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The increasing amounts of data being gathered in healthcare and medical systems and the con-
vergence of different domains are leading medical and healthcare research to a new direction of
precision and personalized medicine. The trends bring a unique opportunity and good promise to
solving various critical tasks in medical and healthcare research. However, such promise heavily
relies on whether we could find useful patterns to characterize the target problems, discover infor-
mative mechanisms underlying the noisy and fragmented factual information, as well as transform
these knowledge into intelligent decision making. Previously many efforts have been made via
various approaches such as machine learning, optimization, statistical analysis, mathematical mod-
eling, biomedical informatic, etc. This thesis will extend along the lines of machine learning and
optimization methods, and to build novel models for solving the medical or healthcare challenges.
Particularly, the thesis focus on the following topic domains, including medical image or recording
based disease differentiation and diagnosis, image guided precision surgery, disease progression
modeling, and personalized health behavior recommendation.

To summarize, the thesis mainly includes five models that are fit for a wide varieties of health-
care and medical applications.

The first model is an integrated feature ranking and selection framework that is capable of
selecting a sparse model while preserving the most informative features. The framework combines

information theoretic criteria and the least absolute shrinkage and selection operator (lasso) method



into a two-step feature selection process. It can be applied to biomarker selection problems when

the number of subjects is small comparing with number of candidate biomarkers.

The second is a structure learning model capable of achieving personalized identification of
surgery insertion location. I introduce a method to craft novel patient-specific features from their
medical images. In addition, I propose a supervised structure learning and prediction model with
special inter-dimensional and response structure regularization terms to capture spatial relations of

features and responses.

The third is a systematic framework that unifies dynamic modeling, sparse learning, dictionary
learning, and matrix completion to translate users’ behavioral data into deeply personalized health
planning. The framework is fit for longitudinal user behavior data, and can potentially be a backend

algorithm for mobile health (mHealth) technologies.

The fourth model is an optimal expert knowledge elicitation strategy for identifying pairwise
Bayesian network structure from observational data. It combines observational data and expert
knowledge and iteratively elicit new expert knowledge that is optimally matched to the observa-
tional data to maximally reduce the uncertainty in the structure identification. The strategy can
be applied to leverage expert knowledge in learning causal relation from data when the observa-
tional data is limited. In the thesis we use it to learn the underlying progression mechanism of

Alzheimer’s disease.

Last, the thesis also presents a decomposed version of the k nearest neighbor (DKNN) method
for the classification of an unseen object based on the distances to the centroids of the k near-
est neighbors. The DKNN has a training process to learn the local-optima-free distance metric
by solving a convex optimization problem. The optimization problem not only learns a metric
that minimizes classification errors and maximizes the margin between intra-class and inter-class
distance. In addition, it also selects important features and removes irrelevant features when L1
regularization is incorporated in the optimization model. The DKNN algorithm is designed as a

general method, but could be used in identifying discriminating features for a particular disease



(binary cases) or different patient cohorts (multi-class cases).

To demonstrate the utility of the proposed machine learning and optimization models, numer-
ical studies are performed using simulation, public and/or real data. Real data including magnetic
resonance imaging (MRI) data, electroencephalogram (EEG) recordings, positron emission tomog-
raphy (PET) data, data from wearable devices, computed tomography (CT) scan, etc. Through
extensive experiments and analysis, the proposed approaches outperform baseline methods, and

demonstrate their utility and efficacy in medical and healthcare applications.
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Chapter 1

INTRODUCTION

1.1 Motivation

The increasing amounts of data being gathered in healthcare and medical systems and the con-
vergence of different domains are leading medical and healthcare research to a new direction of
precision and personalized medicine. Precision medicine is an emerging approach for disease treat-
ment and prevention that takes into account individual variability [2], while personalized medicine
is a medical procedure that provides medical decisions, practices, interventions or products being
tailored to the individual patient based on their predicted response [3]. These trends bring a unique
opportunity and good promise to solving various critical tasks in medical and healthcare research.
However, such promise heavily relies on whether we could find useful patterns to characterize the
target problems, discover informative mechanisms underlying the noisy and fragmented factual

information, as well as transform these knowledge into intelligent decision making.

Previously many efforts have been made via various approaches such as machine learning, op-
timization, statistical analysis, mathematical modeling, biomedical informatic, etc. This thesis will
extend along the lines of machine learning and optimization methods, and to build novel models
for solving the medical or healthcare challenges. Particularly, the following challenging problem
domains are identified, and will be the main focus of the models proposed in this thesis. In the
following we will give a brief overview of these problems, the state-of-the-art methods being pro-

posed to address them, and our perspectives to solving the challenges.



1.1.1 Image or Recording Based Disease Biomarker Selection for Neurological Diseases

Technological development has paved the way for accelerated biomarker discovery and is bringing
image based disease diagnosis into our attention. The goal for image based biomarker discov-
ery and disease diagnosis are to uncover optimally and objectively targeted biomarkers tailored
to an individual or a cohort. Neurological diseases are promisingly suited use cases for precision
medicine due to the neurological change is not obvious in other easily observed phenotypic fea-
tures during the early stage of disease onset, but could be discovered from neuroimages. Here in
this thesis we design machine learning and optimization methods to bring greater clarity to the
clinical and biological complexity of neurological diseases. The diseases include 1) neurodevel-
opmental disorders, e.g. attention deficit hyperactivity disorder (ADHD); 2) neurological disorder,

e.g. epileptic seizure; and 3) neuro-degenerative disorder, e.g. Alzheimer’s disease.

Neurodevelopmental disorder

Neurodevelopmental disorders are impairments in development of the brain functions, and would
affect emotion, learning ability, self-control and memory and other functions that underpin human
development. In this thesis, we mainly concern attention deficit hyperactivity disorder (ADHD),
one of the most common child and adult neurodevelopmental disorders [4]. Current diagnosis of
ADHD still remains a challenge, requiring long term and extended involvement from clinicians,
parents and teachers, and also heavily relies on experiences and intuitions when conducting diag-
nostic interview and observational measures. These issue could cause delay or incorrect diagnosis,
which would further result in a significant negative impact on a patient’s social and emotional de-
velopment, while an early and accurate detection of ADHD can strongly influence the course of
the condition development by delivery of appropriate treatments to the patient. In addition to the
traditional clinical diagnosis, there is a pressing need to find a set of more discriminative and objec-
tive features to characterize ADHD that can be used to facilitate a more precise and personalized
ADHD diagnosis.

Previous studies on the etiology of ADHD are mostly based on structural or functional neu-



roimaging research to calculate group level (ADHD vs. control) differences. Some informative fea-
tures extracted are blood oxygenation level dependent (BOLD) signals from functional magnetic
resonance imaging (fMRI) data [5], wavelet synchronization likelihoods extracted from electroen-
cephalography (EEG) data [6], rolandic spikes from EEG data [7], brain volume measure extracted
from magnetic resonance imaging (MRI) data [8]. The pursuit of neuroanatomical biomarkers has
a great potential to facilitate new discriminative methods that are etiologically informed and vali-
dated by neuropsychological theories. However, due to high cost of neuroimaging data acquisition,
most current ADHD studies are based on relatively small sample sizes, which reduce the statistical
power needed to validate meaningful discriminative variable from a very large number of features
extracted from structural MRI [9]. A limited sample size with equivalent number of features raises
new challenges to traditional machine learning algorithms, such as logistic regression or support
vector machines (SVM), as they tend to overfit and lack a generalization power when training on
a dataset containing the number of features far larger than the sample size (p > n problem). In
previous work, some models either use hundreds of features as an input or exhaustively search on
a preselected smaller subset of features. SVM is mostly favored [10] and some variant of feed-
forward neural networks [11] is also used. We believe that those methods are either susceptible
to overfitting or too restrictive in the search space. The interpretation of the final models is very
difficult to validate by existing neuropsychological theories.

My work in Chapter 3 is to develop an integrated feature ranking and selection framework
that is capable of selecting a sparse model while preserving the most informative features. The
framework can be applied to biomarker selection problems when the number of subjects is small

comparing with number of candidate biomarkers.

Neurological disorders

Neurological disorders refer to the diseases of the nervous system. The neurological disorder in this
thesis mainly includes epileptic seizure, which is the most common neurological brain disorders
next to strokes, and about 1% of human population (40 million people) suffer from epilepsy [12].

To find an accurate diagnosis, the electroencephalogram (EEG) recording play a central role since it



could directly detect electrical activity in the brain. In practice, a prolonged (24-h) EEG monitoring
is often necessary due to the epileptic diagnosis heavily relies on a tedious visual screening process
by neurologists from lengthy EEG recordings that require the presence of seizure (ictal) activities.

In the past decades, there have been many quantitative analysis systems to help neurologists
identify epileptic patterns from long-term EEG recordings for seizure detection and prediction.
However, it is costly and often difficult to obtain long-term EEG data with seizure activities for
epilepsy patients, especially in the areas that lack of medical resources and well-trained neurolo-
gists. There have been very few studies that using short-term interictal EEG for more convenient
and affordable epilepsy diagnosis. There is a desperate need for a new medical diagnostic tool
that is capable of providing quick and accurate epilepsy-screening using short-term interictal EEG
signals.

In Section 3 our approach is to investigate the application of short-term interictal EEG signals
for epilepsy diagnosis using machine learning techniques. In particular, we propose an information-
theory-guided feature selection and prediction framework to identify epilepsy-specific EEG pat-
terns in a fast screening process in a human-computer interaction task using visually-evoked po-
tentials (VEP). The proposed method has a potential to be applied to determine whether a patient

is epileptic or non-epileptic in a quick screening process.

Neuro-degenerative disorders

Neurodegenerative diseases are one type of neuro disorders that have incurable and debilitating
conditions and show progressive degeneration. Disease Progression Modeling (DPM) [13], the
modeling of the progression of a target disease with computational methods, is an important tech-
nique that can help with the early detection and management of neurodegenerative diseases. By
characterizing the entire disease progression trajectory, DPM also facilitates disease prognosis im-
provement and clinical trial design.

There have been a few existing work on DPM that targets a specific domain. For example, [14]
presented a general Hidden Markov Model for simultaneously estimating the transition rates and

the probabilities of stage misclassification. [15] conducted a meta analysis to model the longitudi-



nal changes of patients with mild to moderate AlzheimerdAZs disease. [16] developed a dynamic
Bayesian network based technique to model the progression of Coronary Atherosclerosis.

In Chapter 6 of this thesis, we will address the modeling challenges for Alzheimer’s disease
(AD), a neuro-degenerative disease causing mental condition degeneration and ultimately lead-
ing to dementia. Our task is to identify the cascade of hypermetabolism reduction events for
Alzheimer’s disease. Knowing the cascade of hypermetabolism reduction events will help us un-
derstand the progression stages of the disease, which is especially beneficial for early detection
of the disease. To achieve this learning goal, we will learn the ordering of hypermetabolism re-
duction event occurring to brain regions of interest using positron emission tomographs (PET)
image. Our model builds on the evidence from disease progression model developed in [17]. In
[17], the authors make valuable hypothesis of the cascade of the abnormal clinical events along the
AD progression process, however, such a model is still quite coarse and on the conceptual level,
and is undergoing experimental validation. Thus, we propose to conduct quantitative analysis, and
particularly focus on the FDG-PET imaging data that can measure the hypermetabolism reduction
events, to enrich the disease progression model of AD and provide better resolution of the clinical
events that happen along the progression process. The way we solve the modeling challenge is
to develop an optimal expert knowledge elicitation strategy for identifying pairwise Bayesian net-
work structure from observational data. The strategy can be applied to leverage expert knowledge
in learning causal relation from data when the observational data is limited. Thus it is useful for
learning the underlying progression mechanism of Alzheimer’s disease and other neurodegenera-

tive diseases.

1.1.2  Image guided precision surgery

Image guided precision surgery is another important area in healthcare and medical research, par-
ticularly for orthopedic surgeries. This is due to many surgical areas include complex anatomic
situations with high-risk structures and high demands for functional and/or aesthetic results. Con-
ventional surgery requires that the surgeon could transfer complex anatomic and surgical planning

information derived from their past experiences to guide an unseen case. Such surgical procedure



highly depends on experience and the manual skills of the operator. Recent years, the development
of image-guided surgery provides new revolutionary opportunities by integrating presurgical 3D
imaging and intraoperative manipulation. In this thesis, our focus will be Computed Tomography
(CT) image guided knee tibia surgery.

To be specific, our task is to perform intra-operative identification of the native cruciate liga-
ment insertion sites, which is considered as a requisite for anatomical reconstruction. This task
has long been a tremendous challenge since 1) not all surgeons can maintain an acute awareness of
the anatomy: about 85% of ACL reconstructions are done by surgeons who perform fewer than 10
cases per year [18] and PCL reconstructions are even less frequently performed by most surgeons;
2) for those who can, factors including the arthroscopic distortion and disappearance of the liga-
ment remnant (naturally or due to a notchplasty procedure) can still cause misidentification of the
natural insertion or attachment sites. There is considerable variability of knee anatomy in terms of
bone and soft tissue insertion morphology (position, size, and shape) [19]. Sample data from our
preliminary study of tibial insertion site morphometry also suggest that simplistic cross-referencing
or generalization from one patient to another is likely to lead to non-anatomical tunnel drilling and
iatrogenic injury to adjacent tissue structures. Although it may be difficult to gauge the incidence
and impact of these iatrogenic injuries as complications of ACL or PCL surgeries, the importance
of minimizing the risk of such injuries is readily recognized [20, 21].

The key to anatomic cruciate ligament surgery with minimized risk of iatrogenic injury is an ac-
curate, quantitative knowledge base of the tissue morphology, documenting inter-person variability
and specificity vs. uncertainty associated with alternative ways to predict morphometrics. Studies
have investigated the quantification of the insertion sites of the cruciate ligaments and other soft
tissue components using statistical and quantitative approaches [22, 23, 1]. However, such quanti-
tative analysis and measures generally cannot fully capture the accurate spatial arrangement of soft
tissue insertions. The location and morphological measures cannot account for the inter-person
variability of cruciate ligament and meniscus insertions, which are mostly characterized by qual-
itative measures [24, 25]. Advanced imaging techniques, such as 3D CT or MRI, which can be

useful to visualize the major structure outline of the knee of a patient clearly, cannot be applied



directly to determine the insertion sites for cruciate ligaments reconstruction. This is because the
imaging shows the structure of a knee with serious cruciate ligaments injuries and structure mis-
alignment. While in the surgery, it is crucial to identify the native location of the cruciate ligaments
to reconstruct the natural anatomy of the ligament structure. Therefore, one needs inference on the
appropriate insertion sites of native cruciate ligaments. Due to the complex anatomy of the knee,
the identification of insertion sites of cruciate ligaments in knee reconstruction surgery is still an
unsolved problem.

In Chapter 4 we aim to develop a new quantitative analysis method to achieve personalized
identification of cruciate ligament and meniscal insertions using patient-specific knee morpholog-
ical features. In particular, the proposed framework first digitalized outlines of tibia from 3D CT
images and aligned the outlines using Generalized Procrustes Analysis (GPA) techniques. It then
extracted patient-specific features, trained a supervised structure learning and prediction model,
and predicted the centroids of the sites of the cruciate ligament and meniscal insertions using the
learned prediction model. The supervised structure learning and prediction model captured the
relationship between the spatial arrangement of soft tissue insertions and the patient-specific fea-
tures extracted from the tibia outlines, which can be easily and reliably measured from CT images.
To the best of our knowledge, this is the first supervised machine learning algorithms in knee soft
tissue site identification. The proposed learning and prediction framework provides a critical step

to achieve the highly demanded personalized surgical planning in cruciate ligament reconstruction.

