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Abstract

Healthcare systems are no exception to the diverse fields affected by the
era of big data. Clinicians are already compelled to make sense of the vast
amounts of clinical data that constantly result from routine daily medical
practice and patient monitoring; as often as not, this quantity of data exceeds
short-term human cognitive processing capacities. While the increased avail-
ability of clinical data poses both opportunities and challenges, the ideal use
of these diverse clinical data would allow for its effective applications to im-
provements in care, such as early detection of adverse clinical events, opti-
mization of resource allocation and triage, cost reduction, and the creation of
new medical knowledge.

Of these applications, clinical risk modeling, i.e., predictive modeling of
relevant risks in medical treatment, has been a major subject of research. A
typical example of the use of clinical risk modeling is severity assessment in
acute hospital care. Accurate assessment of the severity of a patient’s condi-
tion plays a fundamental role in acute hospital care, such as that provided in
an intensive care unit (ICU), where clinicians intensively attend to critically
ill patients. ICU clinicians are required to make sense of a large amount of
clinical data in a limited time to estimate the severity of a patient’s condi-
tion, which ultimately leads to the planning of appropriate care. To enhance
severity assessments, patient mortality risk is often used as a surrogate to de-
scribe the patient’s condition; there have been numerous studies for modeling
the mortality risk of ICU patients. Overall, clinical risk modeling makes two
major clinical contributions: improving the efficiency and quality of clinical
care by, for example, appropriate preventive actions based on prediction and
knowledge discovery through data analysis with learned models.

Despite the potentially significant implications of clinical risk modeling,
personalized clinical risk modeling, that is, addressing the individuality of
target patients while exploiting the common structure shared among the pop-
ulation to obtain patient-specific or patient-dependent risk models, has been
a relatively understudied problem. The working hypothesis behind personal-
ized modeling is that the target of interest might have some specific features
in addition to the common structure shared by all the samples at hand; there-

fore, developing a customized model for the target that reflects its specificity



as well as a common structure might improve the predictive modeling.

In this study, we investigate clinical risk modeling for patients in ICUs,
where clinicians attend to a heterogeneous group of patients with various dis-
ease types, all of whom are severely ill, and address the mortality risk pre-
diction problem to enhance the severity assessments. Despite the diversity of
ICU patients, risk modeling for ICU patients has typically been carried out
by developing one common predictive model that is shared for all patients.
We present several formulations for the personalized risk modeling of ICU
patients to address the diversity of this population. First, we address patient
specificity in terms of the disease the patient is associated with by simultane-
ously modeling multiple diseases. Specifically, we formulate risk prediction
as a multitask learning problem, in which a task corresponds to a disease. To
deal with data paucity resulting from disease-based customization and data
sparseness associated with electronic medical records, we develop a method
that integrates medical domain knowledge via graph Laplacians, which is in-
troduced as an inductive bias in the learning process. Second, we address one
critical issue in personalized clinical risk modeling: determining which unit
should be used to model patient specificity, by learning the task unit in a mul-
titask learning framework. Specifically, we assume a small number of latent
basis tasks, where each latent task is associated with its own parameter vector;
a parameter vector for a specific patient is constructed as a linear combination
of these. The latent representation of a patient, namely, the coefficients of the
combination, is learned based on the collection of diseases associated with
the patient. Our method could be considered a multitask learning method in
which latent tasks are learned based on the collection of diseases. Third, the
data paucity problem is especially distinct for infrequent diseases, that is, dis-
eases whose number of patients is relatively small in the entire population. To
further address data paucity for such diseases, we explore the use of transfer
learning for the risk modeling of infrequent diseases.

We demonstrate the effectiveness of our proposed methods using several
real-world datasets collected from hospitals. Our method achieved higher
predictive performance compared with a single-task learning method, the de
facto standard, and several standard multitask learning methods. Furthermore,
we expect that our proposed methods could be used not only for predictions,
but also for understanding disease-specific contexts and patient-specificity
from different viewpoints.
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Chapter 1

Introduction

1.1 The Data Revolution in Healthcare

Healthcare systems have not been excluded from the wide range of domains
affected by the revolutionary era of big data. Clinical staffs are already
obliged to make sense of a large, ever-increasing amount of clinical data
that is incessantly resulting from daily routine clinical practice and patient
monitoring, the large amount and rapid timing of which typically exceeds
human cognitive capacities. While the increased availability of clinical data
poses both opportunities and challenges, the optimal use of this vast amount
of diverse clinical data would enable beneficial applications for the improved
care, such as early detection of adverse events, optimization of resource
allocation and triage, cost reduction, and creation of new knowledge to
deepen our understanding of medicine [1, 2, 3].

1.2 Clinical Risk Modeling

Among the promising healthcare applications, clinical risk modeling [4], i.e.,
predictive modeling of relevant risks in medical treatment, is one of the major
research subjects. An accurate prediction of clinical risks, such as a patient
mortality [5], hospital readmission [6, 7], and adverse reactions to medica-
tions [8], could lead to appropriate preventive actions by, for example, med-
ical alerts. Besides, the accurate prediction of clinical risks could enhance
the assessment of a patient’s condition, which is a crucial step for clinicians
to plan appropriate care and better manage patients. A representative exam-
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ple is acute hospital care, as provided in an intensive care unit (ICU), where
clinicians must intensively attend to critically ill patients. An accurate as-
sessment of the severity of a patient’s condition plays a fundamental role in
acute hospital care; to improve clinicians’ severity assessments, patient mor-
tality risk is often used as a surrogate to describe the severity of a patient’s
condition [6, 9, 10, 11, 12]. Clinical risk modeling has also been utilized for
performance evaluation for institutions or surgeries by comparing an observed
patient outcome with predicted risk [13, 14, 15]. Furthermore, accurate clin-
ical risk modeling could lead to the discovery of medical knowledge through

learning from data.

1.3 Addressing Patient Characteristics in

Clinical Risk Modeling

A crucial point in conventional clinical risk modeling, although it is not of-
ten noted explicitly but rather placed as an implicit assumption, is to capture
patient characteristics adequately so that an appropriate set of patients is iden-
tified for which an effective common model can be developed. For example,
since the patient population differs by institution, general models developed
by using data from multiple institutions or a different institution might tend
to perform relatively poorly for a specific institution [16]. The adequacy of
characterization depends on the objective of clinical risk modeling, and how
such patient characteristics should be addressed has been noted for individual
problems in the medical literature. For the assessment or comparison of per-
formance for cardiac surgeries performed by institutions, where explanatory
variables are mainly composed of the procedures performed, preoperative pa-
tient conditions should be comparable with those of the original environments
in which the model was developed [17]. For instance, an institution might
only admit relatively young, healthy, elective patients, whereas patients in
another institution might be mostly composed of elderly, non-elective, clin-
ically ill patients; in such a case, even if same the surgeries are performed,
the surgery patients’ outcomes would be highly varied depending on the in-
stitution, making a model developed from the former institution ineffective
for use in the latter. Several studies in the medical domain have reported that

considering patient characteristics in clinical risk modeling, by, for example,
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accounting for hospital-specific characteristics, can improve prediction per-
formance over those that do not [16, 17].

Such patient characteristics are usually addressed based on the knowledge
of the analysts conducting clinical risk modeling; analysts typically identify
and preselect relevant samples from the candidate pools in advance, then con-
duct careful feature engineering so that patient characteristics are reflected
by, for example, introducing specific features, such as institution-specific fea-
tures. These processes are basically hand-operated and heavily depend on the
analysts. On the other hand, the mechanization of the process for capturing
patient characteristics and exploiting the inherent relationships among differ-
ent types of patient groups, is in its infancy in clinical risk modeling.

In fact, addressing both the specificity and the commonality among a pa-
tient population — that is, capturing the specific characteristics of the tar-
get patients while exploiting the common structure that is shared among the
population — has been one of the most fundamental issues in recent clinical
research. While obtaining clinically useful models compels the model to be
customized to the target of the analysis, limiting the data to those that are ex-
actly relevant to the target often results in an impractically small sample size.
We define clinical risk modeling that addresses patient characteristics while
exploiting common structure shared among a population as personalized clin-

ical risk modeling, which is investigated in this study.

1.4 Personalized Clinical Risk Modeling for

Acute Hospital Care

In this study, we focus on clinical risk modeling for acute hospital care, such
as that provided in the ICU, and present several formulations for personalized
modeling. In acute hospital care, patient mortality risk is often used as a
surrogate to describe the severity of the condition of the patient. Accurate
prediction of the mortality risks would enable appropriate preventive actions
such as medical alarms; in addition, it would enable optimization of resource
allocation, thereby improving the quality and efficiency of the care delivery.
One of the most salient features of the ICU is the diversity of the patients:
ICU clinicians are faced with diverse patients with a wide variety of diseases,
in contrast with situations in which clinicians face patients with similar dis-
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eases in a specific treatment department. For instance, some patients are
admitted to ICU due to infectious diseases such as sepsis and pneumonia,
whereas others are postoperative patients admitted after some major surgery.
Furthermore, each patient is typically associated with multiple different types
of diseases, making the clinical states of ICU patients rather complicated.

Nevertheless, risk modeling for ICU patients has been typically made by
developing one common predictive model that is shared with all the patients.
Consequently, we must address the following characteristics of ICU patients:
(1) disease-specific characteristics, and (2) patient-specific characteristics that
are captured in the collection of the diseases associated with each patient.

The significance of addressing the first characteristics, i.e., disease-specific
characteristics, is illustrated as follows. Each disease might have a specific
prediction rule that accounts for the patient’s risk; therefore, developing
disease-dependent risk model would enhance the predictive modeling. For
example, a kind of stomach medicine could be administered to patients who
have received artificial respiration for the prevention of gastric ulcer because
artificial respiration often causes gastric ulcer; on the other hand, the same
stomach medicine could be administered to remedy severe gastric ulcer with
bleeding. The corresponding prediction rule would be different depending
on which type of disease a patient has. As a result, building a specific model
to each disease would improve the predictive modeling for ICU patients.
Similarly, the significance of addressing the second characteristics, i.e.,
the collection of diseases associated with each patient, is supported by the
fact that each patient is typically associated with multiple different types of
diseases, and the clinical state of the patient is different depending on the
combination of the diseases.

However, we must deal with several issues when addressing the above-
mentioned characteristics. First, as is often the case with clinical data, most
of the diseases only have a small number of patients in acute hospital care.
Therefore, information about a specific disease is fairly limited, making it dif-
ficult to develop a customized model reflecting the characteristics of a specific
disease. Second, although some patient characteristics might be captured by
the collection of the diseases associated with each patient, how exactly such
patient characteristics should be treated and obtained from the various collec-
tions of diseases is not obvious. One simple way would be to create a model

for each combination of diseases associated with a patient; however, such a
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naive approach is complicated by the combinational explosion of diseases.

1.5 Solutions

We present methods for personalized clinical risk modeling in acute hospital
care to address each of the aforementioned issues.

1.5.1 Simultaneous Risk Modeling of Multiple Diseases
with Medical Domain Knowledge (Chapter 3)

To cope with the data paucity of each disease in considering disease-specific
characteristics, we present a multitask learning method in which a task corre-
sponds to a disease; data paucity is mitigated by introducing inductive biases
using graph Laplacians encoding medical domain knowledge related to the

similarities among diseases and among electronic medical records.

1.5.2 Learning Implicit Tasks via Mapping from Disease
Space to Latent Space (Chapter 4)

To address the second issue, that is, to account for the patient characteris-
tics that reflect the collection of diseases each patient is associated with, we
present a multitask learning method in which latents tasks are learned based
on a collection of diseases. Specifically, we assume a small number of latent
basis tasks, where each latent task is associated with its own parameter vector;
a parameter vector for a specific patient is constructed as a linear combination
of these. The latent representation of a patient (the coefficients of the com-
bination), is learned based on the collection of diseases associated with the
patient. Consequently, our method produces patient-specific risk models that
reflect the collection of diseases associated with each patient.

1.5.83 Transfer Learning for Infrequent Diseases (Chapter
5)

Data paucity is especially noticeable for infrequent diseases, whose number
of patients is relatively small compared to the entire population. For infre-
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quent diseases, both training data and medical domain knowledge are quite
limited. The above-mentioned proposed method, which exploits medical do-
main knowledge, would be effective in some situations; however, there should
also be some inherent relationship among diseases that is learned from data
and could be exploited for the risk modeling of infrequent diseases. To further
address the data paucity problem for infrequent diseases, we explore the use
of transfer learning for infrequent diseases risk modeling.

1.6 Roadmap

This thesis is organized into a related work section (Chapter 2), three main
research results (Chapters 3, 4, and 5), and conclusions (Chapter 6). We first
present several related works to provide background for the studies described
in this thesis in Chapter 2. Chapter 3 addresses the issue of data paucity
in considering disease-specific characteristics for clinical risk modeling in
acute hospital care, which was published in the Proceedings of the 21st ACM
SIGKDD International Conference on Knowledge Discovery and Data Min-
ing [18], and IEICE TRANSACTIONS on Information and Systems [19]*.
Chapter 4 addresses the issue of learning implicit tasks for patient-specific
risk modeling in acute hospital care, which was published in the Proceed-
ings of the 31st AAAI Conference on Artificial Intelligence [20]*2. Chapter 5
presents a feasibility study of transfer learning for risk modeling of infrequent

diseases.

1 Chapter 3 is based on these papers [18, 19], by the same authors, which appeared in the
Proceedings of the 21st ACM SIGKDD International Conference on Knowledge Discov-
ery and Data Mining, and IEICE TRANSACTIONS on Information and Systems, Copy-
right (C) 2017 ACM, IEICE.

