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ABSTRACT
Data proliferation, referring to the explosion in data generation by organizations, leads us
to spend considerable efforts on managing the data and retrieving the useful information
from such huge amounts of data. This drives researchers to explore efficient approaches
for analyzing the data and deriving insights to make better decisions. In this thesis, we
develop four different decision support models based on network analytics and machine
learning methods to solve four different research problems in online social networks and
healthcare systems.
In most of the real-world networks such as Facebook networks, each node usually
contains multiple attributes representing the node’s characteristics. It is difficult to identify
the dominant attributes, which have determining effects on community formation. In this
thesis, we disclose the association of node attributes to the community topology by
defining dominance ratio and applying correlation metrics. The method is tested on
Facebook data of 100 universities for uncovering how the offline lives infer online
friendship construction.
Healthcare systems are known to have huge amounts of data due to recording patient
clinical history. In this thesis, we develop three different recommendation and prediction
models using network-based methods and machine learning to support healthcare
providers in making daily operational decisions. The first model, SuperOrder, is an
automated recommendation system for outpatient clinics to predict what medical orders
the providers would like to place for the upcoming appointments. The implementation of
SuperOrder will increase order effectiveness and ease order documentations. The second
model is to predict hospital length of stay (LOS) for patients who are admitted through
emergency departments (ED). The LOS model can help ED physicians make better
decisions on hospitalization at the time of admission, as well as reduce ED boarding time
and solve ED overcrowding problem. The third model is to predict the remaining length of
stay (RLOS) for general adult inpatients to determine which patients can be discharged
from hospitals today or tomorrow. Unlike the LOS model which helps in admission
decisions and demand forecasting, the RLOS model supports in discharge planning and
bed availability forecasting. All of these three healthcare prediction models are expected
to be implemented in Geisinger Health System and integrated into their daily workflows to
support providers’ daily decisions.
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Chapter 1: Introduction

1.1. Data Proliferation
With the advent of information technology and availability of inexpensive data storage
infrastructure, data proliferation has affected many of the businesses, such as health systems
and e-commerce. In 2015, around 6.5 Zettabytes of data was generated and according to
Nations Economic Commission for Europe, the amount of the data will rise to 40 Zettabytes
in 2020. There are many problems derived from data proliferation. First, it requires more
manpower to organize and manage the data. In addition, it is very difficult to retrieve the
information from the huge amount of data, especially when data are not stored in an
organized way or when there are multiple data types and resources. In order to solve these
problems, it requires efficient and effective data analytic techniques to deal with this huge
amount of the data and retrieve the useful information from the data.
Healthcare systems are known to have had large amounts of data due to recording patient
clinical history, patient feedback, claims and pharmaceutical research. With the increasing
use of sensing devices and mobile applications, the growth of healthcare data increases
dramatically. This drives research and development teams to analyze the data and derive
insights for making better healthcare decisions. This process is termed as healthcare analytics.
In addition to the huge amount of data in healthcare, it has been estimated that one third of
the U.S. expenditures on healthcare are wasteful [1]. This accelerates researchers to focus on
healthcare analytics to reduce waste and optimize the hospital processes.

1.2. Introduction of Data Analytics
There are a number of data analytic techniques for solving big data problems. In this thesis,
we use graph analytics and machine learning methods to solve online social network
problems and problems in health systems.
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1.2.1. Introduction of Graph Analytics
by network
The interactions of components in most of the real systems can be captured
c
structure, in which a node represents a component and a link between two nodes stands for
their relationship. Figure 11.1 (a) represents an airline system in U.S., in which a city is
here is a direct flight between them [2].
assigned to a node and an edge connects two cities if tthere
Figure 1.1 (b) is a metabolic network where each node is a metabolite
metabolite and edges correspond
to biochemical reactions interconverting within the metabolites [3] .

(a) Airline network in the U.S. [2]

(b) Metabolic network [3]
Figure 1.1 Network structure in complex system
The analysis of network topology can infer various interesting properties of these complex
systems and thus has resulted in immense benefits in various
various research fields [4][5][6][7]. For
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instance, previous studies have shown that many of real networks are scale-free, which refers
to the fact that most of the nodes have only few connections to others and few of the nodes
possess most of the connections [8][9][10]. As shown in Figure 1, only few nodes have high
degree, where the size of a node corresponds to its degree. The scale-free architecture
property is robust to random deletion, so that the Internet and airline systems would take
advantage of it when facing the random failure [11]. In addition to the scale-free property,
many of real networks have been found to possess small-world phenomenon, which
describes that the distance between any two nodes is much smaller than the network size [12].
The average path length from one city to another is 2.3 in Figure 1.1 (a), and the average path
length from one metabolite to another is 2.5 in Figure 1.1 (b). Both of them exhibit smallworld structure that reflects the minimal transition steps. It benefit to travelers in an airline or
railway system since only few stops between any two cities [13]. It also shows that from one
stage to another in a metabolism system, only few enzyme functions are required [14].
Community structure is another property which has been shown in many of real systems and
worth to exploring deeper to make inferences [15]. By definition, community structure is
exemplified by dense connections within a group of nodes and sparse connections between
groups as shown in Figure 1.2 (a) [15][16]. Many of real systems have shown that
community structure contains not only structural patterns but also presents functional and
organizational significance [16]. Figure 1.2 (b) illustrates the network of American football
games between Division I colleges [15][17]. Each node is one college and an edge between
two colleges means they played against each other during the regular season of Fall 2000.
The colors of the nodes represent different conferences that these colleges belong to. It shows
that colleges in the same communities usually belong to the same conferences. Other
examples like in a protein-protein interaction network, the groups of proteins correspond to
those with the same functions [18], and in a World Wide Web network, web pages with
related topics tend to group together [19].
Detecting communities in large networks is one of the solutions for the computational issue
in big data analytics [20]. As the amount of data is getting larger and larger, traditional
methods of data analysis result in an extremely large matrix and many questions we ask
cannot be answered. Partitioning the data into the functional patterns and investigating each
smaller piece can heuristically approach the exact answers [20]. Therefore, community
detection has no doubt is one of the active research areas of relevance to business intelligence
and analytics [21]. Big data describes not only the huge volume of data but also the high
variety of data [22]. The high variety for networked data can refer to the fact that each node
contains a number of different attributes to represent its characteristics. After a community
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detection algorithm is applied to a network, the
the important question we ask is: Given a
community are there any dominant attributes in this community? However, if each node can
be characterized by many attributes, it is difficult to identify which attributes have the
definitive effect with respect to comm
community formation and how much the effect is.

(a) A toy example of community structure

(b) The community structure in a football network

Figure 1.2 Community structure in networks

1.2.2. Graph Analytics and Machine Learning in Healthcare
Healthcare services are believed to be one of the largest complex systems that multiple
components (hospitals, providers, patients and family) are involved in through intricate
interactions [23][24].. The nonlinear and dynamic relationship in this system makes the
observable outcomes much more unpredictable. For example, the length of stay (LOS) of
patients estimated by physicians
physician upon admission is usually not accurate even the diagnosis
and medical history of the patient
patient are presented at that time. The interactions of many other
factors such as nursing care and patient health status during the hospital stay may also affect
and change the outcomes. In addition, healthcare services often produce undesired
luding infections, adverse drug reactions, readmissions and death. These
consequences, including
give the rise to the need of improving healthcare operational efficiency and driving the gain
in the service effectiveness.
The solutions for the long-term
long
operational improvement in healthcare include introducing
Lean Six Sigma thinking, simulation modeling of patient flow and scheduling optimization
her hand, when the resource is limited, short-term
decision
[25][26][27][28].. On the ot
other
short
[29][30]. Institute for
support models are more crucial to operational improvement [29]
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Healthcare Improvement (IHI) has developed an approach named real-time demand capacity
management (RTDC) to improve patient flow [31]. The idea of RTDC is that predicting
capacity and demand for a short period of time can help in developing daily operational plans
and facilitating patient flow [31]. Since predicting real-time demand and capacity for
clinicians is a heavy burden, recent studies in healthcare operation improvement start using
machine learning methods to automate real-time prediction process [29][30][32][33][34].
According to the textbook on Machine Learning by Tom Mitchell, the field of machine
learning is to answer the question of how to build computer systems that can automatically
learn and improve from experience [35]. Therefore, machine learning methods have been
used a lot to make predictions and give suggestions based on large amounts of data [36].
Some of the famous examples are Netflix’s and Amazon.com’s algorithms which make the
recommendations based on the past history and other customers’ experiences [37][38]. From
this viewpoint, machine learning methods can leverage the data in healthcare systems such as
electronic health records (EHR) to improve quality and efficiency of healthcare delivery. A
number of studies have utilized machine learning methods in healthcare systems, such as
predicting diagnosis and LOS, and estimating the risk of readmission and in-hospital
mortality [39][40][41][42][43][44][45][46]. Analogous to Netflix and Amazon.com’s
algorithms, other studies have used machine learning to develop clinical order recommender
in an inpatient setting. Integrating EHR data with biomedical data, recent research is focusing
on using machine learning methods for personalized medical treatment according to their
genetic and molecular properties.
In order to develop reliable and robust prediction models in such complex healthcare systems,
the interactions between and within inputs and outcomes have to be well studied. In addition
to machine learning methods, network structure is inherent in interpreting the complex
interactions in a system such as healthcare. Previous studies have performed social network
analysis on healthcare providers to assess their roles and influences to organizations and
patients [47][48][49][50]. Regarding operational improvement, some studies have derived a
queueing network model to illustrate patient flow in emergency department (ED) and
improve healthcare delivery [51][52][53]. However, network-based methods have been used
seldom in developing prediction models and supporting short-term hospital operation
decisions.
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1.3. Research Objectives and Contributions
In this thesis, we contribute to the two research aspects discussed above regarding network
analytics. (1) Develop computationally rigorous techniques for identifying dominant
attributes in the detected communities and investigate Facebook network data to demonstrate
the feasibility of the methods. (2) Develop prediction models to support short-term hospital
operation decisions using network-based methods integrated with machine learning methods.
We explore the data from EHR to demonstrate the powerfulness of network-based methods
for supplementing machine learning models.
1.3.1. Identifying Dominant Attributes in Communities
The objectives of identifying dominant attributes in communities include:
 Defining dominant attributes in terms of the whole community structure and in terms of
each local community.
 Developing a metric to quantify the dominance of the attributes with respect to a single
community.
 Identifying the effects of dominant attributes on community topology, such as size and
density.
In order to evaluate the efficacy of the methods in this part, we apply them to the data from
online social networks. The proliferation of the Internet led to the rapid development of
social networking sites such as Facebook. Users utilize Facebook to strengthen their social
relationship with their offline friends or others with similar interests, backgrounds and
disposition. They can have some online interactions with each other, and these online social
activities can also be brought to offline world and strengthen their social networks. The
ubiquity of online social networks makes e-marketing much easier than before [54][55]. To
promote a new product and target the right consumers in an effective and efficient way, sales
would like to know which kinds of customers can accelerate the promotion and who have the
preferences to which kinds of products. E-marketing applications rely heavily on the ability
to understand the structure of online social networks.
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1.3.2. Developing prediction models to support hospital operational decisions using
network-based methods integrating with machine learning
The development of real-time prediction models to support operational decisions in hospitals
includes three projects.
 Developing an automated recommendation system in outpatient clinics to predict what
medical orders the providers would like to place for the upcoming appointments.
 Developing a prediction model to estimate the hospital LOS of patients at the time
when patients receive ED services.
 Developing a remaining LOS (RLOS) prediction model to estimate when the patients
can be discharged.
Network structure is inherent in illustrating the interactions within a complex system such as
healthcare system. By using network-based inference methods combining with machine
learning methods, we aims at developing these three different prediction models to support
hospital operations decisions. The three projects are accomplished by using the retrospective
data from EHR at Geisinger Health System (GHS). All of the three studies have been
approved by the institutional review board of GHS and exempt from written, informed
consent.

1.4. The organization of thesis
The rest of the thesis is organized as shown in Figure 1.3. In Chapter 2, two research
questions discussed above are formally defined. One is to identify dominant attributes in
community structure. The other is to develop prediction models for supporting hospital
operational decisions, in which three research problems are involved in. Therefore, this thesis
is organized as a set of 4 papers. In Chapter 2 we describe the problems addressed in this
thesis. Each of these problems has lead to the development of a paper and the four papers are
described in Chapters 3, 4, 5 and 6, respectively. For the sake of completeness each of these
chapters contains the references used. After Chapter 7 we detail all the references used in
Chapters 1 and 2.
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Figure 1.3 Thesis organization
Chapter 3 contributes to an in-depth study of developing a metric to evaluate the dominance
of each attribute with respect to community structure and using this metric to analyzing
Facebook networks. Chapter 4 to 6 dedicate to answering the second research question,
which includes three projects with GHS. In this part, we begin with the development of the
provider order recommendation system in outpatient clinics in Chapter 4. Chapter 5 focuses
on establishing the LOS prediction model when patients receive ED services (LOS model).
Initiated by the limitation of LOS prediction model, Chapter 6 illustrates the model of realtime RLOS estimation for general adult inpatients (RLOS model).

9

Chapter 2: Problem Definition

2.1. Problem 1: Identifying dominant attributes in community structure
To demonstrate this research question, we mathematically define the community structure in
a network and then explain two meanings of dominant attributes with respect to community
structure. This is followed by the definition of dominant attributes in the community structure,
and the corresponding application to Facebook networks.
2.1.1. Definition of Community Structure
An undirected and unweighted network = ( , ) is composed of a set of nodes =
{ , , … , } and a set of edges . Network can be presented by the adjacency matrix ,
where ( , ) is an element of matrix A. The adjacency matrix A is described in below.
,

=

1, ( , ) ∈
0, otherwise

The size of network is the number of nodes in the network, denoted as | |. And the density
of network is defined as
=

2| |
| |(| | − 1)

Node and node are said to be neighbors if
,
for the neighborhood of node , where ( ) = { |

= 1. Then ( ) is utilized to stand
,
= 1}. And the degree of node

is written as
( ) = | ( )| =

,

There is no standard definition of the community structure in networks. In general,
community structure can be defined in terms of either local or global view. The local
definition of community structure concentrates on the cohesion of each single subgraph,
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which usually can be expressed by a fitness function. The fitness function
belonging to community

( ) for node

is written as
( )= | ( )∩ |−

where is a penalty function. If = (| | − 1), then community is a -quasi clique, which
is a community with density exceeding a threshold parameter ∈ (0, 1) [56]. If = , all the
nodes in community must have at least degree [57].
The global aspect of community structure regards each subgraph as an essential part which
cannot be taken away from the remaining parts of the system. Modularity perhaps is the
most popular quality function to define the community structure in the global view.
Modularity is a quality function comparing the actual density within subgraphs to the
expected density in corresponding random graphs [58]. Suppose ( ) is the community that
node

belong to. The function of modularity
=

1
2| |

,
,

−

can be expressed as the follows.
( )
2| |

where ( , ) is a two-variable function with a value of 1 if
resolution parameter ∈ (0, 1].

( ),

=

and 0 otherwise.

is a

For the sake of detecting community structure, many of previous studies have developed a
number of heuristic methods to maximize either the fitness function ( ) or the modularity
function
[2][58][59][60][61][62][63]. In addition to local and global definition of
community structure, other studies have used dynamic process or statistical-based inferences
taken place in a network to reveal its communities, such as label propagation algorithm [64].
2.1.2. Definition of Dominant Attributes in Community Structure
No matter by which method the communities are detected, the following question we ask is:
what are the dominant attributes contributing to this community formation? Dominant
attributes can be interpreted into two different ways: (1) in terms of the community structure,
and (2) in terms of a specific community. With respect to the whole community structure, we
can answer which categorical attributes can define the groups that quite correspond to the
network-structural communities. To do so, the grouping based on a given class of node
attributes can be regarded as one set of communities. Then the similarity of this grouping to a
set of algorithmically-detected communities is measured to quantify the effect of this attribute
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to community formation. However, different communities may have different dominant
attributes. For example, on Facebook, a community can be a group of users in the same
college or living in the same area, or a community can be a group of users with similar
interests. Using the above method, we know little about which attributes dominate a specific
local community and which local values of a specific attribute contributes to the local
community. Therefore, the other way is to identify dominant attributes in terms of a specific
local community. For one categorical attribute, there are several values to represent different
characteristics of node in terms of that attribute. For example, major is one of the attributes for
people in the university, and the values stand for different majors. For the sake of identifying
what values of attribute are dominant to a given community, we develop a metric to quantify
the dominance of each Attribute-Value pair (AV pair) and analyze whether different dominant
attributes affect community topology. We use Facebook data to test the feasibility of the
methods.

2.2. Problem 2: Developing prediction models to support hospital
operational decisions using network-based methods combining with
machine learning
2.2.1. SuperOrder: An Order Recommendation System in Outpatient Clinics
Orders placed by healthcare providers for care, treatments and diagnostic tests to patients are
termed as medical orders. To place a single order for a patient, it requires providers to
manually type the order name or keywords to find the order from the search results [65][66]. It
is a time and resource consuming process and may easily end up with wrong, missing or
duplicate orders. By recognizing this problem, some previous studies have suggested to create
and implement order sets with computerized physician order entry (CPOE) [64][65][69][70].
By definition, an order set is a prepackaged group of orders that are all related to a certain
clinical scenario or a specific medical condition. Four essential conditions have to be
accomplished in order to optimize the value of implementing order sets [64][65][69][70].
 Providers that will use these order sets need to be involved in the designing process in
order to check whether the order sets are consistent with their practice.
 Order sets have to be flexible so that they can fit the various needs of patients.
 Medical guidelines may change over the time as new studies show that the new medication
or procedure would be better in practice. Hospitals have to allocate resources to maintain
order sets and ensure order sets are up-to-date.
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 Hospitals have to routinely monitor the performance to confirm the launch of order sets
improves outcomes.
All of these conditions are necessary for having the successful implantation of order sets in
CPOE. However, the cost of meeting these four conditions is extremely high, which results in
low usage of order sets in many of hospitals [66][69][70][71][72]. In attempt to solve this
problem, recent studies have started to focus on developing intelligent automation function to
recommend providers the orders that are likely to be placed for patients based on existing
EHR data [70][72][73][74][75][76][77]. This function needed to be analogous to
Amazon.com’s recommendation system which suggested that those who bought A also
bought B. This idea is quite useful in inpatient settings, where the following recommendation
list is generated after initial diagnoses and orders are in place. However, this concept is not
applicable to outpatient clinics where a suggested list is demanded before the provider sees the
patient. Therefore, SuperOrder, an automated provider order recommendation system, is
developed to predict the order contents for upcoming outpatient clinics and make
recommendations to providers. It will help in easing order documentation and increasing order
effectiveness. Providers will have more time for patients and thus the care quality and patient
satisfaction will be enhanced.
2.2.2. Predicting the Hospital Length of Stay during Emergency Services
LOS is one of the critical criteria in determining patient status at the time of admissions. On
the basis of the definition provided by the Centers for Medicare and Medicaid Service (CMS),
inpatient status is appropriate when the expected LOS at least crosses two midnights [78].
Inpatients and outpatients are very different in terms of payment mechanism. Hospitals
receive payments based on a rate using Medicare Severity Diagnosis Related Group (MSDRG) for inpatients, while for outpatients, hospitals receive payments based on the services
that patients have used. Therefore, making right decisions on patient status
(inpatient/outpatient) are critical for physicians at the time of admission in terms of financial
aspects. Short and unnecessary inpatient hospital stays raise the questions regarding medical
resource waste, while holding patients in outpatient units for a long time lead to low quality
of care and patient discomfort. In addition, approximately half of the inpatient admissions are
from ED. It shows that a small number of physicians in ED, compared to other units within
the hospital, have a heavy burden to make decisions on patient admission and hospitalization.
Therefore, we develop LOS prediction model at the time of admission for patients who are
receiving ED services. The early LOS estimation for patients will help in early bed requests

13

and preparation, which lead to reducing ED boarding time and solving ED overcrowding
problem. In the meantime, it will also improve discharge planning process.
2.2.3. Remaining Length of Stay Estimation for General Adult Inpatients
As shown in section 2.2.2, we aim at predicting the entire LOS of patients at the time they
receive emergency services. The early LOS prediction helps in hospitalization decisions
(whether to admit the patients or not) and the rough estimation of the total resources
consumed. The use of these predictive models can facilitate the front-end patient flow, such as
reducing ED waiting and boarding time and solving ED overcrowding problem. However,
The LOS of patients, especially inpatients, is not only related to their health conditions when
they enter the hospitals, but also depends on their health status and the quality of care services
they receive during the following stay. Due to the high uncertainty during the hospital stay,
the methods for entire LOS prediction at hospital entry lack sufficient information to
accurately estimate when the end of LOS is (discharge time) [34]. As more and more clinical
and diagnostic information becomes available, LOS predictions for individual patients need to
be updated constantly over the hospital stay. Therefore, our objective is to develop a RLOS
model, which is designed to update the estimated discharge time for inpatients using real-time
EHR data on a daily basis. This RLOS model will provide clinicians a more consistent way to
communicate discharge readiness. Based on RLOS model, clinicians will have enough time to
prioritize discharges and remaining tasks. The launch of RLOS prediction model will facilitate
the discharge process as well as the entire patient flow. Increasing the rate of timely
discharges corresponds to reducing the risk of premature and delayed discharges. It will help
in decreasing mortality and readmission rate and increasing patient satisfaction.
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Chapter 3: Uncovering the Effect of Dominant Attributes on
Community Topology: A Case of Facebook Networks

Abstract
Community structure points to structural patterns and reflects organizational or functional
associations of networks. In real networks, each node usually contains multiple attributes
representing the node’s characteristics. It is difficult to identify the dominant attributes,
which have definitive effects on community formation. In this paper, we obtain the
overlapping communities using game-theoretic clustering and focus on identifying the
dominant attributes in terms of each community. We uncover the association of attributes to
the community topology by defining dominance ratio and applying Pearson correlation. We
test our method on Facebook data of 100 universities and colleges in the U.S. The study
enables an integrating observation on how the offline lives infer online consequences. The
results showed that people in class year 2010 and people studying in the same major tend to
form denser and smaller groups on Facebook. Such information helps e-marketing campaigns
target right customers based on demographic information and without the knowledge of
underlying social networks.

3.1 Introduction
The interactions of components in most of the real systems can be captured by a network
structure. The analysis of this network topology can lead to discovery of various interesting
properties. This has resulted in immense benefits in various fields of research (Albert and
Barabási, 2002; Newman 2003; Cavdur and Kumara, 2014a; Cavdur and Kumara, 2014b).
Community structures - exemplified by dense connections within a group of nodes and sparse
connections between groups - is a property worth exploring deeper to make inferences on the
properties of networks. Because of the existence of more links within the groups than between
the groups, communities usually have functional or organizational significance (Fortunato,
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2010). Therefore, after a community detection algorithm is applied to a network, the important
question we ask is: “Given a community are there any dominant attributes in this community?”
An answer to this question will possibly lead us to conjecture that these dominant attributes
are responsible for community formation. Each node in the network is associated with several
attributes and by looking at the commonality of these attributes in a community we will be
able to identify dominant attributes.
Dominant attributes can be interpreted into two different ways: 1) in terms of the community
structure, and 2) in terms of a specific community. With respect to the whole community
structure, we can answer which categorical attributes can define the groups that quite
correspond to the network-structural communities. To do so, the grouping based on a given
class of node attributes can be regarded as one set of communities. Then the similarity of this
grouping to a set of algorithmically-detected communities is measured to quantify the effect of
this attribute to community formation (see Figure 3.1a). Traud et al. (2011) and Traud et al.
(2012) adopted pair counting and Rand coefficient as the similarity measure to Facebook
networks and report that class years are the dominant attributes to the community formation.
However, by using this method, we may identify the dominant attributes of the community
structure in the global view but know little about which attributes dominate a specific local
community and which local values of a specific attribute contributes to the local community.
The other way is to identify dominant attributes in terms of a specific local community. For
one categorical attribute, there are several values to represent different characteristics of a
node in terms of that attribute. For example, major is one of the attributes for people in the
university, and the values stand for different majors. In order to identify what values of
attribute are dominant a given community, we quantify the dominance of each AttributeValue pair (AV pair) (see Figure 3.1b). Our focus in this paper is to develop a methodology to
find which of the AV pairs dominate a given cluster.