1.1.3 personalized health behavior recommendation for mobile health

Consumer health intelligence is increasing rapidly. The traditional concept of passive, qualitative
“wellness” is being replaced by a proactive, quantitative approach called personal health manage-
ment, with empowered consumers taking more responsibility for their healthcare. Many of these
personalized health management are based on real-world user data and carried out via mobile de-
vices.

Most existing methods in this area only exploit limited value from the data so feedback to

individuals is often limited to either overall statistics [26, 27], visualization [28, 29], or generic



suggestions [30, 31]. One exception is [32] that proposed to use the multi-armed Bandit algorithm
[33] to automate and personalize the behavioral change plan, which is, however, only able to se-
lect from a few pre-specified behavioral change options. Our method is also remotely related to
tailored health communication method [30] that is customized for groups of similar users, and the
PERSPeCT [34], another tailored health communication that elicits users’ behaviors via collabora-
tive filtering. However, accurate dynamic models that can automate the learning have been absent
in the literature, not to mention the smart planning engine that can be built on top of the dynamic
model.

To address the arising challenges, in Chapter 5, we develop a longitudinal planning frame-
work that unifies dynamic modeling, sparse learning, dictionary learning, and matrix completion.
The framework comprises of the following components: 1) A dynamic system learning method —
SSMO, which can automatically remove the effects of potential outliers in the dataset, impute the
missing values, and conduct model identification; 2) A dynamic planning system that can learn
the optimal behavior change plan guided by the individual’s own dynamic model. To enhance
the quality of the planning, we further formalize users’ preferences and needs as constraints, and
constructing an action polyhedron for each user by adopting dictionary learning on the actions of
peers that form a potential mentor group; and 3) An efficient algorithms to solve the learning and
planning problems with specific optimization strategies to ensure the feasibility and robustness of
the algorithms. Extensive numerical studies on both synthetic and real-world data demonstrate the

utility and efficacy of our methods.

1.2 Thesis Organization and Overview of Methods and Contributions

This dissertation is presented in a multiple manuscript format. Each of the chapters, Chapter 2
to Chapter 6, is written as an individual research paper, including an abstract, a main body, and a
conclusion. The relationships among these chapters are depicted in Figure 1.1.

Chapter 2 presents a decomposed version of the k£ nearest neighbor (DKNN) method for the
classification of an unseen object based on the distances to the centroids of the k nearest neighbors

[35]. The DKNN has a training process to learn the local-optima-free distance metric by solving
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Figure 1.1: Overview of Applications and Methods

a convex optimization problem. The optimization problem not only learns a metric that minimizes
classification errors and maximizes the margin between intra-class and inter-class distance. In ad-
dition, it also selects important features and removes irrelevant features when L1 regularization
is incorporated in the optimization model. The feature selection component is extremely useful
for high-dimensional classification problems. Tested on public datasets, the proposed DKNN is
competitive and often outperforms traditional machine learning algorithms. The DKNN algorithm
could be used in identifying discriminating features for a particular disease (binary cases) or dif-
ferent patient subgroups (multi-class cases).

In Chapter 3, we design a MI-Lasso framework to select discriminating biomarkers from high
dimensional medical imaging data, with application in Attention-deficit/hyperactivity disorder
(ADHD) classification and seizure prediction [36, 37]. For the diagnostic differentiation of ADHD,
recent advances in neuroimaging studies have enabled us to search for both structural (e.g., cortical
thickness, brain volume) and functional (functional connectivity) abnormalities that can potentially
be used as new biomarkers of ADHD. However, structural and functional characteristics of neu-
roimaging data, especially magnetic resonance imaging (MRI), usually generate a large number of

features. With a limited sample size, traditional machine learning techniques can be problematic
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to discover the true characteristic features of ADHD due to the significant issues of overfitting,
computational burden, and interpretability of the model. There is an urgent need of efficient ap-
proaches to identify meaningful discriminative variables from a higher dimensional feature space
when sample size is small compared with the number of features. To tackle this problem, this paper
proposes a novel integrated feature ranking and selection framework that utilizes normalized brain
cortical thickness features extracted from MRI data to discriminate ADHD subjects against healthy
controls. The proposed framework combines information theoretic criteria and the least absolute
shrinkage and selection operator (Lasso) method into a two-step feature selection process which
is capable of selecting a sparse model while preserving the most informative features. The ex-
perimental results showed that the proposed framework generated the highest/comparable ADHD
prediction accuracy compared with the state-of-the-art feature selection approaches with minimum
number of features in the final model. The selected regions of interest in our model were consis-
tent with recent brain-behavior studies of ADHD development, and thus confirmed the validity of
the selected features by the proposed approach. As for the task of seizure prediction, the proposed
MI-LASSO method serves as a novel information-theory-guided spare feature selection framework
to select the most important EEG features to discriminate epileptic or non-epileptic EEG patterns
accurately. The proposed approach were tested on an EEG dataset with 11 patients and 11 normal
subjects, achieved an impressive diagnostic accuracy of 90% based on visually-evoked potentials
in a human-computer task. This preliminary study indicates that it is promising to provide fast,

reliable, and affordable epilepsy diagnostic solutions using short-term interictal EEG signals.

In Chapter 4, we propose a patient-specific model for predicting tibia soft tissue insertions
from bony outlines using a spatial structure supervised learning framework [38]. Recreating the
natural anatomy in ligament reconstruction is crucial to fully restore the knee joint function and
reduce impingement on iatrogenic injury to adjacent structures, yet is subject to the difficulties
in locating ligament and other associated soft tissues insertion sites intra-operatively and the high
inter-person morphological variability cross patients. In this study we present a new quantitative
analysis method capable of achieving personalized identification of cruciate ligament and soft tis-

sue insertions. We craft patient-specific features of tibia outline that can be accurately and reliably
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measured from CT images. In addition, we propose a supervised structure learning and prediction
model with special inter-dimensional and response structure regularization terms to capture rela-
tionship between the spatial arrangement of soft tissue insertions and the patient-specific features
extracted from the tibia outlines. In experiment, the proposed model outperforms baseline models
and provides an accurate and accessible approach that can be used as the first and the most critical
step to achieve personalized surgical planning in cruciate ligament reconstruction.

Next in Chapter 5, we present an algorithm of learning longitudinal planning for personalized
health management from daily behavioral data. Mitigating globally emerging health problems
such as obesity needs scalable solutions that can promote healthier lifestyles outside of clinical
settings. Such scalable solutions, while targeting general population, need to automatically provide
personalized behavior change plans that fit an individual’s preferences and needs. There has been
fast-growing development of sensing devices and applications for continuous monitoring of human
behavior (such as physical activity and food intake) and health status such as BMI. However, there
are challenges to translate these noisy and dynamic behavioral data into personalized planning.
To address both challenges, we develop a systematic framework that unifies dynamic modeling,
sparse learning, dictionary learning, and matrix completion to translate users’ behavioral data into
deeply personalized health planning. We further apply our proposed model on a real-world user

behavioral dataset, which demonstrates the promising utility and efficacy of our method.

In Chapter 6, we propose an optimal expert knowledge elicitation strategy for identifying
Bayesian network structure from observational data. Bayesian network (BN) has been a popular
tool for gaining mechanistic understanding of variables by revealing how the variables influence
each other. It has been found very effective in a few studies in quality control and process monitor-
ing. However, for complex problems where the structure of a BN is unknown, a common approach
is to learn the BN structure from observational data. A fundamental bottleneck of this approach
is that observational data can only be used to discover part of the influential relationships among
variables. To overcome this problem, we propose to combine observational data and expert knowl-
edge. To the best of our knowledge, our approach is the first of its kind that can automate the

expert elicitation process and collect the most informative expert knowledge, optimally matched to



the observational data, to learn the BN structure.
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Chapter 2

OPTIMIZATION MODELS FOR FEATURE SELECTION OF
DECOMPOSED NEAREST NEIGHBOR

2.1 abstract

The traditional k-nearest neighbor (KNN) method classifies an object by the majority vote of its
neighbors, and only one parameter k is to be optimized. We propose a decomposed version of the
k nearest neighbor (DKNN) method, which classifies an unseen object based on the distances to
the centroids of the k nearest neighbors. DKNN has a training process to learn the local-optima-
free distance metric by solving a convex optimization problem. The optimization problem not
only learns a metric that minimizes classification errors and maximizes the margin between intra-
class and inter-class distance. In addition, it also selects important features and removes irrelevant
features when L1 regularization is incorporated in the optimization model. The feature selection
component is extremely useful for high-dimensional classification problems. Tested on public
datasets, the proposed DKNN is competitive and often outperforms traditional machine learning

algorithms.

2.2 Introduction

The k-nearest neighbor (KNN) method classifies an object by a majority vote of its neighbors, with
the object being assigned to the most common class amongst its £ nearest neighbors [39, 40]. When
k = 1, the object is simply assigned to the class of its nearest neighbor and the decision boundaries
are concatenated Voronoi tessellation. In this paper, we propose a new decomposed k nearest
neighbor method (DKNN), of which the classification rule is based on the k£ nearest neighbors
(called prototype) from each class. The prototype of a particular class can be determined from

the k£ nearest neighbors of the same class through various linkage functions. A simple choice of
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linkage function is to use the centroid of & nearest neighbors from the same class.

In the traditional KNN, all feature directions are equally considered in the classification rule
[41]. The assumption of isotropy is often invalid and undesirable, as the neighborhood may extend
into the direction of irrelevant features and include samples of different classes [42, 43]. To deal
with such an issue, efforts have been put into selecting or scaling features via local discriminant
analysis to improve classification [44]. Some other works try to solve a similar clustering prob-
lem from metric learning perspective [45, 46, 47]. Although there are many extensions of KNN
developed in the literature [48, 49, 50, 51, 52, 53], the feature selection component in the KNN
framework has not been proposed in a convex metric learning setting. Most methods proposed in
this field are either not convex, or do not have a shrinkage method that produces a sparse model or
cannot be generalized beyond 1NN.

Based on the DKNN rule, we develop a new convex optimization model for feature selection
as well as introduce a regularization term (Frobenius [54, 55] or L1 [54]) to increase the robustness
of our classification model (i.e., reducing prediction variance and improving prediction accuracy).
In this paper, we use the centroid linkage function, which allows the feature selection model to
be framed as a convex optimization problem. In this paper, we also show strong connections
between our DKNN optimization model with two other state-of-the-art classification algorithms,
linear discriminant analysis (LDA) [56] and support vector machine (SVM) [57].

The rest of the paper is organized as follows. In Section 2.3 we introduce the prototype based
similarity measure for the DKNN algorithm. In Section 2.4 we present our DKNN convex opti-
mization models for feature selection. Then in Section 2.5 we describe the connections of DKNN
to other state-of-the-art algorithms including KNN, SVM and LDA. In section 2.6, we show the
performance of our algorithm using synthetic datasets and 8 datasets from UCI Machine Learning

Repository. Then we conclude our work in section 4.5.

2.3 Prototype Based Similarity Measure

For the DKNN algorithm, classification is made based on the modified distance to the centroid

of k nearest neighbors in each class. Similar to k-means clustering [58, 59, 60], the centroid for
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Decision Boundary (KNN vs. DKNN)
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Figure 2.1: Decision Boundary (KNN vs. DKNN)

k nearest neighbors of data sample x in class ¢, denoted as pu.(z), acts as the representative, aka
prototype, for each class. DKNN classifies a new data point to the class of the closest centroid.
Operationally, DKNN divides the baseline data I into positive and negative sample denoted as I
and [~ respectively. For test sample x, we find the k nearest neighbors from each class (positive
and negative). The distance from x to every positive and negative sample is commonly measured
by the Euclidean distance although other distance measures can be used. Then the centroids of the
k samples of the same class are computed as the class prototypes. The distance from x to centroid

pe(z) is denoted as d(x, p.(z)).

Fig. 1 shows an example of 4 training samples on a straight line in a 2D plane with 2 posi-
tive samples on the right and 2 negative samples on the left. The decision boundary for 3NN is a
perpendicular line midway between the leftmost negative sample and rightmost positive sample.
It actually does not matter where the two samples in between locate between the interval, and the
decision boundary for 3NN will not change. Our method, if using 2 nearest neighbors from each
class, takes full considerations of equally sized samples from each class to make the classifica-
tion decision. We believe that the new prototype based classification rule takes fair amount of

information from each class, and therefore has better performance in many cases.
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DKNN vs. KNN (w/o metric learning)
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Figure 2.2: DKNN vs. KNN Without Metric Learning

Fig. 2. shows an example that KNN (k = 3) will classify the target point as negative since in
the dotted circle there are two negative samples but only one positive sample. However, DKNN
will calculate the centroids of three nearest neighbors from I, I~ respectively and then classify

the target point as positive since the centroid of positive samples is closer.

2.3.1 Distance Measure

We proposed a modified distance measure for DKNN, defined by f.(x) = da(z, u.(z))? — log ..
The first term d 4 is the squared Mahalanobis distance [61] and the second term 7. is a correc-
tion bias related to the class prior distribution. In the formulation, we take logarithm of 7. to
have a better representation in Bayesian formula. The Mahalanobis distance uses a positive semi-

definite matrix A to define the distance of two vectors u,v in R? as da(u,v) = ||lu — v||a =

v/(u —v)TA(u — v). This metric is a generalized version of the Euclidean distance. It can be
considered as a similarity measure between two random vectors u, v with the distributions that
have the same covariance matrix A~'. Also note that the Mahalanobis distance in our modeling

is flexible to represent various feature scaling and selection choices. A flexible model can reduce
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Figure 2.3: DKNN with Metric Learning

the bias imposed by the model constraints as well as decorrelate features using a covariance matrix
Y=A1

Fig. 3. shows how the Mahalanobis distance can be used in reducing dimensions of feature
space and correcting classification errors. DKNN would fail to classify the target point as positive
if the distances to centroids are measured by the Euclidean distance (e.g. d* and d~). The Maha-
lanobis distance can help correct the classification error by only selecting the projection on x-axis
as the distance measure. Under the new distance measure, DKNN will classify the target point as

positive since d < d.

