table 2 Daily admission rates by specialties and admission sources during the daytime and nighttime.

2.2. Cardiology, General Medicine, and Surgery

We focus on the three largest specialties for our analyses: Cardio, GenMed, and Surg. We observe in

Table 1 that, in addition to a large volume of patients, Cardio and GenMed also exhibit high levels

of demand-supply mismatch, and, thus, high levels of off-service proportion. We further restrict

our study to the routing decision of ED admissions for these three specialties. This is because EL

and ICU transfers admissions are likely to be scheduled in advance and subject to other constraints

such as revenue considerations and the continuity of care which we do not observe in the data. On

the other hand, the routing decision of ED patients has to be made in real time and responds more

to the occupancy of different wards.

Table 3 presents the proportion of patients assigned to each ward for the three specialties. We

note that in addition to different primary wards, different specialties also have different off-service

wards. As a result, in our estimation, we allow patients from different specialties to have different

choice sets of wards for admission. We also observe from Table 3 that Cardio and GenMed both

utilize W13 (Gastro ward), W8 (Ortho ward), and W9 (Renal ward) for off-service placements.

These wards create connectivity between Cardio and GenMed in the inpatient ward network. We

explore how the network connectivity affects the impact of the load balancing behavior on system

performance in our counterfactual analyses.

When comparing the daytime and nighttime operations of the inpatient wards, in addition to

the differences in patient arrivals and discharges discussed in Section 2.1, we also observe that

the occupancy varies substantially over time. Table 4 shows the ward occupancy at different time

points for Cardio, GenMed, and Surg. We report the occupancy of eight wards, which include both
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Cardio GenMed Surg
W12 47% W2 49% W3 44%
W10 12% W7 26% W1 22%
W13 13% W13 7% W4 12%
W8 6% W9 4% W5 10%
W9 4% W4 3% W8 6%
W5 3% W8 3% W6 3%

Table 3 Proportions of ED admissions to top 6 wards for Cardio, GenMed, and Surg. The wards in bold are the

primary wards for the corresponding specialty.

the primary wards and the major off-service wards for the three specialties. We observe that the

primary ward for GenMed (W7) and the primary ward for Cardio (W12) have very high occupancy

compared to the other wards.

Table 5 shows the proportion of patients placed off-service from the three specialties daily, during

the daytime and nighttime. Interestingly, even though the primary wards’ occupancy levels are

lower at 8:00 pm than 6:00 am, the off-service proportion is larger during the nighttime than that

during the daytime. This suggests that there might be differences in the bed management team’s

load balancing behavior for daytime versus nighttime.

W2 W3 W4 W7 W8 W9 W12 W13
midnight 92% 88% 80% 97% 75% 86% 96% 93%
6am 95% 91% 82% 98% 78% 89% 97% 95%
8pm 88% 86% 77% 95% 72% 84% 94% 89%

Table 4 Ward occupancy at different time.

Cardio GenMed Surg
daily 41% 26% 16%
daytime 34% 13% 13%
nighttime 53% 45% 23%

Table 5 Off-service proportion during different time periods.

Lastly, we provide some suggestive evidence of the load balancing behavior directly from the

data. Table 6 shows the proportion of ED patients from the three specialties assigned to the

primary wards under three different primary ward occupancy levels: less than 90%, between 90%

and 95%, and above 95%. The primary ward occupancy is measured at 12am of each day, and the

primary assignment proportion is calculated for the corresponding day. We observe that the primary

assignment proportion reduces as the primary ward occupancy increases, which is indicative of

load balancing. However, we also note that even when the primary ward occupancy is very high
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(> 95%), there is still a significant proportion of patients assigned to the primary wards. This

suggests that the bed management team is cognitive of the potential clinical costs associated with

load balancing. Moreover, other things being equal, the patients admitted to the primary ward

when its occupancy is very high are more likely to have higher severity level. This suggests that

there is potentially a selection issue in the unobserved patient severity in the estimation of the

routing decisions. We will return to this point in Section 3.

Cardio GenMed Surg
0.8− 0.9 81% 89% 87%
0.9− 0.95 76% 81% 86%
> 0.95 60% 69% 80%

Table 6 Average proportion of patients assigning to primary wards under three categories of primary ward

occupancy levels: between 80% and 90%, between 90% and 95%, and above 95%. Here, the primary occupancy

is taken at the midnight of each day, and the primary assignment proportion in each day is treated as a sample.

3. Model and Estimation

We model each patient’s admission decision using a discrete choice model. We do not argue that

the structural estimation approach and the discrete choice model best captures the decision making

process in practice. However, we believe that the approach and the modeling choice well serves the

objectives of our study. First, it allows us to identify and estimate the causal effect of the load

balancing behavior on the routing decision, which we would not be able to do using alternative

methods such as machine learning or other forecasting methods. Second, and more importantly, it

allows us to conduct counterfactual experiments to quantify the impact of load balancing behavior

on system performance, which is not possible with regression analyses. Finally, as the results in

Section 5 suggests, our estimated model fits the data well in predicting key system performance

metrics.

3.1. Structural Model

We describe the structural model in this section. Let Uijk denote the utility of ward j for patient

i at time t. A time period is defined as 24 hours in the main specification of the model. Uijk takes

the form

Uijt = β1Ojt +β2jXi +β3jVSjt +β4jYt + ε1ijt + ε2ijt, (1)

where Ojk is the occupancy of ward j at the beginning of the period t. Xi is a vector of patient

specific characteristics including a constant. Sj is the set of specialties which could potentially

route patient to ward j. VSjt is a vector of non-ED patient admissions of specialty s, for all s∈ Sjt.

Since the EL and ICU transfer patients are typically scheduled the day before, it is reasonable to
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assume that VSjt is known at the beginning of period t. Yt is a vector of characteristics of time t. We

provide the detailed definition and construction of each of the variables in Section 3.4. ε1ijt denotes

unobserved patient-, ward-, and time-specific characteristics that affect the routing decision, and,

more importantly, are potentially correlated with Ojt. ε
2
ijt captures idiosyncratic determinant of

the routing decision and is i.i.d. extreme value distributed. β1 is the coefficient that governs the

effect of occupancy on the patient routing decision and we are interested in estimating. β2j, β3,

and β4 are vectors of unknown coefficients. Let Ci denote the set of wards which can potentially

accept patient i, and which depends on the specialty of patient i. Based on the utility function,

the probability of admitting patient i into ward j in period t, Pijt, is then,

Pijt =
exp(β1Ojt +β2jXi +β3jVSjt +β4jYt + ε1ijt)∑

k∈Ci
exp(β1Okt +β2jXi +β3jVSkt +β4jYt + ε1ikt)

, (2)

3.2. Endogeneity of Occupancy

Although the admission decision is made at the patient level, and we allow for ward specific effect

through the constant term in Xi, estimating the model directly could still lead to biased results

due to the endogeneity of occupancy. There are two reasons to which the occupancy is endogenous.