Figure 3.1 Illustration of dominant attributes (a) in terms of the whole community structure
and (b) in terms of a specific community
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The proliferation of the Internet led to the rapid development of social networking sites such
as Facebook, Twitter, LinkedIn, etc. By using these sites, users can seek out their offline
friends or others with similar interests, backgrounds and disposition. They can have some
online interactions with each other, and these online social activities can also be brought to
offline world and strengthen their social networks. The ubiquity of online social networks
makes e-marketing much easier than before (Constantinides and Fountain, 2008; Trusov, et al.,
2008). To promote a new product and target the right consumers in an effective and efficient
way, sales would like to know which kinds of customers can accelerate the promotion and
who have the preferences to which kinds of products. E-marketing applications rely heavily
on the ability to understand the structure of social networks.
Applying the analysis of community structures to social networks can decompose these
networks into several partitions in which people in the same partition have common interests
or similar properties. In order to identify the commonalities within the communities, our
primary objective in this paper is to investigate how to measure the dominance of attributes in
a given cluster and which dominant attributes have the effect on community characteristics,
such as size and density. Once this information is obtained, marketing campaigns can target
individuals using information about their attributes and they need not have knowledge of the
underlying social network. For this purpose, the related previous works are reviewed,
including works regarding to community detection algorithms, methods for identifying
dominant attributes and applications of community detection algorithms to online social
networks. Then we demonstrate how to identify dominance of attributes in community
structure and evaluate the effect of attributes on community topology. The data used for
proving the efficacy of methods are from Facebook in 100 universities of varying size, which
are used in Traud et al. (2011) and Traud et al. (2012). The data were posted by Porter (2011).

3.2 Literature Review
Based on the underlying methodological principles, community detection algorithms are
classified into five categories (Papadopoulos et al., 2012). These five categories are vertex
clustering, divisive, cohesive subgraph discovery, community quality optimization and modelbased methods. Algorithms in the first two categories, such as k-means (Hartigan et al., 1979)
and inter-community edge removal (Girvan and Newman, 2002), show both time and memory
complexities higher than quadratic number of network nodes and not applicable to large scale
networks. Methods focusing on achieving subgraph internal cohesiveness include finding ncliques (Luce, 1950), ρ-quasi cliques (Matsuda et al., 1999) and k-cores (Seidman, 1983). One
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of the most efficient methods belonging to this category is Scan (Xu et al., 2007), which
defined structural similarity to quantify the extent of common neighbors of node pair and
based on this to detect communities in networks. Algorithms seeking to optimize community
quality always involve an objective function to stand for the quality of the whole community
structure. Modularity (Newman, 2004), comparing the actual density within subgraphs to the
expected density in corresponding random graphs, is the most popular and common used
quality function of community structure. Many algorithms have been developed based on
modularity (Clauset et al., 2004; Newman and Girvan, 2004; Guimera and Amaral, 2005;
Blondel et al., 2008). Algorithms belonging to model-based methods detect communities
either by a dynamic process or modeling clustering problems based on statistical nature. Label
propagation (Raghavan et al., 2007) is a near-linear-time algorithm that assigns a label to each
node to represent its cluster membership. Cluster-based compression method (Rosvall and
Bergstrom, 2007; Rosvall and Bergstrom, 2008) finds the cluster structure by encoding
network topology and a good clustering is when the cost of encoding achieves minimum.
Though most of the community detection algorithms focus on non-overlapping clustering,
some are constructed to allow communities to overlap. Clique percolation method (Palla et al.,
2005) defines a community as a series of adjacent k-cliques, where two k-cliques are adjacent
if they share k-1 nodes. A recent line of enquiry focuses on defining communities based on
links instead of nodes (Evans and Lambiotte, 2009; Ahn et al., 2010). In contrast to nodebased community detection algorithms, grouping links naturally leads to communities with
pervasive overlap, while preserving the hierarchical organization in networks. Some
community detection techniques use the logic of seed expansion to detect community
structure. Lancichinetti et al. (2009) define a fitness function for detecting communities, and a
node is randomly selected to expand its group members by that function. This process
continues until each node in a network is assigned to at least one community. Iterative scan
method (Lancichinetti et al., 2009) starts to find a community with a seed candidate cluster
and then adds or deletes one node at each round according to a weight function until no
improvement on the function by one change. Rank removal method (Baumes et al., 2005)
identifies core clusters by removing high-page-ranking nodes from a network, and then these
removed nodes are re-added into network to join one or more core clusters based on the
weight function.
Some approaches extend the existing non-overlapping communities detection methods to the
overlapping subgraphs. Wei et al. (2009) use the spectral partitioning to find the seed clusters
and expand the seeds to the overlapping clusters by lazy random walks. Gregory (2010) uses
label propagation to detect overlapping clusters. For each propagation step, each node copies
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all the labels of its neighbors into its label set and each label is assigned a coefficient which
represents the belonging strength, such that all coefficient for each node sum to one. After
label propagation method was introduced in 2007 (Raghavan, 2007) several modifications of
the algorithm appeared till today and the main argument in favor of the algorithm is its
simplicity and speed. For example, Xie et al. (2011) use label propagation to detect
overlapping communities. Unlike the method proposed by Gregory (2010), where each node
forgets the labels gained in the previous iterations, Xie et al. (2011) design an algorithm in
which each node has a memory to store all the labels received in the past and the occurrence
frequency of labels represents the “belonging” strength. Fuzzy c-means modularity
optimization (Zhang et al., 2007) projects nodes into d-dimensional Euclidean space and a
new modularity function considering the fuzziness in belonging to different clusters is used to
detect the overlapping clusters.
Once a suitable community detection algorithm is applied to networks, the next step is to find
out if there are any common attributes that could possibly have contributed to the community
formation. For example, in protein-protein interaction networks, proteins with the same
functions tend to form communities (Chen and Yuan, 2006), and in a World Wide Web
network, groups of web pages correspond to those with related topics (Eckmann and Moses,
2002; Flake et al., 2002). In Belgian mobile phone network, language is the key attribute to
form groups since people speak in the same languages tend to have much more frequent
communication than people speak in different languages (Blondel et al., 2007). In complex
systems, an element usually has multiple attributes to represent its identity and to dig out
which attributes have significant impact on community structure is one of the issues of big
data analysis. By measuring the similarity between the algorithmically-detected clusters and
the attribute-based clusters, it was found that class year is critical to community formation in
Facebook networks at universities (Traud et al., 2011; Traud et al., 2012).
In addition to Traud et al. (2011) and Traud et al. (2012), several studies have analyzed online
social networks by using community detection algorithms, though most of them are based on
non-overlapping clustering algorithms. Pujol et al. (2009) found that the proportion of edges
within communities is more consistent across various community sizes by using modularity
optimization to detect communities in Twitter and Orkut data. Bonneau et al. (2009) applied
modularity optimization to the Facebook network which was constructed by nodes with
degree not higher than 8 and found that the modularity to be almost the same as that of the
complete network. Mislove et al. (2010) applied modularity optimization to clustering the
users with revealed attributes. Then the similarity between the detected clusters and the
attribute-based clusters was identified by normalized mutual information. The results showed
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that merely 20% knowledge about the user attributes can infer the attributes of the remaining
users with 80% accuracy.

3.3 Methodology
Identifying dominant attributes is one of the ways to interpret detected community structures.
Once the suitable method is chosen and applied to a given problem, the next task is to
investigate what caused these communities to evolve. Since usually each node contains a
number of attributes to represent its characteristic, it is difficult to identify which attribute(s)
have the definitive effects on community formation. Therefore, we need quantitative methods
to identify dominant attributes.
In this paper, the dominance of each AV pair was quantified to see which of the AV pairs
dominate a given cluster. Since different AV pairs in the whole population vary in number,
simply using the quantity of an AV pair in a given cluster cannot represent the attribute(s)
dominance. The dominance of each AV pair should be defined based on the number of
distinct AV pairs in the population. Suppose we randomly choose some nodes into a group,
there may not be any attribute of significance in that group. In such a selection, the percentage
of each AV pair in this group will be the same or not significantly different from the
percentage of that AV pair in the population. On the other hand, if a group of nodes with some
AV pair whose percentage in the group is significantly larger than that in the population, that
AV pair is dominant in this group. By comparing the percentage of an AV pair in a given
cluster to the percentage of this AV pair in the population, we can recognize whether the AV
pair dominates the cluster. We denote the percentage of AV pair ( , ) in the population by
and the percentage of AV pair ( , ) in community c by
AV pair ( , ) in community is defined as follows.
,

,

If

,

=

,

. Then the dominance ratio of

,
,

< 1, it means that the percentage of AV pair ( , ) in the selected node group (cluster)

is smaller than the percentage in population, which indicates that ( , ) does not dominate
community . As the dominance ratio of ( , ) goes higher, this AV pair is more dominant in
the community.
By using dominance ratio, the properties of each community can be inferred in terms of the
dominant attributes. Then we can identify the effect of the attributes on the community

20

structure. In specific, it will be interesting to know which kinds of AV pairs have a strong
relationship to the community topology. Several network metrics such as centralities and
density enable to characterize the properties of community. In this paper, community size and
community density were selected to represent the community topology. Then the effect of an
AV pair on community size or density is defined by the relation between the dominance ratio
of an AV pair and the corresponding community size or density. Several methods can be used
to quantify the dependence of two variables. In this study, we assume that the correlation
between the dominance ratio and corresponding community properties is near linear and thus
Pearson correlation (Rodgers and Nicewander, 1988) is chosen to test the dependence
between the dominance ratio and the community topology. We define
as community
density in community and
as the community size in community . The dependence
between the dominance ratio of AV pair ( , ) and the community density, denoted as
is as follows.
=
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is the average dominance ratio of AV pair ( , ) over the observed communities in
a network, and ̅ is the average community density of the observed communities in a network.
,

Similarly, the dependence between the dominance ratio of AV pair ( , ) and the community
size, denoted as
is:
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where ̅ is the average community size of the observed communities in a network. The twotailed t-test was used to determine whether the correlation coefficient is statistically significant.

3.4 Facebook Data
Data used to study dominant attributes are Facebook data of 100 universities and colleges in
the U.S. from a single-day snapshot in 2005. In the data, users are recorded by numbers to
protect privacy. To build Facebook networks, one user is regarded as one node, and if two
users were friends on Facebook on the day the data was extracted, we put an undirected link
between these two nodes. Since friendship between different schools is not considered in the
data, there are exactly 100 independent networks.
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Thee data also encompass demographic information which was provided by users on their
pages of Facebook. Seven categorical attributes stand for this information: 1) gender, 2) major,
3) second major, 4) class year (year supposed to graduate), 5) dormitory, 6) high school, and 7)
whether student or faculty. Here, the values of all categorical attributes except class year are
described by anonymous numerical identifier. If individuals did not provide the information of
some attributes, the value 0 was used to represent
represent it. To see if the results of analysis are
affected by the size of universities, the100 universities were classified as small (less than
10,000 users), medium (between 10, 000 and 20,000) and large with more than 20,000 users.
Following these criteria Facebook networks were categorized into 50 small, 33 medium and
17 large networks.. The maximum size is 41,554 (The
(
Pennsylvania State University), and the
minimum size is 769 (CalTech).
networks
For the sake of clarifying the effect of attributes on network top
topology, two Facebook
F
with small size among the 100 American universities were visualized. In Figure 3.2a, different
colors of nodes indicate different class years of users, and any missing value is represented by
grey color. In Figure 3.2b,, different
different colors represent different dormitories of users, and nodes
with unknown dormitories are hidden for simplicity. Both graphs show that nodes with the
same colors have the tendency to get together, which implies users living in the same
dormitory or graduate
te in the same year (senior, junior etc.) are more likely to be Facebook
friends. However, we can also see that many nodes with different colors are mixed together. It

indicates that a single attribute cannot partition graphs very well, and for one cluster,
cluster there
may be multiple dominant attributes to represent its properties. It also implies the existence of
overlapping communities on Facebook networks.
network

Figure 3.2
2 Largest connected component of Facebook networks at (a) Smith College and (b)
University of Michigan
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3.5 Analysis and Results
Since Facebook networks contain overlapping community structure, we need suitable
overlapping community detection algorithms. In this paper, we use game-theoretic clustering
(Mandala et al., 2014) to detect overlapping communities in 100 Facebook networks. Game
theory allows us to study the strategic interactions among players, and once a strategy reaches
Nash equilibrium, no player can gain more reward by purely changing its own strategy. A
Game theoretic approach to clustering is a community detection algorithm for undirected and
unweighted graphs. It is an algorithm that outperforms several other overlapping community
detection algorithms such as clique percolation method (Palla et al., 2005) and local expansion
algorithm (Lancichinetti et al. 2009) by testing on artificial networks. Game-theoretic
clustering also has an advantage of its computational complexity in number of edges. Some
agent-based clustering algorithms such as SLPA (Xie et al., 2011) also have near-linear
running time and similar performance to game-theoretic clustering. However, game-theoretic
clustering has an explicit function to define clusters and a clear stopping criterion.
In game-theoretic clustering, each node in the network is regarded as a player and the set of
cluster labels it chooses is its strategy. The reward of each player comes from the neighbors
belonging to the same cluster. Every player can choose more than one cluster label but
encounters a penalty, and more the labels a player picks more the penalty the player pays.
Thus in order to maximize the rewards, each player will choose the labels which the
maximum number of its neighbors belong to and minimize the number of clusters the player
joins at the same time. The reward function of player
(;

)=

| ∩

(Mandala et al., 2014) is as follows.

|−

∈

| ∩

|

∈ \{ }

where is one of the cluster labels chosen by player ,
is a set of labels selected by player
, and
is a set of players who are the neighbors of player . \{ } represents a set of all
players in the observed network other than player . The first term of the equation counts the
number of its neighbors selecting the same label, and the second term is the discounted
number of the players choosing label , so the cluster density is maintained no less than . In
order to limit the number of labels player can have, the cost function is given as:
(

)=

1
2

| |(|

| − 1)

23

where is the penalty coefficient representing how much player will lose if player joins
one more cluster. In order to let all players result in the same cost of joining multiple clusters,
= (1 − ). Based on the experiments, = 2 works well in practice. The utility of player
(Mandala et al., 2014) obtained by reward and cost function is given below:
(

;

)=

(;

)−

(

)

∈

Based on the utility function, each player in game-theoretic clustering is able to find the best
strategy which generates the highest utility under the condition that the strategies of the other
nodes are known. The clustering solution is found when game-theoretic clustering reaches
equilibrium. The best strategy of players can be updated sequentially and simultaneously. In
this paper, the sequential way of updating was applied to find out communities in 100
Facebook networks. To apply game-theoretic clustering to networks, we need to give the
minimum density of each community and penalty coefficient representing how much each
player will lose if the player joins one more community. In this paper, we set to be 0.1 and
0.2, so is 1.8 and 1.6, respectively, based on the suggestion that = 2(1 − ) (Mandala et
al., 2014). Since it would be interesting to see if the analysis results change if non-overlapping
community structure is detected in Facebook networks, the third set of ( , ) is set to (0.1, ).
Here is a sufficiently large number to make penalty very high if one player wants to join
more than one cluster. In this paper, we set = 100,000.
The detected communities with size smaller than 20 were discarded due to less communitylike structure. In order to identify the effect of the specific AV pairs on the community size
and density, the dominance ratio of the AV pairs in each community and the corresponding
community size and density were first computed. Then, the correlations of the dominance
ratio of the AV pairs to the community size and to the community density were calculated. In
this paper we focus on class year, major and dorm, helping us answer two questions: (1)
whether people in different class years form different sizes or different density groups, and (2)
whether people in the same major/ in the same dormitory, tend to form the denser groups.
To see the effect of class year on community topology, we first computed the dominance
ratio of each class year in each community detected by game-theoretic clustering, and then
we identified the correlation of the dominance ratio to the cluster size and density. Since
Facebook was launched in 2004, users graduating earlier than 2004 were ignored.
First we focus on the results by game-theoretic clustering with ( , ) = (0.1, 1.8). Figure 3.3
and Figure 3.4 are two sets of error bar plots regarding the mean correlation and the
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corresponding standard deviation with respect to universities of various sizes. Note that the
correlation coefficients here are all with p-value smaller than 0.05. Figure 3.3 demonstrates
the correlation of dominance ratio of each class year to cluster size and density. The more the
correlation deviates from zero, the more significant result is. It shows that the dominance
ratio of class year 2010 has relative significant correlation to cluster size and density
compared to other class years. This correlation is more significant when we analyzed the data
from small universities. We also observed that the standard deviation of the correlation
coefficient becomes smaller when the size of universities is larger no matter what class years
are considered.
These results lead to three conclusions: (1) that cluster size tends to have negative correlation
to the dominance ratio with respect to class year while cluster density tends to have positive
correlation to the dominance ratio; (2) that the dominance ratio of class year 2010 has
significant correlation to cluster size and density irrespective of the size of universities
selected; and (3) that the dependence between dominance ratio of years and cluster structure
in large universities is more consistent since the standard deviation is small. From the second
conclusion, we can infer that in general people in class year 2010 have higher possibility to
form groups with small size and high density than people graduated in earlier years. Note that
there is high the standard deviation of the correlation between the dominance ratio of class
year 2009. It implies that at some small universities, people in class year 2009 also tend to
form small size groups on Facebook.
We tried to detect denser community structure in Facebook networks– using game-theoretic
clustering with ( , ) = (0.2, 1.6). Figure 3.4 showed the corresponding correlation between
the dominance ratio and cluster size/density across class years. The results are mostly
consistent with those shown in Figure 3.3. The only difference was that the standard
deviation of the correlation coefficient did not necessarily drop down as the size of
universities becomes larger.
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Figure 3.3 Mean and standard deviation of correlation between dominance ratio and cluster
size/density across class years when using game-theoretic
game theoretic clustering with (ρ, λ) = (0.1, 1.8)
to detect community structure
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Figure 3.4
4 Mean and standard deviation of correlation between dominance ratio and cluster
size/density across class years when using game-theoretic
game theoretic clustering with (ρ, λ) = (0.2, 1.6)
to detect community structure
So far we used game-theoretic
theoretic clustering to detect overlapping
overlapping communities in Facebook
networks and did the analysis that we believed that the networks contain overlapping
community structure. It would be interesting to see the results if we assume a nonnon
retic clustering with ( , ) =
overlapping community structure. Therefore, game
game-theoretic
overlapping clusters and the effect of class
(0.1, 100000) was applied to identify the non
non-overlapping
year was shown in Figure 3.5. Compared to Figure 3.3,, the results regarding the correlation
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between the dominance ratio and the cluste
clusterr size were very similar, but the dominance ratio
of class year 2010 did not have strong positive correlation to cluster density at medium and
large universities. It means no significant association between the dominance ratio of class
uster density exists if we consider the community structure in Facebook
year 2010 and the cluster
networks is non-overlapping.
overlapping.

Figure 3.5
5 Mean and standard deviation of correlation between dominance ratio and
with
community size/density across class years when using game-theoretic
game theoretic clustering
clu
( , ) = (0.1, 100000) to detect community structure
Within a university, people studying in the same major and living in the same dorm can be
considered geographically co-located.
co located. We computed the correlations of the dominance ratio of
different
nt majors and dorms to the community size and density as community topology, and
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then we investigated what fraction of majors and dorms are with these strong correlations. To
do so, a correlation higher than |0.5| with confidence level 95% is defined as st
strong negative
or strong positive correlation depending whether the value is negative or positive.
7 show the mean and standard deviation of percentage of majors and
Figure 3.6, and Figure 3.7
of
dorms with strong correlation between dominance ratio and community topology. In terms
t

community size (see Figure 3.6), the results are similar with ( , ) = (0.1, 1.8) and with
( , ) = (0.2, 1.6).. No matter what size of universities is considered, on an average more than
50% of majors with a strong negative correlation between the dominance ratio and the
community size exists. However, in terms of dormitories, less than 30% have this property
except for the parameter ( , ) = (0.2, 1.6) at small universities. From these results, we can
conclude that people in the same major tend to form smaller size communities, while the
communities formed by people in the same dormitory do not have this property.

Figure 3.6
6 Percentage of majors/dorms with strong correlation between dominance ratio and
theoretic clustering
community size under different parameter settings of game-theoretic
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As the non-overlapping
overlapping community structure was detected, it would be interesting to check if
the percentage of majors or dormitories having strong correlation to community size is
6, on an average, about
similar to that in overlapping communities. As shown in Fig
Figure 3.6,
40% of majors with a strong negative correlation between the dominance ratio and the
community size exist, and around only 10% dormitories have this property. The percentage of
both majors
ors and dormitories has a big drop. This implies that the dependence of dominance
ratio of majors to community size is not that significant in non-overlapping
non overlapping community
structures.

7 Percentage of majors/dorms with strong correlation between dominance ratio and
Figure 3.7
community density under different parameter settings of game-theoretic
game theoretic clustering
7, we observe that the percentage of majors whose dominance ratio has strong
From Figure 3.7,
positive correlation to community density is higher than that of dormitories. On average,
when overlapping community structure is considered, the difference is about 20% or more,
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except for the results by game-theoretic clustering with ( , ) = (0.2, 1.6) at large
universities. The significant difference between majors and dormitories implies that people in
the same majors tend to form denser groups compared to people in the same dormitories. On
the other hand, when we analyzed non-overlapping communities, we observe that this
percentage of both majors and dorms is much smaller. It indicates that it is not common to
see the dominance ratio of majors or dormitories has strong correlation to community density
in non-overlapping community structure.