*2 Chapter 4 is based on the paper [20], by the same authors, which appeared in the Proceed-
ings of the 31st AAAI Conference on Artificial Intelligence, Copyright (C) 2017 AAAL
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Related Work

2.1 Mortality Modeling for ICU Patients

Traditionally, mortality modeling for the ICU patients has been conducted
via scoring systems, such as SAPS (simplified acute physiology score) and
APACHE (acute physiology and chronic health evaluation), both of which use
fixed clinical decision rules based mainly on physiological data [5]. However,
it should be noted that these ICU scoring systems are only used in rather lim-
ited situations. Specifically, a study reported that they were used for 10-15%
of ICU patients in the US as of 2012 [13]. With the increased availability of
varied data from hospital electronic medical records (EMRs), the feasibility of
data-driven mortality predictive modeling based on EMRs has been explored
extensively in the clinical domains [9, 21, 22, 23]. These studies demonstrate
that EMRs can be used to generate clinically plausible mortality prediction
models with superior discrimination.

Many of these studies can be viewed as feature engineering. Hug and
Szolovits [21] conducted exhaustive feature engineering to explore the fea-
sibility of real-time mortality risk prediction by using various nurse-charted
observations, such as vital signs, lab results, and medications, as well as sev-
eral carefully designed features suggested by the medical literature as being
useful for prediction. The use of unstructured information (e.g., clinical notes)
has been explored in recent years; for example, Lehman [23] et al. applied
hierarchical Dirichlet processes to unstructured clinical notes to develop risk
stratifications for ICU patients. Ghassemi et al. [10] examined the use of la-

tent variable models to obtain meaningful features from unstructured clinical
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notes. Both papers reported that the features extracted from clinical notes
were predictive yet interpretable. Another direction that has recently been
explored is time-series modeling; Ghassemi et al. [11] examined the use of
time-series modeling via a multitask Gaussian process to forecast the severity
of illness in ICU patients.

One aspect of the ICU, which is fundamental yet left largely uninvestigated
in mortality modeling, is the diversity of patients: ICUs are composed of pa-
tients with a wide variety of disease types. In fact, Sionitis et al. [5] pointed
out in their review of 94 studies related to ICU mortality modeling that there
was a large variability of prediction accuracy across various diseases and pop-
ulation subgroups. This suggests that a promising direction of ICU mortality
modeling would be to address the diversity of patients. In this thesis, we pro-
vide several methods to address patient diversity in mortality modeling for
ICU patients.

2.2 Multitask and Transfer Learning

Multitask learning is a learning paradigm whose primary goal it to improve
generalization performance by leveraging information from related tasks as
an inductive bias in the learning process [24]. In multitask learning, mul-
tiple related tasks are learned simultaneously by sharing information across
different tasks. To date, there have been numerous studies on multitask learn-
ing [24, 25, 26, 27, 28, 29, 30, 31, 32, 33].

Transfer learning is a closely related concept; in a sense, transfer learning
could be considered a broader concept than multitask learning. In traditional
machine learning methods, the training and future data are assumed to lie in
the same feature space and have the same distribution. In the transfer learning
framework, these assumptions are violated; the data for the task of interest
and data from other related tasks come from different distributions. There are
two main concepts in the transfer learning framework: domain and rask. A
domain comprises two parts: a feature space X and a marginal probability
distribution P(X). Given a specific domain, a fask consists of two compo-
nents: a label space Y and an objective predictive function f(-). Based on
these definitions, transfer learning can be categorized into three types [34]:
inductive, transductive, and unsupervised transfer learning. Multitask learn-

ing is closely related to inductive transfer learning, in which the source and

8



Chapter 2 Related Work

target tasks are different and the source and target domains may be either the
same or different.

The main difference between multitask and transfer learning is that mul-
titask learning aims to improve the overall performance in all tasks, whereas
the aim of transfer learning is to improve performance for only the target task.

In this thesis, we first present a multitask learning method that considers
disease-specific characteristics among ICU patients in Chapter 3. To further
address patient-specific characteristics, in Chapter 4, we present a multitask
learning method in which the unit of the tasks itself is learned based on the
collection of diseases the patients are associated with, by introducing latent
basis tasks. Then, to address problem of data paucity for infrequent diseases,
we study the use of inductive transfer learning for ICU patient risk modeling
in Chapter 5.

2.3 Multitask and Transfer Learning for Clinical
Risk Modeling

One of the most fundamental matters in recent clinical risk modeling has been
to address the specificity of the target patients while capturing the common
structure shared by the population. Obtaining clinically meaningful models
requires the model to be personalized to the target of the analysis; however, re-
stricting the data to those that are faithfully relevant to the target often results
in an impractically small sample size. Therefore, to build clinically practical
target-specific models, recent studies have focused on multitask and transfer
learning for clinical data.

One important issue is to determine the aspects we should use to cap-
ture patient specificity, that is, how to define the tasks. To date, hospital-
specific [35, 36, 37], surgery-specific [37], and intervention-specific [38] clin-
ical risk models have been proposed via multitask or transfer learning. For
hospital-specific modeling, Gong et al. [37] proposed an instance-transfer
method that weights examples from the source domain based on their similar-
ity to the training examples in the target domain. Jenna et al. [36] explored the
use of hospital-specific risk modeling by using a feature-representation trans-
fer method that exploits auxiliary data from other hospitals. Lee et al. [35]

investigated the effectiveness of transfer learning for adapting a global model

9
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that is shared across multiple hospitals to a specific hospital; they first trained
a model using data from source hospitals and then learned a model for the
target hospital by regularizing the model parameters toward that of the source
data. The method by Gong et al. [37] was also applied to develop surgery-
specific models. For intervention-specific modeling, Gupta et al. [38] ex-
ploited hierarchical Dirichlet process to develop a specific model for each
group of interventions. These studies showed promising results, indicating
that some improvement in predictive performance is possible with proposed
personalized risk modeling; in addition, several studies have shown that de-
veloping personalized models via multitask or transfer learning enabled them
to obtain some clinical insights by analyzing the obtained models.

Yet, there have been few studies that adopt disease or the combination of
diseases as the unit of the task. One exception is a work by Wang et al. [39],
that defined onset risk prediction for a disease as a task and formulated the
onset risk prediction for multiple diseases as a multitask learning.

In this thesis, we focus on personalized clinical risk modeling for acute hos-
pital care, specifically in the ICU. Because one of the most salient features of
the ICU is the diversity of its patient population, the ICU is an especially suit-
able setting for patient-specific or personalized clinical risk modeling. Poten-
tially, there should be several promising settings other than ICU. For instance,
clinicians in radiology departments are involved in various types of diagnos-
tic imaging collected from all diagnosis and treatment departments. While
there should be some specific characteristics for each department, there would
also be some common structure shared among all images handled in the de-
partment of radiology, making it another potentially good setting for patient-
specific or personalized risk modeling. More broadly, our work demonstrates
the potential benefit of personalized clinical risk modeling by adopting the
ICU as a representative suitable setting.

10



Chapter 3

Simultaneous Risk
Modeling of Multiple
Diseases

3.1 Introduction

Accurate assessment of the severity of a patient’s condition is a crucial step
for clinicians planning appropriate medical care and managing patient health.
In the ICU, mortality risk of a patient is often used as a proxy to describe
the patient’s condition. ICU clinicians attend to several patients at a time and
have limited time in which to make clinical decisions; therefore, the ability to
accurately forecast mortality risk stands to significantly improve the quality of
hospital care, which could contribute to reducing the number of preventable
deaths. In fact, some studies have reported that a certain number of deaths
of patients who were admitted to the ICU were considered potentially avoid-
able [40, 41, 42], suggesting the significance of early and precise recognition
of patient mortality risk in planning appropriate treatment. In this context,
many studies have focused on predictive modeling of mortality risk for ICU
patients [10, 11, 21, 22, 43, 44].

One salient feature that makes the ICU a particularly challenging environ-
ment is the diversity of patients: In contrast with hospital departments in
which clinical staff treat patients with specific disease types, ICU staff are
faced with a heterogeneous group of patients with a wide variety of diseases.

11
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In this setting, however, mortality risk prediction for ICU patients is typically
performed by developing one common predictive model that is shared for all
diseases. Yet, each disease might have a specific prediction rule that accounts
for mortality risk. For example, a kind of stomach medicine could be admin-
istered to patients who have received artificial respiration for the prevention
of gastric ulcer, because artificial respiration often causes gastric ulcer. How-
ever, the same stomach medicine could also be administered to remedy severe
gastric ulcer with bleeding. The corresponding prediction rule would be dif-
ferent depending on which type of disease a patient has.

Disease-specific context is a tacit assumption in other prediction tasks, such
as hospital re-admission [7, 38] and disease progression predictions [45, 46,
47, 48], in which a model specialized to a target disease is developed with the
assumption that the target disease is specified beforehand. In these cases, it
is assumed that the dataset consists of only patients with the specified target
disease; essentially, learning models for multiple different diseases simulta-
neously is not assumed to be necessary. However, ICU patients consist of
a heterogeneous group with a wide variety of diseases, which calls for mor-
tality modeling that considers disease-specific contexts. Consequently, by
customizing the predictive model for each disease, mortality risk modeling
would improve, thereby enhancing the quality and efficiency of ICU care.

Challenges: data scarcity and data sparsity
Despite the importance of mortality risk prediction for ICU patients, signifi-
cant challenges to disease-based customization are posed by: (1) data scarcity
resulting from disease-based customization and (2) data sparsity associated
with EMRs.

(1) Data scarcity resulting from the disease-based customization.
Attempts to build a customized model for each disease are complicated by the
limited availability of sufficiently large datasets, because most of the diseases
are associated with a small number of patients. To illustrate this, in Figure 3.1
we show a disease-patient distribution plot from an ICU dataset, for which
data consisting of about 330,000 patients who underwent ICU treatment were
collected from about 200 hospitals in Japan. The horizontal axis represents
the disease indices, which are based on the 3-digit International Statistical
Classification of Diseases and Related Health Problems 10 (ICD-10) codes.
The vertical axis represents the corresponding number of patients. The plot

shows that most of the diseases have only a few patients. Hence, naive cus-
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Fig. 3.1: A disease-patients distribution plot for an ICU dataset. The hor-
izontal axis represents disease indices based on 3-digit ICD-10 codes. The
vertical axis represents the number of corresponding patients. Most of the
diseases only have a few patients.

tomization by disease fails due to the scarcity of data.
(2) Data sparseness associated with EMRs.

Another kind of sparsity is associated with EMRs. In mortality modeling,
each patient is typically represented by an EMR that describes the patient’s
demographic information, clinical history, medications, and lab tests. How-
ever, raw EMRs are extremely sparse [49], a condition that also applies to our
ICU cases. One reason behind this sparsity is the fact that a significant num-
ber of EMRs are subject to medical and clinical classification, which catego-
rizes medical and clinical information from multiple viewpoints, producing
highly fine-grained features. One example is the categorization of medica-
tions, which could be done in terms of drug efficacy, ingredients, form, phar-
maceutical manufacturer, etc.; if two medicines are different from one point of
view, such as their ingredients, then the raw codes of the two medicines will
be different. However, the fact that the two medicines share all their other

13
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Fig. 3.2: An example of multitask learning formulation for multiple disease
types. Patients are grouped into a task by their main disease as defined by the
third level of the ICD-10 hierarchy. We define the similarities among diseases
from this hierarchical structure to jointly learn prediction models for different
diseases via multitask learning.

properties, including drug efficacy, suggests that they may have similar roles
in predicting patient risk. Consequently, it would be desirable to incorporate
such similarities in EMRs.
Our solution: multitask learning with medical domain knowledge

To address the challenges we have discussed here, we propose a method that
effectively integrates medical domain knowledge into a data-driven approach
using multitask learning (MTL) [24, 50]. In our formulation, a task corre-
sponds to a disease and prediction tasks for different types of disease are
jointly solved by sharing information across diseases. The key issue in for-
mulating mortality prediction as an MTL problem is relating different kinds
of diseases to share information among them. To appropriately model the re-
lationships between diseases, we exploit domain knowledge of the medical
classification of diseases using the ICD hierarchy. The ICD is a widely used
classification of diseases that is maintained by the World Health Organization
(WHO). In this hierarchical classification, diseases are categorized by cause,

symptoms, morphological disparity, etc., encoding important information that
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might affect mortality risk. Figure 3.2 illustrates an MTL formulation based
on the ICD-10 hierarchy. In this formulation, patients with the same kind of
disease, as defined by the third level of the ICD-10 hierarchy, are grouped
together into a task. Then, information about the extent to which diseases
are related can be obtained by exploiting the ICD-10 hierarchical structure.
We integrate this medical domain knowledge by incorporating a graph Lapla-
cian that encodes the similarities between diseases into the regularization term
in the multitask formulation. Additionally, the data sparsity associated with
EMRs is mitigated by integrating domain knowledge about the classification
of clinical features, which is realized as another graph Laplacian, into the
regularization term.
The contributions of our study in this chapter are twofold:

e We formulate in-hospital mortality risk prediction as an MTL prob-
lem, where a task corresponds to a disease, thereby incorporating the
disease-specific context into mortality modeling. To integrate med-
ical domain knowledge, we introduce a cross-regularization into the
MTL formulation; medical domain knowledge is integrated by two
graph Laplacians that encode similarities between diseases and among
EMRs, respectively. In our cross-regularization framework, the model
parameters of diseases and features are both regularized simultane-
ously.

e We empirically evaluate our proposed method by employing it in an
in-hospital mortality prediction problem using real ICU dataset col-
lected from a hospital in Japan. Experimental results show that the
proposed method outperforms several baseline methods including lo-
gistic regression without MTL and several MTL methods that do not
incorporate domain knowledge.
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Table 3.1: Notation and descriptions.