2.3.2 Remarks on Alternative Similarity Measures

Given a distance matrix, test sample = and its k£ nearest neighbors from each class, we may choose
different linkage functions to make decision. After computing pairwise modified distances between
x and its neighbors, we can measure the similarity by (1) the maximal distance from each class, (2)

the minimal distance from each class, (3) the average distance from each class, or (4) the distance
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to the centroid of k£ nearest neighbors from each class. Among them, (1), (2) do not result in a
convex problem in our formulation unless £ = 1. Only (3) and (4) result in convex formulations,
but (3) may have higher computational cost than (4). In this paper, we choose (4) the distance to the
centroid of k nearest neighbors from each class in our DKNN model. Later, we will demonstrate

that (4) has closer connection to LDA.
2.4 Optimization Models for Feature Selection of DKNN

The inputs of our optimization models are the intra-class and inter-class distances and class prior
distribution 7, in the baseline data. Given a training sample vector x with class label vector y, the
intra-class distance is denoted by f,(z) and the inter-class distance is denoted by f..,(x). During
the training process, we try to find a distance metric A that correctly classifies the training samples
and further maximizes the margin between the intra-class distance and the inter-class distance. The

optimization model for DKNN feature selection is given by

min Z &+ (1—a) Z € 2.1

vielt Viel—
st S (@) +1— € < fopy,(23), Vie T (2.2)
>0, Viel (2.3)
fe(@) = ||z = pe()[] — log me, (2.4)

where 0 < o < 1 is the important weight of false positive, ¢; = 0 if DKNN correctly classifies
training sample ¢ with sufficient margin. The objective function in Eq. (2.1) is to minimize the
sum of weighted false positive and false negative fractions. Specifically, the model minimizes the
weighted fractions of activated surplus variables for both positive and negative classes. There is a
set of constraints in Eq. (2.2) to ensure that each training sample reserves enough margin between
the intra-class distance and the inter-class distance. Eq. (2.4) represents the DKNN distance for
class c (the square of Mahalanobis distance and the adjustment for class distribution). The elements
of A are linear in Eq. (2.4) and therefore constraint function Eq. (2.2) is convex. Later we will

show the optimization problem is a convex program.
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2.4.1 Regularization

Without regularization, classification models are often sensitive to overfitting and have poor gen-
eralization power. A common approach is to introduce a regularization term, which represents
the norm of the predictor variables, in the objective function. In DKNN, we regularize the Ma-
halanobis distance matrix in the objective function as in Eq. (2.5), where [ is a penalty tuning
parameter. For the choice of norm, we may consider the Frobenius norm or apply the L1 norm on

the flattened matrix. The regularized formulation is given by:

min @ » e+ (1-a) > e+ P54 (2.5)
vielt Viel—

S.t. fyi (ZL‘Z) +1—¢ < fciyi (l’z)7 Viel (2.6)

>0 Viel 2.7)

fe(x) = l|z — pe(2)|[ — log 7. (2.8)

Frobenius Norm

The Frobenius norm is a common L2-norm defined as the square root of the sum of the absolute
1/2

p D
squares of matrix elements [55]. The Frobenius norm, defined by ||Al|rz = | > > |ay;|? , 18
i=1j=1
easy to calculate and invariant in rotation. It will be used in regularizing the DKNN models when
p < n to increase prediction stability. However, L2-norms usually allow predictor variables with

many small nonzero values, and therefore do not have feature selection when p > n.

L1 Norm

The vector norm of matrix treats flattened matrix as a vector. The L1 vector norm on A, defined by
Al = i i |la;;|, is the sum of absolute values of all matrix elements. The L1 regularization
has been Zg)ztgllsively studied and used in recent years for the p > n problem (i.e., the number
of features is far greater than the number of training samples). Such problem has an insufficient

degree of freedom to estimate the full model. The L.1-norm has been used as a shrinkage penalty in

LASSO [62]. It penalizes and forces some variables to be zero, hence effectively selects a sparse
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model. In our case, the L1-norm reduces non-zero elements in the matrix A, selects and retains
useful features in the distance calculation. Even when p < n, the L1-norm can be used to remove

irrelevant features.

2.4.2 Multiclass Extension

Our DKNN feature selection model in Eq. (2.5)-(2.8) can be naturally extended to multi-class
classification. The extension only requires that the left hand side of Eq. (2.6) is less than or equal
to f.(z;) of all other classes (¢ # y;) as shown in Eq. (2.10). Given «.. is the weight of error for

class ¢, the multiclass model of DKNN feature selection is given by

min 3 oy + 44| 2.9)
s.t. }:(xi) +1—c <min folzy), Viel (2.10)
>0, Viel 2.11)
fe(@) = ||z = pe()[|% — log 7. (2.12)

2.4.3 Convex Optimization and Model Implementation

Distance metric learning with a convex objective function was first proposed to learn a Mahalanobis
metric for clustering [45]. Distance metric learning over positive semidefinite metric space was
also explored in previous work [63, 64, 46]. In this paper, the proposed DKNN feature selection
models are formulated as a semidefinite program (SDP), which is based on the distance metric
learning between intra-class and inter-class distances. Generally SDP minimizes a linear objective
function over the intersection of the cone of positive semidefinite matrices with an affine space.

SDP is convex, and its global optimum can be efficiently computed.
Proposition 1 DKNN feature selection model is SDP and convex.
Proof With decision variables A and ¢, the convex optimization problem is of the form:
min go(A4,e) (2.13)

st. gi(Ae)<0,Viel,. .. ,m, (2.14)
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where go, . . ., g,, are convex functions. In our case,
g(Ae) =) aye+ BlIA] (2.15)
i=1

gi(Ae) = |lzi — pe(x)|} —logme +1— ¢

—min (|l — pe()|[3 — log ) ,

Yi

iel,... |, (2.16)

gi(A€) = —enielll+1,...,2/I. (2.17)

Eq. (2.17) are affine functions so they are convex. ||z; — p.(;)||4 is also affine for each entry
ay; of matrix A. The minimum of several affine functions is concave but, with a minus sign,

—rr;éin (||z: — pe(z:) |4 — log m.) is convex. g;,i € 1,...,|I| is an addition of 3 convex terms, and
CFYi

n
is thus convex. The element-wise norm of matrix A is convex, and ) | ay,¢; is affine; therefore, the
=1
objective function is convex. Since the Mahalanobis distance ||z — j.(z)|| 4 imposes that A is real

symmetric positive semi-definite, constraint Eq. (2.8) is linear, our model is SDP.

To solve our DKNN model, we used a convex program package called CVX [65, 66]. Since
our model is SDP, we solve it in semidefinite programming mode and use linear matrix inequality
(LMI) notation A > 0 to denote A € S”. The training procedure is summarized in Algorithm ??.

The evaluation procedure is summarized in Algorithm ??.

2.4.4  Multi-pass Extension

For DKNN, the target neighbors must be priori specified. Without prior knowledge, we use Eu-
clidean distances to determine nearest neighbors before learning the Mahalanobis distance metric
A. Since the actual nearest neighbors may change as a result of the linear transformation of the
input space[46], we extend DKNN to multi-pass (multi-iteration) and iteratively learn a series of
Mahalanobis distance metric A;,7 € N. For n—pass DKNN, we start with A as identity matrix,
during i"* pass of DKNN, we select the nearest neighbors using Mahalanobis distance metric A;_1,

and learn new metric A; by solving a convex optimization program (2.5)-(2.8). During evaluation,
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we also use A;_; to select the nearest neighbors and calculate f.(x) with A;. We iterate the process
until ¢ = n.

In Section 2.6.1, we evaluate such iterative learning approach by performing multi-pass DKNN
on the synthetic dataset. We will compare the results of n—pass DKNN (where n = 1,2, 3,4) and

see multi-pass works well and generally improve testing accuracy.
2.5 Connection to Other State-of-the-Art Algorithms

2.5.1 Connection to KNN

As a variant of KNN, our DKNN model share many similarities with the original KNN. Some con-
ditions of KNN and DKNN always provide identical classification results. To see their similarity,
we first define the parameters k for traditional KNN and & for DKNN as the number of their k

nearest neighbors. Without metric learning, we can establish the following results.

Proposition 2 For k =k = 1, both KNN and DKNN vield an identical classification result.

Proof Let d] be the distance of the test data to its nearest neighbor in the positive class and
d, 1is the distance of the test data to its nearest neighbor in the negative class. In other words,
df <df, i e ITandd; <dj, jc I, where d] is the distance of the test data to positive
baseline sample 7, and d; is the distance of the test data to negative baseline sample j. If di <dj,
DKNN classifies the test data to positive or vice versa. For KNN, the test data is classified to
positive when d is the smallest distance to all baseline samples. That is, d < d;, 7 € I, which
also satisfies df < d;r and d; < d;. We can conclude that if DKNN classifies the test data to

positive, KNN must classify the test data to positive. It is clear that the reverse is also true and a

similar argument can be established for the classification of the negative case.

Proposition 3 For k= 3,k = 2, both KNN and DKNN yield an identical positive classification if

and only if di < dy; an identical false classification if and only if d < df

Proof Assume that the test data sample is classified to the positive class. Based on its definition,

DKNN classifies the test sample to positive if and only if the following condition is satisfied:
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di +dy <djy +d;,wheredf <dj <df, ieITandd; <d, <d;, i€ [~. We shall establish

the equivalence proof of KNN in following two cases.

a) All k = 3 nearest neighbors are from the positive class. This case implies that d < dj <
di <d;,iel. Ifdf <df <df <d;, i€ Ithend] +dy <d;+dj, i,j € I. Thus, the

positive classification of DKNN is satisfied and it must classify the test sample to positive.

b) Two nearest neighbors are from the positive class and one is from the negative class. This
case implies that df < df < d;, i € [ andd; < d;, i € I. For DKNN to classify the test
sample to positive, df + dj < d; + d, must be true. Given df < dj, we can say that if
d; < d, is true, DKNN classifies the test sample as positive. As d; < d;, v € I, one can

show that dy < d, is always true.

We can now conclude that, for both cases, if DKNN classifies the test data to positive, KNN
must classify the test data to positive. It is obvious that the reverse is also true and a similar

argument can be established for the classification of the negative case.

The difference between DKNN and KNN is that traditional KNN only counts majority votes in
k nearest neighbors, while DKNN also considers the distance of neighbors through centroid link-
age. DKNN has advantages over KNN in that DKNN also learns a metric matrix A that minimizes
the classification error and maximizes the margin of decision boundary. KNN does not have the
training process to find an optimal metric. With the L1-norm, DKNN also incorporates the feature

selection functionality in an optimization model.

2.5.2  Connection to Gaussian Linear Discriminant Analysis (LDA)

LDA uses Bayes’ theorem to estimate the class posteriors for classification. With the conditional
density f.(x) and prior probability . for class ¢, Bayes’ theorem yields P(c|z) = % LDA
is an approximation of a Bayesian classifier with the assumption that data samples x are from

Gaussian distributions with the same covariance matrix. Several research attempts have been made
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to extend Gaussian assumption to mixtures of Gaussians [44] or nonparametric density estimates
[67], and relax the same covariance matrix constraint [68, 69].

In Gaussian LDA, data points in each class are assumed to be Gaussian-distributed. The optimal
decision boundary is determined by discriminant functions 6.(x) = X1 . — uc 'Sy +log .,
where 1. is the mean for all samples in the cth class, 7. is the prior probability that an observation
belongs to the cth class, and >~ ! is the inverse of Gaussian covariance matrix.

Now we redefine ji.(z) as the mean of the nearest neighbors of z in class c. We replace X!
with 24, the Mahalanobis distance matrix, and replace d.(x) with — f/(x) to reflect the difference

from a Gaussian LDA discriminant function. f(x) is defined as follows:

fiz) = =207 Ap(z) + pe(z)” Apie(z) — log m,. (2.18)

Eq. (2.6) allows adding or removing a constant specific to z. f.(x) = f/(z) + 2T Az = ||z —

pe(w)|[% — log me.

The classification formulation is equivalent to

min  « Z €+ (1—a) Z e + B||A]l (2.19)
vielt Viel—
S.t. n;axéc(xi) +1—¢€ <0.(x;), Viel (2.20)
cAYi
€ >0, Viel. (2.21)

frx(x) has the meaning of the DKNN distance for class c¢. For each training sample, we want to
minimize the intra-class distance of ¢ nearest neighbors by choosing a Mahalanobis distance matrix
A. In connection to LDA, f.(x) has additional Bayesian interpretation:

e_fci (x) ﬂ' e d2 ( Tribe, ('77))

S e l® T Y e Bwue@)

Although the discriminant function of LDA may have a similar form with the distance function of

P(cilz) =

DKNN, the two approaches differ in many ways. Firstly, LDA assumes a Gaussian distribution
on all observations, while DKNN is non-parametric and only concerned about k& nearest neighbors

from each class. Secondly, LDA produces a linear decision boundary, while the decision boundary
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of DKNN can be highly non-linear. Thirdly, although DKNN may use all training samples in each
class to calculate the centroid, i.e., j.(z) = ., DKNN and LDA are still different in the way A or
3 is estimated. X is estimated by Gaussian distribution whereas A is estimated by maximizing the

margin of the decision boundary.

2.5.3 Connection to Support Vector Machine (SVM)

SVM algorithm is amongst the most widely studied machine learning algorithms [57]. Without
kernel trick, it is called support vector classifier, which usually trains on previously known data to
differentiate groups/classes of data samples by maximizing the decision boundary between the two
classes.

Given feature vector z, support vector classifier predicts the label by f(z) = argmax. f.(x),
or §j = argmax,. w. x. The two-class classifier may use 2 affine functions, f.(z) = wlz, c = 1,2.
To correctly classify the training samples, the classifier needs f,(x) > maxy, f.(z). With a safe
margin, we have the following non-strict inequality: f,(z) > 1 4+ max,., f.(x). This motivates

the following formulation:

min LW) =) & (2.22)
=1
s.t. r]géaxfk(xi +1—6 < f,(z;), Viel (2.23)
Yi
e >0,Viel (2.24)

L(W) = 3" ¢ is the loss function. For affine functions f.(z) = w! z, this formulation is convex.
i=1

The above formulation resembles Eq. (2.19)-Eq. (2.21). The difference is that support vector
classifier uses a fixed vector w,. per class, while DKNN uses more localized Apu.(x) per class per

x as in Eq. (2.18). DKNN would perform better for non-linear decision boundary.
The kernel trick was shown very useful in handling non-linear cases with SVM. It maps data
into a higher dimensional feature space to perform classification. DKNN can also benefit from the

kernel method by replacing = with ¢(z).
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Two Classes with Non-Linear Boundary
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Figure 2.4: Two-Dimensional Gaussian Data Plot

2.6 Computational Results

2.6.1 Synthetic Data

To compare the classification performance of our DKNN with that of other state-of-the-art classi-
fication algorithms (i.e., LDA, SVM and CART), we randomly generated 3 synthetic datasets. In
Dataset 1(Fig. 2.4), the data points are merged from two standardized Gaussian classes separated
by two units in x-axis. The class boundary is roughly an arc splitting 160 points into 60 negative
points on the left and 100 positive points on the right. Dataset 2 (Fig. 2.5) has the same data points
as in Dataset 1, and is augmented with 1 additional dimension following an independent standard
Gaussian distribution. Dataset 3 has the same data points as in Dataset 1, and is augmented with 2
additional dimensions also following an independent standard Gaussian distribution.

Table 2.1 compares classification accuracies obtained by DKNN with different pass parameters.
The parameter k was optimized by iterating its value over £ = 1...10. We evaluate multi-pass
(with pass parameter = 1...4) DKNN on all synthetic datasets. The best values will be used in
comparing performance of DKNN with other algorithms.