3.6 Conclusions and Future Work
In this paper, we defined the dominant attributes as node attributes that have significant effect
on community formation. We also defined that the dominant attributes can be identified in
terms of the whole community structure or in terms of a specific cluster. To answer the
question, what attributes have the significant effects on detected communities, this paper was
dedicated to identifying dominant attributes in terms of each local community. We developed
dominance ratio to quantify the dominance degree of an AV pair in a given community. The
effect of an attribute on community topology is defined as the dependence of the dominance
ratio of this attribute to the corresponding cluster size and density, and the dependence is
quantified by Pearson correlation.
To demonstrate the feasibility of the methods, we applied game-theoretic clustering to identify
overlapping communities in Facebook networks. This task aimed at analyzing how the offline
characteristics of people affect the topology of the communities they build in online social
networks. The results indicated that people in class (graduating) year 2010 tend to form dense
and small communities, but the communities formed by people in other class years do not
favor any values of size or density. We also used game-theoretic clustering to identify nonoverlapping communities, and the results only indicated that people in class year 2010 tend to
form small communities but no significant effect on the density. We further identified the
effect of major and dormitory on community topology. When game-theoretic clustering was
used to detect the overlapping communities, we found that people in the same major tend to
form small and dense communities, yet the communities formed by people living in the same
dorms do not have this property. When we identified non-overlapping communities on
Facebook data, we found that the community size and density are not significantly affected by
the dominance of either majors or dormitories.
Though these findings can be an artifact of the data, we have laid out a methodology using
game-theoretic clustering and AV pair dominance. Our methodology can be applied to diverse
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domains such as retail sales data to study co-purchased items to generate dominant attributes
of products and customers, and patient data to find commonalities of clinical parameters and
diseases.
In this work we have used Pearson correlation to identify the dependence between the
dominance ratio and the cluster topology. Pearson correlation can only identify linear
associations. In the future, other correlation metrics can be used to observe how the effect of
attributes on cluster structure, such as Spearman rank correlation, maximal correlation and
maximal information coefficient (MIC) (Reshef et al., 2011). Furthermore, in this paper, we
only used game-theoretic clustering to find out the communities in Facebook networks. It will
be interesting to apply other overlapping community detection algorithms to study how the
results behave.
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Chapter 4: SuperOrder: Provider Order Recommendation
System for Outpatient Clinics

Abstract
This study aims at developing SuperOrder, a real-time provider order recommendation
system for outpatient clinics using electronic health record (EHR) data. The proposed model
can predict the order contents of each outpatient appointment using the EHR data available at
midnight every day before patients are seen by providers. SuperOrder is built using the
retrospective data between 04/01/2014 to 03/31/2015 related to pulmonary clinics from five
hospital sites within a large rural health care facility in the USA. A two-level prediction
framework is proposed in this paper. At the base-level, the prediction results are produced by
aggregating three machine learning methods (logistic regression, random forest and gradient
boosting). Then the meta-level predictions are generated by integrating the base-level
predictions with the order co-occurrence network, which is developed using the retrospective
EHR data. For the base-level predictions, SuperOrder reaches a precision of 0.3191 and a
recall of 0.5232. For the meta-level predictions, we achieve a precision of 0.2992 and a recall
of 0.6261. Although the predictions at the meta-level have lesser precision compared to the
base-level predictions, the corresponding recall is much higher. The improvement of the
recall at the meta-level is approximately 20% from the base-level. It demonstrates that the
proposed order co-occurrence network does help in improving the accuracy of order
predictions. The implementation of SuperOrder in EHR system will bring providers a more
effective and efficient way to place orders for outpatients. By considering a variety of patient
attributes, SuperOrder provides a systematic framework for personalized care and treatments
in outpatient clinics, which will enhance care quality and patient satisfaction.
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4.1 Introduction
Orders placed by healthcare providers for care, treatments and diagnostic tests to patients are
termed as clinical orders. Providers make these orders with their clinical knowledge
considering patients’ demographics, medical history and current diagnoses. To place a single
order, it requires providers to manually type the order name or keywords to find the order
from the search results. If providers look for multiple orders (a single patient may need
multiple orders), then this process needs to be repeated until all the desired orders are filled
[1][2]. This is a time-consuming process and may lead to wrong, missed and duplicated
orders. A number of studies have dedicated to stopping some of these medical order errors
such as setting up alarms at the order entry to avoid drug-drug interactions and overdose [3]–
[7]. Nevertheless, many of the research efforts have pointed out that overwhelming warnings
may lead to alert fatigue which causes clinicians to ignore important alerts along with
unimportant ones [8]–[11]. Other researchers have aimed at understanding provider ordering
behaviors and patterns[12][13]. It has been found that type of providers (physicians versus
non-physicians) affect how frequent computerized tomography scan orders are placed for
patients in emergency rooms [12]. In addition, the frequency of ordering lab monitoring for
high-risk medications is associated with provider experience, patient age, comorbidity status,
as well as provider type (specialist versus generalists) [13].
In order to enhance order efficiency and consistency, some research studies have focused on
designing order sets, which are the collections of orders grouped by specific clinical purposes
such as type of symptoms (ex: chest pain) and procedures (blood transfusion) [1][2][14][15].
Rather than searching each order by name or keywords, providers type a specific clinical
scenario and obtain a set of orders of interest [1]. However, these order sets require high cost
of development, maintenance and updating[2][16][17][18]. As most of the order sets lack
diverse patient conditions and consistency with the current practice, previous research studies
have shown that the usage frequency of order sets is low [17][18][19]. An alternative
approach to reinforce order effectiveness is building a recommendation system for
automating corollary order suggestion, which is analogous to Amazon.com’s
recommendation system where customers who bought A also bought B
[17][19][20][21][22][23][24][25]. However, those model schemes are limited to inpatient
settings, in which a suggested list is generated at the time after the initial diagnoses and
orders regarding the admissions have been placed. This concept is not applicable to
outpatient clinics where a suggested list is demanded before the provider sees the patient.
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This study aims at establishing SuperOrder, an automated provider order recommendation
system in outpatient clinics. For the sake of the system development, it requires predicting
the order contents of each outpatient appointment before a provider sees a patient. Those
predictions are produced based on the data from Electronic Health Records (EHR) available
at midnight before the corresponding appointments occur. By giving a list of potential orders,
SuperOrder will help to ease order documentation and increase order effectiveness. Therefore,
providers have more time for patients, which will improve care quality and patient
satisfaction. To test the system feasibility, we use EHR data in pulmonary related outpatient
clinics from five hospital sites at Geisinger Health System (GHS) during the period from
04/01/2014 through 03/31/2015. The reason we choose data from pulmonary related clinics
is that order contents regarding to pulmonary appointments are relatively simple compared to
those in other specialties. Once the performance is validated, SuperOrder will be generalized
to other types of clinics and benefit hospital-wide providers.

4.2 Literature Review
Standard order sets are the collections of orders aggregated by given clinical conditions
[1][2][14][15]. Literature shows that a well-developed order sets can save time in searching
necessary and sufficient orders for patients and lower the variation in medical care
[1][14][16]. Some studies have provided evidence that orders sets can reduce inpatient length
of stay and mortality rate and enhance care delivery [26][27]. However, the development and
maintenance of order sets is labor intensive and time consuming as frequent discussions with
experts and clinical staff is needed to update the order sets [2][16][17][18]. For the sake of
solving this problem, researchers have focused on developing adaptive patient-centric order
recommendation systems for providers. Some prior studies utilized frequent itemset and
association rule mining to automatically generate order recommendation list [19][20]. A
frequent itemset is defined as a collection of events occurring together frequently. Once a set
of frequent itemsets has been identified, association rules can be produced in the form of A
implies B, where A and B are two different frequent itemsets. For example, given a patient
had undergone heart failure, if the patient already had B-type natriuretic peptide blood test
(itemset A), the patient has high probability to obtain Electrocardiogram test (itemset B) [20].
However, association rule mining only considers the relations between orders themselves and
does not take other features related to orders into account. For example, if two patients both
have basic metabolic panel and chest CT scan in their baskets, the recommendation system
would suggest to them the same order items, regardless how different their medical history
and diagnoses are.
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In order to incorporate different clinical scenarios, some researchers built association
matrices not only within orders but also between orders and other non-order clinical items
such as diagnoses and lab results [28]. Then the transitive associations were calculated
according to Bayesian conditional probabilities and association statistics [28]. This method
has been used for not only recommending orders but also predicting non-order clinical
outcomes such as patient death and care plans [28][29]. Other researchers have formulated
the transitive associations among orders and diagnoses as a Bayesian network, which is a
directed graph to represent a set of random variables and their corresponding conditional
dependencies [21][23][30]. Each node is an order or diagnosis, which is embedded in a
conditional probability table to specify the probability of each node state given the state of
each parent. Once the specific orders and diagnoses are made, the posterior probabilities for
the occurrence of all other orders in the network can be updated. The recommended list is
then produced by ranking the posterior probabilities of these orders which have not been
placed [21][23][30].
Some of order-related variables are numeric, such as patient demographics and vital signs.
These numeric variables cannot be itemized and cannot be used for association matrices or
Bayesian networks. Some researchers have clustered the target patient with other patients
based on similarity computed using these numeric variables plus other categorical variables
including lab results and diagnoses [31]. This cluster now is matched with corresponding
orders and the top thirty common orders are used to recommend the order for the new patient.
[31]. However, it is time-consuming process to compute patient similarity if we have
hundreds and thousands input variables. In order to incorporate both numeric and categorical
inputs, other researchers used tree-learning algorithms to recommend the order but it is only
applicable to one specific disease [32]. In addition, most of the studies are limited to the
scope of inpatients’ service utilization. In an inpatient setting, a recommended list is
generated after the initial diagnoses and orders are done, while in an outpatient clinic, a
recommended list is required before a provider sees a patient. Usually at the time before a
provider sees a patient, there are no initial diagnoses or orders.

4.3 Methods
Study Design
SuperOrder is established using retrospective outpatient data from EHR at Geisinger Health
System (GHS). An order list is generated based on the data available at mid-night each day
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for the next day appointment for a patent. The proposed study is approved by the institutional
review board of GHS and exempt from written, informed consent.
The study is conducted in pulmonary related outpatient clinics of five GHS hospitals in
northeastern Pennsylvania. Pulmonary related outpatient clinics consist of three specialties,
including pulmonary, thoracic medicine and thoracic surgery. The five hospitals involved in
this study are Geisinger Medical Center (GMC), Geisinger Wyoming Valley Medical Center
(GWV), Geisinger Community Medical Center (GCMC), Geisinger-Shamokin Area
Community Hospital (GSACH) and Geisinger-Bloomsburg Hospital (GBH). The population
in this study is composed of all adult outpatient appointments in pulmonary related outpatient
clinics excluding no-show and cancelled appointments. The study period is from 04/01/2014
to 03/31/2015, with a total of 9815 patients and 18,348 appointments. These appointments
involve 42 providers, including 25 physicians, 3 physician assistants (PA), 8 certified
registered nurse practitioners (CRNP), 5 fellows and 1 resident. Figure 1 shows the number
of providers and appointments during the study period. Some providers have very low
appointment volume during the study period. We exclude these providers and the
corresponding appointments from the study. Therefore, 4 fellows and 21 appointments are
ignored so that the number of appointments drops to 18,327. Figure 4.1 shows the provider
and appointment population of the study by specialties.

(a) Number of providers by specialty

(b) Number of appointments by specialty

Figure 4.1 Number of providers and appointments by specialty in pulmonary clinics
In pulmonary related clinics, six different order types are seen, which are laboratory tests,
imaging tests, pulmonary function tests (PFTS), other tests, referral, and medication. The
order content of medication involves drug dose and drug-drug interaction, which alone are
complicated and should be a separate problem from the other types of orders. Therefore, in
this research we exclude medication orders. From the retrospective data, we find that orders
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may be placed days before or after the corresponding appointment. Since the
recommendation is made based on the data available at midnight before the appointment, we
only consider predicting the orders made at the end of or after the appointment. Orders
placed before the appointment could be one of the inputs to predict the possible orders for the
appointment. Orders may be cancelled by providers after placing them due to variety of
reasons. Since these cancelled orders were truly under consideration of providers for the
appointments, in this study, cancelled orders are considered among the target orders as well.
Most often same order may be repeated (for example chest X-Ray the next day and one
month later). As our objective is to predict whether an order includes chest X-Ray or not, we
consider that chest X-Ray is ordered and not the number of times it is ordered.
Among all these appointments, 12,627 (70%) of them have a single order or multiple orders,
and the order volume is 34,816. During the study period, 724 different kinds of orders were
collected. 293 of them belong to laboratory tests; 126 of them are in imaging tests; 1 of them
is associated with PFTS; 67 of them are contained in referral; 231 of them are other tests. As
shown in Figure 4.2, the rank-frequency distribution of these orders approximates to power
law distribution. This property indicates that overlooking most of the low-volume medical
orders has only small effect on information loss but improves computational efficiency. In
consultation with clinician experts, we focus on predicting the top 34 (4.5%) common orders
rather than the total of 724 different orders. The name and the corresponding abbreviation of
these orders considered in the model are demonstrated in Table 4.1. In this paper, we use
abbreviations to stand for the corresponding orders. The total order volume of these 34
common orders is 25,128 during the study period, which is 72.1% of the total order volume
in the population.
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Figure 4.2 Rank-frequency distribution of orders in pulmonary clinics
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Table 4.1 Common orders in pulmonary clinics
Order
type

Order name

Abbreviation

25-hydroxy vitamin D test
25OHD
Acid-fast bacilli test
AFB
Activated partial thromboplastin time test
APTT
Allergen-specific immunoglobulin E
IgE
Alpha-1 antitrypsin test
AAT
Antinuclear antibody test
ANA
Arterial blood gas test
ABG
Basic metabolic panel
BMP
Lab test
Blood group and type test
ABO
Complete blood count test
CBC
Comprehensive metabolic panel
COMPR
Gram stain test
GRAM
Hepatic function panel
HEPFA
Northeast regional allergy panel
NERAST
Prothrombin time and international normalized ratio test
PT/INR
Rheumatoid factor test
RF
Chest computerized axial tomography scan
CHEST CT
Chest X-ray
CXR
Imaging
Echocardiography
ECHO
test
Positron emission tomography - computed tomography
PET CT
(whole body)
FULL
PFTS
Pulmonary function tests
PFTS
Electrocardiogram
EKG
Nocturnal home oximetry
NHO
Plethysmography - airway resistance
RAW
Pulse oximeter test
PULSE OX
Other
Respiratory test
RESP
test
Six minute walk test
SMW
Stress test
ST
Test of diffusing capacity of the lungs for carbon monoxide DLCO
Tobacco cessation counsel
TCC
Cardiology referral
CARD REF
Occupational therapy referral
OT REF
PULM
Referral Pulmonary rehabilitation referral
REHAB REF
SLEEP MED
Sleep medicine referral
REF
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Model Framework
SuperOrder is a model to predict potential orders for upcoming appointments. Figure 4.3
shows the framework of SuperOrder, in which the order predictions are divided into two
levels. At the base-level, the occurrences of different orders are assumed to be independent of
each other, so that the predictions can be achieved by aggregating the outputs of a pool of
individual classifiers. Each classifier predicts whether a given appointment contains a
specific order, according to patient demographics, medical history and reasons for current
visit, as well as provider skill levels. At the meta-level, the predictions are produced by
developing an order co-occurrence network using the data from appointments and orders, and
integrating this network with the base-level predictions. Unlike the base-level predictions
which under the assumption that different orders are independent from each other, this cooccurrence network considers order dependency into account. In the co-occurrence network
nodes relate to orders and if two orders co-occur in an appointment the nodes are connected
by a link. Repeated co-occurrences strengthen the link between the particular nodes. At the
meta-level, the predicted orders at the base-level are matched with the nodes in the cooccurrence network, and the links are followed to extract the sub-graph. In the sub-graph we
can identify the new nodes (orders) that are missing from the base-level. We hypothesize that
the meta-level predictions we have formulated can obtain a more complete and accurate order
recommendation list than the base-level predictions.

Figure 4.3 Framework of SuperOrder
The whole dataset is split into two parts by date. The first-11-month data (04/01/2014 02/28/2015) are utilized for training each binary classifier, testing the classifier performance
and deciding a cut-off threshold for each classifier. The first-11-month data are also used for
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constructing the order co-occurrence network at the meta-level to supplement the base-level
model so that the orders missed out at the base-level could be identified. At the base-level,
for each classifier, we randomly select 80% of the first-11-month data for training under 5fold cross validation, and 20% of them for testing the classifier performance and deciding the
cut-off threshold. In order to avoid that some small-volume orders have too few samples in a
test set, for each classifier, we force 80% of positive outcomes to be in the training set and
20% of them to be in the test set under the random selection. This random sampling causes
that different order classifiers may have different training and testing sets. Therefore, to test
the performance of the aggregated predictions at the base-level, we need another unseen data.
In this research, the last-month data (03/01/2015-03/31/2015) are used for testing the
performance of aggregated predictions at the base-level, as well as for evaluating the
accuracy of the final predictions at the meta-level.
Base-Level Predictions
The base-level predictions are accomplished by aggregating the results from a series of
binary classifiers, in which each binary classifier is trained to predict whether an upcoming
appointment has a certain order or not. Each binary classifier is built by three methods
including logistic regression (LR), random forest (RF) and gradient boosting method (GBM)
[33][34][35]. We consider 34 orders, and each classifier is trained with one order resulting in
102 classifiers. For each order, we choose the classifier which produces the best performance
on the corresponding test set in terms of the area under precision-recall (PRC) curve
(AUPRC) [36]. We denote this method as Mixed method in order to distinguish this from
purely using LR, RF and GBM in the reminder of this paper. PRC curve shows the tradeoff
between precision and recall (sensitivity), while receiver operating characteristic (ROC)
curve is to describe the tradeoff between the sensitivity and specificity. Since the order
recommendation system focuses more on obtaining as many of the positives predicted as
positive as possible (precision) rather than how the model performs on the negative class
(specificity), we choose PRC curve as an evaluating metric. The AUPRC of a perfect model
is 1, which means whatever the value of recall, the value of precision is always 1. The
AUPRC of the worst model is 0.
Once the desired classifier is selected for each order, the next step is to determine a cut-off
point of each classifier. Suppose that SuperOrder is expected to have a precision no less than
0.3. It means that if the prediction model produces 10 items on the recommended list for a
given appointment, a provider on an average would hit 3 out of the 10 in the list which he/she
would like to order for the patient (as shown in Figure 4.4). Although lowering the precision
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may increase the number of orders being included in the list (recall), the increase of false
alarms would distract providers and decrease their work performance. To guarantee the
system has a precision of 0.3, for each classifier, we select the cutoff point which has the
maximum recall value given a precision of 0.3 on the test set. The methods for order
recommendation system in previous studies have focused on inpatient settings, in which a
recommendation list is generated after the initial diagnoses and orders are completed. These
methods are not applicable to predicting orders in outpatient clinics, in which a
recommendation list is needed before a provider sees a patient. Therefore, in order to validate
our model, we use precision recall and F-measure. Note that F-measure is a harmonic mean
of precision and recall [37]. For each binary classifier, we use the same pool of predictors as
summarized in Table 4.2.

Figure 4.4 The meaning of a precision of 0.3 for SuperOrder

Table 4.2 List of predictors for SuperOrder at the base-level predictions
Variable category
Demographics
Appointment information

Variable description
 Age
 Sex
 Visit type: shared new pulmonary, shared new
thoracic medicine, lung mass, hospital
discharge, new return, return pulmonary, return
thoracic surgery, return referral required, new
patient thoracic surgery and post-OP.
 Reason for visit: cough, cystic fibrosis, follow
up, new patient, post-OP, pre-OP clearance,
PFTS, re-check, short of breath and sick visit
 Expected appointment length
 Primary care appointment (yes/no)
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Past history within GHS

Pulmonary related disease

Patient prior orders
Provider information
Order placed before
appointment

 Number of ED visits
 Number of distinct specialties have been
visited
 Number of primary care visits
 Number of inpatient visits
 Number of visits with the current
department/specialty/provider
 Days from the last office visit to the current
visit
 Days from the last inpatient discharge to the
current visit
 Days from the last ED visit to the current visit
 Days from the date of schedule to the current
visit
 Abnormal pulmonary study, acute bronchitis,
airway disorder, asbestosis, aspiration, asthma,
bronchiectasis, bronchospasm, CF, chest pain,
congenital lung, COPD, dyspnea, empyema,
hemoptysis, hypoxia, lung abscess, lung
cancer, lung fungus, lung mass, PE, pleural
effusion, pneumonia, pneumonitis,
pneumothorax, pulmonary fibrosis, pulmonary
hypertension, respiratory failure, restrictive
lung, sarcoidosis, sleep apnea, sleep disorder,
TB and vague pulmonary
 Number of times a patient had a certain order
within 1 year / 3 years / 5 years before the
appointment
 Specialty of primary provider
 Skill level of primary provider
 Secondary provider (yes/no)
 Lab test before appointment (yes/no)
 Imaging test before appointment (yes/no)

Meta-Level Predictions
At the meta-level predictions, the order co-occurrence network is introduced, in which each
node represents an order, and an edge between orders signifies that these two orders occur
together at least in one appointment. Unlike other regular co-occurrence networks which are
weighted but undirected, we build an order co-occurrence network as a directed and weighted
network. The reason is that the probability of the existence of order A given order B is
intuitively different from the probability of the existence of order B given order A. In order
to derive edge weights in this order co-occurrence network, we trace back to the bipartite
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network of orders and appointments. Suppose that the order-appointment bipartite network is
denoted as = ( , , ), where = { ,
,… ,
} is a set of orders and = { , , … ,
} is a set of appointments. is a set of undirected and unweighted edges, which connect
nodes in with nodes in , and no edge within nodes in or within nodes in .
,
is
an adjacency matrix of network , where
,
Note that

,

=

1, ( , ) ∈
0, otherwise

is a symmetric matrix where

,

=

,

. The order co-

occurrence network, ′ = ( , ′), is a one-mode projection of = ( , , ), where ′ is a
set of directed and weighted edges connecting nodes in . The adjacency matrix of ′ is
designed to reflect how the occurrence of and the occurrence of are related Using the
adjacency matrix

,

for , the adjacency matrix of ′, ′
′

,

In this weighting system, ′ ,
contain both order and order

=

∑

( , )∙
( ,
∑

,

, is as follows:

,
)

considers not only the number of appointments that
but also the number of appointments containing . For

example, PFTS is very common in pulmonary clinics, where about one-third of pulmonary
appointments have this order. Basic metabolism panel (BMP) order is another common
occurrence in pulmonary clinics but the corresponding order volume is much less than PFTS,
with only about 4% of pulmonary appointments have BMP orders. Suppose that the number
of appointments containing both order PFTS and another order is the same as the number
of appointments that containing both order BMP and order . The contribution of PFTS to
order
should be much less than the contribution of BMP to order
since the cooccurrences of PFTS and order may just result from the popularity of PFTS in pulmonary
clinics. Therefore, we define ′ ,
as the number of appointments that contain both
order and order divided by the number of appointments that contain order . Given the
number of appointments containing both order and order , if order occurs in many
appointments, then the contribution of to is small. Figure 4.5 shows a synthetic example
of order-appointment network and the corresponding one-mode projection network on orders.
Both order
and
co-occur once with order . Since 4 appointments contain order
and only 2 appointments contain order , the edge weight from order
to order
is only
1/4, but the weight from
to order
increases to 1/2.