Notation | Description
T Number of diseases
Ny Number of patients with ¢-th disease, where t € {1,...,T'}
M Number of total features derived from EMRs
qb,(f ) M -dimensional feature vector for n-th patient

with ¢-th disease, where
ne{l,...,N;yandt € {1,...,T}
) Ny; x M design matrix: ®®) = [¢)§t), e qb%Z]T
U Class label for the n-th patient with disease t:
Yr.n € {0,1}, where 0 and 1 represent
survival and death in hospital, respectively.

y® N;-dimensional response vector:
y(t) = (Y,1,Yt,2, - - - 7yt,Nt)T

w® M -dimensional parameter vector for ¢-th disease,

where t € {1,...,T}

w M x T parameter matrix: W = [wD, ... w(T)]

S T x T similarity matrix, where S%(, j) is similarity
between i-th and j-th diseases.

Gleat M x M similarity matrix, where S§™* (i, j) is similarity
between i-th and j-th features.

L T x T normalized Laplacian matrix of S a

Llet M x M normalized Laplacian matrix of S™*

3.2 Simultaneous Modeling of Multiple
Diseases

3.2.1 Problem Definition

Let us formally define our problem: disease-dependent mortality risk mod-
eling in which each disease has a separate, specialized model to incorporate
disease-specific contexts.

Let T' denote the number of diseases. A mortality risk prediction model
is constructed for each disease. The ¢-th disease has /V; patients and the n-
th patient with the ¢-th disease is associated with an M -dimensional feature
vector (ﬁs) derived from EMRs. We create an /Ny x M design matrix for
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the t-th disease: ) = [ gt), ;t), e %z]T Each patient is associated
with a binary class label. Let y;,, € {0,1} denote the class label for the
n-th patient with the ¢-th disease where vy, ,, = 1 when the patient outcome
is death and y;,, = 0O otherwise. We create an /N;-dimensional response
vector for the ¢-th disease: y(t) = (Y1, Yt,25- - - ,yt’Nt)T. Because we are
interested in the probability of mortality, we adopt logistic regression and
represent the posterior probability of the outcome of patient n being death
as Prly: , = 1)) = J(w(t)Tng’)), where o(a) is the sigmoid function:
o(a) = (1 + exp(—a))~" and w® is an M-dimensional model parameter
vector for the ¢-th disease.

To address the scarcity of data resulting from disease-based customiza-
tion, we learn models for all the diseases jointly, sharing information across
diseases. We represent the whole model parameter as an M x T matrix
W = [w®,w®? ... w™)] and estimate parameter matrix W by minimiz-
ing an objective function that includes the log loss and some regularization
terms. The regularizations are incorporated to encourage the models to re-
spect domain knowledge, such as the relationships between diseases.

We assume that domain knowledge about similarities among diseases and
among features is available, and is encoded as symmetric similarity matrices
S and 8™ respectively. S%(i, j) is the similarity between the i-th and j-
th diseases, and Sfeat(z', j) is the similarity between the i-th and j-th features.
Note that the similarity matrix can be any symmetric matrix whose elements
are positive real numbers. Notation and their descriptions are summarized in
Table 3.1.

Our goal is to estimate the probability of mortality risk of a new patient rep-
resented as an M -dimensional feature vector ¢£f,/) ' € {1,...,T}), given

some observed pairs of {(<I>(t), y(t))}tzl,m,T and two similarity matrices S%
and S™.

3.2.2 Cross-regularized MTL

We define the loss function as the log loss denoted by L(W):

T N

LW) ==Y {ynlogo(w® ¢{1) G.1)
t n
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+ (1= yon)log(1 — o(w®  ¢M))},

where o(a) is the sigmoid function. In addition to the loss function, we in-
clude the regularization term {2 in our objective function to incorporate do-
main knowledge. The optimization problem is defined as follows:

min L(W) + (W), (3.2)

where (2 is a regularization term that is used to avoid overfitting and to incor-
porate domain knowledge.
Here, we exploit our domain knowledge about the similarities among dis-

eases and features with the following regularization terms:

2
T T
, 1 W, W,
QW) = ¢ Z > sy 2 (3.3)
i=1 j=1 \/D \/Dj,zj
1
= §Tr(WLdZWT)7
2
W.
Qfeat = Z Sfeat ’L* o J,* (34)
=1 j=1 \/ijeat \/Dge:;t
1
= S Te(W ' LEW),

where D% is a diagonal matrix, of which the (i,7)-th element is defined as
DfZ,L =2 S (Df‘)"jlt is defined similarly), ||x|| is the Euclidean norm of
vector x, and [,dZ and L™ are the symmetric normalized Laplacians of S%
and S™*, respectively. The symmetric normalized Laplacian of an undirected
graph with adjacency matrix A is defined as DY (D - A)D_l/ 2 where
D is a diagonal matrix of which the (7,%)-th element is defined as D, ; =
> ;A

The regularization term 2%(W) makes the two model parameters W ;
and W, ; similar if diseases 7 and j are similar in terms of the medical clas-

sifications given as the similarity matrix §%. Similarly, the regularization
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term 2*4%(W) makes the two model parameters W, , and W, . similar if

two features ¢ and j are similar in terms of the clinical classifications given

in similarity matrix S feat Both the rows and columns of W are regularized

using the two Laplacians £% and £, which we call cross-regularization.
Overall, we adopt the following regularization term:

Q(W) = )\dZQdZ(W> + )\featheat(W) + )\rierid(W), (35)

where Q(W) = 1Tr(WW ) is the standard ridge regularization term
used to avoid overfitting and A% > 0, A3 > (0 and \"¢ > 0 are hyperparam-
eters used to tune the weight of the regularization terms Q42 Qfeat apd Qrid |
respectively.

Since Laplacian matrices are positive-semidefinite, the regularization term
is convex as well as the loss function; hence, the optimal solution is found us-
ing standard gradient-based methods. We applied the L-BFGS optimizer [51]
with the following derivatives:

WW) e 3.7)
% _ plegy, (3.8)
aa;;(‘/W) _w. (3.9)
where p® = (o(w® ("), 0(w® ¢, oc(w® ${))T,
y® = (Ye1,Yt2,--->YeN,) |, and [ag%}y)}*,t denotes t¢-th column

oc(W)
vector of W

3.3 Empirical Study

In this section, we empirically evaluate our proposed method by employing
it in an in-hospital mortality prediction problem using a real ICU dataset col-

lected from a hospital in Japan.
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3.3.1 Experimental Setup

3.3.1.1 Dataset

We used a dataset from a hospital obtained from the Quality Indica-
tor/Improvement Project (QIP) *!, which is administered by the Department
of Healthcare Economics and Quality Management at Kyoto University [52].
Hospitals that voluntarily participated in this project provided their clinical
data for research. As preprocessing, we excluded patients under 18, patients
with a disease with fewer than 10 patients, and patients with a disease whose
initial letter in the ICD-10 code is after N. As the unit of the task, we used
the main disease that caused the patient to be admitted to the hospital, which
was coded by its 3-digit ICD-10 code. We thus obtained 559 patients and
17 diseases for our study. The codes and names of the diseases that were
used in our study are listed in Table 3.2 along with the number of cases
(patients) and the death rate for each. As a measure of mortality, we adopted
in-hospital mortality; if a patient died during his or her hospital stay, the
patient outcome is “death;” otherwise, it is “survival”. The age and gender
of each patient were extracted and we set two binary features: “Over 65”
for age and “Men” for gender. We also included the main disease and all
comorbidities of the patient, which are coded into our features by their 4-digit
ICD-10 codes. Additionally, we extracted all the medical events for which
patients were billed during their hospital stay. These events mainly describe
patient interventions such as medication, operative treatment, and laboratory
tests, coded by the Diagnosis Procedure Combination (DPC) system, which
is a system used for medical billing in Japan. We did not conduct any feature
engineering regarding these medical events; we used all the raw codes in the
DPC system as our features, and if a patient received an intervention at least

once, the corresponding feature was set to 1 (otherwise, it was set to 0).

3.3.1.2 Creation of a similarity matrix
Using the information described above, we created similarity matrix Sfeat in
Equation (3.4) based on the following rule: if the intervention is medica-

tion and if two medicines have the same drug efficacy, then the similarity

*I http://med-econ.umin.ac.jp/QIP/
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between them is set to 1; otherwise, it is 0. We detail the reason for this
choice below. From the raw code of a medication, we recovered information
about its efficacy, ingredients, and formulation. Of these, drug formulation
was considered irrelevant to mortality. In addition, there are a certain num-
ber of medicines with common ingredients but different efficacy; we con-
sidered these medicines to potentially play different roles in mortality pre-
diction. Conversely, medicines with same efficacy were considered to play
similar roles in mortality prediction even if their ingredients are different, be-
cause medicines with different ingredients can be used to remedy the same
disease by different mechanisms. Hence, we considered the following two
patterns for our choice: (1) two medicines that have a common efficacy but
might have different ingredients are similar, and (2) two medicines with com-
mon ingredients and efficacies are similar. However, when we choose (2), the
similarity matrix in our experiment became sparse. Therefore, we considered
choice (1) to better balance the sufficiency and appropriateness of the domain
knowledge.

Regarding the similarities between diseases (tasks), the overall structure of
our ICD hierarchy can be considered a tree. One reasonable measure of simi-
larity between nodes in a tree is the shared number of ascendants; hence, we
exploited the number of shared levels in the ICD hierarchy to define the sim-
ilarity between two diseases. In our experiment, we created similarity matrix
S% in Equation (3.3) as follows: the similarity between two diseases is ini-
tially set to 1; then, the number of shared levels in the ICD hierarchy is added
to the similarity. We call this similarity measure similarity with considering
the root of the tree. We also compared our proposed method with similarity
without considering the root of the tree. In this setting, the similarity between
two diseases is set to be the number of shared levels in the ICD hierarchy. For
example, the similarity between task 1 (J13) and task 2 (J97) in Figure 3.2 is
2 in our proposed method and 1 in the comparison similarity measure.

3.3.1.3 Prediction setting

We randomly sampled 60% of the patients for training and reserved the
remaining 40% for evaluation. All hyperparameters of both the proposed and
comparison methods were tuned via 3-fold cross-validation in the training

dataset. For our proposed methods, A% and A were tuned from among
{0,1071,10°} and {0,107%,1073}, respectively, and \"¢ was set to 104
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Table 3.2: List of the diseases used in our study, along with the number of
cases (patients) and the death rate for each disease.

ICD-10 3-digit Disease name # of cases  Death rate
disease code
A41 Other septicaemia 10 0.50
C15 Malignant neoplasm of oesophagus 11 0.27
Cl16 Malignant neoplasm of stomach 21 0.29
C18 Malignant neoplasm of colon 10 0.00
C20 Malignant neoplasm of rectum 10 0.20
2 Malignant neoplasm of liver 26 0.00
and intrahepatic bile ducts
Malignant neoplasm
€34 of bronchus and lung 28 0.11
G93 Other disorders of brain 53 0.49
120 Angina pectoris 37 0.05
121 Acute myocardial infarction 47 0.19
135 Nonrheumatic aortic valve disorders 21 0.14
150 Heart failure 42 0.26
170 Atherosclerosis 14 0.14
171 Aortic aneurysm and dissection 171 0.15
K56 Paralytic .ileus ?nd intestir}al 2 032
obstruction without hernia

K65 Peritonitis 26 0.27
N18 Chronic renal failure 10 0.20

Total 559 0.20

For comparison methods, all hyperparameters were tuned from among
{107°,107%,1073,1072,1071,10°}. We repeated the sampling, prediction,
and evaluation procedures 20 times. The following three prediction settings
were considered: (1) outcome prediction at day 1, (2) outcome prediction
at day 2, and (3) outcome prediction at day 3, where the ICU admission
day is defined as day 1. For the first, second, and third settings, we used all
features associated with the patient that were available 1, 2, and 3 days after
admittance to the ICU, respectively. The total number of features was 1, 559,
1,726, and 1,818 in the first, second, and third settings, respectively. The
statistics of the dataset are listed in Table 3.3.

3.3.1.4 Evaluation method
We adopted four measures to evaluate predictive performance: area under
the ROC curve (AUC), Recall (Sensitivity), Precision, and Specificity. AUC
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Table 3.3: Statistics of the dataset.

Data Number
Patients 559
Diseases 17

Features (day 1) 1,559
Features (day 2) 1,726
Features (day 3) 1,818

is widely used because it depends on neither the decision threshold for the

probability of positives or negatives nor the class balance. For ICU mortality

prediction, AUC is the most standard measure of the predictive performance

of a model. If we consider triggering medical alarms to be our application

scenario, our aim is to correctly identify high-risk patients. To avoid over-

looking high-risk patients, recall (sensitivity), that is, the true positive rate, is

crucial. In addition, false alarms inappropriately consume the limited clini-

cal resources; therefore, precision is also important. Specificity, that is, the

true negative rate, is also important. In our setting, recall (sensitivity) is the

proportion of the number of true positives (patients who died during their hos-

pital stay and were correctly predicted as “will die” by the method) to the total

number of patients who died during their hospital stay. Precision is the propor-

tion of the number of true positives to the total number of patients predicted

as positive (“will die”). Specificity is the proportion of the number of true

negatives (patients who survived during their hospital stay and were correctly

identified as “will survive”) to the total number of patients who survived their

hospital stay. We illustrate the definitions of the last three measures below.