Table 2.2 compares classification accuracies obtained by DKNN and those by other state-of-
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Figure 2.5: Two-Dimensional Gaussian with One Additional Noise Dimension

Table 2.1: LOOCV Accuracy of Multi-pass DKNN on Synthetic Datasets

Dataset Dimension 1Pass 2Pass 3 Pass 4 Pass

1) 2 0.981 0981 0988 0.981
2) 3 0.963 0981 0988 0.981
3) 4 0963 0981 0981 0.981

Table 2.2: LOOCV Accuracy on Synthetic Datasets

Dataset Dimension DKNN KNN LDA SVM CART

1) 2 0.988 0.981 0.831 0.831 0.869
2) 3 0988 0.931 0.831 0.831 0.869
3) 4 0.981 0.900 0.813 0.819 0.869

27
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the-art algorithms. For KNN, the parameter £ was optimized by iterating its value over k =
1...10. For other algorithms, standard (default) parameters were used. In all cases, the results
suggest that there is a limitation of linear decision boundary that reflects on poor performance of
LDA and SVM. The decision tree algorithm CART has better performance than LDA and SVM
since its decision boundary can be non-linear. In Dataset 1 (2D case), DKNN yields the best
leave-one-out cross-validation (LOOCYV) result when k£ = 1. The benefit of non-parametric learn-
ing is clear in this scenario. In Dataset 2 (3D case) when we add an non-informative dimension
with Gaussian noise, the performance of KNN deteriorates. The distance measure of KNN was
negatively influenced by the variance of non-informative dimension whereas DKNN was able to
maintain and even improve the LOOCYV performance by learning the new metric. In Dataset 3
(4D case) two non-informative features were added, the performance of KNN further deteriorates.
DKNN was able to zero-out two noisy dimensions so that the discriminative power is less impacted

by the noisy dimensions.

2.6.2 UCI Machine Learning Repository Datasets

To assess the classification performance, we also tested our DKNN on eight additional datasets
that were selected from the University of California Irvine (UCI) Machine Learning Repository
[70]. The eight datasets are from real natural science, engineering, or medical domains. Table 2.3
provides the characteristics of the selected UCI datasets.

In this study, we evaluated the classification performance using accuracy as our metric (the
percentage of correct predictions) based on 10 runs with a 70/30 split for the training and testing
sets. Specifically, for a sample with n subjects, the procedure consists of 10 runs. In each run,
we trained a classification model from 0.7n subjects, used the model to predict the remaining 0.3n
subjects, and evaluated the prediction with the actual class label. Testing accuracy was calculated
as the number of correctly predictions divided by the total number of subjects. For DKNN and
KNN, the parameter £ was optimized on the training data by iterating its value over £ = 1... 10.
Table 2.4 compares the classification performance of DKNN with KNN, SVM, and LDA. The

results in the table show that DKNN yielded the best or second best testing accuracy amongst all
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Table 2.3: Facts of UCI Datasets

Dataset #samples #class #features Class distribution
Ionosphere 351 2 34 0.36, 0.64
Sonar 208 2 60 0.47,0.53
BUPA Liver 345 2 6 0.42, 0.58
Balance Scale 625 3 4 0.46, 0.08, 0.46
Wine 178 3 13 0.33, 0.40, 0.27
Iris 150 3 4 0.333, 0.333, 0.333
Seeds 210 3 7 0.333, 0.333, 0.333
Knowledge 258 4 5 0.093, 0.322, 0.341,
0.244
Error Rateson 8 UCI Datasets

03

0.2} | |

0.1} !

O BKNN KNN LDA SVM

Figure 2.6: Error Rates on 8 UCI Datasets

classification techniques. Overall, the average error rate across all 8 datasets of DKNN is 0.101,
which is a lot lower than that of KNN (0.161), LDA (0.148) and SVM (0.139). Boxplot of error

rates are shown in Fig. 2.6.
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Table 2.4: Comparison of Testing Accuracies Between DKNN and Other State-of-the-art Algo-

rithms.

Dataset DKNN KNN LDA SVM

Ionosphere 0.881 £0.029 0.858 £0.036 0.865 £0.037 0.851 £0.032
Sonar 0.865 +£0.049 0.865 £0.046 0.737 £0.052 0.751 £0.047
BUPA Liver  0.685 £0.039 0.669 +0.020 0.634 +0.052 0.637 £0.051
Balance Scale 0.910 £0.022 0.875 +0.033 0.709 £0.027 0.899 £0.022
Wine 0.952 +£0.020 0.732 £0.053 0.976 £0.025 0.950 £0.029
Iris 0.967 £0.021 0.969 +£0.016 0.982 +0.014 0.960 £0.025
Seeds 0.960 +0.028 0.908 £0.028 0.964 +0.017 0.960 £0.022
Knowledge 0.968 +0.022 0.840 £0.042 0.953 £0.022 0.922 £0.039

2.7 Conclusion

In this paper, we present a new classification algorithm with optimization models for feature selec-
tion. The algorithm is called the decomposed £ nearest neighbor (DKNN) method, which takes into
account k nearest neighbors from each class and makes the classification based on the distances to
the centroids of the k nearest neighbors. DKNN has a training process to learn the local-optima-
free distance metric by solving a convex optimization problem. The optimization problem not only
learns a metric that minimizes classification errors and maximizes the margin between intra-class
and inter-class distance, but also selects important features and removes irrelevant features when L1
regularization is used. We demonstrate that DKNN can be naturally extended to multi-class clas-
sification. We also provide new theoretical insights showing that DKNN is a generalized version
of KNN, and has strong connections to SVM and LDA. Beyond the basic framework of DKNN,
we also describe its multipass extension, which learns a series of Mahalanobis distance metrics

during passes (iterations) and iteratively re-estimates the target neighbor assignments. Computa-
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tional results also demonstrate that our DKNN algorithm provides accurate classification results
(both binary and multi-class classification) when compared to other state-of-the-art classification

algorithms.
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Chapter 3

A MI-LASSO FRAMEWORK WITH APPLICATION IN ADHD
CLASSIFICATION AND SEIZURE PREDICTION

3.1 Abstract

Today diagnosis of attention deficit hyperactivity disorder (ADHD) still primarily relies on a series
of subjective evaluations that highly rely on a doctor’s experiences and intuitions from diagnostic
interviews and observed behavior measures. An accurate and objective diagnosis of ADHD is still
a challenge and leaves much to be desired. Many children and adults are inappropriately labeled
with ADHD conditions whereas many are left undiagnosed and untreated. Recent advances in
neuroimaging studies have enabled us to search for both structural (e.g., cortical thickness, brain
volume) and functional (functional connectivity) abnormalities that can potentially be used as new
biomarkers of ADHD. However, structural and functional characteristics of neuroimaging data,
especially magnetic resonance imaging (MRI), usually generate a large number of features. With
a limited sample size, traditional machine learning techniques can be problematic to discover the
true characteristic features of ADHD due to the significant issues of overfitting, computational
burden, and interpretability of the model. There is an urgent need of efficient approaches to identify
meaningful discriminative variables from a higher dimensional feature space when sample size is
small compared with the number of features. To tackle this problem, this paper proposes a novel
integrated feature ranking and selection framework that utilizes normalized brain cortical thickness
features extracted from MRI data to discriminate ADHD subjects against healthy controls. The
proposed framework combines information theoretic criteria and the least absolute shrinkage and
selection operator (Lasso) method into a two-step feature selection process which is capable of
selecting a sparse model while preserving the most informative features. The experimental results

showed that the proposed framework generated the highest/comparable ADHD prediction accuracy
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compared with the state-of-the-art feature selection approaches with minimum number of features
in the final model. The selected regions of interest in our model were consistent with recent brain-
behavior studies of ADHD development, and thus confirmed the validity of the selected features

by the proposed approach.
3.2 Introduction

Attention deficit hyperactivity disorder (ADHD) is among the most common child and adult neu-
rodevelopmental disorder. ADHD symptoms include inattention, hyperactivity, and impulsivity. It
affects approximately 5 — 10% of all school-age children and nearly 5% of adults on their motor,
cognitive, and emotional development [4]. Diagnosis of ADHD still remains a challenge, requiring
long term and extended involvement from clinicians, parents and teachers. Clinicians rely heavily
on experiences and intuitions when conducting diagnostic interview and observational measures.
A delay or incorrect diagnosis of ADHD could have a significant negative impact on a patient’s
social and emotional development, while an early and accurate detection of ADHD can strongly
influence the course of the condition development by delivery of appropriate treatments to the pa-
tient. In addition to the traditional clinical diagnosis, there is a pressing need to find a set of more
discriminative and objective features to characterize ADHD that can be used to facilitate ADHD
diagnosis.

Previous studies on the etiology of ADHD are mostly based on structural or functional neu-
roimaging research of group level (ADHD vs. control) differences. Some informative features
extracted are blood oxygenation level dependent (BOLD) signals from functional magnetic res-
onance imaging (fMRI) data [5], wavelet synchronization likelihoods extracted from electroen-
cephalography (EEG) data [6], rolandic spikes from EEG data [7], brain volume measure extracted
from magnetic resonance imaging (MRI) data [8]. The pursuit of neuroanatomical biomarkers has
a great potential to facilitate new discriminative methods that are etiologically informed and vali-
dated by neuropsychological theories. However, due to high cost of neuroimaging data acquisition,
most current ADHD studies are based on relatively small sample sizes, which reduce the statistical

power needed to validate meaningful discriminative variable from a very large number of features
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extracted from structural MRI [9]. A limited sample size with equivalent number of features raises
new challenges to traditional machine learning algorithms, such as logistic regression or support
vector machines (SVM), as they tend to overfit and lack a generalization power when training on
a dataset containing the number of features far larger than the sample size (p > n problem). In
previous work, some models either use hundreds of features as an input or exhaustively search on
a preselected smaller subset of features. SVM is mostly favored [10] and some variant of feed-
forward neural networks [11] is also used. We believe that those methods are either susceptible
to overfitting or too restrictive in the search space. The interpretation of the final models is very
difficult to validate by existing neuropsychological theories.

In this study, we propose an integrated feature ranking and selection framework that uses brain
cortical thickness, extracted from structural MRI data, as features and constructs a prediction model
to identify ADHD subjects versus normal controls. The framework performs a two-step feature
selection process based on both information theoretic criteria and regularization concept. To mit-
igate the inconsistent feature selection issue of regularization, especially the lasso method [71],
the framework pre-analyzes all features to rank informative features based on mutual information
scores [72]. In feature selection, it extends the lasso method [44] to construct a prediction model
by fixing those pre-selected highly informative features when performing regression. Tested on
both simulated and real datasets, our framework is shown to effectively preserve highly informa-
tive features identified in the feature ranking step and improve the model accuracy while searching
in a full feature space and maintaining the sparsity in the feature selection step. With a predic-
tion accuracy of 80.9%, our framework selects two sparse models, each with only 4 or 5 cortical
thickness features. Previous neurodevelopmental studies of ADHD also consistently suggest that
the features selected in our models have a deeper connection to the neurodevelopmental basis of
ADHD, and thus making the models highly interpretable to clinicians. The proposed feature se-
lection and prediction framework is a necessary first step to help clinicians find more features of

characterizing ADHD using an objective measure with high discriminative accuracy.

The rest of the paper is organized as follows. In Section 3.3, we introduce the background of

ADHD, including the brain cortical thickness and its connection to ADHD. We also review the
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current feature ranking and selection algorithms. Section 4.3.4 presents the proposed two-step
feature ranking and selection framework, including the model formulations and model validation
using simulated datasets. Section 3.5 shows the experimental results of the proposed framework
on ADHD characterization using a real MRI neuroimaging dataset. Finally, we conclude the study

in Section 4.5.

3.3 Background

3.3.1 Feature Extraction of ADHD

ADHD is considered a neurodevelopmental disorder given the age-related differences in cortical
maturation that characterize ADHD. Researchers suggest that the origins of attention can be ob-
served in infants as young as three months when the young infant is able to selectively attend (i.e.,
recognize and orient towards) to their caregiverdAZs face [73]. According to these researchers,
attention is composed of differential structures and circuits, called an organ system. Furthermore,
as a child matures during preschool and early elementary school years, attention response grows
into the ability to self-regulate (i.e., adjust oneAAZs emotional state/behavior depending on the de-
mands of the environment) in a changing and dynamic environment. Those higher level attention
abilities are often described with the term AAIJexecutive functionsiAl. Such development not only
relies on social demand, but also is due to the brain maturation of the prefrontal cortex. In Posner
and FanaAZs (2008) model, self-regulation leads to the second stage in attention development, the
executive network. During the ages of 5 to 9, children with deficits in self-regulation and attention
are noticed by teachers and parents, as their behaviors deviate from what would be developmentally
appropriate.

Choosing brain cortical thickness as the features in ADHD characterization is not only sup-
ported by theory, but also benefits from advances of neuroimaging techniques. Numerous theories
have hypothesized the cause of ADHD [74] [75] [76] [77] [78] [79]. Those hypothesis are further
supported by neuroimaging research, which provides an accurate way to measure the relationship

between behaviors or symptoms and underlying brain morphology and brain functioning. As struc-
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tural and functional neuroimaging techniques have improved vastly over the last thirty years, MRI
provides excellent spatial resolution, uses no ionizing radiation (unlike computed tomography,
CT), and thus can be used in pediatric samples of clinical and non-clinical typically developing
controls. Cortical and surfaced-based neuroimaging techniques improve on conventional volumet-
ric analysis by allowing for a direct measure of cortical thickness in millimeters, thus may present
a more sensitive tool for understanding and measuring brain abnormalities in children with ADHD.
So far, a large number of neuroimaging studies have observed that ADHD manifests via a general
deficit in the dopaminergic system of the brain including prefrontal cortex [74][8] or abnormalities
in brain structures rich in dopamine receptors in children and adults with ADHD [80] [81] [82]
[83] [84] [8]. .

3.3.2 Feature Selection

Although recent advances in neuroimaging studies have enabled us to search for structural brain
abnormalities caused by the disease that can potentially be used as new biomarkers of ADHD,
characterization using traditional machine learning techniques can be difficult because structural
characteristics of neuroimaging data, especially MRI data, usually result in large number of fea-
tures. Even grouping raw features into region of interests (ROI), finding discriminative features
for ADHD is still not easy due to relative small sample size with a limited number of patients and
healthy participants. Learning from limited sample size with equivalent feature size raises signif-
icant issues of overfitting and interpretability of the final model. This study is motivated by the
challenge and is aimed to develop efficient feature selection approaches that can construct a sparse
model with the most clinical meaningful features preserved. In particular, this paper proposes a
novel integrated feature ranking and selection framework which combines information theoretic
criteria and the least absolute shrinkage and selection operator (Lasso) method into a two-step fea-
ture selection process. The current information theory-based and the Lasso-based feature selection

approaches will be discussed in the following.
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Feature Selection using Mutual Information

Mutual information [72] [85] is a measure of the inherent dependence expressed in the joint dis-
tribution of X and Y relative to the joint distribution of X and Y under the assumption of indepen-
dence. MI measures how much information a feature contains about the class without making any

assumptions about the nature of their underlying relationships. It is formulated as

I(X,Y) =) plx,y)log <M> -

22 p(x)p(y)

If the feature is a perfect indicator for the class membership, its MI reaches its maximum value. A
basic intuition is that a stronger mutual information implies a greater predictive ability when using
the feature. As an information theoretic criteria, MI have been applied in many feature selection
problems [86]. To know whether a given candidate feature should be included, one must be able to
evaluate the joint mutual information 7(X,Y"). However, as feature matrix X is generally multi-
dimensional with a continuous distribution, the joint mutual information /(X Y) is thus extremely
difficult to reliably estimate. To solve the problem, one can assume each feature is independent of
all other features, and rank the features in descending order according to their individual mutual
information score I(X;,Y). The feature selection is simply picking the top K features, where
K can be determined by a predefined certain number of features or some stopping criterion. The
feature selection criterion based on mutual information score is commonly adopted in literature.
It is often referred as Mutual Information Maximisation (MIM) approaches [87]. However, the
performance of this approach is known to be suboptimal if features are interdependent, which is a
general case in most studies. In addition, it is widely accepted that a useful set of features should
not only be individually relevant to class label, but also should not be redundant with respect to
each other, that is features should not be highly correlated in the selected subset. To consider both
relevancy and redundancy, a number of approaches have been proposed. For example, Battiti [88]
proposed the Mutual Information Feature Selection (MIFS) criterion, which introduces an inter-
feature correlation term into the MIM criterion. A penalty parameter [ is employed to control the
tradeoff between relevancy and redundancy. If the penalty parameter 3 is set to 0, it is equivalent

to the MIM criterion. Peng et. al. [89] presented the Maximum-Relevance-Minimum-Redundancy
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(MRMR) criterion, which is in principle equivalent to MIFS with the 5 = 1/(n — 1), where n
is the number of selected features in the current subset. Yang and Moody [90] used Joint Mu-
tual Information (JMI) to focus on increasing complementary information between features. In
particular, the mutual information between the class label and a joint random variable X, X; is
calculated. By pairing a candidate X with each previously selected feature. The principle idea
is that if the candidate feature is AAYcomplementaryAAZ with the existing features, it should be
included in the feature subset. Fleuret proposed the Conditional Mutual Information Maximiza-
tion (CMIM) criterion [91], which examines the information between a feature and the class label,
conditioned on each current feature. Instead of taking the mean of the redundancy term, CMIM
takes the maximum value in the redundancy term and thus penalize more on feature redundancy.