47

occurrence network from bipartite order-appointment
Figure 4.5
5 Development of order co-occurrence
order
network
occurrence network is used for identifying the potential orders which are
This order co-occurrence
missing in the base-level
level predictions due to the assumption of order independence. Suppose
at the base-level,
that an appointment is predicted to contain a set of predicted orders
for
where
={
,… ,
}, and
is the number of predicted orders at the base-level
base

appointment . The predicted score of order
given below.
( )=

′(

for appointment

,

),

∀

at meta-level,
meta

( ), is

∉

The above equation computes the likelihood of order being in appointment given a set of
bility that order is in appointment
orders
. Higher the value of ( ) higher the possibility
. By deciding a proper threshold for ( ), , we are able to identify potential orders
which are missing at the base-level.
base
occurrence network to find the potential
Figure 4.6
6 demonstrates how to use the order co
co-occurrence
po
level predictions using the toy example. Suppose
orders at the meta-level
level based on the base
base-level
level, which are marked
that appointment is predicted to have order
and
at the base-level,
as red in the figure. According to this sample network, the predicted scores of order ,
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and , marked as green, are computed since three of them are the neighbors of either order
and . Suppose that we use
us the threshold = 1 to identify potential orders at the metameta
level for appointment . In addition to order
and , order is another potential order
since the corresponding predicted score is 1.25, which is higher than threshold = 1. To
test how good the predictions produced from the order co-occurrence
co occurrence network are, the
base-level.
prediction results at the meta-level
meta level are compared to the results at the base

6 Illustration of predicted score calculation at the meta
meta-level
Figure 4.6

4.4 Results
Before
fore we develop the order recommendation system, some preliminary analysis is
performed to identify what variables may play important roles of predicting orders. We
order
define the order rate of a certain order as the number of appointments that contain this or
divided by the number of total appointments in the population. Figure 4.7 shows how the
order rates of different order types change across different variables. Figure 4.7(a) implies
that under the same clinic type, providers with different skill levels have different order
behaviors. In pulmonary and thoracic medicine clinics, physicians tend to place more orders
CRNP) whatever order types. In
for patients than certified registered nurse practitioners ((CRNP)
thoracic medicine clinic, fellows have similar order rate to physicians except that fellows
tend to place more referral orders than physicians. In thoracic surgery, physicians place lab
and imaging orders much more frequently compared to physician assistants (PA), while PAs
order other tests more often than physicians. The above information manifests that providers
with different skill levels affect order type and amount. Moreover, compared to pulmonary
linics, much less PFTS orders occur in thoracic surgery. It discloses
and thoracic medicine clinics,
that clinic types also affect the likelihood of placing a certain order. Figure 4.7(b) shows that
elders tend to have more imaging orders but less lab orders than younger patients. Figure
Figur
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4.7(c)
(c) shows that different visit types and reasons for visit have different order rates on PFTS
orders. For example, patients with visit type “shared new thoracic med” have higher chance
to obtain PFTS orders. In general, under the same visit type, hospitalhosp -follow-up patients are
up patients.
more likely to have PFTS orders that new patients or follow
follow-up

(a) Order rate by provider skill level across different clinic types

(b) Order rate across patient age

(c) Order rate across visit type and
reason for visit

Figure 4.7 Order rate by different variables
Table 4.33 compares the prediction performance using LR, RF and GBM against the random
selection across the 34 order classifiers in terms of AUPRC and AUROC. Random selection
means that we randomly assign the ranks to each appointment in a test set and then compute
the AUPRC and AUROC according to this random ranking. It shows that only classifier
“CARD REF” using LR and the classifier “PULM REHAB REF” using GBM are worse than
using random selection. Under all other situations, the three methods we use outperform the
th
random selection. It proves the effectiveness of the prediction methods. In Table 3, each
classifier has two highlighted values, in which one is the best value in terms of AUPRC and
the other is the best value in terms of AUROC. Comparing the highlighted values to the
values of the random selections, Mixed method always performs better than the random
selection across all the order classifiers no matter in terms of AUPRC or AUROC. The
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highlighted values also show that the method with the best performance in terms of AUROC
is not necessarily to have the best predictive power in terms of AUPRC. For example,
classifier “APTT” has the highest AUPRC when RF is adopted, but the corresponding
AUROC is slightly smaller than that of using GBM. Since a recommendation system focuses
more on high precision instead of high specificity, we use AUPRC to select the best method
for each order classifier. In general, referrals are the orders which are the most difficult to
predict, since except of classifier “SLEEP MED REF”, the other three classifiers have the
best AUPRCs smaller than 0.1. In addition, among the three methods (LR, RF and GBM),
RF performs the best across different classifiers since 20 out of 34 classifiers perform the
best when RF is used. Once the best method for each order classifier is determined, we use
the corresponding predictions on the test set to identify the cutoff points. Table 4.4 calculates
the cutoff points of all the classifiers, as well as the corresponding prediction performance on
test sets and on the last-month data set in terms of precision, recall and F-measure. For each
classifier, the performance on the test set can represent the estimated performance, and that
on the last-month data set is regarded as the actual performance for the pilot run. It shows
that some classifiers have similar prediction performance on the last-month data set to that on
the test sets in terms of F-measure, such as classifier “CBC”, “CHEST CT” and “PFTS”.
Some of the classifiers have stronger prediction power on the last-month data set than that on
the test sets, such as classifier “25OHD”, classifier “AFB” and “PULSE OX”. Whereas,
some of them have less prediction accuracy on the last-month data set than the estimated one
on the test sets, including classifier “ABG”, “RF” and “PET CT FULL”. In general, if a
classifier has lower AUPRC estimated on the test set, the corresponding performance on the
last-month data set would be worse than the estimated one. For each classifier, although the
performance may vary from the test set to the last-month data set, the average of F-measure
over all the classifiers on the test sets is 0.3488, which is very close to a average F-measure
of 0.3559 on the last-month data set.
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Table 4.3 The AUPRC and AUROC on test sets for order classifiers
Percent
age of
Order name
populat
ion
25OHD
1.15%
AFB
1.52%
APTT
1.81%
IgE
3.16%
AAT
1.04%
ANA
1.25%
ABG
1.05%
BMP
4.31%
Lab
test
ABO
0.99%
CBC
5.41%
COMPR
1.15%
GRAM
1.10%
HEPFA
1.04%
NERAST
1.98%
PT/INR
2.67%
RF
1.21%
CHEST CT
18.06%
11.65%
Imaging CXR
test
ECHO
4.09%
PET CT FULL 1.12%
PFTS PFTS
30.41%
EKG
0.83%
NHO
4.49%
RAW
2.05%
PULSE OX
3.98%
Other
RESP
1.17%
test
SMW
5.53%
ST
2.31%
DLCO
3.43%
TCC
1.73%
CARD REF
0.74%
OT REF
0.91%
PULM
Referral
0.59%
REHAB REF
SLEEP MED
4.36%
REF
Order
type

AUPRC

AUROC

LR

RF

GBM

Random LR

RF

GBM

Random

0.7203
0.7215
0.0747
0.4887
0.0710
0.0750
0.1474
0.8358
0.4002
0.8561
0.7829
0.6580
0.7062
0.1410
0.7974
0.1225
0.8032
0.9042
0.5099
0.0634
0.8963
0.3457
0.5446
0.1656
0.7385
0.4478
0.4989
0.3974
0.4075
0.6155
0.0055
0.0542

0.7873
0.7441
0.7249
0.4565
0.0396
0.0728
0.1638
0.8396
0.6659
0.8865
0.8410
0.6611
0.8179
0.1523
0.8484
0.1548
0.8033
0.8990
0.5091
0.0825
0.8883
0.4202
0.5351
0.2904
0.7483
0.5423
0.5334
0.4843
0.4300
0.6615
0.0991
0.0720

0.6612
0.6565
0.7153
0.4676
0.0596
0.0838
0.1434
0.8936
0.3949
0.8954
0.8079
0.4366
0.6509
0.1105
0.8024
0.1147
0.8197
0.8977
0.5597
0.0507
0.9005
0.3201
0.5176
0.1390
0.6962
0.3501
0.5872
0.4192
0.0335
0.5380
0.0604
0.0745

0.0370
0.0361
0.0271
0.0478
0.0237
0.0371
0.0397
0.0628
0.0289
0.0704
0.0372
0.0468
0.0425
0.0352
0.0459
0.0389
0.1986
0.1366
0.0504
0.0338
0.3264
0.0201
0.0588
0.0417
0.0570
0.0236
0.0698
0.0390
0.0320
0.0374
0.0497
0.0422

0.8898
0.9137
0.6481
0.8576
0.7489
0.6658
0.8482
0.9467
0.9292
0.9404
0.9746
0.8921
0.8688
0.8396
0.9382
0.7799
0.9038
0.9667
0.8324
0.5402
0.9383
0.8608
0.8683
0.8740
0.9201
0.6973
0.9102
0.8610
0.8862
0.9781
0.6002
0.8142

0.9742
0.9433
0.9673
0.8755
0.7793
0.7476
0.8717
0.9343
0.9878
0.9723
0.9555
0.9405
0.9395
0.8488
0.9786
0.7838
0.8971
0.9608
0.8006
0.7979
0.9333
0.8729
0.8303
0.8481
0.9234
0.8678
0.9170
0.8567
0.8879
0.9855
0.7785
0.7576

0.9423
0.9076
0.9866
0.8616
0.6696
0.6577
0.8013
0.9766
0.9869
0.9726
0.9800
0.8678
0.9038
0.8596
0.9758
0.7559
0.9152
0.9649
0.8883
0.7858
0.9390
0.9175
0.8384
0.8373
0.8356
0.8567
0.9215
0.8593
0.5626
0.9827
0.6888
0.7006

0.6515
0.6054
0.6126
0.5671
0.6417
0.6334
0.6504
0.5805
0.6271
0.5581
0.6039
0.6448
0.6284
0.5780
0.6113
0.6236
0.5489
0.5452
0.5758
0.6382
0.5321
0.6336
0.5585
0.5876
0.5848
0.6256
0.5514
0.6493
0.6372
0.6225
0.6460
0.6278

0.0494 0.0473 0.0053

0.0211

0.7796 0.7360 0.5451 0.6505

0.4899 0.4822 0.5276

0.0586

0.8607 0.8556 0.8603 0.5579
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Table 4.4 Cut-off point of each order classifier and the corresponding prediction performance
Order
type

Order name

25OHD
AFB
APTT
IgE
AAT
ANA
ABG
BMP
Lab test
ABO
CBC
COMPR
GRAM
HEPFA
NERAST
PT/INR
RF
CHEST CT
CXR
Imaging
ECHO
test
PET CT
FULL
PFTS
PFTS
EKG
NHO
RAW
PULSE OX
Other
RESP
test
SMW
ST
DLCO
TCC
CARD REF
OT REF
PULM
Referral
REHAB REF
SLEEP MED
REF

AUPRC
Test set
Last-month data set
Cut-off
Method on test
point
Precision Recall F-measure Precision Recall F-measure
set
RF
0.7873 >=0.1220
0.3 0.7895
0.4348 0.6522 0.8824
0.7500
RF
0.7441 >=0.0630
0.3 0.7600
0.4302 0.4182 0.8214
0.5542
RF
0.7249 >=0.0530
0.3 0.8361
0.4416 0.2069 0.7200
0.3214
LR
0.4887 >=0.1109
0.3 0.5728
0.3938 0.2589 0.4677
0.3333
LR
0.0710 >=0.8411
0.3 0.0278
0.0508 0.0000 0.0000
0.0000
GBM
0.0838 >=0.3386
0.3 0.0476
0.0822 0.0000 0.0000
0.0000
RF
0.1638 >=0.2990
0.3 0.1053
0.1558 0.0000 0.0000
0.0000
GBM
0.8936 >=0.0213
0.3 0.9384
0.4546 0.4591 0.9481
0.6186
RF
0.6659 >=0.0710
0.3 0.8824
0.4478 0.2286 0.8000
0.3556
GBM
0.8954 >=0.0151
0.3 0.9375
0.4545 0.3012 0.9286
0.4548
RF
0.8410 >=0.0650
0.3 0.8462
0.4430 0.3514 0.8667
0.5000
RF
0.6611 >=0.1190
0.3 0.6389
0.4083 0.5556 0.7143
0.6250
RF
0.8179 >=0.1000
0.3 0.8182
0.4390 0.6316 0.5714
0.6000
RF
0.1523 >=0.2410
0.3 0.0952
0.1446 0.4706 0.1739
0.2540
RF
0.8484 >=0.0500
0.3 0.9111
0.4514 0.2909 0.8421
0.4324
RF
0.1548 >=0.1830
0.3 0.1500
0.2000 0.1250 0.0500
0.0714
GBM
0.8197 >=0.0444
0.3 0.9511
0.4561 0.2785 0.9502
0.4307
LR
0.9042 >=0.0151
0.3 0.9719
0.4585 0.2592 0.9389
0.4063
GBM
0.5597 >=0.0799
0.3 0.6107
0.4023 0.2703 0.4301
0.3320
RF

0.0825 >=0.2360

0.3 0.1081

0.1589

0.1667 0.0500

0.0769

GBM
RF
LR
RF
RF
RF
GBM
RF
RF
RF
RF
GBM

0.9005 >=0.0169
0.4202 >=0.1200
0.5446 >=0.0971
0.2904 >=0.1290
0.7483 >=0.0620
0.5423 >=0.0870
0.5872 >=0.0842
0.4843 >=0.1180
0.4300 >=0.1230
0.6615 >=0.0910
0.0991 >=0.1570
0.0745 >=0.2145

0.3
0.3
0.3
0.3
0.3
0.3
0.3
0.3
0.3
0.3
0.3
0.3

1.0000
0.5000
0.5621
0.4375
0.7778
0.5385
0.8125
0.5636
0.3929
0.8814
0.1250
0.0606

0.4615
0.3750
0.3912
0.3559
0.4330
0.3853
0.4382
0.3916
0.3402
0.4476
0.1765
0.1008

0.3027 1.0000
0.3158 0.6667
0.2358 0.4464
0.6022 0.2593
0.5026 0.6621
0.4333 0.6842
0.1608 0.5287
0.6296 0.3469
0.9076 0.3112
0.3220 0.8636
0.0000 0.0000
0.2000 0.0476

0.4647
0.4286
0.3086
0.3625
0.5714
0.5306
0.2466
0.4474
0.4635
0.4691
0.0000
0.0769

LR

0.0494 >=0.1360

0.3 0.2222

0.2553

0.1429 0.2778

0.1887

GBM

0.5276 >=0.0925

0.3 0.6000

0.4000

0.3263 0.6139

0.4261

0.3 0.5727

0.3488

0.3237 0.5254

0.3559

Average

Table 4.5 illustrates the performance of aggregated predictions over all the classifiers in
terms of micro-average precision, micro-average recall and micro-average F-measure on the
last-month data set. Micro averaging is to sum up true positives, false positives and false
negatives across all order classifiers and then compute the corresponding precision, recall
and F-measure [38]. It compares the predictions using Mixed method against those purely
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using LR, RF and GBM. The results show that Mixed method outperforms the other three
methods since the corresponding F-measure is the highest. Although the precision of Mixed
method is slightly smaller than that of LR, the recall and F-measure of Mixed method are
larger than those of LR, and the corresponding precision is 0.3191, which is higher than the
expected precision (0.3). Other than the 34 orders, there are 690 types of orders we ignore in
the recommendation system. By including them as false negatives in the system and
recalculating the recall, the model with Mixed method can achieve a recall of 0.5232 as
shown in Table 5. A recall of 0.5232 for SuperOrder means that in average a provider can
find more than half of the items he/she wants to place for the patients on the list.
Table 4.5 The performance of base-level predictions using different methods
For 34 orders
For all orders
Method
Precision Recall
F-measure Precision Recall
F-measure
Mixed method 0.3191 0.6515 0.4284
0.3191 0.5232 0.3965
LR
0.3224 0.6111 0.4221
0.3224 0.4907 0.3892
RF
0.3180 0.6448 0.4259
0.3180 0.5178 0.3940
GBM
0.3070 0.5809 0.4017
0.3070 0.4665 0.3703
In order to take the order dependence into account, we build the order co-occurrence network
as shown in Figure 4.8, which contains 1000 weighted and directed edges between the 34
nodes considered. The size of a node corresponds to its in-degree. Nodes with high in-degree,
such as order “PFTS” and “CHEST CT”, represent the orders that are usually placed with
other orders by providers. The arrow size represents the edge weight from one node to
another. The heaviest weight is 0.3788, which occurs on the edge from node “ABG” to
“PFTS”, followed by the edge from node “SLEEP MED REF” to “PFTS” with a weight of
0.3555. It demonstrates that given a patient has an arterial blood gas test or a sleep medicine
referral, he/she tends to have a pulmonary function test as well at the same time. It also
indicates that if a patient has an arterial blood gas test along with a sleep medicine referral,
then he/she has higher chance to obtain a pulmonary function test than the patients who have
only one on each.
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occurrence network
Figure 4.8 The pulmonary order co-occurrence
occurrence network with a desired weighting threshold , we enable
Using the order co-occurrence
base-level predictions.
SuperOrder to consider the order dependency and supplement the base
level predictions with different
Figure 4.9
9 compares the precision and recall of the meta-level
weighting thresholds against those of the base-level
base level predictions. Note that the performance
metrics computed below consider all 724 medical orders in pulmonary clinics. It states that
for Mixed method, LR and RF, the order co-occurrence
co occurrence network does help in increasing the

value of recall when = 0.6 without sacrificing the value of precision. For example, for
Mixed method, the recall and precision of the meta-level
meta level predictions with = 0.6 are
d 0.3202, respectively, which are the 5.24% and 0.34% improvement from the
0.5506 and
base-level
level predictions. In addition, when = 0.5 and = 0.4,, although the precisions of
the meta-level
level predictions by Mixed method drop a little bit to 0.3142 and 0.2992,
tively, the recalls of them have much more improvement comparing to that of the base
baserespectively,
level predictions. The improvement of the recall of the meta-level
meta level predictions is 8.77% when
= 0.5 and is 19.67% when

= 0.4.

occurrence network seems not help in
On the other hand, when GBM is used, the
th order co-occurrence
meta-level
enhancing the accuracy of the predictions. When = 0.6,, the performance of the meta
predictions by GBM is the same as the corresponding base-level
base level predictions. When = 0.5,
the precision and the recall
all of the meta-level
meta level predictions are 0.3053 and 0.5816, respectively,

which are almost the same as those of the base-level
base level predictions. When

= 0.4 , the
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precision and the recall of the meta-level predictions are 0.3026 and 0.5837, respectively,
which are also very similar to those of the base-level predictions.

(a) Mixed method

(b) Logistic Regression

(C) Random Forest

(D) Gradient Boosting Method

Figure 4.9 Comparison of the recall and precision for meta-level predictions against those for
base-level predictions
Figure 4.10 compares the F-measure of meta-level predictions against that of base-level
predictions across all the four methods. Note that the performance computed considers all
724 medical orders in pulmonary clinics. It shows that when Mixed method, LR and RF are
adopted, the order-co-occurrence network helps in improving the prediction performance in
terms of F-measure. The F-measures of base-level predictions by Mixed method, LR and RF
are 0.3965, 0.3892 and 0.3940, respectively. The highest F-measures of the meta-level
predictions by these three methods are 0.4052, 0.3967 and 0.4002, respectively, which have
the improvement of 2.20%, 1.93% and 1.57% from those of the base-level predictions. The

56

lowest F-measures of the meta-level predictions by the three methods are 0.4049, 0.3955 and
0.3981, respectively, which are still higher than those for the base-level predictions. However,
when we use GBM, the order co-occurrence network cannot enhance the prediction power.
The F-measure of the base-level predictions is 0.3703 when GBM is used, while the
corresponding F-measure of the meta-level predictions is 0.3693 when
= 0.5 and is
0.3678 when = 0.4. They both are lower than that without using order co-occurrence
network.

Figure 4.10 F-measures for meta-level predictions and base-level predictions

4.5 Discussion
SuperOrder, analogous to commercial recommendation systems, has been developed to
predict the provider orders for upcoming outpatient appointments by statistical and graph
mining techniques on the data from EHR. By embedding this prediction model in the EHR
system, we aim at easing provider order documentation and enhancing order effectiveness to
improve care quality and patient satisfaction. Among these 724 different orders in pulmonary
clinics, we focus on predicting 34 common orders which occupy 72% of the total order
volume in pulmonary related clinics at GHS.
For these 34 common orders in pulmonary related clinics, SuperOrder is designed as a twolevel prediction model. At the base-level, the predictions are produced by aggregating the
outputs of a pool of individual classifiers, where each classifier is to predict whether a given
appointment contains a specific order. For each classifier, LR, RF and GBM are used to train
the model, and the one producing the best performance on the corresponding test set is
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selected to be the method for that classifier. This framework is under the hypothesis that
different orders can use different methods that can provide best prediction power. As shown
in Table 4.5, this aggregated mechanism proposed in this study (Mixed method) does
outperform the model with only one single prediction method. Under the circumstances that
SuperOrder is expected to have a precision of no less than 0.3, the base-level predictions can
achieve a recall of 0.5232, which is computed by considering all the 724 pulmonary related
orders. A recall of 0.5232 means that the base-level predictions correctly point out more than
half of the orders that providers want to give the patients. This demonstrates that for the half
of these orders, instead of searching the keywords and finding the exact names of the orders
one by one, providers can simply hit the orders shown on the recommendation list and submit
the orders. This can reduce approximately half of the time previously required by providers
for order placement.
After the base-level predictions have been generated, the order co-occurrence network (as
shown in Figure 4.8) is developed to incorporate order dependence and produces the metalevel predictions. The results from Figure 4.9 show that when Mixed method, LR and RF are
used for the base-level predictions, the order co-occurrence network does increase the recall
considerably with only little sacrifice in precision. This improvement is reaffirmed by
comparing the F-measure of the meta-level predictions to that of the base-level predictions as
shown in Figure 4.10. It proves the hypothesis that the meta-level predictions generate a
more complete and accurate order recommendation list than the base-level predictions when
Mixed method, LR and RF are used. However, when GBM is applied to produce the baselevel predictions, the utilization of the order co-occurrence network cannot produce more
accurate meta-level predictions, which violates our hypothesis. We speculate that this is
caused by the insufficient accuracy of the base-level predictions by GBM. Of note, the metalevel predictions are generated based on the corresponding base-level predictions integrating
with the order co-occurrence network. Therefore, the poor base-level predictions are very
likely to lead the poor meta-level predictions even if an order co-occurrence network is well
developed. We conclude that the accurate enough base-level predictions are required for
producing the better meta-level predictions with our order co-occurrence network.
As displayed in Figure 4.9, by using Mixed method, the meta-level predictions with = 0.4
can achieve a recall of 0.6261 with a precision of 0.2992, which is very close to the expected
value of 0.3. This method has the best performance in terms of recall and F-measure among
all the methods we test in the study. It demonstrates that by using Mixed method with the
order co-occurrence network, SuperOrder is expected to capture more than 60% of the orders
that providers will place for the upcoming patients. The use of the meta-level predictions will
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save more than 60% of the total order documentation time, which is about 20% of the
improvement from the base-level predictions. This indicates that providers will reduce 60%
of the documentation time that is required without a prediction method and will have more
time to treat and consult with patients. This we expect will improve the quality of care and
patient satisfaction.

4.6 Limitations
This study has some limitations. First, the order volume of some procedures is highly
fluctuating over time. This changing trend sometimes cannot be captured by the training set
and test set. Figure 4.11 shows the four procedures that have the steep increase in order
volume after January, 2015. Since our study period for training and testing is the first 11
month, it is insufficient to detect the sudden increase in order volume in the next month.
Therefore, when we test our prediction model on the last-month data (12th month), these four
procedures have higher precision than expected but much lower recall. In addition, only oneyear patient data cannot distinguish if this increase is due to seasonality or new treatment
introduction. In attempt to solve this problem, we suggest that longer study period is needed
(at least two to three years) to improve the prediction performance. Furthermore, SuperOrder
has to be updated frequently in response to new treatment introduction or policy changes.
Second, although there are 724 different orders in pulmonary related clinics during the study
period, we only consider 34 common orders. Even if our predictions are all correct, the
maximum recall we can achieve is 72%. In order to improve the recall of SuperOrder without
the loss of the precision, predicting the occurrence of other uncommon orders is necessary.
Therefore, how to predict these uncommon orders will be a challenge in the future.