Precision =

Specificity =

# of true positives

# of true positives + # of false negatives
# of true positives

# of true positives + # of false positives
# of true negatives

# of true negatives + # of false positives
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3.3.1.5 Comparison methods

Table 3.4 lists the comparison methods used in our study. The effect of in-
corporating domain knowledge of disease classification and medical features
was evaluated using two variants of our proposed method: Proposed-feat
is identical to our proposed method with A% = 0 in Equation (3.5) and

Proposed-dz is identical to our proposed method with \feat

= 0 in Equa-
tion (3.5). We also compared our method with logistic regression without
MTL. The single-task learning (STL) method STL (separate) learns sepa-
rate models for each disease without considering the relationships between
tasks or features, whereas STL (common) is a logistic regression with {o-
norm regularization. STL (common) learns one common model applica-
ble to all diseases, which is the standard method adopted in clinical prac-
tice. We compared L2-regularized STL (common) with L1-regularized STL
(common) and found that L2-regularization often results in better predictive
performance in all the methods in our preliminary experiment. Therefore,
we adopted L2-regularization instead of L1-regularization in our study. For
MTL baselines, we prepared the following three MTL methods: The first
method, MTL ({5 1) [27], incorporates {5 ;-norm regularization, which intro-
duces group sparsity and can be considered as joint feature selection across
tasks. The /5 ;-norm of a matrix W is defined as [[W |21 = ), |[|W «]|2.
where 2-norm of a vector w is defined as ||w||2 = (D, ||w;||?)2. The sec-
ond method is MTL (Trace) [53], which incorporates trace norm regulariza-
tion with the assumption that models from different tasks share a common
low-dimensional subspace. The third method, MTL (Mean) [25] encourages
each task parameter to be close to the mean of the parameters of all tasks,
incorporating the regularization term Y, |[[W.; — = > ; W jll. The three
MTL baselines are all based on logistic regression, similarly to our proposed
method.

3.3.2 Results and Discussion

3.3.2.1 Results in terms of each evaluation measure

Tables 3.5, 3.6, 3.7, and 3.8 shows the averaged AUC, recall (sensitivity),
precision, and specificity, respectively, of the various methods in the three
prediction settings (outcome predictions at days 1, 2, and 3). We conducted
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Table 3.4: Comparison methods used in our experiment.

Domain Knowledge Disease-based

Method Regularization  Task Feature Customization
Proposed Task, Feature, /5 v v v
Proposed-feat Feature, /o v v
Proposed-dz Task, ¢5 v v
STL (separate) Uy v

STL (common) Uy

MTL (42,1) U1, Lo v
MTL (Trace) Trace v
MTL (Mean) Mean, /5 v

Table 3.5: Comparison of averaged AUCs in each prediction setting. We per-
formed a Wilcoxon signed-rank test for each pair of the method with the high-
est AUC and another method in each prediction setting. We confirmed that our
proposed method statistically significantly (p < 0.05) outperformed all other
methods in each setting, except for the results in bold font, if any. Regard-
ing the boldface results, there was no statistically significant (p < 0.05) im-
provement using our proposed method over the comparison methods. There
was no method that performed equally to or better than our proposed method
throughout all the settings.

AUC
Method Day1 Day2 Day3
Proposed 0.80 0.79 0.82

Proposed-feat 0.72 0.74 0.75
Proposed-dz 0.79 0.79 0.82
STL (separate) 0.73 0.74 0.75
STL (common) 0.76 0.76 0.78
MTL (¢5,1) [27] 0.70 0.72 0.74
MTL (Trace [53]) | 0.70 0.73 0.76
MTL (Mean [25]) | 0.78 0.78 0.81

Wilcoxon signed-rank tests for each pair of the method with the highest per-
formance and another method in each prediction setting. In the following, we
discuss our results in terms of each evaluation measure.

AUC:
In summary, there was no method that performed equally to or better than
our proposed method throughout all settings in terms of AUC. The proposed
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Table 3.6: Comparison of averaged recalls in each prediction setting. We
conducted a Wilcoxon signed-rank test for each pair of the method with the
highest recall and another method in each prediction setting. We confirmed
that our proposed method statistically significantly (p < 0.05) outperformed
all other methods in each setting, except for the results in bold font. Regarding
the boldface results, there was no statistically significant (p < 0.05) improve-
ment by our proposed method over the comparison method, although there
was no method that performed equally to or better than our proposed method
throughout all the settings.

Recall
Method Day1 Day2 Day3
Proposed 0.47 0.44 0.49

Proposed-feat 0.24 0.30 0.31
Proposed-dz 0.42 0.45 0.47
STL (separate) 0.24 0.29 0.30
STL (common) 0.34 0.37 0.39
MTL (¢,1) [27] 0.22 0.27 0.27
MTL (Trace [53]) | 0.19 0.27 0.32
MTL (Mean [25]) | 0.39 0.40 0.46

method outperformed all the other methods especially well in the earliest pre-
diction setting of day 1.

(1) The proposed method performed equally to or better than all meth-
ods without domain knowledge of disease similarity throughout all settings,
which suggests that the appropriate incorporation of task relatedness, i.e., how
each disease relates to others, can improve predictive performance signifi-
cantly, although MTL does not necessarily improve predictive performance.
(2) The proposed method outperformed Proposed-dz in the earliest prediction
setting at day 1, whereas there were no statistically significant differences be-
tween these two methods in the other prediction settings. Because the amount
of data that is available for prediction at day 1 is less than that available for the
other prediction settings, the above result suggests that incorporating domain
knowledge related to the medical classification of EMRs can also contribute
to the improvement of predictive performance when data is sparse. (3) The
proposed method outperformed the most standard method in clinical domains,
STL (common), in all prediction settings, suggesting that we could substitute
our proposed method for the conventional method.
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Table 3.7: Comparison of averaged precisions in each prediction setting. We
conducted a Wilcoxon signed-rank test for each pair of the method with the
highest precision and another method in each prediction setting. We con-
firmed that our proposed method statistically significantly (p < 0.05) out-
performed all other methods in each setting, except for the results shown
in bold. Of the results in bold, there was no statistically significant (p <
0.05) improvement using our proposed method over the comparison method.
Only Proposed-dz performed equally to or better than our proposed method
throughout all the settings.

Precision
Method Day1 Day2 Day3
Proposed 0.57 0.56 0.63

Proposed-feat 0.43 0.48 0.52
Proposed-dz 0.55 0.57 0.62
STL (separate) 0.44 0.49 0.53
STL (common) 0.50 0.53 0.58
MTL (¢,1) [27] 0.48 0.48 0.52
MTL (Trace [53]) | 0.44 0.51 0.56
MTL (Mean [25]) | 0.54 0.54 0.57

Table 3.8: Comparison of averaged specificities in each prediction setting. We
conducted a Wilcoxon signed-rank test for each pair of the method with the
highest specificity and another method in each prediction setting. The results
in bold font outperformed all nonboldface results. There was no method that
performed equally to or better than MTL (/3 ;) and MTL (Trace) throughout
all settings in terms of specificity.

Specificity
Method Day1 Day2 Day3
Proposed 0.92 0.92 0.93

Proposed-feat 0.92 0.92 0.93
Proposed-dz 0.92 0.92 0.93
STL (separate) 0.92 0.93 0.93
STL (common) 0.92 0.92 0.93
MTL (¢2,1) [27] 0.94 0.93 0.94
MTL (Trace [53]) | 0.94 0.93 0.94
MTL (Mean [25]) | 0.92 0.92 0.92

Recall (sensitivity):
The results in terms of recall (sensitivity) were similar to those of AUC: there
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was no method that performed equally to or better than our proposed method
throughout all settings. In particular, the proposed method outperformed all
other methods in the earliest prediction setting. The three observations noted
in the AUC results also apply to the recall results.

Precision:
In terms of precision, there was no method that performed equally to or better
than our proposed method throughout all settings, except for Proposed-dz; the
proposed method and Proposed-dz performed equally well. Observations (1)
and (3) noted in the discussion of the AUC results also apply to the precision
results.

Specificity:
In terms of specificity, the variances of the different methods were relatively
small in all prediction settings; all results were greater than 92 % and the
maximum difference between the results of any two methods was 2 % in all
settings. For comparison, the maximum difference for AUC, recall, and preci-
sion, were 10 %, 28 %, and 14 %, respectively. Of the various methods, MTL
(¢21) and MTL (Trace) could be considered the best: there was no method
that performed equally to or better than these methods throughout all settings

in terms of specificity.

3.3.2.2 Effect of similarity between diseases

Table 3.9 shows the comparison of the AUCs between the proposed method,
which incorporates disease similarity considering the root of the tree, and the
method that differs only in that it does not consider the root of the tree, in the
prediction setting of day 1. We confirmed that the similarity that considered
the root of the tree statistically significantly (p < 0.05) outperformed the other
method, except in specificity, for which there was no statistically significant
difference between the two methods. This result suggests that all the diseases
might share some common predictive information.

3.3.2.3 Comparison of AUCs for each disease

Figure 3.3 compares the AUCs for each disease resulting from the Proposed,
STL (common), and MTL (Mean) methods in the prediction setting of day
1. We chose STL (common) method as the representative STL method and
MTL (Mean) as the representative MTL method, because each had the high-
est predictive performance among STL and MTL methods, respectively. We
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Table 3.9: Effect of the similarity between diseases in the prediction setting of
day 1. We conducted a Wilcoxon signed-rank test for the pair of our proposed
methods that incorporate similarity with and without considering the root of
the tree. The boldface results indicate better performance than the nonbold-
face results. We confirmed that considering the root of the tree resulted in
statistically significant (p < 0.05) improvement over not considering it, ex-
cept in specificity, for which there was no statistically significant difference
between the two methods.

Similarity | AUC Recall Precision Specificity

With root 0.80 0.47 0.57 0.92
Without root | 0.77 0.34 0.49 0.91

excluded diseases C18 and C22 from the evaluation of target diseases because
there was no positive example for either disease. There was no clear trend ob-
served for the kind of diseases for which each method performs best in terms
of the number of patients or the number of similar diseases. Making any such
tendency clear would be important future work.

Comparison of AUCs
for each disease among three methods

Cc20 C34

Fig. 3.3: Comparison of AUCs for each disease among the Proposed, STL
(common), and MTL (Mean) methods in the prediction setting of day 1.
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3.4 Related Work

3.4.1 MTL for Clinical Problems

MTL has been explored extensively for health care problems, including dis-
ease progression models [46, 47], prediction of clinical variables [54], patient
outcome prediction [38], and illness severity forecasting in ICU [11]. Zhou et
al. [46, 47] proposed a temporal group Lasso regularizer to encourage tempo-
ral smoothness of the predictive models across different time points. Quanz
and Huan [54] applied multitask feature selection to a set of images obtained
from different sources, such as MRI and PET scans, extracting a common
subset of features for different tasks. Gupta et al. [38] exploited hierarchical
Dirichlet process to learn a specific model for each group of interventions.
Ghassemi et al. [11] examined the use of multivariate time-series modeling
with a multitask Gaussian process to forecast the severity of illnesses of ICU
patients.

However, none of these studies considers disease as the task unit. One
exception is the recent work by Wang et al. [39] in which the authors de-
fine the onset risk prediction for a disease as a task and formulate the onset
risk prediction for multiple diseases as an MTL problem. Our work differs
from theirs in that our method is capable of incorporating domain knowl-
edge into data-driven approaches. Although we exploited ICD-10 and drug
efficacy information as domain knowledge in our experiments, our method
can incorporate any prior knowledge encoded as similarity matrices; disease
similarities and similarities between EMRSs can be constructed by using prior
knowledge from domain experts or by leveraging multiple other information
sources. One important future direction would be to explore the construc-
tion of such disease and EMRs similarities [55]. In addition, our work differs
from previous studies in that we incorporate the similarities between both the
tasks (diseases) and features derived from EMRs simultaneously using graph
Laplacians, which results in cross-regularization in the MTL framework. Al-
though feature regularizer has been explored in STL to capture intrinsic rela-
tionships among features [56], it has not been explored in MTL. In addition,
although cross-regularization has been proposed for semi-supervised multi-
label learning [57], in which two graphs are initially constructed on instance
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and category levels to incorporate instance and category similarities, it has
also not been explored in MTL.

We first formulated the ICU mortality risk prediction problem as an MTL
in which a task corresponds to a disease by integrating domain knowledge
encoded as similarities between diseases and among EMRs, thereby incorpo-
rating disease-specific contexts into predictive mortality modeling.

3.5 Summary

Our study considered disease-specific contexts in mortality modeling in the
ICU, for which we formulated mortality prediction in terms of MTL in which
a task corresponds to a disease. Our method effectively incorporated domain
knowledge about the medical classifications of both diseases and EMRs into a
data-driven approach. Experimental results on a real hospital dataset demon-
strated the effectiveness of our proposed method, which appropriately incor-
porated task relatedness, i.e., how each disease relates to others, leading to an
improvement in predictive performance. The incorporation of domain knowl-
edge in the form of the medical classification of EMRs was also effective.
Our proposed method and results could prove effective in enhancing the un-
derstanding of disease-specific contexts, as well as improve the predictive

performance of ICU mortality modeling.
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Chapter 4

Learning Implicit Tasks for
Patient-Specific Risk
Modeling

4.1 Introduction

The ICU is an especially demanding environment for clinicians owing to the
diversity of the patients; ICU clinicians are faced with patients with a wide
variety of disease types, all of whom are severely ill. For instance, some
patients are admitted to the ICU due to infectious diseases such as sepsis and
pneumonia, whereas others are postoperative patients admitted after major
surgery. Furthermore, patients are usually associated with multiple diseases;
thus, together with the diversity of diseases, ICU patients present rather varied
and complicated clinical states.

To date, numerous studies have focused on mortality risk predictive mod-
eling under the assumption that mortality risk may be used as a surrogate for
severity assessment of ICU patients [6, 9, 10, 11, 12]. Accurate risk predic-
tion could lead to preventive actions by, for example, a medical alarm. Thus
far, most studies on mortality risk prediction for ICU patients have implicitly
assumed that one common risk model could be developed and applied to all
patients; however, this approach might fail to capture the diversity of ICU pa-
tients. Thus, we explored disease-specific risk modeling for ICU patients by

employing MTL in which a task corresponds to a disease [18]. We assumed
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Fig. 4.1: Histogram of disease combinations in an ICU dataset. Many combi-
nations are specific to a single patient.

that each disease has a specific prediction rule that explains its mortality risk,
and therefore, that customizing the risk model for each disease would enhance
predictive modeling.