Although mutual-information-based feature selection approaches gained wide popularity in
the literature, there are still some significant issues unsolved. First, all these criteria rely on highly
restrictive assumptions on the underlying data distributions. In particular, due to the computational
difficulties in high-dimensional mutual information estimation, most approaches only consider
pairwise and conditional pairwise interactions, and omit the higher-order interactions. Second,
most current MI-based approaches perform feature selection sequentially starting from high-ranked
features. As a result, by excluding low MI ranking features, such approaches deny the possibility
that a set of low-ranked features combined together may generate strong predictive power (e.g. in
the famous XOR problem [92]). We have the risk of missing that strong signal by only working on
the preselected candidate set [93] [89] [94].

Feature Selection with Regularization

In medical research, due to high cost of data acquisition, researchers often run into the issue of
insufficient samples to train and validate developed models. Instead of heuristic selection schemes
(such as many MI-based approaches), objective optimization methods have received more attention
since they can be conveniently formulated as convex optimization problems with global optimal
solutions. A typical objective function consists of an error term and a regularization term. One

of the most widely used such feature selection algorithms is the least absolute shrinkage and se-
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lection operator (Lasso) [62]), which allows computationally efficient feature selection based on
linear dependencies between input features and output values. The Lasso method as a shrinkage
and selection method for linear regression gradually receives high recognition and a fast coordinate
descent algorithm has been devised to solve the optimization problem. The optimization frame-
work of lasso to minimize the sum of squared errors with a /;-norm penalty (bound on the sum of
the absolute values of the coefficients) is formulated as follows:

n

> (yi = Ba)* + AIBIL-

i=1
By penalizing and forcing some variables to be zero, lasso can effectively select a sparse model.
However, it sacrifices unbiasedness to reduce the variance of the predicted value [95].

There are still some challenges for application of Lasso method in feature selection. The Lasso
result is often subject to the scaling of features. Inappropriate scaling may cause imbalanced
penalty on linear coefficients. The true underlining features with high coefficients may be sup-
pressed to have smaller coefficients. As a result, the total explained variance is limited. Instead
of rescaling all features, more generally one can employ adaptive Lasso [96] with penalty term

A > w;||Bill1- Even so, effects of strong signal will be diminished due to shrinkage.
3.4 New Integrated Feature Ranking and Selection Model

3.4.1 Model Formulation and Solution

The proposed Integrated Feature Ranking and Selection Framework is performed in two stages:
mutual information-based feature ranking and Lasso-based feature selection. In the feature-ranking
step, all features are ranked by their MI scores, and a subset of high-ranked features are selected
and considered to have the best informative power. Among those features, a redundancy removal
step is performed by checking pairwise correlation between the features. For a highly correlated
feature pair (higher than a threshold), the feature with lower MI score is considered redundant and
removed from the feature subset to prevent multicollinearity. In the feature selection step, we set

the best informative features penalty-free in the generalized lasso method. We use Lasso to select
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additional features from the full feature space, not restricted to the subset of high MI features. The
additional features selected, although have lower MI scores individually, can improve model clas-
sification performance when combined together. Within the subset of high MI features, we start
with setting the single top-ranked feature penalty-free, then all combinations of two top features,
then all combinations of three top features, iteratively. The feature selection and classification
model was validated by leave-one-out-cross-validation (LOOCYV). The search process stops when
validation accuracy cannot be further improved. The resulting model will be the best model for
class prediction. Comparing with other MI-ranking based methods, the proposed framework can
select from the full feature space while still creating a sparse model. Comparing with standard
regression approaches with regularization, the proposed framework integrates the information the-
oretic criteria in the generalized Lasso model, and sets the most informative features penalty-free
to improve prediction accuracy and enhance model interpretability. The flowchart of the proposed
integrated feature ranking and selection framework is shown in Fig. 3.1.

Mathematically, our framework can be formulated as an optimization problem. Let M be the
set of indexes of top MI features selected from the MI ranking step. We set indexes in S penalty-

free, where .S is a subset of M. For each .S, we want to solve the following problem.

n p p

mﬁin Z(Z/z — Bo — ZB;’%’J’V + AZ 1551 (3.1)
i—1 =1 =1

st. Bjes = 0. (3.2)

The optimization model in our Integrated Feature Ranking and Selection Framework can be
solved under generalized lasso framework [97], which is more flexible than lasso and is better in
representing the intention to set coefficients of certain informative features penalty-free. Basically,
it introduces an arbitrary matrix D € R"™*? m < p to define the weights and relations of each

element in 5.

min |ly — XBI5 + M| DL

BERP
We can construct a proper D in the generalized lasso framework to adjust penalty levels for each

feature. To find such a D, we propose and prove the following two propositions.
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Figure 3.1: Flowchart of Integrated Feature Ranking and Selection Model
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Proposition 4

min ||y — XB|[; + [[(MB1, AaBa, -, ApfBy)lls

BERP

The above problem of assigning weights . for each feature is equivalent to the generalized lasso
with diagonal matrix D and )\, = di\. (The above formula has also been previously presented as

adaptive lasso [96].)

Proof Let D be diagonal matrix diag(dy, da, . .., d,), we have

MDBIl = All(dir, daBa, - - dpfBp) Tl = [[(MBrs -, ApfBy) [

If D is p x p and invertible, 5 can be transformed into # = Df{. The generalized form can be

reduced to the standard lasso:

: . —1p(12
min - |{ly = XDl + Al[0]]1-

Proposition S Without loss of generality, to keeping features X, i1, Xp—p+2, - .., X, penalty-free

is equivalent to setting d,,_j11 = 0,dp_p42=10,...,d, = 0.
Proof In this case, D is a rank-deficient matrix

diag(dl, dQ, R ,dp_k, 0, e ,O)

MIDBIl = [1(AaBr, AaBa; - -5 Ap-iBpi) 1

Following the construction procedures in [97], we can transform and reduce the problem to a
standard lasso problem. First, we create a full rank matrix D by removing the last k& rows from D

and adding k£ x p matrix A to the bottom, where m = p — k < p.

d -+ 0 0 -+ 0
. 0 < dy,
D =
0 1 0
0 N R |
- - pXp
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In the above matrix D, A’s rows are clearly orthogonal to those in D. Let § = Df = (04, BT,
where 6, is related to the coefficient vector 3, of the first m features that are not in the desired set.

Now the objective function is

min ||y — Xo0. — XoB|[3 + A|[0al]1,

OcRP
where X, is the rescaled first m columns of X, X, is the original last k£ columns.
We optimize (3, 6, in a sequential way. First, fixing 6,, the problem regarding /3, is a standard

linear regression. The new objective function is to

min ||(1— P)y — (1= P)Xaal3 + All6al]1,

0,ER™
where P = X,,( X X;) ' X;[. We get a standard lasso problem regarding 6,,. After solving 6, we
can in turn determine £, by 3, = (X IXp) P X (y — X,0,) from the result of linear regression.

U T
The solution of the original generalized lasso solutionis 3 = D~'6 = D! [Qa’ 55)} .

Despite the formulation similarity between our model and adaptive lasso [96], adaptive lasso
was previously proposed to include a data-dependent weight vector w. The weight vector is esti-
mated as w = 1/ |B|7 and no element is intended to be zero. From the formulation perspective,
adaptive lasso is a special case of generalized lasso with a full-rank diagonal matrix. In our case,
we construct D as a (0,1)-matrix that has exact one non-zero element in each row (i.e. » i dij = 1)
and at most one non-zero element in each column (i.e. ZZ d;; < 1). The column indices of non-
zero elements are the features subject to /; penalty. The complement set of p — m features are

those, we believe, that are information rich and thus set penalty-free.

3.4.2  Performance Evaluation Using Simulated Dataset

To evaluate the performance of the proposed feature selection framework, we used a simulated
dataset with binary response and contain p = 45 predictors and n = 50 samples. The dataset was

generated in such a way that only two predictors were related to the response. Using LOOCYV,
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Table 3.1: Performance Comparison on Simulated Dataset

Validation
Method Training Accuracy # features Selected
Accuracy
Our Model 0.92 0.94 5
LR-+lasso 0.86 0.97 8

Number of Selected Features
04 24 4 :» 22 2 20 19 4 & 3 0
i

03 min error = 0.14, #features = §

Misclassification Error

. . . .
-8 7 I 5 4 3 -2 -1 0
log (Lambda)

Figure 3.2: Best prediction error using LR+lasso (green curve as training error, red curve as testing

error, dashed line cuts at min testing error. )

the proposed framework achieved a validation accuracy of 0.92 with five features selected. As a
comparison, we also tested the logistic regression (LR) with lasso, which generated a validation
accuracy of 0.86 with 8 features selected. The detailed comparison results are summarized in
Table 3.1 as well as Figs. 3.1 and 3.2. From those results, one can see clearly that the proposed
framework is capable of selecting a model with higher validation accuracy while with less selected

features compared to lasso.
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Misclassification Error
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Figure 3.3: Best Prediction Error Using Our Framework (green curve as training error, red curve

as testing error, dashed line cuts at min testing error. )

3.5 Application in the Diagnosis of ADHD

3.5.1 Dataset

This study used a dataset that was collected as part of a larger study from the University of Texas
at Austin and the University of Texas Health Science Center in San Antonio by Dr. Margaret
Semrud-Clikeman.

A total of 47 subjects matched on gender, SES, and ethnicity participated in the study. All sub-
jects were right-handed. There were two groups: 32 ADHD-Combined participants and 15 healthy
subjects in a control group. All ADHD participants had less than 15 standard score point differ-
ences between general conceptual ability (DAS-GCA) and all achievement measures. The ADHD
subjects were matched on severity of symptoms as measured by ConnersdAZ Ratings Scale (Con-
ners, 1998a). All ADHD subjects met DSM IV-TR criterion for ADHD CombinedaAStype and
no other psychiatric or psychological disorder including Learning Disorders, Anxiety Disorders,
Mood Disorder, or Oppositional Defiant Disorder. Control participants did not meet any criteria
for a psychiatric or learning diagnosis nor have a history of medication treatment. All participants
were recruited from a diversity of socioeconomic and ethnic backgrounds in order to control for

potential group differences.
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MRI images are acquired at the University of Texas Health Science Center at San Antonio using
three-dimensional gradient recalled acquisitions in the study state (3D-GRASS) with a repetition
time (TR) = 33 msec, echo time (TE) = 12 msec, and a flip angle of 60 degrees to obtain a 256
x 192 x 192 volume of data with a spatial resolution of Imm X Imm X Imm. Then all MRI
images were processed and normalized using the FreeSurfer image analysis suite [98] [99] by Dr.
Jesse Bledsoe on a Linux platform at MSU. All regions of interest (ROI) in the FreeSurfer suite (45
cortical ROIs) were developed using an automated labeling system based on gyral regions of the
Desikan-Killiany Atlas [100]. We employed the brain cortical thickness of those ROIs as possible

features for ADHD feature characterization and selection in this study.

3.5.2  Results of Feature Ranking and Decorrelation Step

The first step in our framework is to perform feature ranking using mutual information. The top
ten features of cortical thickness with highest MI were picked first for further analysis. They
are right rostral anterior cingulate (MI=0.124), total rostral anterior cingulate (0.122), left rostral
anterior cingulate (0.078), left caudal middle frontal (0.071), right frontal pole (0.068), right lateral
orbito frontal (0.063), left caudal anterior cingulate (0.062), total caudal middle frontal (0.051), left
inferior parietal (0.051), and left pars orbitalis (0.05). In the next step, we calculated the correlation
between each pair of the high-ranked 10 features. If the correlation of a pair of features is 0.6 or
higher, we consider one feature in the pair to be redundant, and remove the feature with a lower
mutual information value. In this way, the following two features were removed: total rostral
anterior cingulate and total caudal middle frontal. The remaining eight features were used as

feature candidates in the Lasso-based feature selection step.

3.5.3 Results of Feature Selection Step

Comparison of Testing Accuracy

In feature selection step, within top eight highest MI and uncorrelated feature set, we started with

fixing the single top feature penalty-free, then all combinations of two features penalty-free, then
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all combinations of three features, iteratively. We evaluated the selection and prediction model
using the validation accuracies in a LOOCV procedure. The model search process stops at fixing
four features penalty-free, as when fixing more features, the validation accuracy started to decrease.
The resulting model is the best prediction model with the highest LOOCV validation accuracy. As
shown in Table 3.2, the proposed framework achieved a testing accuracy of 0.81 with a sensitivity
of 0.81 and a specificity of 0.80.

In addition, we also tested and compared the performance of the state-of-the-art feature selec-
tion algorithms, including the aforementioned information theoretic methods MRMR [89], MIFS
[88], IMI [90], CMIM [91], MIM [87], as well as the popular Pudil’s floating search method [101],
and the principle component analysis (PCA)-based approach, for which we took the components
that account for 95% of data variance as the selected features in prediction. The prediction results
of these approaches are also summarized in Table 3.2. One can observe that the proposed method
achieved higher validation accuracy (0.81) than all other compared feature selection approaches,
while using the lowest number of features in the final prediction model. These experimental results
confirmed that our model is efficient to select the most predictive features of ADHD given a small

sample size.

Analysis of Features in Best Models

To investigate the model interpretability, we also checked the locations of the selected cortical
thickness. All the features (regions of interest) selected by the best models were located in pre-
frontal cortex (PFC), anterior cingulate cortex, and parietal cortex. Structural and functional im-
pairments are in accordance with current understanding of brain-behavior relationships in ADHD.

The prefrontal cortex (PFC) is connected with nearly every cortical structure of the central
nervous system [102] and is involved in nearly all aspects of human personality and cognition.
The PFC has received much attention in the ADHD literature given a large body of research on
impairments in tests thought to tap PFC functioning [103] [104]. For example, the PFC has been
implicated in complex behavior relevant to central impairments in ADHD such as inhibitory control

[105, 106],attention, working memory, and planning [102, 107]. Furthermore, specific differences
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within the frontal pole and orbital frontal cortex observed here may provide further evidence for
impairments in frontal limbic structures and emotional disorders which often co-occur in children

with ADHD [108].