Figure 4.11 The order volume of the four common procedures by month
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4.7 Conclusions
The abundant information in EHR data provides an opportunity to develop a better clinical
decision support system by utilizing these data. This study has shown the viability of using
EHR data to develop the order recommendation system in outpatient clinics that can
automatically predict the orders that providers would like to place for patients. This order
recommendation system, developed by integrating machine learning methods including LR,
RF and GBM with a well-developed order co-occurrence network, is successful in predicting
non-medication orders in pulmonary related clinics. The implementation of this system will
bring a more effective and efficient way to place medical orders for outpatients, so that
providers will have more time to see patients, which can improve the care quality and patient
satisfaction. This work implements one more step towards real-time clinical decision support
tools on the basis of EHR data by using machine learning methods as well as graph-based
techniques, which will help in providing better care for patients.
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Chapter 5: Predicting Length of Stay of Hospital Admissions
through Emergency Department

Abstract
Objectives: Length of stay (LOS) plays an important role in determining the hospitalization
at the time of admissions. According to the definition provided by Centers for Medicare and
Medicaid Services (CMS), patients are eligible for an inpatient admission when they are
expected to stay in a hospital at least two midnights. This study aims at developing two LOS
prediction models during the course of differential diagnosis to predict if a hospital
admission through emergency department (ED) has a LOS less than two midnights. LOS
predictions after ED triage and registration can help in preparing and allocating admission
resources and thus reducing ED boarding time. LOS predictions after ED treatments can
support physicians to make hospitalization decisions, as well as facilitate discharge planning
process.
Methods: This was a study conducted using retrospective data from four hospitals within a
large rural health care facility in Pennsylvania. Data were collected on patients admitted
through ED and discharged between January 1, 2013 and January 1, 2014. The models were
developed using electronic health record (EHR) data available at ED including patient
demographics, current conditions, clinical history and hospital bed occupancy. Two methods
were compared for predicting admissions with LOS less than two midnights: logistic
regression (LR) with backward feature selection (BFS) and random forest (RF) with BFS.
Results: There were 16,229 admissions through ED, within which 3032 admissions have
LOS less than two midnights. At the first prediction time point (immediately after triage and
registration), of the two methods considered, logistic regression (LR) has an area under
receiver operating characteristic curve (AUC) of 0.794, and random forest (RF) has an AUC
of 0.778. At the second time point (after ED treatment), LR has an AUC of 0.855 and RF has
an AUC of 0.843.
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Conclusions: The model for predicting admissions with LOS less two midnights
immediately after ED triage and registration has acceptable discriminative power. The model
has the excellent discrimination when the LOS predictions occur right after ED treatment. In
general, LR performs slightly better than RF no matter at which prediction time point since it
has higher AUC. The model will be implemented in the hospital to support ED physicians in
making right decisions on hospitalization. The model also helps in reducing ED boarding
time and solving ED overcrowding problem.

5.1 Introduction
Length of stay (LOS), by definition, is the duration of patients’ stay from the time of hospital
admission to the time of hospital discharge. It is an important metric for evaluating the
quality and efficiency of care, as well as a reflection on the amount of resource consumption
within a hospital 1,2. Better understanding of LOS can help to estimate bed capacity, staffing,
equipment and other requisite medical and clinical resources.
Expected LOS is assigned by the admitting physician based on multiple conditions of the
patient such as age and current diagnoses. It is one of the critical criteria used to categorize
patients into outpatients and inpatients at the time of admission. Patients pay differently for
receiving these two types of services. For inpatients, the payment is based on Medicare
Severity-Diagnosis Related Group (MS-DRG), while for outpatients, the payments are based
services the patients receive. Observation care, which is one type of outpatient services, is
given when a patient has a necessity to use a bed and to be periodically monitored whether
the patient’s condition requires an inpatient admission. Based on the definition by the Centers
for Medicare and Medicaid Service (CMS), the observation service is appropriate when the
LOS is less than 48 hours 3. Therefore, patients with LOS longer than 48 hours are more
suitable to be treated under inpatient status. On the other hand, in general, inpatient services
are provided to the patients who are expected to have medical treatment in a hospital at least
two midnights 4. Thus, it shows that accurately predicting LOS upon admission is necessary
in determining the hospitalization and patient status. Although patient status can be changed
from inpatient to outpatient and vice versa during the hospital stay, it requires extra
documentation and time for providers obtain the change approval. This extra work leads to
wasted resources.
Approximately half of the hospital inpatient admissions are from emergency department (ED)
5
. It means that a small number of physicians in ED, compared to other units within the
hospital, have a heavy burden to make decisions on patient admission and hospitalization.
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ED provides access to care to patients of different ages and clinical conditions resulting in a
non-homogeneous patient population. This leads to a more challenging decision making
process for admitting physicians. Figure 5.1 shows the LOS distribution of observation
patients and inpatients admitted from ED at the four hospital sites of Geisinger Health
Systems (GHS) in 2013. From Figure 5.1(a) we can infer that around 20% of observation
patients from ED stay for more than 2 days in the hospital. Many of the hospitals do not have
separated observation units so that patients under observation status are usually kept in EDs
and inpatient units. Holding patients in this busy and noisy EDs for a long time lead to low
quality of care and patient discomfort, as well as ED overcrowding problem 6. On the other
hand, from Figure 5.1(b) around 5% of inpatients do not stay overnight and about 20% of
inpatients stay less than two midnights in the hospitals. Short inpatient stays and unnecessary
inpatient admissions raise the questions regarding medical resource waste. This reaffirms the
fact that ED physicians can benefit from employing LOS prediction tools to support
hospitalization decisions.

(a) observation patients

(b) inpatients

Figure 5.1. LOS distribution of patients through EDs. LOS = length of stay
Predicting LOS in a hospital is akin to predicting the discharge time of patients. Therefore,
predicting LOS is important for hospitalization determination, as well as for patient discharge
prioritization. Discharging a patient from a hospital is a complex process. A number of predischarge interventions have to occur before the patient leaves the hospital, such as
medication reconciliation, physical therapy consultation and follow-up appointments
scheduled 7,8. We believe that predicting LOS upon admission can potentially improve timely
discharges facilitating patient flow and effective bed utilization.
Previous studies that investigate LOS prediction modeling have focused on using regression
models. Since LOS distribution is long-tailed, several studies have used logarithmic
transformation to make the distribution fit the linear regression model 9–11. Poisson and
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negative binomial regression have been used for counting LOS in terms of number of days
12,13
. When LOS is viewed through the perspective of duration data, survival analysis, such as
Cox and Weibull proportional hazard models, is able to be applied to model LOS 14,15. Some
of the studies regarding LOS models have focused on binary outcome: whether LOS is more
than a certain number of days leading to the application of logistic regression 16–18. Literature
abounds with several LOS studies using regression models. Most of these models were very
specific to diseases or age groups (geriatric or pediatric) with more general conditions 11,19.
Recently, there have been some studies dedicated to predicting all-cause inpatient admissions
at ED triage based on logistic regression and naïve Bayes conditional probability to improve
ED throughout 20–23.
Our study focuses on predicting entire hospital LOS for ED patients who need further care
after ED treatment, including observation service, surgical overnight and inpatient service.
Patients who are discharged after ED treatment are excluded from this study. In addition,
rather than predicting exact number of days, we develop the prediction model to differentiate
between the patients with LOS less than two midnights and the patients with LOS crossing
two midnights. The objective of this differentiation is under the assumption that inpatient
admissions are more appropriate when the patients stay in a hospital at least two midnights,
based on the definition by CMS 4. In addition, this model is designed to predict LOS at two
time points during ED stay. One is at the time of finishing ED triage and registration since
early LOS prediction helps in preparing and allocating admission resource and thus reducing
ED boarding time. The other prediction point is at the time of finishing ED treatment, which
can help ED physicians to reaffirm the necessity of inpatient admission and help in discharge
planning. These predictions are made based on patient characteristics available at ED as well
as real-time census data within the hospitals.

5.2 Methods
Study Design
This LOS prediction model was developed to discriminate between observation and inpatient
admissions at ED triage and at the time right before ED physicians make hospitalization
decisions. This model was built using retrospective data from electronic health record (EHR)
at Geisinger Health System (GHS). The study was approved by the institutional review board
of GHS and exempt from written, informed consent.
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Study Setting and Population
The study was conducted at four EDs of GHS hospitals located in northeast Pennsylvania.
The primary hospital of GHS, Geisinger Medical Center (GMC), is a Level 1 trauma center
and a 45-bed ED with annual volume in 2013 of 12,341 inpatient admissions through ED. In
this study, EDs of four GHS hospitals were considered, including GMC, Geisinger-Shamokin
Area Community Hospital (GSACH), Geisinger Wyoming Valley Medical Center (GWV)
and Geisinger-Bloomsburg Hospital (GBH). The population included in this study consisted
of encounters through ED under observation, surgical overnight and inpatient status, so that
patients directly discharged after ED were excluded from the analysis. The ED data were
collected according to the discharge time from January 1, 2013 to January 1, 2014. A total of
11,887 patients (16,229 encounters) were in the four hospitals at least once during the study
period. Table 5.1 summarizes the number of encounters at participating hospitals during the
study period.
Table 5.1 Number of admissions in four hospital sites
Admission status
GMC
GSACH
GWV
GBH
Inpatient
12521
1191
96
30
Observation
1880
126
13
20
SORU
338
13
1
0
GMC = Geisinger Medical Center; GSACH = Geisinger-Shamokin Area
Community Hospital; GWV= Geisinger Wyoming Valley Medical Center; GBH =
Geisinger-Bloomsburg Hospital; SORU = 23 hr surgical overnight.
Study Protocol
Defining if LOS crosses two midnights
The outcome of interest for prediction was whether the LOS of a given admission through
ED is crossing two midnights. Time counted towards two-midnight stay considers
cumulative time spent for care in a hospital 24. The starting point for the two-midnight
timeframe is when the patient starts receiving hospital services following the arrival,
including the time spent in ED, operating rooms and other treatment areas 24. We used the
time arriving at ED as the starting point and the discharge time from the hospital as the
ending point of the two-midnight timeframe.
Figure 5.2 visualizes the “two midnights” based on the CMS definition 24. Patient A was
admitted to ED at 11:00 pm on Day 1. It took just an hour for him/her to cross the first
midnight to Day 2, and in order to cross the second midnight, it took one more day to Day 3.
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The threshold for patient A to cross two midnights was 25 hours. On the other hand, patient
B was admitted to ED at 1:00 am on Day 2, which was two more hours later than Patient A,
the threshold for patient B was 47 hours. Patients coming to hospitals at different times of the
day might have different time-length thresholds to cross two midnights. The equation for
two-midnight threshold for patient in time unit hours,
= 24 −

−
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, is:
+ 24

where
is the admission time in hour of patient , and
is the admission time in
minutes for patient . Some patients with very severe conditions may stay in the hospital for
no more than two midnights and the corresponding hospital stay may end in death. In order
to incorporate death in the hospital into this study, the LOS for the hospitalization ending in
death was set to be infinity, that is, the LOS crosses two midnights.

Figure 5.2. Definition of two midnights
Predictive variable selection
In this study, LOS estimation was made at the time that a patient finishes ED triage and
registration, and at the time a patients finishes ED treatment. In order to clarify data
availability at the two different time points, we examined potential predictors along with a
typical patient flow in ED (as shown in Figure 5.3). When patients arrived at ED, they went
to triage first or skipped ED triage and were immediately treated if they were under very
severe conditions. At ED triage, the available patient data were the starting and completing
time of triage, acuity level using the Emergency Severity Index (ESI) from level 1 (most
urgent) to level 5 (least urgent) 25, patient height and weight, and patient complaints. For
simplicity, only the first three complaints without ordering were considered. After ED triage,
patients were sent to ED treatment area. At GHS, ED registration could be done at any time
after the patient comes to ED and even at the stage of ED treatment. Once patients registered
to ED, their registration time, demographics and past medical history within GHS are
available. We retrieved census data within the hospital at the time of ED registration, 6 hours
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and 12 hours prior to ED registration. Since the data were de-identified, for registration time,
the available data were year, month of the year, weekday and time of the day. Based on
registration and triage time, we determined that if patients went to triage first or registered to
ED first, which might indicate the severity of patient conditions. For patient demographics,
we collected patient age, gender and counties patients lived in. For the clinical history of
patients, we traced the data back to 2006. In ED treatment area, the system recorded how
much time patients spent in ED. If an ED physician considered a patient needs further cares
beyond ED such as observation and inpatient cares, the patient was assigned an admitting
diagnosis and a patient service line (PSL). An admitting diagnosis is the condition identified
by a physician at the time when a patient requires hospitalization, and a PSL is a department
where the patient is managed by after ED treatment if further cares are required. In GHS, an
admitting diagnosis is given according to the International Classification of Diseases, Ninth
Revision (ICD-9) 26 during the study period. Since our data were from four different ED sites
at GHS, we also added hospital locations as predictors. Table 5.2 summarizes the details of
available data at different stages in ED. As shown, at the first predicting time point, variables
at triage and registration are available, and at the second predicting time point, variables at
triage, registration and treatment are all available.

Figure 5.3. Available patient data along patient flow in ED
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In order to effectively utilize these predictors, we preprocessed the data. First, for reducing
noise and non-linearity, the numerical values, such as age and registration time, were
grouped into a smaller number of bins. For example, values of patient age were coded into
seven intervals (0, 1-12, 13-20, 21-40, 41-65, 66-80, 81+). For registration time, a specific
month was coded to indicate if it was a winter season or not, and the time of the day was
transferred into four intervals (morning, afternoon, evening and late night). For the sake of
appropriately using patient height and weight as predictors, body mass index (BMI) was
calculated and is binned into 8 intervals 27. In the EHR system, the time spent in ED by a
patient was recorded in minutes, for the analysis and to reduce sensitivity we have used hours
as the measure.
In the raw dataset, there were five categorical variables, including hospital sites, complaints,
counties, and ICD-9 codes and PSL. Except hospital sites, all other variables had sparsity
issue, that is, multi-valued variables had a number of values but only few of them were
frequently observed. In order to address this issue, we preprocessed these categorical
variables. In the raw data, there were 196 different counties that patients came from. We
aggregated the counties into five larger geographical regions, which are north central
Pennsylvania, south central Pennsylvania, northeast Pennsylvania, southeast Pennsylvania
and other places. For complaints, the pre-process contains two steps, including replacing
synonyms and aggregating lower-level values to higher-level groups. One symptom
presented by patients could be expressed in multiple ways using synonyms, like “dizzy” and
“dizziness”, “difficulty breathing” and “short of breath”. In this case, we replaced “dizzy”
with “dizziness” and “difficulty breathing” with “short of breath”. In addition, different
symptoms could have a certain level of clinical similarity. For example, “irregular heart rate”,
“rapid heart rate” and “slow heart rate” are all indicated the irregularity of heart rate, and
hence they were grouped into one higher level complaint, “irregular heart rate”. Using these
two steps, 392 complaints were aggregated into 258. After all these preprocess steps, the
values in complaints, diagnoses and PSLs still presented sparsity issue. We only considered
the categorical values that present in at least 50 encounters of the whole dataset. At the end,
66 complaints, 63 diagnosis codes and 35 PSLs were considered.
In the dataset, variable gender, county, weight and height, triage time, acuity level and
complaints had missing values. Two possible situations can cause the occurrence of missing
values at triage stage. One was that patients were directly sent to ED treatment area after
arrival and skipped ED triage. The other was that patients were sent to triage but for some
reason some of the information was missing. If an ED visit did not have both triage time and
acuity level on the record, we assumed that this patient skipped ED triage. We then generated
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a binary variable to indicate if patients skip ED triage or not. For each other variable with
missing values, we used a dummy variable to indicate if the value was missing or not. After
data preprocessing, there were 122 variables at first predicting time point, and 220 variables
at the second time point.
Table 5.2 Predictor category
Stage

ED Triage

Variable category
Hospital sites
Triage/no triage/missing
Acuity level (ESI)
Complaints
Height and weight
Length of triage time
Registration time

Demographics
Clinical history
ED
Registration

Variable names
 4 locations



















ED
Treatment

Census data



ED duration
Admitting diagnosis
(ICD-9)





Patient service line




5 levels
Up to 3 complaints
BMI (8 intervals)
Time unit is in minute
Winter/non-winter
Weekday
Morning/afternoon/evening/ late night
Register first or triage first
Age (10 intervals)
Gender
County (5 regions)
If the patient has been to GHS before
Patient class of the last visit
Discharge destination of the last visit
If the patient has been to GHS ED
before
How much percentage of previous
visits is inpatient
How much percentage of previous
visits crosses two midnights
If the current complaints have been
shown in the previous records
Number of beds are occupied at the
time of registration/6 hours prior to
registration/12 hours prior to
registration (4 intervals)
Time unit is in hour
Current ICD-9
If the current ICD-9 has been shown in
the previous records.
Service line name
Service line is related to surgery or not
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Data Analysis
Two methods were selected to estimate the probability that an admission had LOS less than
two midnights at the selected prediction time points. One was logistic regression (LR) and
the other one was random forest (RF) 28–30. A logistic function regarding the predictors and
outcome is written as the follows:
( )
= exp (
1− ( )

+

×

+

×

+

×

+ ⋯+

×

)

where ( ) is the probability that the LOS of a patient is less than two midnights given that
the patient is admitted to other units in the hospital after ED treatment, and =
{ , , … , } is the set of predictors.
is the regression coefficient of intercept and
, ,…,
are the coefficients of each predictor. RF is an ensemble classifier that
aggregates the estimated probabilities from multiple decision trees. Each decision tree gives
the probability of LOS not crossing two midnights by learning from a random sample of
training set and at each splitting node of a tree randomly choosing variables to optimize
the split. RF outputs the mean of the probability of each tree. In our case, we used RF with
500 decision trees and the number of variables per split was 15.
The whole dataset were randomly separated into 70% for training and 30% for testing, and
Both LR model and RF model were constructed by using the training set with 10-fold cross
validation 31. This validation method averaged the performance of ten different samples from
the training set to reduce the overfitting effect. Since the prediction outcome was binary, we
used area under receiver operating characteristic curve (AUC) to evaluate model performance
32
. In order to eliminate insignificant predictors, we used backward feature selection (BFS),
which was built in the training process to find the optimal subset of predictors that maximize
model performance 33,34. Based on BFS, all the predictors were fitted in the model at first,
and then each predictor was ranked using variable importance measures 28,35,36. Suppose
variable = { | = 1, … , } was set to be a set of numbers of predictors, and at the th
iteration of feature selection, the top ranked predictors were kept in the model. The model
was then refitted by these predictors and the corresponding AUC was computed. After all the
iterations, the value with the best AUC was chosen and the top ranked predictors were
used to fit the final model. In order to rank predictors according to their variable importance,
the absolute value of z-statistic was used for the LR model. A variable’s z-statistic is defined
as the regression coefficient divided by its standard error. If the z-statistic is big in magnitude
(either positive or negative), it shows that the corresponding true regression coefficient is not
zero so that the value of the corresponding variable strongly affect the outcome. For the RF
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model, a variable importance was identified by permutation importance, which is the
decrease in classification accuracy after permuting the variable over all trees. Once the final
LR and RF models were built, their performance was evaluated using the remaining 30%
testing dataset.

5.3 Results
Among the 16229 admissions considered, 3032 (18.7%) admissions had LOS less than two
midnights and 13197 (81.3%) admissions had LOS crossing two midnights. Table 3 displays
patient population across key baseline characteristics. Approximately 54% admissions with
LOS lasting two midnights were elders (age > 60), but the percentage of elder patients with
LOS less than two midnights dropped to 31%. Among all the admissions, 71% of patients
came from northeast Pennsylvania, and 20% of patients came from north central
Pennsylvania. 20.8% of patients with LOS less than two midnights had complaint chest pain,
and 44.0% of patients with LOS crossing two midnights were sent to general internal
medicine after ED.
Table 5.3 also illustrates conditional probabilities of LOS less than two midnights given each
baseline characteristic. For example, an admission given ESI level 1 had the highest
probability to stay in a hospital cross two midnights, while an admission given ESI level 4 or
5 had the highest probability to stay only one midnight or less. The conditional probabilities
of shorter-stay admissions decreased as age of patients went up, which meant that older
patients tended to have longer stay than young patients and have higher chance to be
inpatients. Patients admitted with chest pain had probability 0.369 to stay in the hospital only
one midnight or less, while patients admitted with high fever had this probability dropped to
0.080. LOS also varied with the type of diagnosis: patients admitted with chest pain had a
higher probability (0.60) with LOS less than two midnights as compared to patients with
heart failure or punctured vessel (0.06). The above analysis shows that the conditional
probabilities provided the information that with what kind of individual characteristic,
patients had higher chance to stay shorter in the hospital. The probability estimates can be
used to prioritize the predictors.
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Table 5.3 Baseline Characteristics of Patients
LOS
Characteristics
Age
0-1
1-10
11-20
21-30
31-40
41-50
51-60
61-70
71-80
81+
Gender
Male
Female
Region
Northeast Pennsylvania
North central Pennsylvania
Southeast Pennsylvania
South central Pennsylvania
Other
Registration time of day
6:00 am – 12:00 pm
12:00 pm – 6:00 pm
6:00 pm – 12:00 am
12:00 am – 6:00 am
Registration day of week
Monday
Tuesday
Wednesday
Thursday
Friday
Saturday
Sunday
Season
Winter (Dec. – Feb.)
Non-winter (Mar. – Nov.)
Acuity level
ESI level 1
ESI level 2
ESI level 3

Less than
2 midnights
n= 3032

Crossing
2 midnights
n= 13197

P(LOS <2
midnights | given
characteristic)
0.187

67 (2.2%)
300 (9.9%)
236 (7.8%)
305 (10.1%)
272 (9.0%)
387 (12.8%)
499 (16.5%)
416 (13.7%)
319 (10.5%)
231 (7.6%)

144 (1.1%)
297 (2.3%)
586 (4.4%)
810 (6.1%)
772 (5.8%)
1295 (9.8%)
2162 (16.4%)
2416 (18.3%)
2308 (17.5%)
2407 (18.2%)

0.318
0.503
0.287
0.274
0.261
0.230
0.188
0.147
0.121
0.088

1638 (54.0%)
1394 (46.0%)

6717 (50.9%)
6472 (49.0%)

0.196
0.177

2070 (68.3%)
635 (20.9%)
44 (1.5%)
167 (5.5%)
80 (2.6%)

9421
2605
114
685
233

(71.4%)
(19.7%)
(0.9%)
(5.2%)
(1.8%)

0.180
0.196
0.278
0.196
0.256

668 (22.0%)
1003 (33.1%)
762 (25.1%)
599 (19.8%)

2847
4852
4110
1388

(21.6%)
(36.8%)
(31.1%)
(10.5%)

0.190
0.171
0.156
0.301

478
501
426
546
397
327
357

2112
1886
1952
1763
1931
1801
1752

(16.0%)
(14.3%)
(14.8%)
(13.4%)
(14.6%)
(13.6%)
(13.3%)

0.185
0.210
0.179
0.236
0.171
0.154
0.169

991 (32.7%)
2041 (67.3%)

4279 (32.4%)
8918 (67.6%)

0.188
0.186

94 (3.1%)
1278 (42.2%)
1416 (46.7%)

579 (4.4%)
5749 (43.6%)
6115 (46.3%)

0.140
0.182
0.188

(15.8%)
(16.5%)
(14.1%)
(18.0%)
(13.1%)
(10.8%)
(11.8%)
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ESI level 4 or 5
Complaint
Short of breath
Abdominal pain
Chest pain
Weakness
Fever
ICD-9
786.5 Chest pain
311 Depressive disorder
789 Abdominal pain
428 Heart failure
38.9 Puncture of vessel
Patient service line
General Internal Medicine
Trauma Surgery
Cardiology
Psychiatry
Neurology

52 (1.7%)

155 (1.2%)

0.251

254 (8.4%)
357 (11.8%)
630 (20.8%)
139 (4.6%)
95 (3.1%)

1997 (15.1%)
1506 (11.4%)
1078 (8.2%)
1093 (8.3%)
1089 (8.3%)

0.113
0.192
0.369
0.113
0.080

432 (14.2%)
44 (1.5%)
110 (3.6%)
23 (0.8%)
16 (0.5%)
347 (11.4%)
393 (13.0%)
222 (7.3%)
69 (2.3%)
236 (7.8%)

241
461
300
386
384

(1.8%)
(3.5%)
(2.3%)
(2.9%)
(2.9%)

5806 (44.0%)
1029 (7.8%)
987 (7.5%)
868 (6.6%)
646 (4.9%)

0.642
0.087
0.268
0.056
0.040
0.056
0.276
0.184
0.074
0.268

Among these 16229 admissions, we randomly selected 11361 admissions (70%) as a training
set and the remaining 4868 admissions (30%) as a testing set. We made 50 repeated trials of
random sampled training and testing sets. Figure 5.4 shows the mean AUC of 50 different
training trials across different number of variables at two different prediction time points. In
the figure, LR-1, LR-2, RF-1 and RF2 designate LR and RF methods at time points 1 and 2
respectively. As shown, 122 predictors are available at the first prediction time point, and the
best mean AUC is when all the predictors are used for LR-1 and when 120 predictors are
used for RF-1. The best mean AUC for LR-1 is 0.775 and the best mean AUC for RF-1 is
0.761. At the second prediction time point, both LR-2 and RF-2 show the highest mean AUC
when all the 220 predictors are used. In LR-2 the best mean AUC is 0.840 and in RF-2 the
best mean AUC is 0.833. No matter at which predicting time point, mean AUCs by using LR
dominate those by using RF across a series number of predictors.
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Figure 5.4. Mean AUC across number of predictors by model.
For each method in a training trial, we selected a model with a set of predictors which could
reach the highest AUC, and use that model to predict the outcome on the corresponding test
set. Figure 5.5 compares the mean AUC of the 50 trials on training and testing sets, and the
error bars display the maximum and minimum AUC of the 50 trials. As shown, no matter at
which predicting time point and what methods were used, AUCs on training sets and testing
sets do not have significant difference. Both LR-2 and RF-2 have significantly higher AUC
than LR-1 and RF-1. In addition, models by using LR in general have better performance
than models by using RF at both predicting time points.