First, ε1ijt captures patient- and ward-specific unobserved characteristics which affect the routing

decision. Most noticeably, the bed management team may have a preference for admitting more

severe patients into the primary ward (Song et al. 2019). These patient-ward specific unobserved

characteristics or preferences are also correlated with ward occupancy. For example, since the

primary ward of the specialty we are analyzing is more likely to have higher occupancy than the non-

primary wards, the preference for admitting more severe patients into the primary ward is positively

correlated with the wards’ occupancy. In other words, Ojt and ε1ijt are positively correlated, which

introduces a positive bias if we estimate the model without taking the endogeneity problem into

account. To be more specific, since the load balancing effect represents a negative coefficient of

Ojt, the positive bias of the unobserved patient-ward preference implies that the magnitude of the

load balancing effect or the absolute value of the coefficient of Ojt is underestimated. The bias can

also be interpreted as a classic selection bias in econometrics: More severe patients are selected to

be admitted into the primary wards when the occupancy of those wards are higher. As a result,

without properly dealing with the endogeneity problem, we may underestimate the size of the load

balancing behavior due to the selection bias.

Second, ε1ijt also contains time specific unobserved features which affect the routing decision and,

thus, can bias the estimation result. For example, many specialties admit substantial amount of

EL patients and ICU transfer patients. The bed management team has to decide how to allocated

the limited amount of beds over multiple types of patients. Some of the EL and ICU transfer
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patients may have priority over the ED patients for beds in the primary wards due to their higher

severity or scheduled admission, while others may have lower priority. Although we observe the

number of EL and ICU admissions, their severity is not observed. Since these patients compete for

the same set of beds as the ED patients, their unobserved severity is negatively correlated with

ε1ijt and positively correlated with Ojt. In other words, this unobserved severity in EL and ICU

transfer patients leads to a negative correlation between ε1ijt and Ojt. As a result, without properly

taking into account the second type of unobservable, we may overestimate the magnitude of the

load balancing effect, i.e., the absolute value of the coefficient on Ojt.

To summarize, ε1ijt contains two sources of unobserved determinants of the routing decision.

These unobservables introduce two types of bias of opposite directions in the estimation of β1, the

load balancing effect. It is a priori not clear which type of bias has a larger effect.

3.3. Instrumental Variables and Control Function

The solution we propose to solve the endogeneity problem is by constructing instrumental vari-

ables (IVs) and applying the control function approach. At a high level, we need the instrumental

variables to provide exogenous variation in Ojt which is not correlated with any unobserved factors

ε1ijt. Since the model is nonlinear, instead of instrumenting Ojt directly, we use the control function

to correct for the bias in the estimation. We first describe the construction of the IVs, discuss their

validity, and then detail the use of the control function method.

For the IVs to be valid, we need them to be correlated with Ojt and uncorrelated with ε1ijt. We

use the ED patient arrivals of relevant specialty in period t− 1 as instrumental variables for the

occupancy of ward j in period t. Let Zs(t−1) be the total number of ED admissions in period t− 1

from specialty s ∈ Sj. Recall Sj is the set specialties whose patients can potentially be admitted

to ward j. We use Zs(t−1), ∀s ∈ Sj as the IVs for Ojt, and denote the vector {Zs(t−1)}, ∀s ∈ Sj, as

ZSj(t−1). First, since the ED arrivals are close to random, ZSj(t−1) are exogenous of any unobserved

patient characteristics and other unobserved ward characteristics which might affect patient routing

decisions in period t. This implies that the exclusion restriction is satisfied. Second, the number

of the ED arrivals in the relevant specialties s in period t− 1 affect the occupancy of ward j at

the beginning of period t. This shows that the relevant condition is satisfied. Using these IVs, we

apply the control function method and discuss the details of the procedure next. Finally, since

there are eight specialties in our study and no specialty has more than eight connected wards

including the off-service wards, we have enough IVs for the occupancy of all wards. Given the

network connectivity shown in Figure 1, we expect the set of relevant IVs to vary for different

wards.
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We follow the procedure described in Petrin and Train (2010) to apply the control function

method in the discrete choice model. Specifically, we model Ojt as follows,

Ojt = α0 +α1ZSj(t−1) +α2VSj(t−1) +α3Wj(t−1) +α4Yt−1 + νjt, (3)

where VSj(t−1) are Sj-specific covariates which affect Ojt such as the arrivals of non-ED patients of

specialty Sj. Wj(t−1) are j-specific covariates which affect Ojt such as the occupancy of ward j in

period t− 1 and the number of patients discharged from ward j in period t− 1. We provide the

detail descriptions of Wj(t−1) and VSj(t−1) in the next section. Yt−1 are period specific factors such

as day-of-week fixed effects. Following the literature (Petrin and Train 2010), we assume that νjt

and ε1ijt are jointly normally distributed. As a result, Equation (1) can be written as

Uijt = β1Ojt +β2jXi +β3VSjt +β4Yt +β5VSj(t−1) +β6Wj(t−1) +λνjt +σηijt + ε2ijt, (4)

where λ is the coefficient of the control function. ηijt follows the standard normal distribution. σ

is an unknown parameter to be estimated. Equation (2) then becomes

Pijt =

∫ (
exp(β1Ojt +β2jXi +β3jVSjt +β4jYt +β5jVSj(t−1) +β6Wj(t−1) +λνjt +σηijt)∑

k∈Ci
exp(β1Okt +β2jXi +β3jVSkt +β4jYt +β5jVSk(t−1) +β6Wk(t−1) +λνkt +σηikt)

)
×φ(ηj)

∏
k 6=j

φ(ηk)dηjdηk,

(5)

where φ is the probability density function of the standard normal distribution.

3.4. Estimation

We provide the definition of each of the variables in Equations (3) and (4) and describe the steps

of the estimation procedure in this section.

For the main specification of the model, (3), Ojt is defined as the occupancy of ward j measured

at 12AM of day t. To better capture the load balancing behavior, we set Ojt to be 0.8 when the

observed occupancy is at or below 80%, while Ojt takes on the value of the observed occupancy if

it is above 80%. ZSj(t−1) is the vector of ED arrivals for all specialties s ∈ Sj during period t− 1,

i.e., between 12AM and 11:59PM of day t−1. VSj(t−1) includes the number of non-ED admissions,

i.e., the EL patients and the patients transferred from the ICU, of specialty s ∈ Sj in periood

t− 1. Wj(t−1) includes the number of patients discharged from ward j during period t− 1 and the

occupancy of ward j measured at 12AM of day t− 1. Yt−1 is a binary vector indicating the day of

the week for day t− 1.