Yet, this approach continues to be insufficient to capture patient-specific
aspects of mortality risk modeling for ICU patients. Specifically, ICU pa-
tients are usually associated with multiple diseases, further complicating their
clinical states. In such a case, one straightforward approach might be to cre-
ate a task corresponding to the combination of diseases that each patient has;
however, this approach would be ineffective because of combinational explo-
sion among diseases. This problem is illustrated in Figure 4.1, which shows
a histogram of disease combinations that was created from an ICU dataset
consisting of about 200,000 patients from about 170 hospitals in Japan. Each
patient is associated with his or her main disease, identified by a three-digit
ICD-10 code, and up to 4 comorbidities. Many combinations are specific to
a single patient. Thus, a naive approach such as creating tasks corresponding
to combinations of diseases, would be unfeasible.

In this study, we propose an MTL method for ICU mortality prediction that

is capable of producing patient-specific risk models reflecting the collection
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of diseases associated with the patient. We do not explicitly create tasks cor-
responding to a collection of diseases; instead, we assume implicit, or latent
tasks and learn a latent representation of the diseases. Figure 4.2 illustrates our
model. Specifically, we assume a small number of latent basis tasks, where
each latent task is associated with its own parameter vector (which together
comprise parameter matrix L), and a parameter vector for a specific patient
(which comprises parameter matrix W) is constructed as a linear combina-
tion of these. The latent representation of a patient, namely, the coefficients
of the combination (which comprise parameter matrix S), is learned based on
the collection of diseases the patient is associated with (which comprises the
association matrix A). Our method could be considered an MTL method in
which latent tasks are learned based on the collection of diseases.
The contributions of our study are as follows:

e We propose an MTL method for ICU mortality prediction that can pro-
duce a patient-specific risk model reflecting the collection of diseases
with which the patient is associated. For patient-specific modeling,
one critical issue is to determine the unit that should be used to model
patient specificity. Our method enables us to learn the task unit based
on the collection of diseases the patients are associated with by intro-
ducing latent basis tasks.

e We demonstrate the effectiveness of our method using a real-world
hospital dataset. Our method is capable of constructing patient-specific
models from different viewpoints.

4.2 Related Work

4.2.1 Patient-Specific Modeling

Addressing both the specificity and commonality among a patient population
—that is, addressing the specificity of the target patient while capturing the
common structure shared by the population— has been one of the most fun-
damental issues at the intersection of clinical and machine-learning research.
Obtaining clinically useful models requires the model to be customized to
the target of the analysis; however, restricting the data to those that are faith-
fully relevant to the target often results in an impractically small sample size.
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Fig. 4.2: Our MTL model for patients with multiple diseases.

Thus, to develop clinically useful target-specific models, recent studies have
focused on MTL and transfer learning for clinical data. One critical issue is
to determine the aspects that capture patient specificity, i.e., how to define
tasks for patient-specific modeling. Jenna et al. investigated the effective-
ness of hospital-specific [36] modeling via a feature-representation-transfer
method. Gong et al. exploited an instance-transfer method for hospital-
and surgery-specific risk modeling [37]. Liu and Hauskrecht developed a
forecasting model that captures both patient-specific time-series patterns and
population-level information for clinical time-series data [58]. In a previous
study, we proposed an MTL method in which a task corresponds to a dis-
ease [18]. Our study differs from other research described in this section in
that we learn the task unit by assuming a small number of latent basis tasks
that are learned from the collection of diseases each patient is associated with.
To the best of our knowledge, this is the first study in which patient risk mod-
eling is formulated as MTL in which a task corresponds to a combination of
diseases.

4.2.2 Mortality Modeling in the ICU

As noted before, thus far, it has been implicitly assumed that one common
predictive model should be developed and applied to all diseases. In a pre-
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vious study [18], we formulated mortality prediction as multitask learning
in which a task corresponds to the patient’s main disease, thereby produc-
ing disease-specific models. However, this method is unable to accommodate
the collection of diseases each ICU patient is associated with; each task cor-
responds to one disease. However, because patients are usually associated
with multiple diseases, it would be necessary to construct tasks based on the
collection of diseases each patient is associated with to capture patient speci-
ficity. In addition, the previous method does not learn the relations between
diseases, whereas the proposed method learns these relationships by learn-
ing latent tasks from the collection of diseases. Contrary to this, the previous
method increases the similarity between the model parameters of two diseases
if the diseases are similar in terms of domain knowledge via regularization.
Although domain knowledge can be exploited to some extent, it is likely that
intrinsic relations between diseases can be learned from data and exploited

for prediction purposes.

4.2.3 Multitask Learning

One of the most fundamental issues in MTL is how to introduce an induc-
tive bias in modeling task relationships. There have been numerous studies
that have attempted to introduce appropriate assumptions: task parameters
might be assumed to lie in close proximity with each other in some geomet-
ric sense [25], or they might be assumed to lie in a low-dimensional sub-
space [53], or to share a common prior [26]. One major challenge in MTL
is avoiding negative-transfer; that is, selectively sharing information among
tasks in order that unrelated tasks do not affect each other. Approaches to this
challenge include clustering tasks [31] and learning groupings of tasks with
overlap [32].

Our method could be considered an MTL method with the assumption that
tasks lie in a low-dimensional subspace, similar to several of the studies de-
scribed above [32, 53]. However, our method fundamentally differs from
other research in that we learn the unit of the task. We assume components of
the tasks, namely, a collection of diseases, and assume that a combination of

components produces a task. We do not explicitly list the combinations.
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Table 4.1: Notation and descriptions.

Notation | Description
N Number of patients
M Number of features derived from EMRs
T, M -dimensional feature vector for the n-th patient
D Number of diseases
Yn Class label for the n-th patient: y,, € {0, 1},

where 0 and 1 represents survival and death
in hospital, respectively.
M -dimensional parameter vector for the n-th patient
M x N parameter matrix: W = (w1, ..., wy/|
Number of latent basis tasks
M x K parameter matrix
with each column representing a latent basis task
K x N parameter matrix containing the weights of
linear combination for each patient
D x N matrix where A, , = 1 if the n-th patient
is associated with the d-th disease and A, ,, = 0 otherwise.
K x D parameter matrix with each column
representing a latent representation of a disease.
Wy M x N matrix with each column containing a vector
obtained from a single-task learning method.

~ =S E

> W

e

4.3 Learning Patient-Specific Risk Models

4.3.1 Problem Definition

In this section, we describe our approach for learning patient-specific risk
models where each patient is associated with one or more diseases. Let NV de-
note the number of total patients. A risk model is developed for each patient.
The n-th patient is represented by an M -dimensional feature vector x,, de-
rived from EMRs, which contain a variety of information about patients, such
as their demographic profile, clinical history, and medications. Each patient
is also associated with one or more diseases, specified by their ICD codes,
whose total number is denoted by D. Each patient is associated with a binary
class label, y,, € {0, 1}, where y,, = 1 when the patient died during his or her
hospital stay and y,, = 0 otherwise. Since we are interested in the probability
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of mortality, we opt for logistic regression and represent the posterior proba-
bility of the outcome of patient n being death as Pr[y,, = 1|x,] = o(w, T ,,)
, where o (a) is the sigmoid function o(a) = (1 + exp(—a))~!, and w,, is an
M -dimensional model parameter vector for the n-th patient.

Decomposition model. To address the data sparsity inherent in construct-
ing patient-specific risk models, we learn the models for all patients jointly by
sharing information across patients. We represent the whole parameter matrix
as an M x N parameter matrix W, where the n-th column vector w,, denotes
a parameter vector for the n-th patient. We also assume there are K latent ba-
sis tasks and that a specific risk model for each patient can be represented as a
linear combination of these latent basis tasks. We can therefore write param-
eter matrix W as W = LS, where L is an M x K matrix with each column
representing a latent basis task, and S is a K x /N matrix containing the linear
combination weights for each patient. The parameter for the n-th patient w,,
is given as LS, ,,. The predictive structure of the latent tasks is captured by
matrix L and the latent representation of the patients is captured by matrix S.
Next, we exploit the relations between diseases and patients. Let A denote a
D x N matrix containing the relation information between diseases and pa-
tients. Specifically, Ag,, = 1 if the n-th patient is associated with the d-th
disease and A4 ,, = 0 otherwise. Using this relational information, we further
rewrite matrix S as S = S A, where S is a K x D matrix with each column
representing a latent representation of a disease.

Prior knowledge. We overcome the problem of data sparsity and guide ef-
fective decomposition of the parameter matrix by assuming some prior knowl-
edge relating to population-level information, which is some common struc-
ture shared among all patients. We assume an M x N matrix W, with
each column containing a parameter vector obtained from a single-task learn-
ing method that is learned from all patients in the training dataset. That is,
Wy = [wo, wy, ..., wo|, where wq is an M-dimensional parameter vector
learned by applying a machine learning method to all patients in the training
dataset.

Our goal is to estimate the mortality risk of a new patient represented by an
M -dimensional feature vector x,,/, given a D-dimensional vector containing
the collection of diseases the patient is associated with, some observed train-
ing dataset {(x,,, Yn) }n=1,... N, and a D x N patient-disease matrix A. After

learning parameter matrices L and S using a training dataset, we can con-
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struct a parameter matrix specialized to new patients, given a patient-disease
relation matrix that encodes the collection of diseases each new patient is as-
sociated with.

4.3.2 Optimization Problem

We define our loss function as the log loss denoted by E(S’ ,L):

N
L(S :_NZ ynlogo(A., S L x,)
+ (1 — yn) log(1 — U(A*MTS L'z,)}. 4.1)

We include several regularization terms to exploit our prior knowledge and
to avoid overfitting. First, to utilize population-level information, we include

the following regularization term €2;:
2 =[|LSA - Woll%, 4.2)

where W, is a matrix with each column containing a parameter vector ob-
tained from a single-task learning method.

Adding the following ¢2-norm regularization term
2 =1|8|%, (4.3)
we define our regularization term as
Q= A0 + Ao, (4.4)

where A\; > 0 and Ay > 0 are hyperparameters for tuning the weights of the
regularization terms {2; and ()5, respectively.
The optimization problem is thus defined as follows:

min £(S, L) + Q. (4.5)
S.L

We show the optimization problem is convex in S for a fixed L and vice

versa.
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The derivatives of the loss function with respect to S and L, respectively,
are given as follows:

0L - -

05 > (on—yn)L @ ALy (4.6)
n=1

oL N T

oL = (On — Yn)EnAsn' S, 4.7)
n=1

where o,, = a(A*vnTS’TLTwn).

The derivatives of the regularization term with respect to S and L are given

as
% — 2\ (LTLSAAT —2LTW,A") +2),8. (4.8)
g—g — 92\ (LSAATS —2w,ATS ). 4.9)

The second derivative of the loss function and regularization term 2; with

respect to S are given, respectively, as

’ N
Oveell) N o (1 e VYT (4.10)
ovec (S) n=1
/
M —24AT @ LL,
ovec (S)

4.11)

where V' = vec (LTwnA*’nT> , and ® is Kronecker product.

The loss function is convex in S for a fixed L and vice versa, since the
sum of positive semidefinite matrices is positive semidefinite. Since the Kro-
necker product of two positive semidefinite matrices is positive semidefinite,
Equation (4.11) produces a positive semidefinite matrix; hence, the regular-
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ization term is convex in S for a fixed L. Similarly, the regularization term is
convex in L for a fixed S. We adopt an alternating optimization procedure;
for each optimization problem, the optimal solution is found using standard
gradient-based methods. We applied the L-BFGS optimizer [51] with the
derivatives above. To initialize L, we assume an M x N matrix W with
each column containing a parameter vector obtained from a single-task learn-
ing method. Matrix L is then initialized to the top- K left singular vectors of
Wy : Wy = UXV. The alternating optimization procedure is terminated

when some prearranged criterion is satisfied.

4.4 Empirical Study

4.41 Experimental Setup

4.4.1.1 Dataset

We used a dataset from a hospital in Japan, which was constructed as part of
the Quality Indicator/Improvement Project [52] administered by the Depart-
ment of Healthcare Economics and Quality Management at Kyoto University.
All patients in the dataset were at least 18 years old and underwent ICU treat-
ment at some point during their hospital stay. For disease coding, we adopted
the three-digit ICD-10 codes and extracted the following diseases for each
patient: the main disease that caused the patient’s admission and up to 4 co-
morbidities the patient had at the time of admission. The dataset consists of
patients whose outcome is either death or survival after ICU discharge, in hos-
pital, which comprises of 312 patients associated with a total of 244 diseases.
For features, we used the age, gender, main disease, and comorbidities of the
patient, in addition to all the medical events for which patient was billed dur-
ing the hospital stay. For the age and gender, we created two binary features:
“Over 65” and “Men.” The medical events mainly describe patient interven-
tions such as medication, procedures, and laboratory tests. For patients who
received an intervention once or more than once, the corresponding feature

was set to 1, and O otherwise.

4.41.2 Prediction setting
To evaluate predictive performance, we measured the area under the ROC
curve (AUC), recall, precision, and specificity. We randomly sampled 80%
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of the patients to create the training dataset and used the remaining 20% for
evaluation. We prepared two prediction settings: ICU admission and ICU
discharge. For prediction at the ICU admission point, we used all features
associated with the patient that were available at that time; for prediction at
the ICU discharge point, we used all features associated with the patient that
were available 1 day before the day he or she was discharged from the ICU.
The total number of features was 1,003 in the first setting and 1,525 in the
second. The statistics of the dataset are listed in Table 4.2.

Table 4.2: Statistics of the dataset.