The anterior cingulate cortex is a key structure implicated in attentional control [107]. It is
implicated in a wide variety of cognitive operations including response inhibition, reward process-
ing, behavioral motivation, target detection, and decision making [109]. Functional neuroimaging
studies suggest hypoactivation of areas of the anterior cingulate in children and adults with ADHD
[110] [111] [112]. Studies observed decreased activation of the anterior cingulate in tasks thought
to require behavioral inhibition (e.g., counting Stroop task) in children with ADHD compared to
controls [110, 112] also reported reduced activation of the anterior cingulate during tasks of be-
havioral inhibition (e.g., stop signal task) in children with ADHD-C. Further, cortical thinning of
the anterior cingulate cortex has been demonstrated in adults with ADHD [113]. Moreover, the
right rostral anterior cingulate cortex (ACC) contributed the most predictive variance in classifying
those with ADHD from typically developing controls. This finding supports the hypothesis that ab-
normal development of the the right ACC, in particular, may be considered a biomarker for ADHD
and inhibitory control [114]. The ACC is likely implicated in ADHD due to its involvement in
complex behavior. However, the ACC itself, is unlikely to contribute to impaired attention. Rather,
future work will need to address the complex networks and systems that involve the ACC in order

to provide valid causal pathways for ADHD.

The left inferior parietal cortex also contributed to the classification of ADHD versus healthy
children. This was a particularly interesting finding given recent work that has implicated abnor-
malities in parietal cortex during resting-state functional MRI [115]. Prior to this work, the pos-
terior cortex was proposed to underlie the basis for arousal and vigilance which were considered
precursors for targeted attention [107] [116]. And, more recent work has found the posterior pari-
etal lobe to be important for shifting attention during dynamic attention tasks [117]. Structurally,
reduced cortical thinning of the right pareital cortex has also been observed in adults with ADHD
[113]. Taken together, the parietal cortex, likely due to its frontal projections, is another important

area in the attention network that may undergo abnormal development in those with ADHD.
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The prefrontal cortex, anterior cingulate cortex, and parietal cortex have all been implicated in
attentional control and ADHD. Given these regions provided the best classification of ADHD from
controls, the proposed model would appear to be theoretically valid. A significant advantage of the
proposed approach is that we novelly integrate the information theoretic feature selection frame-
work with the generalized lasso framework. Through adaptively manipulating penalty weights of
each feature in regularization term, we are able to preserve the most informative features in the

final model and eliminate less-informative and redundant features.

3.6 Conclusion

ADHD feature characterization and selection has never been an easy task. In this paper, the pro-
posed integrated feature ranking and selection framework provides a sparse, accurate, and highly
interpretable model to assist ADHD feature characterization. With the proposed two-step formu-
lation, one can integrate information theory conveniently to supervise the feature selection process
while the optimal solutions can be guaranteed due to the convex optimization formulations in a
generalized lasso framework. The information-guided selection structure enforces the most use-
ful discriminative predictors to be included in the final prediction model while eliminating less-
informative and redundant variables to create an accurate sparse prediction model. In addition to
mutual information, due to the flexible structure of the proposed framework, one can also conve-
niently integrate clinical prior knowledge into the feature selection model. For example, one can set
clinician-identified potentially important features penalty-free and encourage them to be included
in the final prediction model. The information theory-guided and clinical prior knowledge-guided
feature selection framework will be greatly useful to construct prediction models that are more
transparent and interpretable by medical and healthcare professionals. Such a supervised feature
selection framework is highly demanded in making clinical decisions compared to the ‘black box’
predictive models generated by traditional machine learning algorithms. As this is a general feature
selection approach, the proposed technique can also be applied to other decision-making problems
that require interpretable prediction models. The research in this study also suggest that machine

learning techniques can be useful tools for understanding and measuring brain abnormalities asso-
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ciated with ADHD.

3.7 Epilepsy Diagnosis

3.7.1 Background

In this study, EEG was recorded from a 128-channel electrode array using a geodesic sensor net
and Electrical Geodesics, Inc. (EGI; Eugene, OR) amplifier system with signal amplified at a gain
of 1000 and bandpass filtered between 0.1 Hz and 100 Hz. During recording, EEG was referenced
to the vertex electrode and digitized continuously at 500 Hz.

Visually evoked potentials (VEPs) are electrical potentials (usually EEG) recorded in presence
of visual stimuli, and are distinct from spontaneous EEG potentials recorded without stimulation.
In particular, the steady-state visually evoked potentials (SSVEPs) have been widely investigated
in the past 40 years and have been shown to be useful to analyze many brain cognitive paradigms
(visual attention, binocular rivalry, working memory, and brain rhythms) and clinical neuroscience
(epilepsy, aging, schizophrenia, migraine, autism, depression, anxiety, and stress). SSVEPs are
evoked responses induced by long stimulus trains with flickering visual stimuli. The steady-state
potentials are periodic with a stationary distinct spectrum showing stable characteristic SSVEPs
peaks over a long time period. It has been found that photosensitivity is found to be common
in patients with epilepsy, and visual stimulation may engage the mechanism underlying hyperex-
citability in the patients. A series of experiments by Wilkins et al. indicated that spatial properties
of visual patterns can elicit epileptiform EEG abnormalities [118]. The epileptic response was
reported to be sensitive to luminance, with higher luminance inducing a higher risk of epilepsy
[119]. People with migraine or epilepsy are especially prone to symptoms of visual perceptual dis-
tortions and visual stress on viewing flicking striped patterns. In a recent study, Birca et al. showed
that SSVEP harmonics in the gamma range (50-100 Hz) have significantly stronger amplitudes
and greater phase alignment for patients with febrile seizures. In children with focal epilepsy, a
similar effect in the gamma range was shown by [120]. As patient with epilepsy are prone to ex-

hibit abnormal EEG responses to repetitive modulated flicking patterns, the resulting SSVEPs can
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be employed to discriminate epileptic and non-epileptic patients in a short EEG test rather than
a long-term EEG monitoring often around or longer than 24 h. The experimental design of this
study is based on this observation. We make an attempt to test the hypothesis that epileptic and

non-epileptic EEG recordings during steady state visual stimulation can be classified.

3.7.2  Experimental Design

Eleven patients with epilepsy and eleven healthy subjects were recruited in this experiment. The 11
patients had been diagnosed with idiopathic generalized epilepsy (IGE) at University of Washing-
ton (UW) Medicine Regional Epilepsy Center at Harborview. The patients with history of photic-
induced seizure or photoparoxysmal responses (PPR) were exclude in order to minimize the risk
of inducing seizures during the experiment. The 11 healthy subjects were selected from those who
did not have a history of neurological or psychiatric diagnoses such as migraine or schizophrenia.
All the patients and normal subjects had normal or corrected-to-normal visual acuity. Each subject
underwent the same experimental protocol during EEG recording. Visual stimuli were consisted of
a high contrast strip pattern presented on a 19-inch LaCie Electron Blue IV monitor at a resolution
of 800 x 600 pixels, with a 72H vertical refresh rate and a mean luminance of 34cd/m2. The strip
contrast pattern flickering (condition 1) or switching (condition 2) at 7.5 Hz and the contrast level
were temporally modulated by 10 levels from lowest contrast (level 1) to highest contrast (level 10)
periodically. Each contrast level lasted for 1.067 s with 16 reversals of the flicker pattern. Thus,
each stimulus of 10 contrast levels was 10.67 s. Each subject performed 20 trials for condition 1

and 20 trials for condition 2 with brief breaks between trials. A typical session of each subject is

about 104AS15 min.

3.7.3 Signal Processing and Feature Extraction

The visual stimulation flicking at a constant frequency can evoke harmonic oscillations and the
SSVEPs were found to have the same fundamental frequency (rst harmonic) as the visual stimu-

lating frequency [121]. A recent study showed that the higher SSVEP harmonics can also play an
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important role in studying brain functions [122]. In this study, we extracted frequency features of
SSVEPs by Discrete Fourier Transform (DFT) with a 0.5 Hz resolution for each EEG channel of
each trial with a time length of 1.067 s. The frequency components obtained from DFT are subject
to signal variations. If signal strengths are different, the DFT coefficients are also different even
the two time series signals share similar wave patterns. EEG signal is known to have significant
inter-individual variability [123], and the signal amplitudes can vary considerable from one person
to another. Thus, the extracted DFT frequency components can be problematic in feature selection
and model construction across subjects. To tackle this problem, we introduced an normalization
step based on ParsevalaAZs Theorem. Parsevals Theorem states that the power spectrum summed
over all frequencies is equal to the variance of the signal. Based on this rule, we take standard
deviation of a signal as a normalization factor and normalize the signal to unit variance before
applying DFT.

From the normalized DFT frequency components, the components at stimulation frequency
(7.5 Hz) and multiple of stimulation frequency (up to 9th harmonics) were selected as signal fea-
tures. Then a segment of EEG signal is represented by nine features that include nine harmonic
frequency components that may be informative. The feature extraction was applied to each EEG
channel of each trial for each subject. For each subject, the features from trials with the same
contrast level were averaged to be the features of the contrast level. In summary, there are 128
(channel) x 10 (contrast level) x 9 (frequency component) = 11520 features for each subject. In
the next, we will present a new feature selection approach to select the most informative features

to discriminate epileptic patients from normal subjects.

3.7.4 Assessment and Validation

The feature subset assessment was based on leave-one-out cross-validation procedure. In order to
reduce the bias of training and testing data, cross validation techniques have been extensively to
assess a classification model. In this study, we employed a leave-onepatient- out cross-validation
methodology in order to avoid the potential bias of having EEG samples from the same patients

in both the training and testing data. We measured model classification accuracy by the average
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of sensitivity and specificity. Sensitivity and specificity are widely used in the medical domain
as classification performance measures.We labeled the EEG samples from epileptic patients as
positive and those from non-epileptic patients as negative. The sensitivity measures the fraction of
positive cases that are classified as positive; the specificity measures the fraction of negative cases

classified as negative.

3.7.5 Computational Results

We performed our feature selection and classification approach for each of the 10 contrast level and
each of the 9 harmonic frequencies independently. This experimental setup is specially designed to
find out which contrast and which harmonic frequency are most prominent to discriminate epilep-
tic patients from normal subjects. In the feature selection step, we selected the top ten highest M1
feature set first, and performed Lasso to select additional features from the remaining features with
relative-low MI values. Once we finalize the feature candidates (lasso-selected low-MI features
and top 10 high-MI features), we enumerate feature subset starting from one feature. The feature
combination with the highest cross-validation classification accuracy was selected as the as the op-
timal feature subset. The classification accuracies for each contrast level and harmonic frequency
are shown in Table 1. We notice that the contrast level 7 and the 5th harmonic frequency generated
the best validation accuracy of 90%. There were six selected channels: 53, 54, 56, 75, 114, 119.
Using prior knowledge guided feature selection have very good interpretability to physicians and
neurologist. We also compared three popular feature selection approaches, regular Lasso feature
selection [124], stepwise feature selection using statistical significance test [125], PudilaAZs float-
ing search [126]. Table 2 shows the classification performance comparisons of our method with the
three popular feature selection methods. The feature subset picked up by our approach generated
the highest cross-validation accuracy of 90%, followed by the PudilAAZs floating search with an
accuracy of 85%. Both regular Lasso and stepwise selection got the validation accuracy of 80%.

Also for the overall performance cross the 10 contrast levels and 6 harmonic
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3.7.6 Conclusion and Discussion

A quick and accurate epilepsy-screening tool could enormously reduce associated healthcare costs
and improve the current diagnosis procedure. To reliably recognize if a patient has epilepsy, we
developed a novel mutual-information-guided sparse feature selection and classification frame-
work to identify epilepsy-specific patterns from visually-evoked potentials in a human-computer
task. The experimental results confirmed that the proposed method achieved the best diagnos-
tic accuracy compared with several popular methods. The proposed method has a potential to help
physicians to determine whether a patient is epileptic or non-epileptic in a quick screening process.
More importantly, the proposed information-theory-guided sparse feature selection is an generally
framework. It is also promising to help physicians and neurologists in recognizing abnormal brain-
wave patterns in huge medical dataset with different brain imaging techniques (such as EEG, MEG,
and fMRI). The long-term goal of this study is to develop a fast, reliable, and affordable epilepsy
diagnostic system using shortterm interictal EEG signals. Such a system can revolutionize the

current epilepsy diagnosis practice with wide and convenient applications.
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Table 3.2: Comparison of Testing Results (Leave One Out Cross Validation)

# Se-
lected Testing Training Selection
Sensitivity Specificity
Fea- Accuracy Accuracy Method
tures
Proposed
4 0.81 0.87 0.81 0.80
Method
MRMR (Peng
5 0.76 0.78 0.75 0.80
et al, 2005)
Pudil’s
Floating
7 0.66 0.76 0.66 0.67
Search (P.
Pudil 1994)
14 0.70 0.74 0.72 0.67 PCA
MIM (Brown,
2009, Kwak
5 0.74 0.75 0.81 0.60 & Choi,
2002, Lin &
Tang 2006)
MIFS (Battiti,
5 0.70 0.76 0.69 0.73
1994)
JMI (Yang &
5 0.72 0.78 0.72 0.73
Moody, 1999)
CMIM
5 0.74 0.76 0.75 0.73 (Fleuret,

2004).
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Chapter 4

A PATIENT-SPECIFIC MODEL FOR PREDICTING TIBIA SOFT
TISSUE INSERTIONS FROM BONY OUTLINES USING A SPATIAL
STRUCTURE SUPERVISED LEARNING FRAMEWORK

4.1 Abstract

Recreating the natural anatomy in ligament reconstruction is crucial to fully restore the knee joint
function and reduce impingement on iatrogenic injury to adjacent structures, yet is subject to the
difficulties in locating ligament and other associated soft tissues insertion sites intra-operatively
and the high inter-person morphological variability cross patients. In this study we present a new
quantitative analysis method capable of achieving personalized identification of cruciate ligament
and soft tissue insertions. We craft patient-specific features of tibia outline that can be accurately
and reliably measured from CT images. In addition, we propose a supervised structure learning
and prediction model with special inter-dimensional and response structure regularization terms
to capture relationship between the spatial arrangement of soft tissue insertions and the patient-
specific features extracted from the tibia outlines. In experiment, the proposed model outperforms
baseline models and provides an accurate and accessible approach that can be used as the first and

the most critical step to achieve personalized surgical planning in cruciate ligament reconstruction.

4.2 Introduction

The knee is a complex joint that supports relatively large loads and great mobility, making it vul-
nerable to a variety of injuries. The anterior and posteior cruciate ligaments (ACL and PCL) are
two primary stabilizers of the human knee. The ACL is commonly injured: an estimated 175,000
ACL reconstructions are performed annually, with a financial impact exceeding 2 billion dollars,

in the United States alone. PCL injuries occur less frequently are believed to be under- diagnosed;
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yet they affect about 3% of the general population and account for as many as 40% of patients with

knee trauma seen in emergency rooms. .