In Equation (4), Xi is a vector of patient characteristics which includes i’s triage score, age,

gender, an indicator of whether the patient arrived during the night time (between 9pm and 7am
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the next day), and a constant. All the other variables are defined in the same way as in Equation

(3) (see Appendix B for a full specification of the model).

We estimate the model for each specialty s separately. For each specialty, the set of possible

ward for patient admission includes all wards where patients in specialty s are admitted into in

the sample. We normalize the coefficients of all variables for one of the primary wards of specialty

s to be zero. For wards receiving less than 5% of total specialty s patients, we group them into

one potential choice of admission, defined as “other ward” for the specialty. For each specialty s,

estimating Equation (5) amounts to estimating a random coefficient discrete choice model with a

endogenous covariate which we deal with using the control function. We use maximum likelihood

to construct the parameter estimates.

In an alternative specification, we estimate Equations (3) and (4) separately for the daytime and

nighttime to investigate the load balancing behavior for the two periods separately. We separate

the patient cohort into daytime, between 7am and 9pm, and nightime, between 9pm and 7am,

groups based on their arrival time (i.e., bed request time). Equations (3) and (4) stay the same for

daytime and nighttime groups except for the following two changes. First, the Ojt for daytime is

measured at 6am, and for nighttime measured at 8pm. Second, since EL patients and ICU transfer

patients are admitted during daytime only, we exclude the non-ED admission variables from the

nighttime analysis.

4. Results

In this section, we describe the estimation results. We first discuss the daily results by specialty

to provide an overview of the estimated load balancing effect on patient routing decisions. After

that, we discuss the more detailed results by separating the daytime and the nighttime for each

specialty.

4.1. Load Balancing Behavior by Specialty

We discuss the daily results by specialty in this section. The estimation results of the first stage

are presented in Table 7. We present the estimated coefficients which are statistically significant

for a subset of the wards. The results of the rest of the wards are similar. Our results show

that ED arrivals from different specialties are positively correlated with the occupancy levels of

different wards, which validates the relevance of our IVs. Because of off-service placements (network

connectivity), the ward occupancy can be affected by the arrivals of patients from non-primary

specialties. For example, Ward W13 is a primary ward for Gastro. As expected, Gastro ED arrivals

in the previous day has a strong positive effect on the occupancy of W13 in the current day. W13

is also a commonly used off-service ward for Cardio and GenMed. Thus, we also observe positive

and statistically significant coefficients for Cardio and GenMed ED admissions in the previous day.

We next report and discuss the key coefficients of the second stage estimation.
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W2 W3 W9 W12 W13
ED Cardio 1.86× 10−3 ∗∗ 5.51× 10−3 ∗∗∗ 2.81× 10−3 ∗∗∗

(0.87× 10−3) (0.59× 10−3) (0.77× 10−3)
ED Ortho 2.00× 10−3 ∗∗

(0.92× 10−3)
ED Surg 6.14× 10−3 ∗∗∗

(0.98× 10−3)
ED Gastro 2.44× 10−3 ∗∗ 2.08× 10−3 ∗ 1.21× 10−3 ∗ 5.17× 10−3 ∗∗∗

(1.22× 10−3) (1.07× 10−3) (0.72× 10−3) (0.96× 10−3)
ED GenMed 6.89× 10−3 ∗∗∗ 2.20× 10−3 ∗∗∗ 1.28× 10−3 ∗∗

(0.65× 10−3) (0.71× 10−3) (0.63× 10−3)
ED Neuro 3.52× 10−3 ∗∗∗ 2.88× 10−3 ∗∗∗

(1.09× 10−3) (1.06× 10−3)
ED Renal 2.69× 10−3 ∗∗ 9.81× 10−3 ∗∗∗ 2.44× 10−3 ∗∗

(1.13× 10−3) (1.23× 10−3) (1.09× 10−3)
ED Resp 2.69× 10−3 ∗∗ 2.48× 10−3 ∗

(1.12× 10−3) (1.48× 10−3)
Num. of Obs. 365 365 365 365 365
R2 0.69 0.82 0.87 0.62 0.65

Table 7 Estimated coefficients and standard errors (in parentheses) of the IVs in the first stage (Only

statistically significant IVs are reported. ∗,∗∗,∗ ∗ ∗ indicates statistical significance at 10%,5%,1% level.)

4.1.1. General Medicine The results for GenMed patients are presented in columns 2 and

3 of Table 8, without the control function and with the control function, respectively. First, the

estimated coefficient for the occupancy of the ward is negative and statistically significant. The

result suggests that the bed management team takes the workload of each individual ward into

account when routing GenMed patients. In other words, there is substantial load balancing behavior

in their patient routing decisions. The result with the control function suggests that if we increase

a GenMed primary ward’s occupancy from 90% to 95%, the probability of admitting a patient into

that ward decreases by 6.4% on average.

The estimated coefficient for the occupancy of the ward with the control function is more than

40% bigger in magnitude than that without the control function. The residual of the control

function is positive and statistically significant. This result suggests that the first type of bias due

to the unobserved focal patient severity is bigger than the second type of bias due to unobserved

factors in non-ED patient needs. The result is intuitive since there are very few non-ED GenMed

patients which implies that the second type of bias is likely to be small.

We also report the intercept estimates of two off-service wards. Since the coefficients of one of

the primary ward are normalized to be zero, the negative and significant intercepts indicate that

the bed management team has a preference for admitting patients to the primary ward on average.

4.1.2. Cardiology The results for Cardio patients are presented in columns 4 and 5 of Table

8, without the control function and with the control function, respectively. For Cardio patients,

the estimated coefficient for the ward occupancy is also negative and statistically significant. The
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result suggests that, similar to GenMed, there is also substantial load balancing behavior in the bed

management team’s routing decisions for Cardio patients. The magnitude of the load balancing

factor with the control function is slightly lower than that for GenMed: increasing a Cardio primary

ward’s occupancy from 90% to 95% is associated with a 4.9% decrease in the admission probability

on average.