Data Number
Patients 312
Diseases 244

Features (ICU admission point) 1,003
Features (ICU discharge point) 1,525

We repeated the sampling, prediction, and evaluation procedures 100 times
and calculated the mean of the 100 trials. Hyperparameters were tuned by
3-fold cross-validation in the training dataset. For our proposed method, \;
and )\, were set to 1072 and 105, respectively. The number of latent tasks K
was tuned among {2%,2%}. Matrix W was constructed by applying logistic
regression with £3-norm regularization to all patients. W was learned using
only the training data in each iteration. In this experiment, increasing the
number of iterations in the optimization process did not improve prediction
performance. Hence, we only estimated S using the initial L throughout the

experiment.

4.4.1.3 Comparison methods

We compared our proposed method with eight others. We first prepared the
following two variants of our method. First, Proposed-w/o-A is adopted to
determine the effect of association matrix A. This method learns two pa-
rameter matrices L and S without introducing A; more specifically, we only
used the main disease for each patient in constructing A. Second, we deter-
mined the effect of regularization by preparing Proposed-w/o-pop, which is
identical to our proposed method with A; = 0 in Equation (4.4). The next
two methods are single-task learning methods: STL (separate) learns separate
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Table 4.3: Comparison of various methods used in our experiment.

Method | Unit of Tasks ~ Prior Knowledge = MTL
Proposed Latent Population model v
Proposed-w/o-A Latent Population model v
Proposed-w/o-pop Latent v
STL (separate) N/A
STL (common) N/A

MTL (Trace [53]) Disease
MTL (Mean [25]) Disease

MTL (¢2,1) [27] Disease
Similarity among
MTL (DM [18]) Disease diseases, Similarity
among features

models for each disease using only data relating to the patient’s main disease.
STL (common) learns one common model that is applicable to all patients by
using data from all diseases. The remaining four methods are MTL base-
lines; for these methods, tasks are defined as patients’ main diseases. The
first method is MTL (Trace [53]), which incorporates trace norm regulariza-
tion with the assumption that models from different tasks share a common
low-dimensional subspace. The second method is MTL (Mean [25]), which
assumes that each task parameter vector is close to the mean vector of all
tasks. The third method, MTL (¢> 1 [27]), incorporates {5 1-norm regular-
ization to introduce group sparsity and can be considered as joint feature se-
lection across tasks. The last method is MTL (DM [18]), which integrates
domain knowledge relating to the diseases and EMRs via two graph Lapla-
cians. All single-task and multitask learning baselines are based on logistic
regression with /5 regularization. For STL (separate), ST(common), MTL
(Trace), MTL (Mean), and MTL ({5 1), the hyperparameter for the ¢/, norm
was set to 10~% and all the other regularization hyperparameters were tuned
from among {10°,1072,10~*}. For MTL (DM), the hyperparameter relating
to task similarity was tuned from among {107, 10°}, and the hyperparame-
ter relating to the feature similarity and the {5 regularization hyperparameter
were both set to 10~%. Table 4.3 shows a comparison of the methods used in

our experiment.
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Table 4.4: Comparison of averaged AUCs. We conducted a Wilcoxon signed
rank-test for each pair of the method with the highest AUC and another
method in each prediction setting. The results shown in bold indicate the
method statistically significantly (p < 0.05) outperformed all the other meth-
ods in the relevant setting. For prediction at ICU admission, MTL (DM)
method outperformed all other methods. For prediction at ICU discharge, our
proposed method outperformed all other methods.

AUC

Method Admission point  Discharge point
Proposed 0.63 0.71
Proposed-w/o-A 0.58 0.62
Proposed-w/o-pop 0.58 0.59
STL (separate) 0.51 0.56
STL (common) 0.64 0.68
MTL (Trace [53]) 0.52 0.54
MTL (Mean [25]) 0.56 0.61
MTL (€21 [27]) 0.52 0.55
MTL (DM [18]) 0.65 0.69

Table 4.5: Comparison of averaged recalls. We conducted a Wilcoxon signed-
rank test for each pair of the method with the highest recall and another
method in each prediction setting. The result given in bold indicates the
method statistically significantly (p < 0.05) outperformed all other methods
in the concerned setting. In both settings, Proposed-w/o-A method outper-
formed all other methods.

Recall

Method Admission point  Discharge point
Proposed 0.45 0.57
Proposed-w/o-A 0.65 0.66
Proposed-w/o-pop 0.30 0.32
STL (separate) 0.47 0.54
STL (common) 0.38 0.38
MTL (Trace [53]) 0.47 0.52
MTL (Mean [25]) 0.53 0.57
MTL (421 [27]) 0.48 0.53
MTL (DM [18]) 0.39 0.39

4 .42 Results and Discussion

4.4.2.1 Predictive performance
Table 4.4 compares the AUCs of the various methods. For prediction at ICU

admission, MTL (DM) outperformed all other methods, whereas for predic-
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Table 4.6: Comparison of averaged precisions. We conducted a Wilcoxon
signed-rank test for each pair of the method with the highest precision and
another method in each prediction setting. The bold result, with the highest
precision, indicates that the method statistically significantly (p < 0.05) out-
performed all nonboldface methods in the concerned setting. For prediction
at ICU admission, STL (common) and MTL (DM) outperformed all other
methods. For prediction at ICU discharge, MTL (DM) outperformed all other
methods.

Precision

Method Admission point  Discharge point
Proposed 0.26 0.35
Proposed-w/o-A 0.20 0.21
Proposed-w/o-pop 0.23 0.29
STL (separate) 0.15 0.18
STL (common) 0.26 0.40
MTL (Trace [53]) 0.15 0.17
MTL (Mean [25]) 0.17 0.19
MTL (421 [27]) 0.15 0.17
MTL (DM [18]) 0.27 0.43

tion at ICU discharge, our proposed method outperformed all other methods.
Since the features available at the ICU admission point are only those about
diseases, age, and gender, effective patient-specific characteristics might be
relatively difficult to obtain. Conversely, MTL (DM) method exploits domain
knowledge relating to similarities among diseases, which might make MTL
(DM) relatively effective in situations in which data are sparse.

In terms of AUC, our proposed method outperformed all other methods for
prediction at ICU discharge. The performance improvement compared with
the variant of our method Proposed-w/o-A suggests that exploiting multiple
diseases’ information for each patient can improve prediction performance.
Similarly, the performance improvement compared with Proposed-w/o-pop
suggests that population-level information is important for effective predic-
tion. The fact that our method outperformed the two single-task learning
methods in the ICU discharge prediction setting suggests the importance of
capturing the diversity of ICU patients in mortality risk prediction. In ad-
dition, the performance improvements compared to the four MTL methods
indicate that for patient-specific modeling, it is important to utilize the entire
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Table 4.7: Comparison of averaged specificities. We performed a Wilcoxon
signed-rank test for each pair of the method with the highest specificity and
another method in each prediction setting. The result in bold, with the high-
est specificity, indicates that the method statistically significantly (p < 0.05)
outperformed all the other nonboldface methods in the concerned setting.
For prediction at ICU admission, Proposed-w/o-pop and STL (common) out-
performed all other methods. For prediction at ICU discharge, MTL (DM)
method outperformed all other methods.

Method — Speciﬁci‘ty :
admission point  discharge point

Proposed 0.73 0.77
Proposed-w/o-A 0.45 0.48
Proposed-w/o-pop 0.79 0.84
STL (separate) 0.45 0.48
STL (common) 0.78 0.87
MTL (Trace [53]) 0.47 0.48
MTL (Mean [25]) 0.47 0.50
MTL (421 [27]) 0.47 0.48
MTL (DM [18]) 0.78 0.89

Table 4.8: Example of top-10 predictive features for a disease-mortality-
related latent task (k = 1).

High/Low Example of category Example of
risk of predictive features predictive features

High High-mortality diseases  J15, 146, C22, N18, 161
Low Low-mortality diseases  F32, T14, E86, 174, R40

collection of diseases associated with each patient.

The recall, precision, and specificity results are shown in Tables 4.5, 4.6,
and 4.7, respectively. In terms of recall, Proposed-w/o-A outperformed all
other methods in both settings. In terms of precision, for prediction at ICU ad-
mission, STL (common) and MTL (DM) outperformed all other methods; for
prediction at ICU discharge, MTL (DM) outperformed all other methods. In
terms of specificity, for prediction at ICU admission point, Proposed-w/o-pop
and STL (common) outperformed all other methods; for the ICU discharge
prediction, MTL (DM) outperformed all other methods.
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Fig. 4.3: Visualization of similarities among latent tasks via MDS using S.
Only one latent task (K = 1) was positioned as an outlier, while all others
aligned with one dimension.

4422 Latenttask analysis

The number of latent tasks K depends on the sample trial, but the cases with
K = 16 accounted for 80% of all cases; therefore, we adopted one sample
for illustration purposes in which K = 16. We first examined the relation-
ship among latent tasks in terms of associated diseases using S. Specifi-
cally, each latent task k£ was associated with its disease vector S %, and multi-
dimensional scaling (MDS) was applied to see the relationships among latent
tasks. Figure 4.3 shows the result: only one latent task (k = 1) was positioned
as an outlier, while all others aligned with one dimension.

Then, we examined predictive features for each latent task using L. Specif-
ically, we examined the top 10 features with positive and negative coefficients
for each latent task by calculating the following two ratios: the ratio of high-
mortality diseases in the top-10 predictive features with positive coefficients
and the ratio of low-mortality diseases in the top-10 predictive features with
negative coefficients, where high-mortality means mortality above the aver-
age and low-mortality means mortality below the average. Figures 4.4 and

4.5 show histograms of them: Figure 4.4 shows a histogram of the ratio of
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Fig. 4.4: Histogram of the ratio of high-mortality diseases in the top-10 high-
risk predictive features. For a latent task (k = 1), the highest-risk predictive
features are composed of high-mortality diseases, whereas this tendency is
not observed for other latent tasks.

high-mortality diseases in the top-10 high-risk predictive features for each
task and Figure 4.5 shows a histogram of the ratio of low-mortality diseases in
the top-10 low-risk predictive features for each task. For a latent task (k = 1),
the highest-risk predictive features are composed of high-mortality diseases,
and the lowest-risk predictive features are composed of low-mortality dis-
eases, whereas this tendency is not observed for other latent tasks. Together
with the MDS result, one latent task (k = 1) plays a role in capturing disease-
mortality, while others play different roles. Table 4.8 shows some examples of
the top-10 high-risk features and the top-10 low-risk features for the disease-
mortality-related task (K = 1). For the other latent tasks (k = 2-16), both
high-risk and low-risk predictive features contained a specific combination of
diseases for each task. Together with the above latent task (£ = 1) analysis, it
is possible that patient-specific models are constructed from viewpoints such
as whether the patient is associated with high- or low-mortality diseases, and

whether the patient has a specific combination of diseases.
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Histogram of ratio of low—mortality diseases
in the top 10 low-risk predictive features

o
S = |atent task (k=1
= |atent tas fb:2)~16)
o
& ©
c
3
o
£ <
o
o) [ ]
0.0 02 0.4 06 08 1.0

Ratio of low—mortality diseases
in the top 10 low-risk predictive features

Fig. 4.5: Histogram of the ratio of low-mortality diseases in the top-10 low-
risk predictive features. For a latent task (kK = 1), the lowest-risk predictive
features are composed of low-mortality diseases, whereas this tendency is not
observed for other latent tasks.

4.5 Summary

In this chapter, we considered risk prediction associated with the mortality
of diverse ICU patients by producing patient-specific risk models. Our pro-
posed method could be considered an MTL method in which latent basis
tasks are learned from the collection of diseases the patients are associated
with. Our experimental results using a real-world hospital dataset demon-
strated the effectiveness of our method by outperforming standard single-task
learning methods and various MTL methods in which a task corresponds to
a disease. Furthermore, our method could be used for uncovering patient-

specificity from different viewpoints.
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Chapter 5

Transfer Learning for
Infrequent Diseases

5.1 Introduction

The vast amount of clinical data that is now stored as EMRs has provided us
with an opportunity to improve the quality and efficiency of clinical care by
learning from past patient data. Predictive risk modeling stands to constitute a
basis for these studies, which could directly lead to clinical decision-making
using, for example, medical alarms.

However, thus far, studies have not yet focused on predictive risk modeling
for infrequent diseases, whose number of patients is relatively small over the
entire population. In general, there may be only a few patients for one specific
infrequent disease; however, the total number of patients with all types of
infrequent diseases is nonnegligible. One example that illustrates this fact is
the distribution of “rare diseases.” In the US, approximately 7,000 diseases
are recognized as rare diseases and the total number of patients with these
diseases is estimated to be 25-30 million (about 8—-12% of the population) as
of 2009 [59], which equates to about 1 in 8—12 people.

Despite the importance of predictive risk modeling for infrequent diseases,
the fundamental challenge in developing these models is the extremely limited
amount of data available. Only a few examples of infrequent diseases might
be available in the training phase, making it especially difficult to develop risk
models for infrequent diseases. Moreover, medical domain knowledge is also

quite limited for infrequent diseases. To address this data sparsity problem, in
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this study, we explore the use of transfer learning in the context of in-hospital
mortality risk modeling for ICU patients. This study is the first that examines
the feasibility of transfer learning for developing predictive risk models for
infrequent diseases.

This study makes the following contributions:

e We formulate in-hospital mortality risk prediction for infrequent dis-
eases as an inductive transfer learning problem, in which all available
data for all diseases are used as a source of information for learning a
specific risk model for each infrequent disease.

e We evaluate the use of inductive transfer learning by applying it to in-
hospital mortality risk prediction for ICU patients using a real-world

dataset collected from a hospital in Japan.

5.2 Related Work

In this section, we first describe several studies of transfer learning and explain
why we chose the method employed in our study. Then, we introduce studies
of transfer learning for healthcare problems and describe our contributions in

that context.

5.2.1 Transfer Learning

Transfer learning can be categorized into three types [34]: inductive, trans-
ductive, and unsupervised transfer learning. The method used in this chapter
is categorized as inductive transfer learning, in which the source and target
tasks are different, while the source and target domains may either be the
same or different; further, labeled data are available in either the source or
target domain.