The anatomic reconstruction procedure involves creating the bone tunnels and placing the sub-
stituting grafts in the exact anatomical positions as the native ligaments. An accurate replication
of the natural anatomy in anatomic reconstruction is crucial to fully restore knee joint function
and reduce impingement on or iatrogenic injury to adjacent structures [127, 128, 129, 130, 131].
However, current approaches to treating knee injuries are not quite good in terms of consistency
and effectiveness in restoring knee function and preventing the development of osteoarthritis (OA).
Analyses of long-term outcome after ACL reconstruction have revealed that only in 37% of the pa-
tients was normal restored in terms of knee structure and function [132], and 90% of the ACL-
reconstructed knees exhibited radiographic evidence of OA 3-10 years after injury [133]. A grow-
ing body of evidence is suggesting that anatomic reconstruction, performed by creating the bone
tunnels and placing the substituting graft at the native ligament insertion site, can better restore the
joint function and deter the development of OA. A number of challenges are present in practical

anatomic reconstruction of cruciate ligaments.

Intra-operative identification of the native cruciate ligament insertion sites, as a requisite for
anatomical reconstruction, poses a tremendous challenge. Not all surgeons can maintain an acute
awareness of the anatomy: about 85% of ACL reconstructions are done by surgeons who perform
fewer than 10 cases per year [18] and PCL reconstructions are even less frequently performed by
most surgeons; for those who can, factors including the arthroscopic distortion and disappearance
of the ligament remnant (naturally or due to a notchplasty procedure) can still cause misidentifica-
tion of the natural insertion or attachment sites. There is considerable variability of knee anatomy
in terms of bone and soft tissue insertion morphology (position, size, and shape) [19]. Sample
data from our preliminary study of tibial insertion site morphometry suggest that simplistic cross-
referencing or generalization from one patient to another is likely to lead to non-anatomical tunnel
drilling and iatrogenic injury to adjacent tissue structures. Although it may be difficult to gauge
the incidence and impact of these iatrogenic injuries as complications of ACL or PCL surgeries,

the importance of minimizing the risk of such injuries is readily recognized [20, 21].



58

The key to anatomic cruciate ligament surgery with minimized risk of iatrogenic injury is an ac-
curate, quantitative knowledge base of the tissue morphology, documenting inter-person variability
and specificity vs. uncertainty associated with alternative ways to predict morphometrics. Studies
have investigated the quantification of the insertion sites of the cruciate ligaments and other soft
tissue components using statistical and quantitative approaches [22, 23, 1]. However, such quanti-
tative analysis and measures generally cannot fully capture the accurate spatial arrangement of soft
tissue insertions. The location and morphological measures cannot account for the inter-person
variability of cruciate ligament and meniscus insertions, which are mostly characterized by qual-
itative measures [24, 25]. Advanced imaging techniques, such as 3D CT or MRI, which can be
useful to visualize the major structure outline of the knee of a patient clearly, cannot be applied
directly to determine the insertion sites for cruciate ligaments reconstruction. This is because the
imaging shows the structure of a knee with serious cruciate ligaments injuries and structure mis-
alignment. While in the surgery, it is crucial to identify the native location of the cruciate ligaments
to reconstruct the natural anatomy of the ligament structure. Therefore, one needs inference on the
appropriate insertion sites of native cruciate ligaments. Due to the complex anatomy of the knee,
the identification of insertion sites of cruciate ligaments in knee reconstruction surgery is still an

unsolved problem.

This study aims to develop a new quantitative analysis method to achieve personalized iden-
tification of cruciate ligament and meniscal insertions using patient-specific knee morphological
features. In particular, the proposed framework first digitalized outlines of tibia from 3D CT im-
ages and aligned the outlines using Generalized Procrustes Analysis (GPA) techniques. It then
extracted patient-specific features, trained a supervised structure learning and prediction model,
and predicted the centroids of the sites of the cruciate ligament and meniscal insertions using the
learned prediction model. The supervised structure learning and prediction model captured the
relationship between the spatial arrangement of soft tissue insertions and the patient-specific fea-
tures extracted from the tibia outlines, which can be easily and reliably measured from CT images.
To the best of our knowledge, this is the first supervised machine learning algorithms in knee soft

tissue site identification. The proposed learning and prediction framework provides a critical step
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to achieve the highly demanded personalized surgical planning in cruciate ligament reconstruction.

The rest of the paper is organized as follows. Section 5.3 presents the data acquisition and
knee imaging data processing including the digitalization of tibia and soft tissues from 3D CT
image, the image alignment and normalization using GPA, the innovative feature engineering via
coordinates transformation, and the structure learning and prediction model for the soft tissue
insertion centroids. Section 4.4 presents the prediction performance the proposed framework as
well as the performance comparison with the available baseline models. Finally, we conclude this

paper in Section 4.5.

4.3 Methods

4.3.1 Data Collection

Twenty tibia specimens (10 left and 10 right unpaired knees; 11 from men and 9 from women;
mean age at death: 61 £5 years) were used to acquire the morphometric data [134]. All epithelial,
subcutaneous, and muscular tissues were removed from the specimens. High-resolution CT scans
of the tibias were taken with slice spacing of 0.625 mm and three-dimensional (3D) bone models
of the tibias were created in Mimics (Materialise Inc., Belgium). A Polaris Spectra optical tracking
system (Northern Digital Inc., Ontario, Canada), with a manufacturer-reported accuracy of £0.25
mm, was used to digitize the outlines of the ACL, PCL, the medial cartilage (mcart), the lateral
cartilage (lcart), anterior and posterior medial meniscal root (ammr and pmmr), and anterior-lateral
and posterior-lateral meniscal root (almr and plmr). The digitization was performed by the same
experimenter with the repeatability, as assessed by intraclass correlation coefficients (ICCs), rang-
ing from 0.94 to 0.99. The digitized outlines were mapped onto the CT-based 3D tibia models with
a fiducial registration error smaller than 2% [1]. A closed spline was then fitted to each outline,
resulting in 100 equidistant discrete points to represent the outline, as shown in Figure 4.1.

A 3D coordinate system was defined on each tibia based on its digitized and mapped cartilage
outlines (Fig. 4.1). First, the origin of the coordinate system was determined as the midpoint

of the medial and lateral cartilage centroids. The principal components analysis (PCA) was then
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performed on the equidistant discrete points representing the cartilage outlines (200 points in total).
The X-axis was the first principal component axis passing the origin and pointing laterally. The
Y-axis was orthogonal to the X-axis, passing the origin and pointing anteriorly. To make the Z-axis
point proximally, the coordinate system was designed as a right-handed system for the right tibia

and a left-handed system for the left tibia.

4.3.2 Image Alignment and Normalization Using Generalized Procrustes Analysis (GPA)

Cartilage outlines for all 20 tibias were optimally aligned using GPA, which is an iterative process
of applying Procrustes superimposition to all possible pairs of configurations, a configuration here
refers to a set of cartilage outline landmark coordinates in a pre-defined order. For each cartilage
configuration pair, one configuration served as the base and the other as the target. Procrustes
Superimposition matches the target configuration onto the base, centering, rotating and uniformly
scaling the target configuration to minimize the shape difference (Figure 4.2). For multiple (20
in this study) configurations, GPA identified the reference or overall base configuration as the one
with the smallest overall Procrustes Distance (PD) to all others (i.e., the 19 remaining tibial car-
tilage configurations). The 19 remaining configurations were then Procrustes-superimposed onto
this selected reference and their insertion sites transformed accordingly by the same translation,
rotation, and scaling rules, without any shape distortion. Figure 4.3 shows the outlines of tibial
cartilage and six insertion sites from 20 subjects before and after cartilage-based GPA.

With the ultimate goal of 3D prediction directly, we first need to investigate and evaluate the
feasibility if the internal structure of cruciate ligaments can be possibly learned from the outline
of tibia. Thus, we first limit our scope in a 2D plane and investigate if the structure relation can
be learned. Conceptually, if certain 3D relationship between tibia outline and locations of cruciate
ligaments exist, then the structure should also exhibit in the projected 2D plane. In other words, if
the structural prediction performance on a 2D plane is promising, then it will confirm that the knee
outline information is useful in prediction of native locations of soft tissues. Most importantly,
it will also indicate structural relation between tibia outline and soft tissue locations may also be

valid in the 3D space.
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4.3.3 Feature Engineering using Coordinates Transformation

The outline of tibia can be easily and reliably measured, making it a feature candidate to predict
the locations of intangible soft tissues. From examining the digitalized 3D data, we observed that
the length and width dimensions did not change significantly along with the change of the depth
dimension. Hence, the depth dimension can be considered a noise dimension to be filtered from
digital images. After preprocessing, the digitalized image data in Cartesian coordinates can repre-
sent each point in two dimensional space (z,y). In particular, we employed the polar coordinates
to reduce feature dimension. The feature dimension for Cartesian coordinates for each 2-D point
on the tibia boundary is 2, however, for polar coordinates, since we take points from equal intervals

and drop the angle, and the feature dimension becomes 1.

A 2-D point with Cartesian coordinates (z, y) can be transformed into polar coordinates (p, )
following the rule: * = pcosf,y = psinf. For the shape of tibia, we consider the aligned
origin as its center, and transform all points (including all boundary and all inner points) into polar
coordinates according to the above rule. To represent the outline of tibia with a limited number of
features, we implemented a discretization and boundary detection algorithm. The algorithm first
divides a complete cycle into N = 36 equal intervals, creating a series of 10° intervals. Then the
algorithm finds the maximal p in each interval and records it as p;, where ¢t = 1, ..., 36, resulting a
functional data series of tibia shape (Fig. 4.4). In this way, each outline of tibia was represented

by a 36-dimensional vector (pq, pa, ..., P36)-

Such transformation characterizes the shape of tibia by a functional data series for each indi-
vidual patient. Such patient-specific tibia features will be used to predict the sites of ligament and

other soft tissue insertions.

There is high variability in ligament and meniscus insertions. In a surgical procedure, the
centroids of the insertions are of particular importance to tunnel locations. Thus, we focused on
the prediction of the centroids of the ligament and meniscus insertions instead of the complete

morphology of the insertions.
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For each subject i € {1,...,20}, the centroid of an insertion site j, (a;;, b;;) is defined as
max(z;;) + min(x;;) max(y;;) + min(y;;
( ( ])2 ( ])7 ( ])2 ( .7)) (4.1)

4.3.4  Structure Supervised Learning Model for Soft Tissue Centroid Prediction

Regardless of inter-person variability existing in morphology, the spatial arrangement of the eight
soft tissues basically follow an intrinsic pattern of inter-tissue structure. For example in 2D CT
scan, ACL is above PCL, AMMR is always adjacent to ACL, no soft tissue can be out of the tibia
outline. To correctly retain such structure when predicting the centroid of each soft tissue, we also
need to consider the correlations among soft tissue centroids. Since centroids are the responses in

our model, we adopt the following strategy to address such consideration.

In multivariate regression, we learn the relationship between m response variables {y"), 3 ...
and p predictors {z(1), 2(?) ... 2™} Each y) has its own regression model
Y9 = Boj + Brjwr + Baya + ...+ By + € (4.2)

The above problem can be generalized as sparse multi-task learning [135], which minimizes
overall errors among m responses instead of the error of each individual response with a proper

regularization on matrix f3.

min Y ||y? — Xp9|| + |8 (4.3)
j=1

To capture the spatial arrangement of the soft tissues, based on our previous studies on predic-
tion model development for medical problems[136, 137, 138], we modeled the spatial structure in

a simplified linear relation as follows.
(W, .yt AD = 0,5 € {1,2,...,m},a,; #0. (4.4)

It shows that each response variable can be linearly represented by the other seven response vari-

ables. The optimization objective should not only consider how well the prediction §) fit the
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D

response, but also how well the predictions {71, 3 ., 9™} fit the structure that the responses

would fit.

To predict the centroids of the eight soft tissues within the tibia, we have developed a structure
supervised learning model to construct a regression model for the centroids of all eight soft tissues.
In the model, the independent variables (features) are the functional data series of tibial shape and
the response variables are the distance from soft tissue centroids to the tibia centroid (0, 0).

Let z;, ©+ = 1,...,20 be features extracted from the tibia outline, where z; is a vector of 36
dimensions that represent the tibia functional data series. Let y; be response variables (soft tissue
centroids), each is a vector of 16 dimensions (x-y coordinates off the centroids of all 8 soft tissues.)
Let A be a matrix describing linear relations between each components of y;, 5 be the matrix
indicating linear relation between y; and x;. Let a1, as and a3 be the tuning parameters. The

objective function of our structure-based regression model is given by

20 20
I}qliﬁflz |y — @iBl| + Z |y All .5)
=1 i

i=1
+on Y Al +as Y 18i4l.
i i

Where the first term is the sum of Euclidean norm of the error terms based on linear regression
between y; and x; (“Euclidean norm error term’). The second term is the sum of Euclidean norm of
the error terms based on linear regression between different dimensions of y; (“Inter-dimensional
Regularization Term”). The last two terms are [; regularization terms, where the third regularizes
on the structures on response (‘“Response Structure Regularization Term”), and the last one is the /4
regularization term on /3 (“(5 — [; term”). With the three regularization components, our framework

can predict on response variables with learned spatial structures.

4.3.5 Soft Tissue Centroid Prediction

The trained model balances the fitness between feature vector x and response vector y and the

spatial structure embedded in the response vector. With the learned model parameters (3, A, the
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prediction step is to find a ¢ that minimizes the objective function as follows
min [ly = 25]| + au [y All “6)

Given a feature vector of a new patient, the optimization framework ensures that the predicted

centroid locations follows the learned spatial structure and also minimizes the fitting errors.

4.4 Evaluations

In this section, we test the proposed model on the knee data with 20 subjects and also compare the
model with several alternative methods. Since the sample size is smaller than the feature size, we

try lasso, population mean, k-nearest neighbor approaches.

4.4.1 Performance Measures

The leave-one-out-cross-validation (LOOCV) was employed to obtain an unbiased estimate of
the generalization ability of the prediction models. For a dataset with n subjects, the procedure
consists of n trials. In each trial, a model is trained from n — 1 subjects to predict the remaining
one, and calculate the squared error against its actual value. The procedure repeats n times until
all subjects have been tested once. We used the mean squared error (MSE) over the 20 subjects
as the performance metric to evaluate the accuracy of centroid prediction to compare different

approaches.

4.4.2 The Effect of Spatial Structure Learning

First, we examine the proposed formulations on the knee data of 20 subjects. In particular, we
compared our proposed framework with the following three variations: 1) Model A: minimize
Euclidean norm error term with only /; regularization term on (3; 2) Model B: structural learning
with linear predictor (no optimization); 3) Model C: minimize Euclidean norm error term with
only inter-dimensional error term and /; regularization term on (3, and 4) Model D: the population
mean method. The comparison will be based on prediction error for each predictor variables and

the total number of variables that outperform population mean method.
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The comparison results are summarized in Figure 4.5. One can observe that with only /; regu-
larization term on 3 (Model A), the prediction suffered from high prediction error due to ignorance
of variance and structural properties in the response. only Inter-dimensional regularization term
and [, regularization term on 3 (Model C), prediction still cannot outperform population mean
method due to lack of consideration of structural properties in the response. Structural learning
without optimization procedure (Model B) does not predict well either due to ignoring the cor-
relation among the aforementioned terms. Our proposed model, with adding Inter-dimensional
regularization term, response structure regularization term, [, regularization term on 3, and op-
timization procedure, can outperform population mean method in terms of total residual sum of

CITOIS.