Figure 5.5 Comparison of mean AUC on training and testing sets by model
For each method at each prediction time point, we selected the model with the best AUC on
testing sets among as the final model. As shown in Figure 5.6, at the first predicting time
point, LR-1 has testing AUC 0.794, which is higher than the testing AUC of RF-1, and at the
second predicting time point, LR-2 has testing AUC 0.855, which is also higher than the
testing AUC of RF-2. The ROC curves on the final four models are also illustrated. It
presents that at the same prediction time points, LR and RF methods have similar ROC
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curves, but the distance of ROC curves between two different predicting times are relatively
large.

Figure 5.6 Testing ROC curves on admissions with LOS less than two midnights

5.4 Discussion
In an attempt to support ED physicians to make right admission decisions, we built the
prediction models to estimate if the LOS of an admission will last two midnights or not. In
this study, we made LOS prediction at two different time points. At the time point when an
ED patient finishes triage and registration, the LOS predictions can help the staff in preparing
the resources required (beds and other medical resources) before the patient finishes ED
treatment. In addition, the predictions at the earlier stage can give an ED physician a basic
idea about patient before ordering any tests and starting any treatment. LOS predictions at the
second time point can help an ED physician to reassure the necessity of the hospitalization
before making a final decision. It can help in reducing the rate of unnecessary inpatient
admissions and prolonged observation stays, which will improve care quality provided to
patients. Furthermore, the predictions at the second time point can also support early
discharge planning for patients who have shorter LOS to improve throughput.
In order to obtain accurate LOS predictions, BFS suggests that almost all the predictors
collected should be used in the final models, no matter at which predicting time point and no
matter what prediction method was applied (as shown in Figure 4). Although almost all the
predictors are used for the final models, their relative importance to LOS predictions is
different. Figure 5.7 illustrates the top 10 important predictors of final models. LR-1 and RF1 have 6 common predictors in the top 10, within which the top 3 predictors are the same. It
shows that patient age, complaint of chest pain and complaint of psychological evaluation
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significantly contribute to early LOS estimation no matter what prediction method is used.
Complaint of fever, short of breath and abnormal test results are among the top 10 important
variables to LR-1 for LOS prediction but not to RF-1. Instead, complaint of injury, fall, and
overdose are very important to RF-1. Note that ESI level 1 is also one of the top 10 important
variables to LR-1. When a patient is classified to ESI level 1, it demonstrates that this patient
is in an extremely severe condition and requires immediate life-saving intervention 25. It
makes sense that this kind of patients has very high possibility to stay in a hospital at least
two midnights and requires inpatient services.
Same methods at different prediction time points have much different sets of important
predictors since more crucial predictors are available at the latter time point. Compared to
LR-1, LR-2 have 6 new predictors in the top 10, such as such as ICD-9 850.9 (concussion),
time spent in ED, and PSL in cardiology medicine. 8 new predictors are added in RF-2
compared to RF-1, such as PSL in general internal medicine and in psychiatry. From this we
can infer that these new top-ranked variables are the key predictors to LOS predictions at the
second prediction time point. In addition, as shown, hospital sites are not in the top 10
important predictors. We removed them from predictors and the performance of models did
not have significant changes. It proved the generalizability of our model within Geisinger
campus.

Figure 5.7 Comparison of the top 10 important predictors by model.
ROC curves and the corresponding AUC help in understanding the performance of models.
A random guessing model have AUC score around 0.5 and a perfect model have AUC score
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1.The results in Figure 5 indicate that LR-2 and RF-2 have excellent discrimination between
LOS less than two midnights and LOS crossing two midnights, and LR-1 and RF-1 have
acceptable differentiation. In addition, AUCs on the training set and the corresponding
testing set do not have much difference across different models. It implies that the models
built based on training sets do not have over-fitting problem. The results in Figure 5 also
demonstrate that the minimum AUCs of LR-2 and RF-2 are significantly higher than
maximum AUCs of LR-1 and RF-1. We can conclude that more information available at the
second prediction time point improves the model performance.
In general, the LR model had better performance than the RF model for the LOS prediction
problem. According to the ROC curves shown in Figure 6, the hospital can decide a cut-off
point which can optimize patient safety and hospital benefits in terms of model sensitivity
and specificity. Table 5.4 compares the performance on three different cut-off points
according to estimated probability of observation admissions. The performance of cut-off
points are measured by sensitivity, specificity, positive predictive value (PPV) and negative
predictive value (NPV). For example, if we flag admissions with the estimated probability no
less than 0.2 as LOS less than two midnights, the percentage of patients with LOS less than
two midnights that are correctly identified is 71.8% in LR-1, but only 68.9% in RF-1. Since
at this cut-off point, RF-1 does not have better specificity than LR-1, LR-1 has better
predictions. In LR-2, if we flag admissions with the same probability as used in LR-1, the
percentage of correctly identified LOS less than two midnights increases to 75.9% without
increasing false alarm since the specificity is even higher than in LR-1. Suppose now the
hospital wants to increase the percentage of correctly identified LOS less than two midnights,
it can move the cut-off points to the estimated probability no less than 0.15 or even lower.

5.5 Limitations
Few limitations exist in this study. First, although the prediction models were developed
based on four different hospital sites, all the four sites belonged to one health system and
located in geographically and demographically similar places. The study has not been
generalized to other health systems. In an attempt to ease the implementation of the models
in practice, the prediction models we made based on EHR data only. However, some
potentially informative predictors, such as ED arrival mode and admitting physician name,
have not been recorded in EHR system and cannot be used in the models. Some of patients
are new to GHS and hence their past medical history is not available in EHR system at GHS.
From Figure 7 we know that how much percentage of previous visits is under inpatient status
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and crosses two midnights are the two important predictors for predicting LOS. Without this
information, the LOS estimation has less accuracy, which indicates that the LOS model
would perform worse for new patients. ED is a changing environment, but the models only
keep accurate if the underlying environment remains stationary. Our models need to be
updated often to cope with new treatments and policies. Our predictions only discriminated
between observation and inpatient admissions but were unable to estimate the exact number
of days a patient will stay in a hospital. In order to estimate the exact number of days of LOS,
we may need to develop other models.
Table 5.4 Model performance on different cut-off points
Model
LR-1
RF-1
LR-2

RF-2

Predicted prob.
>=0.2
>=0.15
>=0.1
>=0.2
>=0.15
>=0.1
>=0.2
>=0.15
>=0.1
>=0.2
>=0.15
>=0.1

Sensitivity
0.718
0.812
0.909
0.689
0.817
0.920
0.759
0.814
0.878
0.756
0.842
0.921

Specificity
0.732
0.618
0.453
0.730
0.586
0.375
0.793
0.725
0.613
0.770
0.660
0.491

PPV
0.381
0.328
0.276
0.370
0.312
0.253
0.457
0.405
0.342
0.430
0.362
0.293

NPV
0.919
0.935
0.956
0.911
0.933
0.953
0.935
0.944
0.956
0.932
0.948
0.964

5.6 Conclusions
We have developed the models to predict whether an admission through ED has LOS less
than two midnights at two different time points. The first time point is at the time that
patients finish ED triage and ED registration, and the second time point is at the time right
before ED physicians make hospitalization decisions. The predictors for the models have
been collected along with patient flow in ED in order to clarify the information availability at
two different time points. The important predictors at the first prediction time point included
patient age, complaint of chest pain, complaint of psychological evaluation, ED arrival on
Thursday, ED registration time during a late night, and the percentage of previous visits
crossing two midnights. The important predictors at the second prediction time points are
patient age, PSL in cardiology medicine, and ICD-9 codes in 850.9 and 977.9. At the first
predicting time point, the LR model performs better than the RF model with AUC 0.794, and
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at the second time point, the LR model still has better performance than RF model with AUC
0.855. This prediction models can support ED physicians in making right decision on
hospitalization. Once the models are implemented in a hospital, the unnecessary inpatient
admissions and prolonged observation stays are expected to decrease, which will contribute
to reducing ED boarding time, solving ED overcrowding problem and improving the quality
of care. In addition, the utilization of LOS predictions in ED will facilitate the entire patient
flow by supporting early discharge planning.
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Chapter 6: Real-Time Estimation of Remaining Length of
Stay for General Adult Inpatients

Abstract
Discharging patients from the hospital is a complex and dynamic process which is full of
challenges. Currently, providers manually estimate discharge dates, but the predictions are
sometimes not recorded and tend to be inconsistent. In addition, late discharge time
estimation may delay patients’ discharges. The purpose of this study is to develop
mathematical models to predict remaining length of stay (RLOS) for inpatients. These daily
predictions can be used to automatically prioritize inpatients for discharge and facilitate the
discharge process. In order to develop RLOS prediction models, electronic health records
(EHR) from one rural health system (including five hospital sites) are collected with provider
and patient level of detail. We model RLOS predictions as one ordinal 3-class classification
problem: discharge today, tomorrow and 2 days or more. Then we develop the stacked
generalization to combine the predictions produced by logistic regression, random forest and
gradient boosting. The RLOS model has a macro averaged F-measure of 0.565 and a
Kendall’s coefficient of 0.494 on the validation set. Compared to the estimation generated by
providers, the RLOS model has stronger prediction power in terms of discriminating between
today’s and later discharges. In addition, RLOS model provides a consistent mechanism for
providers to decide patients’ discharges. The predictions generated from RLOS model can
help in daily prioritization of patient discharges, as well as in bed availability predictions by
aggregating individual discharge predictions.

6.1 Introduction
Discharging patients from the hospital is a complex and dynamic process which depends on
many variables. Most of patients who are ready to be released from hospitals have not fully
recovered and further care and support need to be completed before discharge event can
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happen before a discharge occurs. Patients with various health and living conditions may
have different criteria to meet and different timings for discharge. Determining the timely
discharge for patients is a difficult and is almost an art for every multidisciplinary discharge
team including physicians, nurses and care managers. Premature discharge may cause more
deaths, readmissions and emergency department (ED) visits, which are harmful to patients
and are associated with high hospital cost [1][2][3][4]. On the other hand, delayed discharge
results in increasing the risk of infection and depression which lower patient satisfaction
[5][6]. It also leads to decreased bed availability, delayed admissions, prolonged boarding
time and consequent increased mortality rate [7].
Real-time demand capacity management (RTDC) is a four-step method proposed by Institute
for Healthcare Improvement to facilitate patient flow, and the first step in this method is to
manage the discharge process [8]. Based on this method, each inpatient unit has a morning
huddle to decide how many of the patients could be discharged on that day. However, this
method puts more focus on hospital-wide bed capacity and overall patient flow rather than
each individual patient. In addition, this method requires clinicians dedicated time to
physically meet together and discuss potential discharges. To solve this problem, Yale-New
Haven Hospital (YNHH) developed an EHR-based discharge tool “Red/Yellow/Green
Discharge (RYG)” to identify the likelihood of patients’ next-day discharge [5]. Providers
daily tag each patient on EHR system with color alerts to indicate the probability of next-day
discharge. The purpose of this tool is to enhance the communication between clinicians for
discharge readiness and trigger early discharge steps for patients with green or yellow tags.
During the implementation of RYG, clinicians begin morning work rounds with examining
patients with green assignments. The results show that the overall 11 A.M. discharge rate has
been improved from 10% to 21% without increase in readmission rate.
Geisinger Health System (GHS) also developed a similar discharge tool “Discharge Button”
(DCB) to facilitate completion of tasks required prior to discharge [9]. Rather than predicting
the likelihood of the next-day discharge, DCB allows providers to predict remaining length
of stay (RLOS) of patients and assign them into one of the three categories: discharge today,
tomorrow, and 2 days or more. This tool can be used to prioritize the remaining tasks for the
most likely patients and bed capacity planning.
Irrespective of RYG or DCB, some of patients do not have daily predictions assigned. In
YNHH about 20% of patients did not have color assignments on each hospital day [5]. And
in GHS more than half of patients did not have button update. It still presents the inconsistent
communications among medical units for discharge readiness of many of the patients even
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after the implementation of these discharge tools. Moreover, both RYG and DCB do not limit
the time of providers making predictions. In the case of GHS, only 15% button clicks before
8 AM and 44% before 10 AM. The late predictions may delay the discharge process and
result in bed blocking, prolonged ED boarding time and prolonged post-anesthesia care unit
(PACU) holding time. In order to enhance these discharge tools, we intend to develop RLOS
model to automatically assign discharge predictions to patients, so that every patient would
have expected discharged time assigned in the early morning of each day.
Most of previous related studies focus on length of stay (LOS) prediction using EHR data at
the time of admission or right after surgeries [10]. Since LOS distribution is right-skewed,
previous studies have used linear regression model with logarithmic transformation to fit
LOS [11][12][13]. If LOS is viewed as the number of days, then Poisson and negative
binomial regression can be used [14][15]. LOS can be described in terms of duration data and
hence, survival analysis such as Cox and Weibull proportional hazard models can be applied
to model LOS [16][17]. Some of studies have been interested in whether LOS is more than a
certain number of days or not, and then logistic regression have been applied [18][19][20].
No matter what methods have been used, LOS predictions are static, so that every encounter
only has one predicted value. However, whether a patient can be discharged or not mainly
depends on the health status of the patient and resource availability, which are highly
uncertain and dynamic over the hospital stay. LOS prediction methods lack sufficient context
to accurately predict discharge time [10]. As more and more clinical and diagnostic
information available, LOS prediction may need to be updated during the hospital stay.
In order to solve static prediction problem, recent studies have focused on predicting time to
discharge, or RLOS [10][21][22]. These prediction models use the most recent clinical data
during the hospital stay and make discharge predictions for patients. RLOS is represented by
either a continuous, or a categorical variable, and hence, generalized linear regression,
logistic regression, random forest and support vector machines can be used for prediction.
However, most of these research efforts have focused on infants, which lack generalizability
for being applicable to general adult patients. Barnes et al. developed a model for one general
medical unit using available EHR data at 7 A.M. to predict discharge by 2 P.M. and by
midnight [22]. This model included not only inpatients but also observation patients, who
stay in the hospital no more than two nights and usually can be discharged on the day the
predictions produced. This may result in that all the potential discharges are observation
patients and fail to identify the inpatients who are ready to go home. In addition, this model
only considered potential discharges on the day of the predictions. Some potential discharges
may need more time to process their documentations before discharge, like elders with
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multiple chronic conditions or patients who will be sent to other healthcare facilities after
discharge. One day may not be enough to process their discharge documentations, so that
earlier discharge predictions are needed.
Our objective of this research is to develop RLOS model to automatically predict discharge
times for all adult inpatients excluding pediatrics and psychiatrics by taking supervised
machine learning methods. RLOS model generates daily discharge time predictions based on
the available data in electronic health record (EHR) at midnight each day, so that every adult
inpatient would have expected discharge time assigned in the early morning each day. Based
on these early predictions, clinicians will have enough time to prioritize discharges and
remaining tasks. RLOS model also provides clinicians a more consistent way to
communicate discharge readiness. The format of RLOS predictions is designed to be the
same as the format in DCB: discharge today, tomorrow, and 2 days or more.

6.2 Methods
Study Design and population
RLOS model was built using retrospective data from EHR at Geisinger Health System
(GHS). This model was designed to produce daily predictions based on data available at
midnight each day and assign adult inpatients into one of the three categories: discharge
today, tomorrow, and after 2 days or more. The study was approved by the institutional
review board of GHS and exempt from written, informed consent.
The study was conducted across multiple inpatient units of five GHS hospitals in northeast
Pennsylvania, including Geisinger Medical Center (GMC), Geisinger Wyoming Valley
Medical Center (GWV), Geisinger Community Medical Center (GCMC), GeisingerShamokin Area Community Hospital (GSACH) and Geisinger-Bloomsburg Hospital (GBH).
The population in this study consisted of all the adult inpatient encounters excluding
psychiatrics inpatients, inpatients died in hospital and inpatients discharged with planned
death. This study also excludes observation and surgical-overnight patients who are noninpatients and usually stay in the hospital less than two midnights. The study period is from
12/30/2014 to 09/23/2015, and there were a total of 26,820 patients with 33,625 inpatient
encounters. Each encounter involves multiple hospital days depending on how long the
patient stays, so that these encounters were converted into 146,922 inpatient days. Each data
point in this study is one inpatient day.
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Predictive variable selection
In order to obtain any potentially relevant variables to RLOS with consideration of GHS data
availability, we did extensive review on the previous studies associated with LOS and
consulted data scientists at GHS. We also consulted providers at GHS to obtain more
relevant variables in practice. Two types of variables were identified based on their
availability timing. Static variables were those were known at the time of admission and
stayed unchanged during a patient’s hospital stay. These were grouped into several categories
including admission information, patient demographics, patient socio-econmic information
and patient medical history. Admission provider history may change over time, but we use
the data available at the time of admission and assumed it is unchanged during the hospital
stay. Dynamic variables were those that kept updated during the entire hospital stay based on
the changes in the patient status as well as the hospital and environmental state. These
include patient health status such as vitals and lab results, patient flow data such as current
level of care and pending surgery, and discharge plan such as return appointment scheduled
and discharge order. We also considered daily hospital census and day of week. Table 1
summarizes the details of all variables we considered. Note that some of the variables used
for RLOS model have been used to estimate the risk of post-hospital discharge adverse
events [23].
Table 6.1 Predictors of RLOS model
Static
variables

Variable category
Admission
information

Demographics

Medical history

Variable name
 Hospital sites: GMC, GWV, GCMC,
GSACH, GBH
 Admission source: ED, clinic, routine,
transfer
 Readmission flag
 Age
 Sex
 Race
 Distance to hospital
 Chronic conditions: Chronic Obstructive
Pulmonary Disease (COPD), Chronic
Heart Failure (CHF), End Stage Renal
Disease (ESRD), hypertension and
diabetes.
 Prior hospital utilization: prior number of
admissions, readmissions, ED visits,
completed appointments, cancelled
appointments and no-show appointments,
length of prior ICU stay, length of prior
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Socio-Economics