Contrary to the result for GenMed, the coefficient on the control function is statistically in-

significant, which suggests that either the bias caused by the endogeneity of occupancy is small,

or the two types of biases cancel out each other’s impact on the estimated coefficient. For the

first type of bias, some Cardio patients might be much more severe than others, which suggests

the patient-ward specific unobservable might be significant. For the second type of bias, there are

substantial EL and ICU transfer patients who compete for the same set of beds as the ED Cardio

patients. As a result, the second type of bias is also likely to be present. Since the two types of bias

lie in opposite directions, the insignificant coefficient of the control function may be the result of

the two biases canceling out each other. We provide more evidence to this explanation and discuss

the decomposition of the two effects in Section 4.2.

4.1.3. Surgery We present the results for Surg patients in Table 8 columns 6 and 7. The

coefficient of the ward occupancy is negative and statistically significant. Similar to GenMed and

Cardio, we find substantial load balancing behavior in the daily average routing decisions for Surg

patients. Increasing the occupancy for a Surg primary ward from 90% to 95% is associated with a

4.3% decrease in the probability of admitting a patient into that ward on average.

Similar to GenMed, the control function has positive and statistically significant coefficient, which

suggests that the bias caused by patient-ward specific unobservables might be more substantial

than the bias caused by non-ED admissions. We postpone the discussion about the decomposition

of the two effects to Section 4.2.

4.2. Daytime vs. Nighttime Load Balancing Behavior

We present the estimation results for each specialty of patients who arrive during the day, between

7am and 9pm, and at night, between 9pm to 7am, separately in this section. The separate analysis

helps us investigate the potential differences in the load balancing behavior of the bed management

team in daytime and nighttime. In addition, since the non-ED patients arrive mostly during daytime

only, the separate analysis also helps us decompose the impact of the two types of biases on the

estimated load balancing behavior.

We present the daytime and nighttime results for GenMed patients in columns 2 and 3 in Table

9, respectively. During the day, we find that although the coefficient on occupancy is negative and

statistically significant, suggesting the presence of load balancing behavior, the magnitude of the
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GenMed Cardio Surg
Occupancy -3.85∗∗∗ -5.63∗∗∗ -4.77 ∗∗∗ -4.53 ∗∗∗ -1.89 ∗∗∗ -3.93∗∗∗

(0.51) (0.80) (0.66) (1.26) (0.51) (0.67)
Control Function 1.79 ∗∗ -0.30 2.51∗∗∗

(0.71) (1.20) (0.52)
Intercept Off-service 1 -3.82∗∗∗ -4.00∗∗∗ -1.99∗∗∗ -1.99∗∗∗ -3.14∗∗∗ -3.21∗∗∗

(0.68) (0.74) (0.68) ( 0.78) (0.91) (1.15)
Intercept Off-service 2 -2.72∗∗∗ -2.51∗∗∗ -2.53∗∗∗ -2.20∗∗∗ -2.17∗∗∗ -2.26∗∗∗

(0.70) (0.72) (0.51) (0.51 ) (0.64) (0.67)
Num. of Obs. 4621 4621 2849 2849 2824 2824
Log-Likelihoood -5885.2 -5876.7 -3512.4 -3512 -3863.5 -3849.2

Table 8 Estimated coefficients and standard errors (in parentheses) of key coefficients with and without

control function by specialty (∗,∗∗,∗ ∗ ∗ indicates statistical significance at 10%,5%,1% level.)

coefficient is only about 65% of the daily average. The result shows that the bed management team

does not take load balancing into account as much in routing GenMed patients during daytime. One

possible explanation is that almost all discharges happen during the day, and the bed management

team might anticipate more beds will become available during the day. As a result, the routing

decisions do not respond to the occupancy level at the beginning of the sample period and the

load balancing behavior is not as prominent. In addition, contrary to the daily average analysis for

GenMed patients, the coefficient of the control function is not statistically significant.

The nighttime result, however, shows a different pattern. First, the coefficient on occupancy

is statistically significant and 40% higher than the the daily average. This shows that the the

load balancing behavior plays a key role in the routing decision during the nighttime. Second,

the control function is positive and significant, which suggests that there is significant selection

bias. In particular, the estimated load balancing behavior would be much smaller without using

the instrumental variables and the control function in the estimation. Note that since there is no

non-ED admissions during the nighttime, only the first type of bias is potentially present in the

estimation. The result suggests that the bed management team has a strong preference to admit

more severe patients to the primary wards given the limited amount of resources available in the

hospital at night, which leads to the significant patient selection in the nighttime. Our result clearly

shows that without addressing the selection on unobserved patient severity in the routing decisions,

the estimated load balancing behavior can be substantially biased.

Columns 4 and 5 in Table 9 provides the daytime and nighttime results for Cardio patients. For

daytime admissions, we do not find evidence that the bed management team takes load balancing

into account when routing Cardio patients. The control function has a statistically insignificant

coefficient. Similar to the the daily result discussed in the previous section, the two types of

unobservables leading to two biases of opposite directions can explain the insignificant coefficient

of the control function.
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For the nighttime analysis, we find that load balancing plays an important role in the bed

management team’s routing decision for Cardio patients. The coefficient of occupancy is statistically

significant and large in magnitude. In particular, when a Cardio primary ward’s occupancy increases

from 90% to 95%, the probability of admitting a patient into that ward decreases by 9.3% on

average. The coefficient of the control function is also statistically significant. The positive sign

suggests that the first type of bias introduced by selecting more severe patients to primary ward

admissions is substantial, which is consistent with our intuition.

We present the results for Surg patients in columns 6 and 7 in Table 9. Similar to GenMed, we

find substantial evidence of load balancing behavior in patient routing decisions during the daytime.

Moreover, the positive coefficient on the control function indicates that the bed management team

selects more severe patients to be admitted into the primary wards which highlights the importance

of the control function approach. The nighttime result is similar to the daytime, with slightly higher

magnitude for both the load balancing coefficient and the control function coefficient.

GenMed Cardio Surg
Daytime Nighttime Daytime Nighttime Daytime Nighttime

Occupancy -3.66∗∗∗ -7.66∗∗∗ -2.59 -8.83 ∗∗∗ -3.30∗∗∗ -4.10∗∗∗

(1.16) (1.13) (1.67) (1.89) (0.90) (1.04)
Control Function -1.29 5.76∗∗∗ 0.75 5.17∗∗∗ 2.75∗∗∗ 5.51∗∗∗

(1.11) (0.95) (1.65) (1.69) (0.78) (0.76)
Intercept Off-service 1 -4.99∗∗∗ -2.15∗∗∗ -2.08∗∗ -2.07 ∗∗ -3.77∗∗ -2.13∗

(1.13) (0.69) (1.08) (0.83) (2.21) (1.30)
Intercept Off-service 2 -3.80∗∗∗ -1.52∗ -2.36∗∗∗ -2.57∗∗∗ -2.09∗∗∗ -1.34

(1.37) (0.80) (0.59) (0.91) (0.84) (1.05)
Num. of Obs. 3200 1421 2005 844 1847 104
Log-Likelihood -3519.5 -2269.2 -2388.4 -1065 -2395.6 -1470.5

Table 9 Estimated coefficients and standard errors (in parentheses) of key coefficients for daytime and

nighttime (∗,∗∗,∗ ∗ ∗ indicates statistical significance at 10%,5%,1% level).