Various methods applicable to inductive transfer learning have been
proposed, including instance-transfer methods [37, 60, 61], feature-
representation-transfer methods [27, 28, 62], and parameter-transfer meth-
ods [29, 63, 64]. Dai et al. [60] extended the boosting algorithm AdaBoost
for inductive transfer learning. The resulting algorithm attempts to iteratively
reweight examples in the source domain to discount the less relevant exam-

ples while encouraging more relevant source examples that contribute to the
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target domain. For clinical risk modeling, an instance-weighting method was
proposed [37] that weights examples in the source domain based on their
similarity to the target training examples, where similarity is defined by the
squared Euclidean distance in the feature space. Wu and Dietterich [61]
integrated the source data into a support vector machine (SVM) framework.
Argyriou et al. [27, 28] proposed methods to learn a low-dimensional repre-
sentation shared across a set of multiple tasks. Similarly, a transfer learning
method via dimensional reduction was proposed with the assumption that the
target and source tasks are similar [62]. For parameter transfer, many studies
have employed Gaussian process [29, 63, 64].

Of these various methods, we adopt the instance-weighting framework pro-
posed by Bickel et al. [65], which can handle arbitrarily different data distri-
butions for different tasks without making assumptions about the relationship
between tasks or the data generation process. Consequently, we can learn the
similarity among diseases and adopt a linear classifier that can improve the
interpretability of the model, which is an important factor in clinical research.

5.2.2 Transfer Learning for Healthcare Problems

In clinical risk modeling research, Gong et al. [37] proposed an instance-
transfer method to develop surgery- and hospital-specific risk models that
weights examples from the source domain based on their similarity to training
examples in the target domain. Jenna et al. [36] investigated the effectiveness
of developing hospital-specific risk models via feature-representation transfer
using auxiliary data from other hospitals; in their method, data in the source
and target domains may lie in distinct but overlapping feature spaces. Lee et
al. [35] explored the use of transfer learning to adapt a global model that is
shared across multiple hospitals to a local hospital; they first trained a model
on the source data and then learned a model for the target data by regularizing
the model parameters toward those of the source data.

However, most studies have not adopted the disease as a task unit. A few
exceptions are recent works on disease-specific risk modeling [18, 39]. Wang
et al. explored the potential of joint risk prediction for different diseases by
formulating disease onset risk prediction as a disease-based MTL [39]. In a
previous study, we proposed an MTL method for mortality risk prediction for
ICU patients in which a task corresponds to a disease [18].
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These studies represent a promising new research avenue that may have
implications for phenotyping research as well as personalized healthcare [49,
66, 67, 68]. Nonetheless, disease-specific risk modeling for infrequent dis-
eases has not been adequately explored, although it is an important direction
in which more research effort is required. Our work is the first to formulate
risk prediction for infrequent diseases by transfer learning in the context of
mortality modeling for ICU patients and to investigate the effectiveness of

this approach via empirical study.

5.3 Disease-specific Risk Modeling via
Distribution Match

We explore the potential of a transfer learning approach based on distribution
matching [65] to learn disease-specific risk models for infrequent diseases.
This approach, proposed by Bickel et al., can handle arbitrarily different data
distributions for different tasks without making assumptions about the rela-
tionship between tasks or the data generation process, enabling us to learn the
similarity between diseases and adopt a linear classifier that can improve the
interpretability of the resulting model.

5.3.1 Problem Definition

Let us assume that each disease z is associated with an unknown joint dis-
tribution p(x, y|z) of patient features x and patient outcome y. The training
sample D = ((X1,Y1,21), -, (Xn, Yn, 2n)) comprises examples from all dis-
eases. We assume that for each example indexed with ¢, the input attributes
x;, an M-dimensional feature vector representing the patient; class label y; €
{0, 1}, which is the patient outcome, where 0 and 1 represent survival and
death in the hospital, respectively; and the originating task z; € {1,...,T},
the disease the patient has, are known. The entire sample D is governed by
the mixed joint density p(z)p(x,y|z). Prior p(z) specifies the proportion of
disease z.

Our goal is to learn a hypothesis f, : x — y for each disease z. Hypothesis
f-(x) must correctly predict the true label y of unseen examples drawn from
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p(x|z) for all z. In other words, it should minimize the expected loss

E(x.y)~p(eyl2) [(f2(%),Y)] (5.1)

with respect to the unknown joint distribution for each disease z.

5.3.2 Approach

If we pool all available data for all diseases, we obtain a sample governed
by > . p(2)p(x,y|z). Let us assume a disease-specific resampling weight
r+(x,y) for each element of the pool of examples for target disease t. The
resampling weight is introduced to match the pool to the target distribution
p(x, y|t), which can be defined as follows:

E (x.y)~p(eylt) [L(f (%, 1), y)] (5.2)
= E(X,y)fvzz p(Z)p(X,yIz)[rt(Xa y)ﬁ(f(x, t)» y)]

It has been shown that the resampling weight can be described as [65]

p(tx,9)

53
p(t) 6

ri(x,y) =
The advantage of this expression is that the resampling weight can be decided
without knowing any of the disease densities p(x, y|z), which are potentially
high-dimensional. Instead, we need to model p(t|x,y), which discriminates
between the labeled instances of the target disease and labeled instances of all
pooled examples of all diseases. Intuitively, it characterizes how much more
likely example (x, y) is to occur in the target disease distribution than in the
mixture distribution of all diseases. We can apply any type of probabilistic
classifier to this problem. We model p(t|x,y) for all diseases simultaneously
using a softmax model (multiclass generalization of a logistic model) with
model parameter v, as defined in Equation (5.4); parameter vector v is a
concatenation of the task-specific subvectors v, for each task z.

exp(v] (x,y))
o exp(ve To(x,y))

p(zlx,y,v) = 5 (5.4)

Equation (5.4) requires problem-specific feature mapping ¢(x,y). We de-
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fine this mapping using the Kronecker ¢ as follows:

oy, +1)p(x
d(x,y) = (0, F1)olx) | (5.5)
5(y7 _1)¢(X)
With L2 regularization, we solve the following optimization problem:
min A&vTv— 3" log (p(zifxi, yi V), (5.6)
(xi,yhzi)eD

where A > 0 is a hyperparameter used to tune the regularization weight.
After obtaining the probabilistic model p(t|x,y), we can calculate the re-
sampling weight using Equation (5.3). Then, we can minimize the expected
loss in Equation (5.2) by evaluating the expected loss over the weighted train-
ing data. In this study, we adopt L2-regularized logistic regression to train an
array of target models.
Our approach can therefore be summarized as follows:

Step 1. Solve the optimization problem (5.6) to train a classifier that models
p(z|x,y) as defined in Equation (5.4) using a softmax model (multi-
class generalization of a logistic model).

Step 2. Calculate the resampling weight using Equation (5.3) for each
training instance in each target disease.

Step 3. Train an array of target models by L2-regularized logistic regres-
sion using the resampling weight obtained in Step 2.

5.4 Empirical Study

5.4.1 Experimental Setup

5.4.1.1 Dataset

We used a dataset from a hospital collected as part of the Quality Indi-
cator/Improvement Project (QIP) [52] administered by the Department of
Healthcare Economics and Quality Management at Kyoto University in
Japan. The statistics of this dataset are summarized in Table 5.1. The patients
were at least 18 years old and underwent ICU treatment at some point in

their hospital stay. After excluding patients with a disease whose initial letter
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in the ICD-10 code is after N, the total number of patients was 721. As
the unit of the task, we adopted the main disease that caused the patient’s
hospital admission, as identified by a 3-digit ICD-10 code. The total number
of diseases was 47. We adopted in-hospital mortality to evaluate patient
outcome: if a patient died during his or her hospital stay, the patient outcome
was “death”; otherwise, it was “‘survival”.

For features describing the patients, we extracted the patient’s age, gender,
main disease, and all comorbidities as described by the 4-digit ICD-10 code,
in addition to all medical events, such as medication, surgery, and laboratory
tests recorded in the billing process during their hospital stay. For these inter-
ventions, we did not conduct any feature engineering; we used the raw codes
in the DPC system as the features. If a patient received an intervention one or
more times, we set the corresponding feature value to 1; otherwise, it was set
to 0. Weighting features based on the number of interventions was found to

deteriorate prediction performance in a preliminary experiment.

Table 5.1: Statistics of the dataset.

Data Number
Patients 721
Diseases 47
Target diseases 22
Patients with the target diseases 631
Features 1,381

5.4.1.2 Prediction setting

We randomly sampled 60% of the patients to create the training dataset and
used the remaining 40% of the patients for evaluation. We used all features
associated with the patient that were available 1 day after the day he/she was
admitted to the ICU, for a total of 1,381 features. Our prediction setting is
1 day after ICU admission; that is, using only data available 1 day after ICU
admission, we predict the patient’s outcome.

The hyperparameter ) in Equation (5.6) was set to 10°. For the MTL with
medical domain knowledge (MTL-DM) model, regularization hyperparame-
ters for diseases, features, and /5-norm were set to 10°, 10~%4, and 10™4, re-
spectively. All the other L2-regularization hyperparameters were tuned from
among {107%,1073,1072,107%,10°} by 3-fold cross-validation in the train-
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Table 5.2: List of diseases, along with category, based on the patient popula-
tion of the disease.

# of # of Disease list
patients | diseases | ICD-10 code (# of patients)
1-9 35 A4l (2), C38 (1), C80 (1), E11 (1), E85 (1), E86 (1),

E87 (3), H25 (1), 105 (2), 108 (1), 111 (1), 123 (3),
125 (3), 127 (3), 130 (2), 131 (4), 133 (3), 142 (6), 146 (5),
163 (2), 165 (3), 170 (3), 173 (1), 174 (3), 180 (1), 182 (1),
J15 (3), 718 (3), J98 (1), K43 (1), K56 (1), K80 (1),
M16 (1), N10 (1), N18 (2)

10-99 9 124 (17), 126 (11), 134 (13), 135 (15), 144 (14),

147 (12), 148 (10), 149 (16), I71 (80)

100-1000 3 120 (116), 121 (173), 150 (172)

ing dataset. We set prior p(t) in Equation (5.3) to p(t) = s (b ©
address the zero-frequency problem; we set v to 10~% throughout our experi-
ment.

We repeated the sampling, prediction, and evaluation procedures 100
times and calculated the mean of these trials. We then conducted a Wilcoxon
signed-rank test for each pair of our transfer learning method and the

comparison method to evaluate the statistical significance of any differences.

5.4.1.3 Evaluation Measure

There is a difficulty in calculating AUCs for infrequent diseases that have few
positive and negative examples. Therefore, we focus on other measures in this
section. We consider triggering medical alarms as our application scenario;
thus, our aim is to correctly identify high-risk patients. To avoid overlooking
high-risk patients, recall is most crucial. However, false alarms inappropri-
ately consume limited clinical resource, and therefore, precision and speci-
ficity are also important. We therefore adopt the three measures described
above for evaluation.

To evaluate the former two predictive performances for a disease, the dis-
ease has to include one or more “positive” instances. We identified 22 target
diseases to be evaluated. Tables 5.2 and 5.3 list the diseases and target dis-
eases, respectively, along with the disease category based on patient popula-

tion.
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Table 5.3: List of diseases used as target diseases, along with category, based
on the patient population of the disease.

# of 7 of Disease list
patients diseases | ICD-10 code (# of patients)
1-9 13 A41 (2), C80 (1), E85 (1), E86 (1), 108 (1), 123 (3),
125 (3), 163 (2), 174 (3), J15 (3), J98 (1), K43 (1),
K56 (1)
10-99 6 126 (11), 135 (15), 144 (14), 147 (12), 149 (16), 171 (80)
100-1000 3 120 (116), 121 (173), 150 (172)

5.4.1.4 Comparison methods

We compared our transfer learning method, transfer model, with three meth-
ods based on L2-regularized logistic regression. We compared L2-regularized
logistic regression with L1-regularized logistic regression and found that L2-
regularization often resulted in better predictive performance in all the meth-
ods in our preliminary experiment. Therefore, we adopted L2-regularization
instead of L1-regularization in our study.

The first method is a one-size-fits-all model, or common model, which is
one of the most standard methods for mortality prediction. This method de-
velops a generic model that is shared among all diseases using all data.

The second method is a separate model, which develops a disease-specific
model for a disease using only data of the target disease. In the separate
model, there is no training data for diseases with only 1 patient; therefore,
we consider only diseases with more than 1 patient as target diseases when
comparing the results with the separate model.

The third method is an MTL-DM model that constructs a disease-specific
MTL model with medical domain knowledge [18], which is integrated via
cross-regularization by two graph Laplacians that encode similarities between
diseases and among EMRs, respectively. For fine-tuning this method to create
similarity among diseases, we followed the settings described in [18]. Specifi-
cally, the similarity of two diseases was defined as the number of shared levels
in the ICD hierarchy and the similarity of two EMRs was defined as 1 if the
EMRs describe medicine with common efficacy; otherwise, it is 0. Because
several conventional MTL methods have been compared with the MTL-DM

model and shown to be less effective on a dataset of the type that we have
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Chapter 5 Transfer Learning for Infrequent Diseases

used in this study, we adopted MTL-DM as a representative MTL method.

5.4.2 Results and Discussion

In this section, we report our experimental results. Our transfer learning
method improved both recall and precision for most diseases, especially in-
frequent ones, when compared to several baselines, including one of the most
standard methods, L.2-regularized logistic regression, and multitask learning
with medical domain knowledge. However, the comparison methods showed
better specificity for most diseases.