Provider history

Dynamic
variables

Patient health status

Patient flow data

Discharge plan status
Other

hospital stay
Primary care provider flag
Insurance provider
living quarters: home, nursing facility or
other
 Living support flag
 Prior number of discharges within 3
months/6 months/12 months
 Prior number of 3-day/30-day
readmissions within 3 months/6
months/12 months
 Prior number of 3-day/30 day re-ED
visits within 3 months/6 months/12
months
 ICD9 codes
 Number of ICD9 codes
 Vital signs: temperature, heart rate,
respiratory rate, blood pressure (diastolic
and systolic), SpO2
 Lab results: Hemoglobin, platelets, White
Blood Cell (WBC) count, glucose, sodium,
potassium
 Current procedures:
indwelling urinary bladder catheter
(IUBC), intubation, intravenous
medication, blood transfusions
 MEWS score
 Charlson score
 Coma score
 Mobility level
 Difficulty in daily operations
 Elapsed LOS
 Current level of care
 Elapsed LOS in the current level of care
 Elapsed LOS in medical-surgical care
level
 Pending surgery
 Days from the most recent surgery
 Expected RLOS
 Previous’ day discharge time predictions
in DCB
 Consult order
 Return appointment scheduled
 Discharge order
 Hospital census
 Day of week
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For effectively utilizing these predictors, data preprocessing is required before building a
prediction model. In the dataset, there were yes/no flags, such as if the admission is a
readmission, if the admission is taken care by the primary care provider, and if the patient has
living support. For each flag variable, value 1 was used to indicate “yes” and value 0 was
used to indicate “no”, so that these flag variables can be converted into a numerical format.
For each other categorical variable including admission source, chronic conditions and ICD9
codes, we recoded it into a number of separate and dichotomous variables to indicate the
presence of each category. For example, variable “admission source” contains four categories
including ED, clinic, routine and transfer. We converted each category into one variable and
used value 1 and 0 to indicate the presence of each category for every data point. Some of
data points may belong to multiple values of one categorical variable, and recoding them into
a series of binary variables is an easy way to interpret this structure. For example, patients
may have multiple chronic conditions at the same time, such as diabetes and hypertension. A
series of binary variables are easy to interpret this situation by giving value 1 to both of the
variable “diabetes” and “hypertension” and value 0 to the remaining ones. Thousands
different ICD9 codes have been observed in the study population, but we only considered the
most 38 common ones for prediction.
The data consisted of not only categorical variables but also numeric variables, such as
patient age, distance to hospital, vital signs and lab results. For blood pressure, both too high
and too low are problematic and may cause longer LOS. On the basis of clinical
interpretation, both systolic and diastolic blood pressures were grouped into four categories
including “normal”, “low”, “pre-high” and “high” blood pressures. We applied the same
transformation approach to vital sign indicators including temperature and heart rate, and lab
results such as white blood cell and platelets.
In the data, if missing values are numeric, such as BMI and distance to hospital, we replaced
each missing value with the mean of the observed values for that variable. Then created
additional flag variable to indicate if the value was missing or not. If missing values occurred
on categorical variables, such as race, current level of care and mobility level, we created
another category called “unknown” for the missing values.
There was a variable named “expected RLOS” under the variable category “patient flow
data”. It was calculated from the expected LOS in days, which is a data entry given by
admitting providers at the time of admission. Sometimes the values of expected LOS were
considerably large numbers, say, 300 days. We treated expected RLOS as a wrong entry if
the corresponding expected LOS was more than 30 days by giving an additional dummy
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variable. Sometimes the expected LOS could be missing, and then we added another dummy
variable to indicate if expected LOS was missing. All other expected RLOS were grouped
into 7 categories based on the time length. After the data preprocessing, 219 variables were
used in RLOS predictions, in which 70 numeric and 149 binary variables.
Outputs of RLOS model
It is an ordinal 3-class problem to predicting RLOS of patients in terms of discharge today,
tomorrow and 2 days or more. We decomposed this 3-class problem into a series of binary
classification problems. Two methods were considered for the decomposition.
The first one is nested dichotomy algorithm (NDA), by which the decomposition can be
represented as a binary tree in a recursive manner (Frank and Kramer, 2004). Suppose that
Y = {y , y , y } is a set of classes representing the ordinal classes of RLOS, where y , y
and y represent discharge today, discharge tomorrow and discharge 2 days or more
respectively. In Figure 6.1 (a), the root node corresponds to binary classifier B , which is
learned to discriminate between class {y } and meta-class {y , y } . The inner node is
associated to binary classifier B , which is to distinguish between {y } and {y } . By
combining these two classifiers, we can assign the class with the highest estimated
probability to the data point. According to binary classifier B , we obtain the estimated
probability of class y , interpreted as Pr(y ∈ y ). The outputs of the inner-node classifier B
are described as two conditional probabilities of the form Pr(y ∈ y |y ∈ {y , y }) and
Pr(y ∈ y |y ∈ {y , y }), respectively. Since classifier B and B are statistical independent,
the estimated probability of class {y }, denoted as Pr(y ∈ y ), is interpreted as the follows.
Pr(y ∈ y ) = Pr(y ∈ y |y ∈ {y , y }) × [1 − Pr(y ∈ y )]

(1)

Similarly, the estimated probability of class {y }, denoted as Pr(y ∈ y ), is written as below.
Pr(y ∈ y ) = Pr(y ∈ y |y ∈ {y , y }) × [1 − Pr(y ∈ y )]

(2)

The function of y according to eq (1) and eq (2) can be described as the follows.
y ∈ y , if Pr(y ∈ y ) >
y ∈ y , if Pr(y ∈ y ) >
y ∈ y , if Pr(y ∈ y ) >

(y ∈ y ) and Pr(y ∈ y ) >
(y ∈ y ) and Pr(y ∈ y ) >
(y ∈ y ) and Pr(y ∈ y ) >

(y ∈ y )
(y ∈ y )
(y ∈ y )

(3)

Rather than using the final probability to assign the class to the data point, the nature of NDA
also allow users to customize the cut-offs along the binary tree. At the root node as shown in
Figure X, data points are assigned to class {y } if Pr(y ∈ y ) is higher than cut-off c , where
c ∈ [0, 1]. The remaining data points then go to the inner node classifier B to obtain
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Pr(y ∈ y ) and Pr(y ∈ y ). The cut-off c to separate between class {y } and {y } can be
determined by either Pr(y ∈ y ) or Pr(y ∈ y ), where c ∈ [0, 1]. In this case, the function
of y according to eq (1) and eq (2) can be interpreted into two ways as below.
y ∈ y , if Pr(y ∈ y ) > c
y ∈ y , if Pr(y ∈ y ) ≤ c and Pr(y ∈ y ) > c
y ∈ y , if Pr(y ∈ y ) ≤ c and Pr(y ∈ y ) ≤ c

(4)

y ∈ y , if Pr(y ∈ y ) > c
y ∈ y , if Pr(y ∈ y ) ≤ c and Pr(y ∈ y ) ≤ c
y ∈ y , if Pr(y ∈ y ) ≤ c and Pr(y ∈ y ) > c

(5)

(a)

(b)

Figure 6.1 Structure of nested dichotomy algorithm
For a 3-class ordinal problem, two different binary trees can be built. As shown in Figure 6.1
(b), instead of discriminating between class {y } and meta-class {y , y } at the beginning, we
can have a binary classifier B at the root node to distinguish between meta-class {y , y }
and class {y }. In this case, the inner-node classifier responds to binary classifier B , which is
used to discriminate between class {y } and {y }. According to binary classifier B , we
obtain the estimated probability of class y , Pr(y ∈ y ) . The output of the inner-node
classifier B are described as two conditional probabilities of the for Pr(y ∈ y |y ∈ {y , y })
and Pr(y ∈ y |y ∈ {y , y }), respectively. Therefore, the estimated probabilities of class y
and y are described as shown in eq (6) and eq (7), respectively.
Pr(y ∈ y ) = Pr(y ∈ y |y ∈ {y , y }) × [1 − Pr(y ∈ y )]

(6)

Pr(y ∈ y ) = Pr(y ∈ y |y ∈ {y , y }) × [1 − Pr(y ∈ {y , y })]

(7)

Same as the previous binary tree, we can assign the class with the highest estimated
probability to data points or using the cut-offs along the tree. The function of y according to
eq (6) and eq (7) can be interpreted into three ways as the follows.
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y ∈ y , if Pr(y ∈ y ) >
y ∈ y , if Pr(y ∈ y ) >
y ∈ y , if Pr(y ∈ y ) >

(y ∈ y ) and Pr(y ∈ y ) >
(y ∈ y ) and Pr(y ∈ y ) >
(y ∈ y ) and Pr(y ∈ y ) >

(y ∈ y )
(y ∈ y )
(y ∈ y )

(8)

y ∈ y , if Pr(y ∈ y ) ≤ c and Pr(y ∈ y ) > c
y ∈ y , if Pr(y ∈ y ) ≤ c and Pr(y ∈ y ) ≤ c
y ∈ y , if Pr(y ∈ y ) > c

(9)

y ∈ y , if Pr(y ∈ y ) ≤ c and Pr(y ∈ y ) ≤ c
y ∈ y , if Pr(y ∈ y ) ≤ c and Pr(y ∈ y ) > c
y ∈ y , if Pr(y ∈ y ) > c

(10)

Note that c is the cut-off to separate between meta-class {y , y } and class {y }, and c is
the cut-off to separate between class {y } and class {y }. For the sake of simplicity in
distinguishing among different NDA models, NDA models in eq (3), (4) and (5) are denoted
as NDA1-1, NDA1-2 and NDA1-3, respectively. In addition, NDA models in eq (8), (9) and
(10) are denoted as NDA2-1, NDA2-2 and NDA2-3, respectively.
The other method of the decomposition is the simple ordinal classification (SOC) proposed
by Frank and Hall (2001). By using SOC, the 3-class ordinal problem is transformed to 2
parallel and independent binary classification problems as shown in Figure 6.2. One is binary
classifier B and the other is binary classifier B . It is intuitive to obtain the probability
Pr(y ∈ y ) from the classifier B and the probability Pr(y ∈ y ) from classifier B . By
combining the two classifiers, the estimated probability of the middle class, Pr(y ∈ y ), can
be written as
Pr(y ∈ y ) = max {1 − Pr(y ∈ y ) − Pr(y ∈ y ), 0}

(11)

Note that for a data point, the value of Pr(y ∈ y ) + Pr(y ∈ y ) + Pr(y ∈ y ) may exceed 1.
A data point is assigned to the class with the maximum probability.

Figure 6.2 Structure of the simple ordinal classification
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Prediction model scheme
As mentioned in the previous section, four different binary classifiers B to B were
identified. Each of these binary classifiers was developed using logistic regression (LR),
random forest (RF) and gradient boosting method (GBM) [24][25][26].In order to improve
the prediction accuracy, we used stacked generalization (stacking) scheme to mitigate the
bias of these three methods [27]. This deduction was achieved by introducing a meta-level
and using another classifier, which utilized the predictions from the three methods as inputs,
to make final predictions. In this study, we applied LR again at the meta-level to combine the
predictions from three methods.
To build each binary classifier, the whole dataset was first split into two parts by dates. The
first 7-month data (12/30/2014-07/31/2015) were utilized for training each binary classifier at
base-level and meta-level, and for validating the corresponding performance and identifying
proper cut-off points. The last two-month data (08/01/2015-09/23/2015) were used for testing
the performance of classifiers with assigned cut-off points during the validation process. The
first 7-month patient data were randomly split into 80% training set and 20% validation set.
Since the stacking prediction model contained two states – base level and meta level, the
80% training set were then randomly divided into 56% for level-1 training set for base-level
models and 28% for level-2 training set for the combiner at meta level. The training at the
base level resulted in 3 sets of prediction scores between 0 and 1, corresponding to LR RF
and GBM methods. Theses scores were the inputs for the meta-level classifier. Once a set of
prediction scores at the meta level were produced, the validation set was then used to test
each binary classifier performance by receiver operating characteristic (ROC) curve and area
under ROC curve (AUC). A flow chart of the model scheme is shown in Figure 6.3.
ROC curve and AUC are the measures to test the performance of binary classifiers, which
cannot be a metric for a 3-class ordinal classification model. We used a couple of measures
which are common for evaluating multi-class classification models to test RLOS model
performance. To measure the performance of each class, precision, recall and F-measure
were applied. Precision is the fraction of retrieved instances that are correct, and recall is the
fraction of instances that are correctly retrieved. F-measure (F1 score) is the harmonic mean
of precision and recall. For evaluating the overall performance, macro-average F-measure
was used. Since the outputs of RLOS model is an ordinal variable, Kendall’s rank correlation
coefficient was applied to verify the overall performance [28]. When the predicted and true
values are identical, Kendall’s coefficient is equal to 1. If the predicted and true values are
totally dissimilar, the coefficient is equal to -1.
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Figure 6.3 Flow chart of RLOS model
Benchmark model: Discharge Button (DCB)
In addition to these general metrics for classification models, DCB can give another aspect of
model performance by estimating how much improvement the prediction model can achieve
after implemented. The daily discharge predictions from DCB data were assigned by
providers. We compared the model predictions on the validation set and the testing set with
the provider predictions. Providers can update their predictions anytime during the day, but
RLOS model produces daily predictions once a day immediately after midnight. It is not a
fair comparison of RLOS model predictions with the same-day predictions from DCB.
Therefore, we compared the predictions produced from RLOS model to the previous-day
predictions from DCB. If the previous-day predictions in DCB infer that the estimated
discharge day was today or tomorrow, it meant that the estimated discharge day was today. If
the previous-day predictions in DCB said the estimated discharge day was 2 days or more, it
meant that the estimated discharge day was not today. The predictions from DCB can be a
benchmark to evaluate how well the models perform with respect to the discrimination
between today’s and later discharges. Not all data points contain the DCB. For the data
points with DCB updates, we can measure how much improvement the model brings to DCB
by using F-measure [29]. For those data points without the updates, we can compare RLOS
model to the null model in which the today’s and later discharges is randomly assigned using
F-measure.
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6.3 Results
Data Specification
Among these 146,922 data points (each data point refers to….), 23% of them were
discharged today, 19% of them were discharged tomorrow and 58% of them were discharged
after 2 days or more. These data points contained 33,625 inpatient encounters, in which 46%
of them were males and 54% of them were females. In addition, more than half of the
encounters are elder patients whose ages during the study period were 60 or more, and more
than 60% of these encounters were admitted from ED. Among these encounters, 88% of
them were discharged during weekday and only 12% of them were discharged during the
weekend, which showed that day of the week would be a strong predictor for discharge
estimation. Other key baseline characteristics regarding to patient population are shown in
Table 6.2.
Four binary classifiers
Among these 146,922 data points, 118,337 (80.5%) of them were collected from 12/30/2014
to 07/31/2015, and 28,585 (19.5%) of them were from 08/01/2015 to 09/23/2015. During the
first 7 months, the proportions of discharge today, tomorrow and 2 days or more were 22.6%,
19.5%, and 57.9%, respectively. These proportions during the last 2 months were 21.8%,
18.7% and 59.5%, respectively, which were similar to the proportions during the first 7
months. Out of the first-7-month data, we randomly selected 66,565 (56%) data points as the
base-level training set, 22,189 (19%) data points as the mega-level training set, and 29,583
(25%) data points as the validation set. Figure 6.4 compares the ROC curves of classifier B ,
B , B and B on the validation set across four different classification methods including LR,
RF, GBM and stacking method. It is clear that using stacking method always performs better
than the other three methods irrespective of the classifier. Except the classification between
{y } and {y }, LR presents the worst performance over all the methods. The results on the
validation set suggest us to use stacking method for all these four classifiers.
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Table 6.2 Baseline Characteristics of Patients
Characteristics

Volume

Age
18-29
30-39
40-49
50-59
60-69
70-79
80 +

3276 (10%)
2651 (8%)
3065 (9%)
5566 (17%)
6846 (20%)
6057 (18%)
6164 (18%)

Sex
Male
Female

15419 (46%)
18206 (54%)

Hospital sites
GMC
GWV
GCMC
GSACH
GBH

15043 (45%)
9202 (27%)
7225(21%)
1104 (3%)
1051 (3%)

Distance to hospitals
Within 10 miles
Between 10 and 20 miles
Between 20 and 50 miles
More than 50 miles
Unavailable

14812 (44%)
8412 (25%)
7548 (22%)
2380 (7%)
473 (1%)

Admission source
ED
Routine
Other

20788 (62%)
8725 (26%)
4112 (12%)

Chronic conditions
Hypertension
Diabetes
COPD

20788 (62%)
8725 (26%)
4112 (12%)

Payer
Geisinger Health Plan
Medicare
Medicaid
Other

11296 (34%)
11350 (34%)
4001 (12%)
6978 (21%)

Discharge day of week
Monday
Tuesday
Wednesday
Thursday
Friday
Saturday
Sunday

Mean length of stay

4860 (14%)
5174 (15%)
8187 (24%)
5315 (16%)
6256 (19%)
3660 (11%)
173 (1%)

4.56 days
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AUCs of classifier B , B , B and B by stacking method were 0.8272, 0.7523, 0.8248 and
0.7278, respectively. It demonstrates that discriminating between a class and a meta-class is
easier than discriminating between two consecutive classes. It also shows the difficulty of
discriminating discharges between today and tomorrow since AUC of classifier B is the
lowest across all the classifiers. Since the stacking method outperformed all other methods in
all classifiers, we selected the stacking method to build these four binary classifiers and then
applied NDA and SOC algorithms to solve this 3-class ordinal prediction problem.

B : Classification between {y } and
{y , y }

B : Classification between {y2 } and {y3 }

B3 : Classification between {y1 , y2 } and
{y3 }

B4 : Classification between {y1 } and {y2 }

Figure 6.4 ROC curves of classifier B , B , B and B on the validation set
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B1 : Classification between {y1 } and
{y2 , y3 }

B3 : Classification between {y1 ,
y2 } and {y3 }

B2 : Classification between {y2 } and {y3 }

B4 : Classification between {y1 }
and {y2 }

Figure 6.5 ROC curves of classifier B , B , B and B on the test set
Seven RLOS models
Figure 6.6 gives the performance comparison of NDA1-1, NDA2-1 and SOC in terms of
precision, recall and F1 score. These three models are the models that assign the class with
the highest estimated probability to data points. Irrespective of the model, the performance of
predicting later discharges (2 days or more) surpass the performance of predicting the other
two classes, where the recalls of later discharges are all around 0.90 and the corresponding
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F1 scores are all around 0.80. However, the performance of predicting
predi
tomorrow’s
discharges was uninformative, in which the recalls of all the three models were lower than
0.2, and the F1 scores of NDA1-1
NDA1 and NDA2-11 were lower than 0.2. The performance of
predicting today’s discharges was also not good enough on NDA1-1
NDA1 model and SOC model,
in which the recalls were 0.4767 and 0.4722, respectively. As shown in Figure 6.7, we found
that all the three models underestimated the number of today’s and tomorrow’s discharges
and overestimated the number of later discharges (2 days
days or more). This causes low recalls
on today’s and tomorrow’s discharges, which means only small portion of today’s and
tomorrow’s discharges have been identified.

(a) Comparison by recall

(b) Comparison by
Precision

F
(c) Comparison by Fmeasure

1 and SOC models
Figure 6.6 Performance comparison of NDA1-1,
NDA1 NDA2-1

7 Proportions of discharge today, tomorrow and 2 days or more
Figure 6.7

In order to solve this problem and increase the recall of today’s and tomorrow’s discharge,
we utilized NDA1-2,
2, NDA1-3,
NDA1 NDA2-2 and NDA2-33 to produce RLOS predictions since
these four models can customize the cut-offs.
cut offs. We set up the proportions of predicted today’s,
tomorrow’s and later discharges to be the same as the true ones. In this case, c = 0.3094
and c = 0.2491 for NDA1-2,
NDA1 c = 0.3094 and c = 0.5834 for NDA1-3,
NDA1 c = 0.5481 and
NDA2-3.
c = 0.3762 for NDA2-2,
2, and c = 0.5481 and c = 0.2712 for NDA2
Figure 8 summarizess the performance across different models on the validation dataset. It
shows that although NDA1-2,
NDA1 NDA1-3, NDA2-2 and NDA2-33 sacrifice F1 score of later
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discharge, the F1 scores of tomorrow’s discharge obtained much improvement. The
improvement in the F1 score of tomorrow’s discharge compared to the best of NDA1-1,
NDA2-1 and SOC was 31.2%, 34.7%, 42.6% and 45.9% for NDA1-2, NDA1-3, NDA2-2
and NDA 2-3, respectively. In addition, the macro-average F1 scores and Kendall’s
coefficients of all these four models were higher than the best of NDA1-1, NDA2-1 and SOC.
Macro-average F1 score is first to calculate the F1 score for each category (today, tomorrow
and 2 days or more) and then average over the results of different categories [30]. The gain of
macro-average F1 scores compared to the best of NDA1-1, NDA2-1 and SOC was 4.8%,
6.0%, 8.7% and 5.2% for NDA1-2, NDA1-3, NDA2-2 and NDA 2-3, respectively. The gain
of Kendall’s coefficients was 1.3%, 5.3% 10.0% and 4.0% for NDA1-2, NDA1-3, NDA2-2
and NDA 2-3, respectively. The validation results suggested that NDA2-3 is the best model
since the corresponding macro-average F1 score and Kendall’s coefficient are the highest
among all the models.

Figure 6.8 Performance comparison between seven methods on the validation set
Figure 6.9 shows the comparison across different models on the test set. All the metrics show
that the performance on the test set declines a little compared to that on the validation set for
every model. For instance, the corresponding F1 scores of NDA2-2 on the test set for today’s,
tomorrow’s and later discharges compared to those on the validation set decreased by 4.2%,
4.0% and 5.6%, respectively. In addition, the macro-average F1 score and Kendall’s
coefficient on the test set also declined by 4.8% and 10.5%, respectively. On the validation
set, NDA2-2 model dominates NDA1-2 and NDA1-3 over different performance metrics.
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However, on the test set, the today’s F1 score of NDA1-2 and NDA1-3 is higher than that of
NDA2-2 by 1.4%, and the tomorrow’s F1 score of NDA1-2 is higher than that of NDA2-2 by
0.2%. Although a little less of F1 score on today’s and tomorrow’s discharge, NDA2-2 still
performs the best overall with respect to the measure macro-average F1 score and Kendall’s
coefficient.

Figure 6.9 Performance comparisons between seven methods on the testing set
Comparison of the models with DCB benchmark
In addition to the comparison among these prediction models, we measure how much
improvement these models can achieve from the DCB. On the validation set, among the
29,583 data points, 11,131 (38%) of them have previous day’s DCB update. For these data
points, F1 scores of today’s discharge were computed over different models. Figure6.10 (a)
shows that DCB has the lowest F1 score, and NDA2-2 model has the highest F1 score on the
validation set, which is 6.03% improvement from that of DCB. Although the predictions
assigned by our models have only a little of improvement compared to the provider
predictions, the potential value of our model is on the majority of the data points which do
not have previous day’s DCB update. The improvement in the F1 score of NDA2-2
compared to that of the null model is 146.58%. The performance comparison of DCB with
other prediction models on the test set is also performed as shown in Figure 6.10 (b). Among
the 28,585 data points on the test set, only 10,176 (36%) of them have previous day’s
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discharge button update. For these data points, NDA1-2 and NDA1-3 have the highest F1
score of 0.622, which is 4.36% improvement compared to that of DCB. For the majority of
data points without previous day’s DCB update, NDA1-2 and NDA1-3 have 124.89%
improvement in the F1 score compared to the null model.

(a) Validation dataset

(b) Testing dataset

Figure 6.10 F1 scores of today’s discharge for the seven models and DCB

6.4 Discussion
In an attempt to support discharge process at GHS, we leveraged the large amount of data
routinely collected to use in the RLOS model and daily estimate discharge times of adult
inpatients in terms of discharge today, tomorrow, or 2 days or more. By generating
predictions daily for every inpatient after midnight, RLOS model provides much more
consistent scheme for clinicians to discuss patients’ discharges and prioritize the remaining
tasks than DCB only. However, it does not mean that the predictions made by providers can
be fully be replaced with RLOS model. As shown in Figure 10, for every prediction model,
the F1 score with DCB update is always higher than those without DCB update. It clearly
demonstrates that previous’ day DCB update has significant benefits in RLOS model
predictions. The results encourage providers to update DCB for patients more frequently. The
implementation of RLOS model could empower DCB:
1. Every day before the morning rounds start, RLOS model automatically generates the
discharge time predictions to DCB for provider references.
2. Based on patient health status and provider experience, providers could either agree with
RLOS model predictions or disagree with RLOS model predictions by clicking the button to
update discharge time predictions.
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Using these new predictions on DCB, other clinicians can start to prioritize the remaining
tasks for discharges.
If we use NDA2-2 as the method for RLOS model since it has the best performance on the
validation set, we obtain the precision of 0.544 for today’s discharges on the testing set. That
means when RLOS model infers that these patients can be discharged today, 54.4% of them
were truly discharged today. Although this number only shows a moderate prediction power,
48.3% of the remaining misclassified patients were discharged tomorrow and would also
benefit from RLOS model predictions by early discharge preparation. No matter what
methods were used for RLOS model, tomorrow’s discharge is the most difficult one to
predict. This is reasonable since tomorrow’s discharges contain more uncertainty than
today’s discharges. The precision for tomorrow’s discharges is only 0.315 on the testing set
by using NDA2-2. However, compared to the random selection with the precision of 0.207
for tomorrow’s discharges, NDA2-2 has 52.2% increment in the precision for tomorrow’s
discharges. This proves that the prediction power on tomorrow’s discharges is much better
than a random model.
RLOS model could be used not only for individual discharge planning but also for predicting
bed availability by aggregating individual discharge time predictions. Figure 6.11 compares
the number of actual and predicted today’s discharges on the testing set using NDA1-2,
NDA1-3, NDA2-2 and NDA2-3. R2 for linear regression was used to test how good the
predicted discharge number is to the actual discharge number. It shows that NDA1-2 and
NDA1-3 have the greatest R2 of 0.7828, followed by NDA2-2 with R2 of 0.7817. NDA2-3
has the lowest R2 of 0.6963. This implies that NDA1-2, NDA1-3 and NDA2-2 all perform
well on the predictions of today’s discharges. Using these aggregated predictions, hospitals
can have early estimation of bed availability to manage real-time demand (admissions) and
capacity (discharges) and improve patient flow. Figure 6.12 shows that the comparison
between actual and tomorrow’s predicted discharges on the testing set. NDA1-3 possesses
the strongest prediction power with R2 of 0.6199 for predicting the number of tomorrow’s
discharges. However, the performance for predicting the number of tomorrow’s discharges is
worse than that for predicting the number of today’s discharges.
From Figures 6.8 and 6.9, it can be seen that RLOS model performed slightly worse on the
testing set than on the validation set, which may be due to the lack of seasonality inputs.
RLOS model was derived from the first seven months of a year, but the study period of the
testing set is in August and September. For the sake of solving this problem, we need to
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collect at least a whole-year data for training and another few-month data for testing, so that
the seasonality can be one of the inputs to estimate discharge times.