For the daytime and nighttime analyses, we find consistent evidence across all specialties that

the magnitude of the load balancing behavior is substantially higher in the nighttime than daytime.

The finding suggests that the bed management team has a stronger preference for load balancing

when routing patients at night than during the day. There are several possible explanations to this

behavior. One is that, since discharges happen during the day only, the bed management team

expects more beds becoming available when routing patients during the day, and, thus, is less

cautious about balancing load then.

Among all six sets of results presented in Table 9, the daytime analysis for Cardio is the only

setting where we do not find evidence for load balancing behavior. Since Cardio wards have the
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highest occupancy during the day, we investigate this setting further by allowing for different

coefficients for different occupancy levels. In particular, we include three additional occupancy

variables in the choice model: Ojt×1Ojt>90%, Ojt×1Ojt>95%, and Ojt×1Ojt>99%. In other words, we

allow for different load balancing factors when the occupancy is higher than 90%, 95%, and 99%.

We present the estimation results for this model in Table 10. While the estimated load balancing

factor for the lower levels of occupancy level remains statistically insignificant, it is negative and

significant when the occupancy is above 99%. This suggests that the bed management team in fact

takes load balancing into account when routing Cardio patients during the day, but only responds

to very high occupancy levels. In particular, increasing a Cardio primary ward’s occupancy from

99% to 100% is associated with a 6% decrease in the admission probability on average.

Occupancy Occupancy > 90% Occupancy > 95% Occupancy > 99% Control Function
0.02 -0.18 -0.04 -0.28∗∗ -0.80

(2.61) (0.20) (0.13) (0.11) (1.67)
Num. of Obs. 2005
Log-Likelihood -2384.9

Table 10 Estimated coefficients and standard errors (in parentheses) of key coefficients for Cardio in daytime

(∗,∗∗,∗ ∗ ∗ indicates statistical significance at 10%,5%,1% level).

4.3. Digression: Implication for Commonly Used Occupancy IVs

Our estimation results provide strong evidence for the load balancing behavior in inpatient ward

routing decisions. An interesting byproduct of the results is the finding that unobserved patient

and system factors play an important role in patient routing decisions, which is suggested by the

significant coefficients on the control function observed repeatedly across different specifications

of the estimation. This finding has important implications to the broader empirical healthcare

research, in terms of the validity of one of the most commonly adopted identification strategy–i.e.

using the occupancy as instrumental variables.

In many empirical healthcare studies, we are interested in estimating the causal effect of certain

operational decisions, such as admission delay or off-service placement, on patient outcomes. One

common challenge is that the unobserved patient features and system factors can potentially bias

the estimation result. Many studies adopt the strategy of using occupancy to construct instrumen-

tal variables to solve the omitted variable bias (KC and Terwiesch 2012, Kim et al. 2015, Song

et al. 2019). The main assumption for the validity of the occupancy based IVs is that the system

occupancy at the time of the patient’s arrival is uncorrelated with any unobserved variables which

could affect the operational decisions of the physician. Our estimation results, however, suggest

that this assumption can be problematic in some settings.
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The positive and significant coefficients of the control function found in the nighttime analyses for

all three specialties in our estimation show that the occupancy of the ward is positively correlated

with unobserved patient severity. The reason is, as discussed before, that when the occupancy level

increases, the bed management team might select more severe patient to be admitted into the

primary ward. The selection of the patients on the unobserved severity invalidates the assumption

under which the occupancy is used for the construction of IVs. In particular, in this case, when we

compare patient outcomes for those admitted to the primary ward and those who are not (driven

by the change of the value of the IVs), we are studying significantly different patient subgroups

with different unobserved severity levels, which introduces bias in the causal effect of the admission

(or waiting) decision of interest.

5. Impact of Load Balancing Behavior on System Performance

Given the estimated patient routing model and the load balancing behavior, we explore how changes

to the load balancing behavior affect system performance through counterfactual simulations. We

focus on three system performance metrics: the proportion of patients being placed off-service,

the average occupancy, and the number of high occupancy periods. The off-service placement

proportion represents the quality of care and is indicative of the clinical outcomes. The average

occupancy and the number of high occupancy periods are measures of congestion. The number of

high occupancy periods has also been shown in the literature to have negative impact on patient

outcomes (Caldwell 2001, Chan et al. 2016, KC and Terwiesch 2009).

We consider two sets of counterfactual analysis for the two largest and busiest specialties: Gen-

Med and Cardio. First, given the large differences in the load balancing behavior between daytime

and nighttime patient routing decisions, we investigate the impact of reducing the daytime and

nighttime difference on system performance in Section 5.1. We find that by adjusting the load

balancing behavior alone, the system performance can be substantially improved. The magnitude

of the improvement for some wards is comparable to that of increasing the capacity by one per-

manent bed, which could be financially and physically difficult to implement. Second, we study

how allowing for different degrees of load balancing behavior on different off-service wards changes

system performance in Section 5.2. In particular, we study the effect of applying different load

balancing factors to the off-service wards that are commonly used by both GenMed and Cardio

when routing GenMed patients. We find that this behavioral change in GenMed routing policy has

a significant impact on the occupancy of Cardio primary wards which are the busiest wards in the

inpatient network. This highlights the benefits of utilizing routing behavior and system network

structure to reduce congestion and effectively manage inpatient wards capacity.

Before we discuss our analyses and results, we first give a brief overview of the simulation model

used in our counterfactual analyses. More details of the model can be found in Appendix A.
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Simulation model. We combine the estimated routing decision with a highly specialized queueing

network model with multiple classes (specialties) of patients and multiple pools (wards) of servers

(beds) to conduct the counterfactual analyses. The simulation model allows us to systematically

evaluate the impact of the routing decisions on wards’ occupancy, which in turn affects future

routing decisions and occupancy. The model also captures the network connectivity along with other

salient features in managing inpatient wards. Note that even though our counterfactual analyses

focus on the load balancing behavior for GenMed and Cardio ED admissions, the simulation

model needs to capture the entire inpatient ward network with patients from other specialties

and other admission sources to accurately evaluate the system level performance. The model is

carefully calibrated to the observed performance from data. Figure 3a shows the proportion of

patients admitted into off-service wards for each specialty observed in the sample and predicted by

the simulation model. Figures 3b and 3c compare the observed and simulated average occupancy

for each ward at 8pm and 6am, respectively. The result shows that our model provides accurate

predictions for the off-service proportions in each specialty and the average occupancy of the wards.