5.4.2.1 Predictive performance
To evaluate the statistical significance of the mean recall, precision, and speci-
ficity, we conducted a paired Wilcoxon signed-rank test for each pair of our
transfer learning method and the comparison method in each setting and iden-
tified results with statistically significant (p < 0.05) differences, which are
summarized in Tables 5.4, 5.5, and 5.6. We provide only results with statisti-
cal significance (p < 0.05) here; therefore, the number of diseases is different
in each setting.

Overall results.
Tables 5.4, 5.5, and 5.6 compare the recall, precision, and specificity, for
each pair of our transfer model and comparison method. For most diseases,
both recall and precision significantly improved with the use of our transfer
method. However, comparison methods showed better specificity for most
diseases. In considering triggering medical alarms as our application scenario,
improving recall and precision would have significant implications, though
improving specificity is important future work.

Comparison to the common model.
Tables 5.4 (a), 5.5 (a), and 5.6 (a) compare the recall, precision, and speci-
ficity, respectively, of our transfer model with the common model for each

8

disease. Performance improved for 8 (of 10), i.e., 15 = 80%, and 7 (of 8),
ie., % ~ 88%, of diseases, in terms of recall and precision, respectively.

However, the common model showed better specificity for most diseases (8
of 11), i.e., % ~ 73% diseases.
Among the diseases with statistically significant differences, both recall

and precision improved for the most infrequent diseases, with less than 10
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patients (7 of 7 and 6 of 6, respectively) Of the 8 diseases whose recall
improved with our model, 7 diseases, i.e., 8 ~ 88%, had less than 10 patients.
In contrast, recall deteriorated for 2 diseases, whose numbers of patients were
172 and 173; these diseases are rather frequent diseases. Similarly, precision
improved for 7 diseases, of which 6 diseases, i.e., g ~ 86%, had less than
10 patients. Likewise, precision deteriorated for 1 disease, whose number of
patients was 173, again making it a rather frequent disease.

Comparison to the separate model.

Tables 5.4 (b), 5.5 (b), and 5.6 (b) compare the recall, precision, and speci-
ficity, respectively, of our transfer model with the separate model for each
disease. Recall improved for 11 (of 12), i.e., ﬁ ~ 92%, of diseases and
precision improved for 11 (of 14), i.e., ﬁ ~ 79%, of diseases. However,
the separate model showed better specificity for most diseases (9 of 12), i.e.,
12 ~ 75%, of diseases.

Among the diseases with statistically significant differences, both recall
and precision improved for all the most infrequent diseases, which had less
than 10 patients (6 of 6). Of the 11 diseases whose recall was improved
, 11 ~ 55%, had less than 10 patients. In

contrast, recall deteriorated for 1 disease, whose number of patients was 173;

with our model, 6 diseases, i.e.

this disease is a rather frequent disease. Precision improved for 11 diseases,
of which 6 diseases, i.e., ﬁ ~ 55%, were most infrequent diseases, having
less than 10 patients. Likewise, precision deteriorated for 3 diseases, whose
numbers of patients were 80, 172, and 173, again making them rather frequent
diseases.

Comparison to the MTL-DM model.

Tables 5.4 (c), 5.5 (¢), and 5.6 (c) compare the recall, precision, and speci-
ficity, respectively, of our transfer model and the MTL-DM model for each
disease. For recall, performance improved for 11 (of 14), i.e., 1 4 ~ 79%, of
diseases. For precision, performance improved for 11 (of 15), i.e., 15 ~ 73%,
of diseases. However, the MTL-DM model showed better specificity for all
diseases (12 of 12).

Among the diseases with statistically significant differences, both recall
and precision improved for almost all of the most infrequent diseases, which
had less than 10 patients (6 of 7), i.e., g ~ 86%. Of the 11 diseases for which
both recall and precision improved, 6 diseases, ie, S 1 =~ ~ 55%, were most
infrequent diseases, with less than 10 patients. In contrast, recall deteriorated
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for 3 diseases, of which 2 diseases were rather frequent diseases, whose num-
bers of patients were 172 and 173. Likewise, precision deteriorated for 4
diseases, of which 3 diseases were rather frequent diseases, whose numbers
of patients were 80, 172 and 173.
Several observations and suggestions.
It is also notable that, in several cases, both the recall and precision of our
transfer model improved when the comparison model completely failed in
prediction (that is, has a predictive performance of “0”). Also note that the
transfer model does not rely on medical domain knowledge, whereas the
MTL-DM model exploits such knowledge, suggesting that the data-driven
relationships between diseases can enhance predictive power in a manner that
is complementary to existing medical domain knowledge. However, for some
diseases, predictive performance, especially specificity, deteriorated when us-
ing the transfer model. Avoiding such “negative transfer” is still an open
question in the field of transfer learning. In deploying our method in a real-
world scenario, we need to detect and adequately manage negative transfer or
we need to exploit only positive transfer; we might achieve this by combin-
ing transfer learning with a complementary classifier, such as the MTL-DM
model used in our study.
Accuracy of learning before learning.

To make a transfer learning method work effectively, the source and target
data should be related in some way. In our method, disease classification ac-
curacy, which corresponds to the accuracy of the estimate in Equation (5.4)
is a crucial factor for successful transfer learning. To evaluate this accuracy,
Figure 5.1 shows the disease classification accuracy for each disease; the re-
sults shown are the means of the 100 trials. Since there are no training or test
data for diseases whose number of patients is only 1, we excluded these dis-
eases here. We observe that, in many diseases, classification accuracy is high
compared to random prediction (an accuracy of 0.5). More specifically, about
73 % of diseases achieve accuracy of more than 0.5. It might be possible that
our transfer learning approach fails in datasets with poor classification accu-
racy; in deploying our method in a real-world scenario, we may first evaluate

classification accuracy and estimate transfer learning performance.
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Classification accuracy for each disease
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Fig. 5.1: Classification accuracy, i.e., the accuracy of the estimate of Equa-
tion (5.4), of each disease. We observe that for many diseases, classification
accuracy is high compared to that of random prediction (accuracy of 0.5).

5.5 Summary

The ability to accurately predict a patient’s mortality risk has an immedi-
ate practical use for ICU clinicians. The goal of this chapter was to explore
the feasibility of transfer learning for disease-specific risk modeling, espe-
cially for infrequent diseases in the ICU. Our experiment demonstrated some
promising results for applications of transfer learning for risk modeling of in-
frequent diseases. The results showed that by transferring knowledge from
other diseases, both recall and precision improved for many diseases, par-
ticularly infrequent ones, when compared to several baselines, the standard
method, L2-regularized logistic regression, and MTL with medical domain
knowledge, although specificity deteriorated for most diseases.
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Table 5.4: Comparison of recall for each pair of the transfer model and com-
mon, separate, and MTL-DM model, respectively, for each disease. For each
pair of transfer and comparison model in each disease, statistically signifi-
cant (p < 0.05) differences were confirmed via a Wilcoxon signed-rank test.
For most diseases, recall significantly improved with the use of our transfer

method.
(a) Recall of the transfer and common models for each
disease.
# of patients Recall Recall
of the disease  (Transfer) (Common)
. 172 0.07 0.16
Deteriorated 173 0.06 019
1 0.42 0.29
1 0.28 0.18
1 0.49 0.40
Improved 1 0.84 0.75
1 0.20 0.13
3 0.21 0.14
3 0.28 0.22
16 0.09 0.02

(b) Recall of the transfer and separate models for each

disease.
# of patients Recall Recall
of the disease  (Transfer) (Separate)
Deteriorated 173 0.06 0.30
2 0.12 0.00
2 0.14 0.00
3 0.07 0.00
Improved 3 0.21 0.00
3 0.26 0.00
3 0.28 0.00
11 0.15 0.00
12 0.08 0.00
14 0.08 0.00
16 0.09 0.00
116 0.05 0.00

(c) Recall of the transfer and MTL-DM models for each

disease.
# of patients Recall Recall
of the disease  (Transfer) (MTL-DM)
1 0.84 1.00
Deteriorated 172 0.07 0.17
173 0.06 0.35
1 0.49 0.32
1 0.28 0.05
2 0.12 0.04
2 0.14 0.00
3 0.28 0.08
Improved 3 0.26 0.00
11 0.15 0.01
12 0.08 0.00
14 0.08 0.00
16 0.09 0.01
116 0.05 0.01
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Table 5.5: Comparison of precision for each pair of the transfer model and
common, separate, and MTL-DM model, respectively, for each disease. For
each pair of transfer and comparison model in each disease, statistically sig-
nificant (p < 0.05) differences were confirmed via a Wilcoxon signed-rank
test. For most diseases, precision significantly improved with the use of our
transfer method.

(a) Precision of the transfer and common models for each

disease.

# of patients  Precision  Precision
of the disease  (Transfer) (Common)

Deteriorated 173 0.19 0.41

1 0.20 0.13

1 0.49 0.40

1 0.84 0.75

Improved 1 0.28 0.18

1 0.42 0.29

3 0.20 0.14

16 0.07 0.01

(b) Precision of the transfer and separate models for
each disease.

# of patients  Precision  Precision
of the disease  (Transfer) (Separate)
80 0.42 0.62
Deteriorated 172 0.17 0.35
173 0.19 0.72
2 0.12 0.00
2 0.14 0.00
3 0.06 0.00
3 0.18 0.00
3 0.19 0.00
Improved 3 0.20 0.00
11 0.05 0.00
12 0.03 0.00
14 0.02 0.00
16 0.07 0.00
116 0.03 0.00

(c) Precision of the transfer and MTL-DM models for each

disease.
# of patients  Precision Precision
of the disease  (Transfer) (MTL-DM)
1 0.84 1.00
Deteriorated 80 0.42 0.54
172 0.17 0.28
173 0.19 0.75
1 0.49 0.32
1 0.28 0.05
2 0.12 0.04
2 0.14 0.00
3 0.19 0.08
Improved 3 0.18 0.00
11 0.05 0.01
12 0.03 0.00
14 0.02 0.00
16 0.07 0.01
116 0.03 0.01
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Table 5.6: Comparison of specificity for each pair of the transfer model and
common, separate, and MTL-DM model, respectively, for each disease. For
each pair of the transfer and comparison model in each disease, statistically
significant (p < 0.05) differences were confirmed via a Wilcoxon signed-
rank test. For most diseases, comparison model showed significantly better
specificity than the transfer model.

(a) Specificity of the transfer and common models for
each disease.

# of patients  Specificity ~ Specificity
of the disease  (Transfer) (Common)
2 0.19 0.28
3 0.46 0.57
3 0.70 0.79
. 11 0.67 0.70
Deteriorated 12 081 0.85
14 0.83 0.86
15 0.88 0.93
16 0.83 0.86
116 0.94 0.90
Improved 172 0.95 0.89
173 0.97 0.91

(b) Specificity of the transfer and separate models for
each disease.

# of patients  Specificity ~ Specificity
of the disease  (Transfer) (Separate)
3 0.46 0.69
11 0.67 1.00
12 0.81 1.00
14 0.83 1.00
Deteriorated 15 0.88 0.95
16 0.83 1.00
80 0.89 0.96
116 0.94 1.00
172 0.95 0.99
2 0.19 0.00
Improved 2 0.34 0.00
3 0.85 0.67

(c) Specificity of the transfer and MTL-DM models for
each disease.

# of patients  Specificity  Specificity
of the disease  (Transfer) (MTL-DM)
2 0.34 0.51
3 0.46 0.84
3 0.75 0.98
3 0.70 0.88
3 0.85 1.00
. 11 0.67 0.91
Deteriorated 12 081 0.96
14 0.83 0.98
15 0.88 0.98
16 0.83 1.00
80 0.89 0.95
116 0.94 0.99




Chapter 6

Conclusion

The aim of the research completed for this thesis is to address the diversity of
ICU patients for clinical risk modeling.

We first considered the disease-specific characteristics of ICU patients by
formulating risk prediction as a multitask learning problem in which a task
corresponds to a disease. To mitigate the problem of data paucity result-
ing from disease-based personalization and data sparseness associated with
electronic medical records, we exploited domain knowledge relating to the
similarity between diseases and among electronic medical records as an in-
ductive bias. Our multitask learning method with medical domain knowledge
outperformed several baselines for ICU mortality prediction, including the
de facto single-task learning method and several multitask learning methods
without domain knowledge. Our method produces disease-specific models
that enables us to investigate specificity for each disease and the relationships
among diseases.

Then, we presented a multitask learning method in which latent tasks are
learned based on the collection of diseases associated with each patient. The
proposed patient-specific risk modeling method showed higher predictive per-
formance compared with several standard methods for mortality risk predic-
tion of ICU patients. In addition, the proposed method is capable of uncover-
ing patient-specificity from several viewpoints.

Lastly, we further addressed the data paucity problem for infrequent dis-
eases, whose occurrence is relatively rare in the entire population, by induc-
tive transfer learning. The feasibility study corroborated several promising

results.
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Chapter 6 Conclusion

The significance of developing disease- and patient-specific models lies in
their potential to enhance the understanding of disease- and patient-specificity
and inherent relationships among diseases by providing disease- and patient-
specific models, as well as the potential improvement of prediction perfor-
mance. For example, disease-specific predictive high-risk factors or predic-
tive latent tasks might provide us with suggestive hypotheses that could be
validated by further investigation in the medical domain. In such a context,
our research could also have implications for phenotyping research, whose
aim is to identify patient groups or features that match some research criteria;
the advancement of precision and personalized medicine would considerably
depend on the success of inferring phenotypic patterns from large amount
of electronic medical records. Another implication would be related to sys-
tematization of diseases. How to define, categorize, and organize diseases is a
nontrivial matter; in medicine, the definition of a disease occasionally changes
as new findings arise. Unveiling underlying relationships among diseases that
are learned from data could provide domain experts with different viewpoints
for understanding the ontology of diseases. Overall, personalized clinical risk
modeling as provided in this thesis could help clinical experts enhance their
understanding of diseases and patients.

We hope this study serves as a foundation for personalized clinical risk
modeling for ICU patients.
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