(a) NDA1-2

(b) NDA1-3

(c) NDA2-2

(d) NDA2-3

Figure 6.11 Correlation between actual and predicted today’s discharges on the testing set
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(a) NDA1-2

(b) NDA1-3

(c) NDA2-2

(d) NDA2-3

Figure 6.12 Correlation between actual and predicted tomorrow’s discharges on the testing
set

6.5 Conclusions
In an attempt to enhance DCB discharge tool at GHS, we developed RLOS model to predict
daily inpatient discharge times into one of three categories, discharge today, tomorrow, and 2
days of more. It is a 3-class ordinal classification problem, and to solve this we decomposed
it into a series of binary classifications and aggregated the results using nested dichotomy
algorithm and simple ordinal algorithm. For each binary classification problem, stacking
generalization was used to combine prediction results from logistic regression, random forest
and gradient boosting method. RLOS model was built using EHR data, and the predictors can
be either static variables such as patient age and chronic conditions, or dynamic variables
such as vital signs. We compared different methods for RLOS model and found that NDA2-2
was the best in terms of the macro-average F1 score and Kernall’s coefficient. We also
compared RLOS model to the previous’ day predictions of DCB and found that RLOS model
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did outperform DCB for discriminating between today’s and later discharges. This suggested
that the implementation of RLOS model could strengthen the prediction power of DCB. In
addition, unlike DCB in which only less than half of patients had discharge time predictions
assigned, using RLOS model could give much more consistent platform for clinicians to
discuss patients’ discharges. RLOS model helps in prioritizing daily discharges, as well as in
daily bed availability predictions by aggregating individual discharge predictions. This could
help in balancing between demand and capacity in hospital and improving hospital-wide
patient flow.

6.6 Limitations
The RLOS model has some limitations. First, the model was developed based on the five
hospital sites of one big rural health system but has not been generalized to other health
systems. Some of the inputs we used in the model might not be available in other health
systems, and the same variables might have different influence on RLOS in different health
systems. One of the input variables for RLOS model is the previous’ day discharge time
predictions in DCB, which is one of the significant variables for predicting RLOS. However,
only one-third of inpatient days have DCB updated on the previous day of the predictions in
practice. The low rate of DCB updated might decrease the accuracy of RLOS estimation. We
suggest that with the implementation of RLOS model, physicians still need to update DCB
daily in order to achieve the high accuracy of RLOS predictions.
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Chapter 7: Conclusions and Future Work

7.1 Conclusions
Using network analytics and machine learning methods, we have developed four different
personalized decision support models. In Facebook research, dominant attributes are defined
as the node attributes with significant effects on local community formation. These identified
dominant attributes point to the characteristics of each community. By quantifying the
dependence between the attribute dominance and the community topology, the model is able
to point out what kinds of node attributes tend to help form what kinds of communities.
When we test the model on Facebook data of 100 universities and colleges in the U.S., it has
been found if an online-friendship community is formed by students with the same majors,
this community tends to be small and dense. Using this information, marketing campaigns
can estimate the promotion impact and target the right customers.
For healthcare research, we have developed three different patient-centered operational
support systems to help providers make better clinical decisions for patients. The target
patients of these three models include outpatients, ED patients and inpatients. Analogous to
the recommendation systems at Amazon.com and Netflix, SuperOrder predicts the items that
providers want to place for the upcoming outpatient appointments. Rather than manually
typing or searching the order names, providers can simply hit the items they want on the
suggestion list which is automatically generated based on patient information and finish the
order process. SuperOrder is developed using logistic regression, random forest and gradient
boosting with network-based methods. By testing on the data from pulmonary-related clinics,
it has reached a recall of 0.63, which indicates that once the system is implemented in
pulmonary-related clinics, it will save around 60% of the total order documentation time.
ED is one of the busiest places in a hospital in which around half of the inpatient admissions
are from ED. This demonstrates the fact that the small number of clinical physicians is
responsible for a big portion of hospitalization decisions. Therefore, LOS prediction model is
developed to ease this heavy burden for ED physicians by automatically predicting whether
the admitted patients from ED are under observation (outpatient) or inpatient status. Using
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logistic regression and random forest, LOS prediction model has an AUC of 0.855 at the time
after ED treatments, which shows that the model has very good discrimination between
observation patients and inpatients. LOS model can predict whether the patients are
observation patients or inpatients at the time of admission but cannot accurately predict the
exact number of days staying in a hospital for inpatients. Therefore, we develop the RLOS
prediction model to daily estimate when the inpatients can be discharged from the hospital
and assign patients to one of the three categories: discharge today, tomorrow and 2 days or
more. This 3-class ordinal prediction problem is decomposed into a series of binary
classification problems according to nested dichotomy algorithm and simple ordinal
classification. Using stacking framework, we make RLOS predictions by integrating three
different methods including logistic regression, random forest and gradient boosting. When
we test the RLOS model on the last two month inpatient data, we have reach a F-measure of
0.558 on today’s predictions, a F-measure of 0.337 on tomorrow’s predictions and a Fmeasure of 0.762 on predictions of 2 days or more. Comparing the RLOS model against the
current discharge tool at GHS, RLOS model provides a more consistent platform and more
accurate discharge time predictions. Clinicians can use RLOS model for prioritizing daily
discharges and for predicting daily bed availability by aggregating individual discharge time
predictions.
There are some insights we have obtained by working on these four research problems. First,
interpreting the data in terms of networks is an effective way to identify the dependence and
association between variables. In Facebook research, online friendship has been described in
terms of network and a number of friendship communities have been identified based on
community detection algorithms. Then the relationship between dominant attributes and
community topology has easily been shown using dominance ratio with correlation metrics
such as Pearson correlation coefficients. In SuperOrder development research, order cooccurrence network has been established to identify the relationship between medical orders.
By considering this relationship over the network, we achieve around 20% of the prediction
improvement. These two cases are the evidence that network analytics are very useful in
finding relationship hidden within the data.
For LOS model and RLOS model development, rather than predicting the exact number of
days patients will stay in the hospital, we consider hospital stay prediction as a classification
problem. The reason is that predicting a range is more practical than predicting the exact
number. From the literature regarding LOS estimation in terms of the exact number of days,
the highest R-squared is 0.39. With this poor performance, LOS prediction models have
faced the difficulties of being implemented in hospitals. Therefore, instead of guessing the
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exact number of days, in LOS model, hospital stay is viewed as whether the LOS crossing
two midnights or not. The reason is that the length of two midnights is a benchmark to
differentiate between outpatients and inpatients in current practice. This differentiation is
very critical at the time of admission. In RLOS model, remaining hospital stay is regarded as
discharge today, tomorrow or later. By identifying which of the inpatients are leaving soon
(discharge today and tomorrow), RLOS model helps clinicians to prioritize the remaining
tasks for patients and obtain the timely discharges.
In the three research problems regarding healthcare analytics, we use logistic regression,
random forest and gradient boosting to deal with classification problems. We find out that
different problems may have different prediction methods that can obtain the most accurate
results. There is no unified rule that which method performs the best. Nevertheless, in RLOS
model, we learn that stacking method always outperforms each of single methods since the
predictions by stacking method combining the prediction results from different methods.
Using this stacking framework, we mitigate the predictions errors generated from each of the
methods. However, stacking method requires more data to train the model and has higher
computational complexity comparing to each of single methods.

7.2 Future Work
For the development of SuperOrder, we predict orders which have been placed by providers
no matter these orders have been canceled or completed afterward. This is based on the
objective that we want to predict what orders have been considered by providers for a given
appointment. However, the absence of information on whether these orders have been
completed or not may lead to overpredicting, which means we predict too many orders which
have been never completed. Figure 7.1 shows four stages of each order along with time. We
take chest CT as an example. At the time of the appointment, the provider places a chest CT
for the patient, which is called “order placed”. Then the scheduler checks the availability of
CT scanner and confirms the time with the patient. Once the patient has finished the chest CT
test, the status of this order is called “order completed”. After the imaging analysis is done,
the status of this order is called “order resulted”. Note that between the time that the provider
places the order and the test is marked as resulted, the order may be deleted from the system
which is called “order cancelled”. Ideally, for each order, the occurrence of each stage would
have a timestamp linked with.
The order data we collected from GHS contains only the timestamps associated with order
placement. Some of the orders may contain the corresponding current status (placed,
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completed, resulted or cancelled), but some of the orders have no status on the records. In
addition, since the order data are retrospective, at the time of data collection, all the orders
should have the status either resulted or cancelled. However,
However, from the data we still see some
of the orders with status “order placed” or “order completed”. These indicate the current
status of each order is unreliable and there is no timestamp with the status “order completed”,
“order resulted” and “order cancelled”.
cancel

Figure 7.1 Life cycle of a medical order
In order to solve the order overestimating problem, we will collect the order data with more
comprehensive view. In the data, for each order we will have timestamps
timestamp along with the
corresponding order statuses.
status Using the data with timestamps, we can predict not only the
orders that providers would like to place for patients but also the likelihood that if the order
will be resulted or cancelled within a desired time frame t.. In addition, SuperOrder will
incorporate
porate the information regarding the order availability. For the orders that providers
would like to
o give to patients but the next available time is one month later, SuperOrder will
provide the alternative options to support providers in making better order
orde decisions.
In RLOS estimation research, we consider two types of variables. Static variables are the data
available at the time of patients’ admission and would not change during the hospital stay.
and reflect the
Dynamic variables are the data will be updated during the hospital stay
s
changes of patients’ status. These dynamic variables can be divided into two sub categories.
One is the variables containing patient information regarding the entire hospital course, such
as elapsed LOS, ICD-9
9 codes, the number of days from the last surgery and the number of
days in the current level of care. The other is the variables only reflecting patient status on
tests and
the day before the predictions. These variables include vital signs, results of blood test
MEWS scores. If the values of these variables can be studied in terms of time series
collection,, these variables may be crucial for RLOS estimation. For example, Patient A may
patient cannot leave the
have normal vital signs on the day before the predictions, but this patien
hospital soon since the vital signs for the past few days are very unstable. Therefore, to
identify how the vital signs related to RLOS, we need to study the entire vital signs in a time
series manner during the hospital stay rather than using the most recent ones.
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Each
ach inpatient may have a couple of vital signs recorded each day. However, the data
collected from GHS only contain the last vital signs on each inpatient day for each patient.
Figure 7.2 shows an example of heart rates along
along the time during the hospital stay, and the
five red boxes represent the last data point on each inpatient day. It is explicit to see the
increasing trend if we see all the blue dots along the time, but this trend is difficult to be
identified if we only look at five blue dots in the red boxes. This indicates that using only the
last vital sign on each inpatient day may not obtain accurate RLOS estimation.

Figure 7.2 Time series of heart rate for one patient during the hospital stay
ose to recollect the inpatient data in the future. Once
In order to solve this problem, we prop
propose
patients are admitted to the hospital, all the vital signs, blood pressures, results of blood tests
collected.
and the associated time stamps during the entire stay will be recorded and coll
Therefore, each type of vital sign data, blood pressures and blood test results are time series.
This means some of the inputs for RLOS estimation is a vector (a series of data points) rather
puts to do classification, we propose
than a single data point. With the time
time-series type of inputs
to use convolutional neural networks (CNN) [79]. Figure 7.3 (a) shows a regular artificial
]. An ANN receives a
neural network (ANN) and Figure 7.3 (b) shows a CNN model [[80].
single-vector
vector input and transforms it through
through a series of hidden layers, and the last layer is to
output each class score in classification setting. Unlike ANN, a layer of CNN can arrange
inputs in 3 dimensions, which are width, height and depth. With a couple of time-series
time
dimensional matrix
matrix. Using CNN can be
inputs, a set of predictors for RLOS model is a two-dimensional

easy to take care of time-series
series inputs.
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(a) Regular artificial neural network

(b) Convolutional neural network

Figure 7.3 Structure of artificial neural network and convolutional neural network
The three prediction models regarding healthcare analytics are all trying to support clinicians
to make better operational decisions. All of them help in designing patient-centered care and
treatments, as well as estimating hospital-wide demand and capacity. These three models all
have promising performance on test sets but have not been embedded in EHR system and
used by clinicians. In the future, SuperOrder will be implemented in pulmonary-related
clinics at GHS and then expanded to other specialties at GHS to test its broad applicability.
In addition, LOS and RLOS prediction models will be integrated into operational workflows
at GHS to help in hospitalization decisions and discharge planning.
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Appendix
Methods for Identifying Relevance between Complaints and Diagnoses
In LOS prediction research as described in Chapter 4, one of the predictors fell under clinical
history category was to identify whether the current complaints have been shown in the
previous records. This variable stated the fact that whether the current complaints are the
recurrent symptoms for patients to visit ED. A recurrent complaint and repeated ED trips
could be a warning for providers to reconsider the validity of the initial diagnosis, and it
might lead to longer LOS in the hospital. Sometimes, the current complaints might not be the
same as the previous ones but have high relevance to the previous ones. In order to study if
the relevance of the current complaints to the previous ones has the effect on LOS, we
developed the network-based method to quantify the relevance between complaints.
Firstly, we defined the relevance of complaint A to complaint B as how common a patient
with complaint A before will have complaint B in the future. This complaint relevance
network was interpreted as a weighted and directed network, in which a node stood for one
complaint and a directed edge from node A to node B was the likelihood that a patient with
complaint A will have complaint B later. The relevance between two complaints is directed
since intuitively the probability that a patient with complaint A will have complaint B later is
different from the probability that a patient with complaint B will have complaint A later. If a
patient p had complaint c at time t , then a complaint vector (c , t ) is said to be in ct(p ),
where ct(p ) is defined as the complaint set of patient p . Then a complaint relevance
network, denoted as G = (C, E ), was generated, in which C={c , c , … , c } is a set of
complaints and N is the number of distinct complaints. Variable E is a set of directed
weighted edges that can be described by adjacency matrix A , where A (c , c ) is the
corresponding element and is defined as the relevance strength of c to c . For a given ct(p ),
if (c , t ) ∈ ct(p ) and (c , t ) ∈ ct(p ) with t < t , then we defined that patient p has the
contribution to the relevance of c to c . The number of patients having contribution to the
relevance of c to c , denoted as f (c , c ), was written as the follows.
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f (c , c ) =

∃ c , c : (c , t ), c , t

∈ ct(p ) with (i ≠ j) ∧ (t < t )

where N is the total number of patients in the study. Many of edges (c , c ) may only have
few patients contributing to them. This trivial contribution is not large enough to confirm that
complaint c is relevant to c . In order to eliminate this trivial contribution, we defined the
modified version of f (c , c ) which was denoted as f
f ′ (c , c ) =
where f

,

∈ ℕ. f

,

f (c , c ),
0,

′

c , c and described as the follows.

if f (c , c ) ≥ f
otherwise

,

was a threshold that we considered the relevance of c to c if and only

if the enough number of patients contributed to edge c , c . Some edges have high value of
f ′ c , c since complaint c is a very common complaint in ED such as abdominal pain and
chest pain. Purely using the number of patients cannot precisely demonstrate the extent of the
complaint relevance. In order to have better metric to quantify the complaint relevance, the
total number of patients containing complaint c , denoted as m(c ), was regarded as the
numerator of A (c , c ). Therefore, the element of adjacency matrix A (c , c ) was illustrated
as the follows.
A c ,c =

f′ c , c
m(c )

According to this complaint relevance network, we assigned each encounter a score to reflect
how relevant the past complaints of the patient to the current complaints. This score was
designated as the past complaint relevance score of encounter e , denoted as r (e ). Suppose
that the current complaints of encounter e was denoted as c(e ), and c (e ) was the past
complaints regarding e . Then the past complaint relevance score r (e ) was interpreted as
the follows.
r (e ) =

∈ ( )

∈ ( )

A (c , c )

The value of r (e ) would be high if the patient at encounter e had many relevant complaints
or highly relevant complaints in the past. Using variable r (e ), we were able to study how
the relevance of the previous complaints to the current ones affects the current LOS.
In addition to complaints, the network-based method could also be used for quantifying the
relevance between admitting diagnoses, which were represented by ICD-9 codes in this
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research. In this case, if a patient a patient p had diagnosis d at time t , then a diagnosis
vector (d , t ) is said to be an element of dt(p ), where dt(p ) is defined as the diagnosis set
of patient p . Then a diagnosis relevance network, denoted as G = (C, E ), was generated,
in which D={d , d , … , d } is a set of diagnoses and N is the number of distinct diagnoses.
Variable E is a set of directed weighted edges that can be described by adjacency matrix A ,
where A (d , d ) is the corresponding element and is defined as the relevance strength of d
to d . For a given dt(p ), if (d , t ) ∈ dt(p ) and (d , t ) ∈ dt(p ) with t < t , then we
defined that patient p has the contribution to the relevance of d to d . The number of
patients having contribution to the relevance of d to d , denoted as f (d , d ), was written as
the follows.

∃ d , d : (d , d ), d , d ∈ dt(p ) with (i ≠ j) ∧ (t < t )

f (d , d ) =

Many of edges (d , d ) may only have few patients contributing to them. This trivial
contribution is not large enough to confirm that diagnosis d is relevant to d . In order to
eliminate this trivial contribution, we defined the modified version of f (d , d ) which was
denoted as f

′

d , d and described as the follows.
f ′ (d , d ) =

where f

,

∈ ℕ. f

,

f (d , d ),
0,

if f (d , d ) ≥ f
otherwise

,

was a threshold that we considered the relevance of d to d if and

only if the enough number of patients contributed to edge d , d . Then, the diagnosis
relevance, the total number of patients containing diagnosis d , denoted as m(d ) , was
regarded as the numerator of A (d , d ) . Therefore, the element of adjacency matrix
A (d , d ) was illustrated as the follows.
f′ d , d
A d ,d =
m(d )
According to this diagnosis relevance network, we assigned each encounter a score to reflect
how relevant the past diagnoses of the patient to the current diagnoses. This score was
designated as the past diagnosis relevance score of encounter e , denoted as r (e ). Suppose
that the current diagnoses of encounter e was denoted as d(e ), and d (e ) was the past
diagnoses regarding e . Then the past complaint relevance score r (e ) was interpreted as the
follows.
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r (e ) =

∈ ( )

∈

( )

A (d , d )

The value of r (e ) would be high if the patient at encounter e had many relevant diagnoses
or highly relevant diagnoses in the past. Using variable r (e ), we were able to study how the
relevance of the previous diagnoses to the current ones affects the current LOS.

The results of Complaint and Diagnosis Relevance Networks
The relationship between complaints was identified by connecting two complaints if there are
patients who have presented these two complaints in a time sequence. This relationship was
utilized to reveal whether the current LOS is affected when the current complaints are highly
related to the patient’s complaint history. Using the collected patient data, the complaint
relevance network was developed as shown in Figure A.1. In this case, we set f , = 10,
which illustrates that the establishment of relation from one complaint to another requires at
least 10 pair of encounters presenting this property. In this complaint relevance network, 58
out of 66 complaints have at least one in-degree or out-degree edge with weight higher than
0.1, and the total number of edges higher than 0.1 is 1014. The size of a node stands for how
frequent this complaint presents in ED encounters. The red color on edges emphasize the
edges with weight higher than 0.5. It shows that complaint “migraine headache” has a couple
of highly weighted edges pointing to other complaints such as complaint “vomiting” or
“chest pain”. This infers that once patients have migraine and go to ED, the next time when
these patients revisit ED, they have high chance to have complaint such “vomiting” or “chest
pain” for the visit. These red edges also display that if patients have asthma or wheezing for
ED visits before, the next time when they visit ED, they are likely to have short of breath.
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Figure A.1 Complaint relevance network
Similar to a set of complaints, the relationship between diagnoses could also be demonstrated
in terms of the relevance network. Figure A.2 displayed the diagnosis relevance network, in
which we set f , = 5 and only
only show edges with weight higher than 0.01. In this network,
57 out of 63 diagnoses have at least one outgoing or incoming edge with weight higher than
0.01, and total number of edges with weight higher than 0.01 is 1043. The size of a node
represents how frequent
requent a given diagnosis occurs in ED encounters during the study period,
and the red color highlights the edges with weight higher than 0.1. As shown in the figure,
when a patient who is diagnosed with chest pain for the current ED, the patient has high
chance that he/she has been diagnosed with “STEMI”, “other chest pain or “intermediate
coronary syndrome”. Same for a patient who is diagnosed with depressive disorder during
the current visit, the patient is likely to have suicidal behavior, overdose, mood
moo disorder or
schizoaffective disorder for the past ED visits. This diagnosis relevance network also
demonstrates that patients may have GI bleed, altered mental status and acute kidney injury,
following the diagnosis “hepatic encephalopathy”. In addition, the network suggests that the
disease of renal failure, hypotension and urinary tract infection may lead to septicemia. The
association between these diagnoses has been identified in many research studies regarding
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medicine 37–41.. It proves that this data-driven
data driven network approach can be as a reference for
the purpose of the complication identification and visualization.

Figure A.2 Diagnosis relevance network
Using the complaint relevance network
network and diagnosis relevance network, each encounter was
assigned two relevance scores. One relevance score is to show how relevant the previous
complaints of a patient to the current complaints of the patient. The other score is to present
how the previous diagnoses of a patient are related to the current diagnosis. By adding these
two predictors regarding complaint and diagnosis relevance,, LOS prediction model was
trained and tested again for 50 trials and the corresponding results was shown in Figure A.3.
By comparing the results in Figure A.3 against the one as shown in Figure 5 in Chapter 4, the
LOS model with two relevance scores as predictors does not possess stronger prediction
two relevance
power. These two figures show that the performance of the LOS model with tw
scores does not present significant difference from the performance of the original one, no
matter at which predicting time points. This demonstrates that how relevant the past
ant effect on current LOS.
complaints and diagnoses to the current ones does not have signific
significant
Therefore, for the final version of the model, we did not consider these two relevance scores

as the predictors.
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Figure A.3 Comparison of mean AUC on training and testing sets by adding complaint and
diagnosis relevance score
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