We also calibrate the off-service proportion and the assignment to each individual ward for daytime

and nighttime separately; see Table 14 in Appendix A. Above all, our model enjoys high fidelity

and is able to match key empirical performance metrics well.

(a) Off-service proportion

(b) Ward occupancy at 8pm (c) Ward occupancy at 6am

Figure 3 Simulation calibration results.
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5.1. Adjusting Daytime and Nighttime Load Balancing Factor

As discussed in Section 4.2, the bed management team puts much higher weight on load balancing

when routing patients at night compared with during the day. Since there is no significant differ-

ences between daytime and nighttime patients’ severity, we investigate the impact of adjusting the

load balancing factor for the daytime on system performance metrics.

We conduct two counterfactual experiments. First, we adjust both the daytime and nighttime

load balancing factor to the average of the estimated daytime and nighttime levels. Second, we

increase the daytime load balancing factor to the estimated nighttime level and let the nighttime

load balancing factor stay at the estimated level. In each experiment, we change the routing policy

separately for Cardio and GenMed specialties, one at a time. We simulate the patient routing

decisions using the daytime and nighttime model for each day. The result for Cardio is presented

in Table 11. We include in Table 11 the occupancy of those wards where a change is observed in

the experiments only. The average occupancy at 6am is presented in the upper panel of Table 11

and the average occupancy at 8pm in the lower panel.

In Table 11, we observe that the two primary wards for Cardio see substantial reduction in

average occupancy for both levels of adjusted load balancing factor, at both 6am and 8pm. For

example, when increasing the load balancing factor during the day to be at the same level as that

at night, the occupancy of primary ward W12 reduces by 3.7% at 8 pm and 3.4% at 6 am. The

off-service ward with relatively low occupancy, on the other hand, receives more Cardio patients,

which leads to higher average occupancy. The overall average occupancy in the system does not

change. We highlight that even though the nighttime load balancing factor is at the same level or

at a lower level in these two experiments, the increase in daytime load balancing factor also leads

to substantial reduction of primary wards occupancy at night. In other words, more uniform load

balancing behavior throughout the day provides substantial reduction to the average occupancy

for both daytime and nighttime. In addition to the changes in the average occupancy, for Cardio

primary ward W12, the probability of experiencing an occupancy level above 95% at 6am reduces

from 58.2% to 53.0% and 46.9% for the two experiments, respectively. For the 8pm result, the

probability of experiencing a high occupancy above 95% reduces from 45.7% to 39.6% and 32.9% for

the two experiments, respectively. Combining the daytime and nighttime effects, both experiments

lead to a reduction of between 22 to 44 high-occupancy days in a year for ward W12, which has

about 34 patients on average in service. The magnitude of the effect is comparable to increasing

one permanent bed in primary ward W12 which can be financially and physically challenging to

implement.

We also calculate the change in average off-service proportion for the two experiments. The

results are summarized in Table 12. For both experiments, while the daytime off-service proportion
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6am Occupancy
Ward Type Ward Baseline Experiment I Experiment II

Primary W10 98.8% 96.3% 96.0%
W12 98.1% 96.3% 94.7%

Off-service W8 78.1% 80.2% 82.1%
W13 96.2% 96.5% 96.5%

System Avg 89.9% 89.8% 89.8%

8pm Occupancy
Ward Type Ward Baseline Experiment I Experiment II

Primary W10 93.6% 91.2% 91.2%
W12 94.7% 92.8% 91.0%

Off-service W8 71.3% 73.5% 75.4%
W13 89.1% 89.4% 89.5%

System Avg 84.5% 84.3% 84.4%

Table 11 Occupancy for Cardio primary and off-service wards

increases, the nighttime off-service proportion decreases. The overall off-service proportion increases

but only by a small magnitude, 3% - 5%, which can be translated to an increase of less than half

a patient placed off-service per day. This suggests that the hospital can achieve the benefits of

lower occupancy in the busiest wards in a relative safe way through changing the load balancing

behavior alone. The results for GenMed are similar and can be found in Appendix C.

Proportion of Off-service Patients
Baseline Experiment I Experiment II

Daily 40.6% 43.3% 45.6%
Daytime 34.7% 40.0% 45.4%

Nighttime 55.9% 53.1% 50.8%

Table 12 Proportion of Cardio patients admitted to off-service wards

5.2. Heterogeneity in Load Balancing Factor and Network Effect

The first set of counterfactual experiments discussed in the previous section provides one way of

managing congestion. By adjusting the daytime and nighttime load balancing factors, the high

occupancy periods in Cardio primary wards can be substantially reduced. However, the change does

lead to a higher off-service proportion. Although the increase in off-service proportion is limited, it

might still be undesirable for the hospital since a few more patients would be placed in off-service

wards. In the second set of counterfactual experiments, we explore alternative ways of reducing

congestion for the busiest wards – Cardio primary wards. In particular, since GenMed and Cardio

share off-service wards in the network, we investigate the impact of allowing for heterogeneity in

the load balancing factors for GenMed’s routing policy on the occupancy of the Cardio primary

wards. The idea is that if changing the load balancing factors for GenMed routing policy can lead
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to substantial workload reduction for those off-service wards shared with Cardio, Cardio may be

able to send more patients to those wards, which in turn may help reduce the occupancy of Cardio

primary wards. Moreover, the cost of this change can be very low for GenMed patients for the

following reason. The heterogeneity of load balancing factor can be applied to the GenMed off-

service wards only, so that the off-service proportion for GenMed can stay the same, and the only

change is how the off-service patients are allocated among different off-service wards.

Motivated by the idea above, we simulate the following counterfactual. First, we divide the

four main off-service wards for GenMed into two groups, G1 and G2. G1 contains the two wards,

W8 and W13, which also serve as main off-service wards for Cardio. G2 contains the other two

wards, W4 and W9, which receive fewer patients from Cardio. Second, we allow for heterogeneity

in the load balancing factor for G1 and G2 wards. In the first experiment, we increase the load

balancing factor for G1 wards to be twice the size of the estimated level, which implies that the bed

management team pays more attention to load balancing for G1 wards. In the second experiment,

we increase the load balancing factor for G2 wards to be twice the size of the estimated level. This

suggests that the bed management team puts more weight on balancing the load in G2 wards. In

both experiments, we keep the overall off-service proportion the same as before, i.e., we are only

changing how the off-service patients are allocated between G1 and G2 wards. The routing policy

of Cardio and other specialties stays the same.

We present the results in Table 13. The upper panel shows the average occupancy by ward at

6am, and the lower panel shows the average occupancy by ward at 8pm. In the first experiment,

the average occupancy of G1 wards at 6am decrease substantially, since the bed management team

routes fewer patients there when their occupancy increases. For example, at 6am, the occupancy

of Ward W13 in G1 deceases from 96.2% to 86.8%. The average occupancy of G2 wards increases.

More importantly, the two Cardio primary wards’ average occupancy also decreases as a result of

the increased available capacity to Cardio patients in G1 wards. At 6am, the average occupancy of

the two Cardio primary wards reduces from 98.8% to 97.2% and from 98.1% to 97.4%, respectively.

At 8pm, the average occupancy for the two wards reduces from 93.6% to 92.3% and from 94.7%

to 94.1%, respectively. Both wards are among the ones with highest occupancy among all the

inpatient wards. This experiment shows that changing the load balancing behavior alone can

provide significant benefits with little clinical or financial costs to managing congestion in the

complex inpatient ward network.

In the second experiment in Table 13, we note that, as expected, the average occupancy for

G1 wards increases and for G2 wards decreases. Most noticeably, the occupancy of W13 in G1

at 6:00 am increase from 96.2% to 102.7% (We allow the ward occupancy to go above 100%; our

partner hospital uses trolley beds to create surge capacity and the observed bed occupancy went
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above 100% occasionally). As G1 wards are also commonly used off-service wards for Cardio, the

increase in their occupancy implies that less Cardio patients can be routed there. We thus see an

increase in the average occupancy of Cardio primary wards in both daytime and nighttime, ranging

from 0.5% to 1%. The result shows the other side of the load balancing behavior: small behavioral

mismanagement can lead to substantial damage to system performance.

6am Occupancy
Ward Type Ward Baseline Experiment I Experiment II

G1 W8 78.1% 72.6% 83.8%
W13 96.2% 86.8% 102.7%

G2 W4 83.9% 92.8% 78.8%
W9 88.7% 98.4% 78.9%

Cardio W10 98.8% 97.2% 99.9%
W12 98.1% 97.4% 98.6%

8pm Occupancy
Group Ward Baseline Experiment I Experiment II

G1 W8 71.3% 66.7% 76.1%
W13 89.1% 81.1% 94.7%

G2 W4 77.9% 85.4% 73.4%
W9 82.7% 90.9% 74.4%

Cardio W10 93.6% 92.3% 94.4%
W12 94.7% 94.1% 95.2%

Table 13 Occupancy by ward under heterogeneous of load balancing factors

6. Conclusion

In this paper, we take a structural estimation approach to study the load balancing behavior

when managing the network of inpatient wards. We use a control function approach to address the

endogenity of occupancy, and quantify the causal effect of occupancy on patient routing decisions.

In particular, a higher occupancy is associated with a lower probability of routing patients to

that ward. The magnitudes of the load balancing effect are different across different specialties

and between daytime and nighttime admissions. Based on the estimated load balancing effect and

routing policy, we conduct counterfactual analyses using a high-fidelity network model. We find that

adjusting the load balancing behavior of the bed management team to be more uniform between

daytime and nighttime can substantially improve system performance. In addition, allowing for

heterogeneity in the load balancing factor of different off-service wards for GenMed’s routing policy

has a significant impact on the occupancy of Cardio primary wards, which are the busiest wards

in the hospital. Our finding highlights the benefits of utilizing the load balancing behavior and

system network structure in managing bed capacity.
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The setting of our study is inpatient wards in hospitals, but the methods we propose can be

applied to other service systems. Better understanding of the load balancing behavior in service sys-

tems from the empirical perspective greatly complements the modeling and optimization literature

in this area. In particular, identifying various factors that enter the routing decisions and quanti-

fying their corresponding weights assigned by the decision makers are key to help researchers build

better models and develop better strategies to study the management of networks of resources.

Our estimation results also have important implications for many empirical studies in healthcare

operations management where occupancy is commonly used as an instrumental variable. Our results

suggest that there is substantial selection in unobserved patient severity for those admitted patients

when occupancy changes. The selection introduces bias in the causal effect of the admission (or

waiting) decision on patient outcomes. Thus, caution needs to be taken when using occupancy as

an instrument in these settings.

References
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Appendix A: A High-fidelity Stochastic Network Model

To conduct the counterfactual analysis, we simulate a stochastic network model to capture the inpatient flow

dynamics. This stochastic model is built upon the one developed in Dong et al. (2019), which incorporates

multiple classes of patients (from different admission sources and specialties) and multiple pools of servers

(inpatient ward beds). In this section, we introduce the key components of this simulation model. We also

provide some additional calibration results.

Key components. The key components of the stochastic network model include a detailed network struc-

ture, routing policies based on our estimate choice models, and off-service slowdown, i.e., increased LOS due

to off-service placement.

• Network structure: There are J = 13 inpatient wards (server pools), where the j-th pool has Nj beds

(servers). Patients are classified into I = 8 medical specialties (classes). Each specialty has seven different

subclasses representing different admission sources, including the ED, EL, and ICU transfer admissions.

• Time-varying arrivals and discharges: It is clear from Figure 2(a) that the arrivals have a time-varying

patterns. We model the arrival process for each subclass as a nonhomogeneous Poisson processe with its

corresponding periodic arrival-rate function (the period is equal to one day). In addition, the discharges

are also clustered in the afternoon as from Figure 2(b). To capture the block discharges, we model a

patient’s serivce time in the model (i.e., the length of stay) in two time scales: an integer number of

days, dlos, estimated from the number of days each patient spent using 10am as the start point of a day;

and a real number of hours, hdis, corresponding to the discharge delay between the morning rounds (10

am) on the day of discharge and the actual departure time of the patient.

• Routing decisions: We take a fully data-driven approach and fit randomized routing policies from the

estimated choice models presented in this paper. We give a more detailed discussion on how to transform

the choice model to the routing policy below.

• Off-service slowdown: Using data from the same partner hospital, Dong et al. (2019) estimate the causal

effect of admission delay and off-service placement on the patient LOS. That is, there is a 17% increase

in the LOS for patients who are placed off-service. Song et al. (2019) find a similar slowdown effect.

We incorporate this slowdown effect in the simulation model.

Routing policies. A major role of the simulation model is to provide a platform for us to conduct

counterfactual analysis on how changes in the load balancing behavior would affect the bed assignment

decisions, the occupancy levels, and off-service proportions. Note that the bed assignment decisions and

occupancy levels are highly correlated. For example, higher occupancy leads to fewer bed assignments due

to the load balancing effect, which then reduces the occupancy and will consequently affect future bed

assignments. The network structure further complicates the evaluation of occupancy and bed assignments

(primary vs off-service proportions). This is why a simple back-of-envelope calculation is not sufficient to

perform the counterfactual study. To calibrate the simulation model such that it has enough fidelity to

capture the interplay between bed assignment decisions and occupancy levels, it is important to account for

all the salient features mentioned above, in particular, use a proper routing policy in the model.
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For all admissions, we use a randomized routing policies, where a class i patient is assigned to a ward j at

time t with some probability pijt. For EL and ICU transfer admissions, since we do not change their routing

behaviors in the counterfactual study, we estimate these probabilities, pijt’s, directly from the empirical

routing probabilities, i.e., the empirical proportion of class i patients routed to ward j for the time period that

t belongs to. We estimate the empirical proportions for three time periods: morning (7am-noon), afternoon

(noon-9pm), and nighttime (9pm-7am).

For the ED admissions, we estimate pijt’s from the fitted choice model in Section 4. We use the model

specifications that estimate daytime and nighttime separately. To be consistent with the choice models, for

patients arriving during the daytime, we use the 6am occupancies as the reference point and calculate pijt’s

in the simulation; for the nighttime, we use the 8pm occupancies as the reference point. Then we randomly

choose a ward j for this patient according to the calculated probabilities and admit the patient to ward

j. We note that very occasionally a patient may be assigned to a full ward; this does not happen often

due to the negative load balancing coefficient associated with high ward utilization, i.e., the probabilities

of assigning a patient to a full ward are very small. When this does happen, to ensure the simulated ward

assignments are consistent with the estimated choice model, we use “surge capacities” in assigned ward so

that the patient will still be admitted, i.e., the capacity only imposes a soft constraint. The practice of using

surge capacities such as putting temporary beds in corridors is used in our partner hospital. Furthermore, we

note that since our choice model is estimated based on the daily level and focuses on the final assigned ward

for each patient, i.e., it does not capture the dynamics on the hourly scale, our main target is to ensure the

simulation model to be able to calibrate (i) the occupancy levels at the the important time points: midnight,

6am and 8pm; and (ii) the assignment proportions to each ward during the daytime and nighttime. We do

not aim to calibrate the hourly performance metrics such as waiting time at each hour as Dong et al. (2019)

due to the different focus in this paper.

Figure 3 in the main paper shows that our simulation can calibrate the occupancies at the cutoff points

and the off-service proportion accurately. We emphasize here that we are able to not only calibrate the

overall off-service proportion for each specialty, but also the assignment proportions to each individual ward

for each specialty. Table 14 compares between the observed and simulated assignment proportions to each

ward for Cardio and GenMed in the daytime and nighttime.

Appendix B: Additional Estimation Results

In this section, we provide a snapshot of the estimation results of our full model. Figure 4 lists the estimation

results of the first stage model for W2 (a primary ward for GenMed), W3 (a primary ward for Surg), and W12

(a primary ward for Cardio). Figure 5 lists the estimation results of the second stage model for GenMed. In

the reported results in Figure 5, we exclude non-ED arrivals from specialties that do not have any significant

impact (i.e., all the coefficients are statistically insignificant) while we still include them in our estimation

model. The coefficients of W2, which is a primary GenMed ward, are normalized to be zero.
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Figure 4 Estimation of the first stage model. ((e x) denote 10−x. ∗,∗∗,∗ ∗ ∗ indicates statistical significance at

10%,5%,1% level.)
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Figure 5 Estimation of the second stage model for Gen Med. ((e x) denotes 10x. ∗,∗∗,∗ ∗ ∗ indicates statistical

significance at 10%,5%,1% level.)
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Daytime Nighttime
Cardio GenMed Cardio GenMed

observed simulated observed simulated observed simulated observed simulated
W1 2% 2% 0% 0% 7% 7% 2% 2%
W2 2% 2% 56% 52% 4% 4% 36% 34%
W3 2% 2% 0% 0% 3% 3% 3% 3%
W4 3% 3% 3% 2% 5% 5% 6% 5%
W5 4% 4% 2% 1% 5% 4% 3% 3%
W6 1% 1% 1% 1% 4% 4% 3% 3%
W7 1% 1% 27% 33% 2% 2% 19% 21%
W8 5% 4% 2% 2% 9% 10% 7% 6%
W9 5% 5% 2% 3% 5% 5% 8% 9%
W10 13% 8% 0% 0% 11% 13% 1% 0%
W11 0% 0% 0% 0% 0% 0% 1% 1%
W12 49% 58% 0% 0% 36% 31% 1% 1%
W13 14% 10% 6% 4% 9% 11% 11% 12%

Table 14 Observed and simulated assignment proportions to each ward: Cardiology and General Medicine.

Appendix C: Additional Counterfactual Results

Table 15 reports for GenMed the change in average occupancy for the two experiments conducted in the first

counterfactual as introduced in Section 5.1. Table 16 reports the change in average off-service under these

two experiments. The observations are similar to those for Cardio. For both experiments, the primary wards

occupancy show significant reductions. While the daytime off-service proportion increases, the nighttime

off-service proportion decreases. The overall average off-service proportion remains similar.

6am Occupancy
Ward Type Ward Baseline Experiment I Experiment II

Primary W2 95.8% 95.2% 93.0%
W7 98.1% 97.2% 95.1%

Off-service W8 78.6% 79.3% 81.3%
W13 96.2% 96.2% 96.0%

System Avg 89.9% 90.0% 90.0%

8pm Occupancy
Ward Type Ward Baseline Experiment I Experiment II

Primary W2 88.0% 87.3% 84.9%
W7 92.7% 91.8% 89.6%

Off-service W8 71.8% 72.6% 74.7%
W13 89.1% 89.1% 89.1%

System Avg 84.5% 84.5% 84.5%

Table 15 Occupancy for GenMed primary and off-service wards
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Baseline Experiment I Experiment II
Daily 25.6% 26.4% 27.5%

Daytime 17.3% 19.3% 22.1%
Nighttime 44.8% 43.5% 42.4%

Table 16 Proportion of GenMed patients admitted to off-service wards
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