4.4.3 Comparison with Baseline Methods

To show the advantages of the proposed method, we also compared the model with several alterna-
tive methods, including lasso, population mean, k-nearest neighbor approach described as follows.

Linear Regression with Regularization: Since the number of features is greater than sample
size, we apply lasso [62] to each coordinate of eight soft tissues. This approach does not consider
the inter-relationship of the positions.

Population Mean: To predict soft tissue centroids using population-based prediction, in our
case, we consider our 20 subjects as a target population. When we make prediction, we need to
ensure that the predicted soft tissue centroids are consistent with the community’s average charac-
teristics.

K nearest neighbor Algorithm with Three Distance Measures: K nearest neighbor [139] can be
used both in classification and in regression. In classification, we assign class label to a subject
according to the majority vote of its k closest training examples. In regression, we compute the
value of a subject by taking average of its k closest training examples. From its k most nearest
training samples, we can learn the knowledge of a subject. The k nearest neighbor algorithm
provides us with more patient-specific information than population based approach.

In the k-nearest-neighbor algorithm, distances between two subjects can be considered simi-
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larity between them. In our analysis, we compare three different distance measures in calculating

such similarities.

(1) Euclidean distance measure is the distance on Euclidean space. Intuitively, it is the length of

a line segment connecting 2 data points.

(2) The two sample t-test measure. Lower p-value indicates bigger difference.

(3) In time series analysis, Dynamic Time Warping (DTW) [140] measures similarity between
two temporal sequences which may vary in time or speed. When we compare two sequences,
instead of making point-to-point comparison, we create time windows, and consider the
minimal distance in a time window as the distance. We try two difference time windows.

Window parameter is the unit of time shift we allow.

Comparison Results with Baseline Models: Table 4.1 summarizes the prediction performance
of the eight soft tissue centroids by the proposed model and the baseline models aforementioned.
For each soft tissue centroid, the average residual sum of squares of x and y axis over the 20
subjects are reported. The MSE of the proposed model is equal or better than that of population
mean based method in 13 out of 16 axes (Table. 4.1), is the best (or tie) in 10 out of 16 axes
among all the methods. Table 4.2 summarizes the Euclidean distances between the predicted and
actual soft tissue centroids. Again, the proposed method achieved the best prediction performance
in six out of the eight soft tissue centroids. These experimental results confirmed that the proposed
supervised learning model was effective to learn the spatial structure of the eight soft tissues to
improve prediction performance. Figure 4.6 illustrates the centroid predictions on one subject.
The proposed method generated predictions closer to the actual centroids in six out of the eight
soft tissues.

In addition, we also compared a simple linear model with the proposed model without reg-
ularization, and the prediction results are summarized in Table. 4.3. One can observe that the

prediction performance of the linear model has a high variance and is among the worst compared
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with other baseline models. Also without the structural learning term, the proposed method is re-
duced to the regular lasso model, and the prediction performance was significantly deteriorated.
This observation also indicated that the structural learning term is indeed useful to improve the

prediction performance by considering the learned spatial structure of the eight soft tissues.

4.5 Discussion and Conclusions

The motivation of this study is to provide an accurate quantitative approach to aid soft tissue inser-
tion localization using patient-specific measures that can be reliably and accurately acquired from
knee imaging data. An extensive quantitative analysis of the location and the inter-relationship
of soft tissue insertions on the tibial plateau has been performed, including digitalization of tibia
outlines from 3D CT images, the imaging alignment using generalized Procrustes analysis, patient-
specific morphological feature extraction from tibia outlines, integration of a spatial-structure
learning in a regularized regression-based model training framework, and a patient-specific pre-
diction framework with the learned spatial structure of the soft tissue insertions. In particular, we
demonstrated the possibility of using outlines of tibia to predict the centroids of eight soft tis-
sue insertions that are crucial in anatomical reconstruction of cruciate ligaments. The proposed
methodology yielded the best prediction accuracies compared with other baseline models for the
eight soft tissue locations. The integration of the proposed spatial-structure learning framework
has demonstrated to improve the prediction performance significantly.

With the limited data size of 20 subjects, the primary goal of this study was to investigate
the feasibility of establishing a quantitative prediction methodology of soft tissue insertions. The
proposed structure learning and prediction framework could potentially be strengthened or com-
plemented if more data samples become available. In this study, we only restricted our analysis
of tibia outlines and soft tissue centroids in a 2D space using the GPA aligned tibia outlines and a
PCA-transformed coordinates. A natural extension of this work is to construct a full 3D prediction
model using 3D outlines of tibia. Although the 3D knee models for the subject-specific geometry of
bone and soft tissues are widely available from imaging data, such as CT and MRI [141, 142, 143],

it is still challenging to obtain accurate location information of the ligament insertion sites and
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meniscal root attachments conveniently. To obtain an accurate anatomical structure, specific MRI
sequences and configurations may be required for specific tissue structures [144, 145, 146], or one
has to acquire data in vitro [144, 147]. Such procedures are generally expensive and often im-
practical for broad clinical applications. The supervised structure learning and prediction method
developed in this study has a potential to provide accurate information of soft tissue insertion sites
only using the tibia outlines that can be reliably and easily acquired from imaging data of the knee.
The efficient quantitative analysis framework facilitates establishing a clinical applicable tool to
assist surgeons with identifying soft tissue insertion sites, based on which a close replication of the
native anatomy can be created and the risk of iatrogenic injury to adjacent tissue structures can be
minimized. The quantitative modeling and analysis methodology in this work is among the first
efforts to facilitate the highly demanded personalized surgical planning and achieve more precise

and better-navigated surgeries in anatomical reconstruction of cruciate ligaments.
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Figure 4.1: The digitized cartilage and insertion site outlines mapped onto the CT-based 3D tibia
model. The digitized points (asterisks) were spline-fitted, generating 100 equidistant points (circles

on the close-up view of ACL insertion outline) on the fitted outlines to facilitate the subsequent

analyses [1].

Axial View

Medial Lateral Medial Lateral
Cartilage Cartilage Cartilage Cartilage

Figure 4.2: The effect of Procrustes Superimposition illustrated by one pair of tibias. One carti-
lage configuration served as the base (thick) and another as the target (thin). Six tissue structure
insertions before (left column) and after (right column) superimposition are also shown in three

orthogonal views [1].



70

Axial View
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Figure 4.3: The outlines of tibial cartilage and six insertion sites from 20 subjects before (left plot)

and after (right plot) cartilage-based Generalized Procrustes Analysis [1].
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Figure 4.4: The patient specific feature extraction procedure from CT image of the Tibia. First,
the tibia outline in Cartesian coordinates is converted into polar coordinates. We divide a complete
cycle into 36 equal intervals, and then find the maximal magnitude in each interval to generate a
36-dimensional functional data series as the input predictive variable to train the prediction model

of soft tissue insertion sites.
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Table 4.1: Knee Soft Tissue Centroid Prediction MSE (mm) (Leave One Out Prediction) in Carte-

sian Coordinates

Soft Proposed lasso Population E;lN KNN KNN KNN
Tissue Model Model Mean (t-stat) (DTW=1) (DTW=2)
clidean)
Icart (17.49, (28.44, (70.01, (19.64, (34.82, (19.19, (22.09,
(x,y) 21.65) 21.18) 21.73) 21.88) 22.36) 20.98) 21.47)
mcart (22.32, (25.60, (69.50, (23.84, (44.60, (27.63, (32.18,
(x,y) 11.63) 11.63) 11.63) 15.72) 12.90) 13.54) 12.53)
(73.60, (77.69, (70.77 (51.41, (62.32, (56.72, (57.61,
el ey) 99.78) 108.33) 101.50) 137.32) 103.00) 120.75) 126.24)
almr (25.58, (34.40, (28.93, (28.00, (28.09, (29.68, (29.98,
(x,y) 76.84) 107.26) 82.60) 98.17) 85.07) 87.77) 93.07)
ammr (224.71,  (222.64, (21433, (35541, (228.54, (271.12, (261.33,
(x,y) 57.37) 40.95) 33.68) 41.10) 31.43) 31.34) 30.49)
(56.70, (49.15, (58.60, (62.19, (71.78, (67.77, (63.49,
pel () 36.39) 49.79) 40.15) 34.91) 36.23) 35.39) 36.68)
plmr (66.20, (78.47, (68.85, (74.36, (65.78, (83.66, (76.27,
(x,y) 64.78) 82.59) 68.54) 67.75) 66.02) 69.17) 69.64)

pmmr (65.51, (68.42, (74.99, (73.18, (78.15, (68.63, (58.84,
(x,y) 88.69) 102.61) 102.85) 110.79) 95.08) 105.83) 106.00)
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Table 4.2: Knee Soft Tissue Centroid Prediction MSE (mm)(Leave One Out Prediction) in Polar

Coordinates
KNN

Soft Proposed lasso Population( KNN KNN KNN
Eu-

Tissue Model Model Mean (t-stat) (DTW=1) (DTW=2)
clidean)

Icart (1) 39.14 49.62 91.74 41.52 57.18 40.17 43.56

mcart (r)  33.95 37.23 81.13 39.56 57.5 41.17 44.71

acl (r) 173.38 186.02 172.27 188.73 165.32 177.47 183.85
almr (r) 102.42 141.66 111.53 126.17 131.16 117.45 123.05
ammr (r) 282.08 263.59 248.01 396.51 259.97 302.46 291.82
pcl (r) 93.09 98.94 98.75 97.1 108.01 103.16 100.17
plmr (r) 130.98 161.06 137.39 142.11 131.8 152.83 145.91
pmmr (r) 154.2 171.03 177.83 183.97 173.23 174.46 164.84

Prediction M odel Training Prediction Formulation and T esting

Centroids of 8 Soft Tissues| | 36-Dimentional Feature Knee CT Image of a New Transformed 36 Tibia
v of Tibia Outlines Subject Unused in Training Outline Features i

=
w
= ‘
o

%

f ) x
=

Train the Regularized Regression-based
Prediction Model with an Integrated Spatial
Structure Learning Term

20 20

Optimization Framework to
Generate Predicted Centroids
that fit both the Regression

. Model and the L earned
11411;121 [lyi — ziBl| + Zl [lyi All
P —

Spatial Structure.
1=
+a Z [Ai ;] + a3 Z |Bi 5]
ij ij

min ||y — zB|| + a1|[yA]|
Y

Figure 4.5: The flowchart of the training and testing of the proposed patient-specific prediction

model of soft tissue insertion sites using the 36-dimensional features extracted from tibia outlines.
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tibia and centroids of 8 soft tissues
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Figure 4.6: The outline of tibia and the centroids of soft tissues are in red. The predicted centroids
(green) by our model are in general closer to the actual locations than the predicted centroids (blue)

by population mean.

Table 4.3: Knee Soft Tissue Centroid Prediction MSE (mm) (Over-fitting)

Soft Tissue Linear Model lasso Model
Icart (X,y) (107.84, 102.42) (51.44, 34.55)
mcart (X,y) (56.66, 112.55) (32.08, 35.74)
acl (x,y) (769.07, 321.92) (192.03, 225.45)
almr (x,y) (326.28, 727.48) (75.46, 208.19)
ammr (X,y) (670.52, 720.83) (418.54, 88.61)
pel (x,y) (332.68, 109.64) (148.62, 27.27)
plmr (x,y) (570.84, 520.73) (180.58, 159.46)

pmmr (x,y) (459.02, 1219.24) (286.87, 235.75)
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Chapter 5

LEARNING LONGITUDINAL PLANNING FOR PERSONALIZED
HEALTH MANAGEMENT FROM DAILY BEHAVIORAL DATA

5.1 Abstract

Mitigating globally emerging health problems such as obesity needs scalable solutions that can
promote healthier lifestyles outside of clinical settings. Such scalable solutions, while targeting
general population, need to automatically provide personalized behavior change plans that fit an
individual’s preferences and needs. There has been fast-growing development of sensing devices
and applications for continuous monitoring of human behavior (such as physical activity and food
intake) and health status such as BMI. However, there are challenges to translate these noisy and
dynamic behavioral data into personalized planning. To address both challenges, we develop a
systematic framework that unifies dynamic modeling, sparse learning, dictionary learning, and
matrix completion to translate users’ behavioral data into deeply personalized health planning. We
further apply our proposed model on a real-world user behavioral dataset, which demonstrates the

promising utility and efficacy of our method.

5.2 Introduction

Emerging technologies, such as smartphones and wearable sensors, have provided health profes-
sionals unprecedented monitoring and intervention capacity to materialize the envisioned person-
alized and preventative healthcare, particularly for those health management problems that need
scalable solutions to promote healthier lifestyles outside of clinical settings. In this paper we study
how to learn personalized and achievable behavior change plans from users’ daily behavioral data.
A typical application is obesity prevention, which relates to over one-third of the US adult pop-

ulation [148]. Addressing obesity-related problems is believed to be beyond the capacity of the
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healthcare industry [149], calling for scalable solutions that can automate personalized decision-
makings. Emerging tracking devices and applications can help monitor and regulate physical ac-
tivity and food intake as well as collecting health data [150]. However, existing strategies only
exploit limited value of these data so that feedback to individuals is often limited to either overall
statistics [150], visualization of self-tracked data [29], or generic suggestions [30] without being
personalized to a user’s lifestyle.

We hypothesize that the fine-grained information contained in behavioral data monitored daily,
or by hour or even minute, can be better exploited. For instance, the underlying dynamic model,
which governs the relationships between the behavioral variables (e.g. activities and food intake)
and health outcomes, can be learned and leveraged to generate personalized and actionable sugges-
tions. A visionary paper [151] pointed out that “it is promising to apply control systems engineer-
ing principles [152] to design and implement a behavior change system that is optimized to deploy
finely tailored, properly dosed, just-in-time bouts of intervention at the precise moment and context
when they will be maximally effective at influencing your behavior.” Thus, the ultimate objective
is to translate users’ behavior data into deeply personalized and achievable health recommendation.
It requires a smart learning and planning engine that can first learn the dynamic model that governs
the relationships between the users’ physical activity, dietary behavior, and heath outcomes such
as BMI; and then, strategically suggest changes to those behaviors for a healthier lifestyle. Person-
alized recommendation is not reinventing the wheel. It’s applying what doctors have been doing
on a larger scale via a smart and automatic engine, enabled by the emerging big personal behavior
and health data.

To the best of our knowledge, there still lacks a systematic methodology that can learn from the
non-existing fine-grained data for dynamic modeling, let alone personalized planning that should
build on the learned dynamic model. To make the best use of the data, we recognize that there are

both learning challenges and planning challenges as elaborated below:

e Challenges in learning from behavior data: On top of the underlying complex multivariate

dynamics, the missing values and outliers, commonly found in users’ behavioral data, present
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difficulty in learning [153, 154]. The ability to automatically learn the dynamic model(s) for

many individuals from noisy behavioral data is currently lacking in literature.

e Challenges in personalized longitudinal planning: How to formulate the optimal planning on
the foundation of the dynamic model (that characterizes the hidden principles representing
the physical or physiological constraints that any health planning has to comply with); how to
characterize the user’s preferences and incorporate them in planning; and how to learn from

peers (that form a potential mentor group of the target user), are the planning challenges.

To address the arising challenges, we develop a longitudinal planning framework that unifies
dynamic modeling, sparse learning, dictionary learning, and matrix completion. Our contributions

include:

e A dynamic system learning method — SSMO, which can automatically remove the effects of

potential outliers in the dataset, impute the missing values, and conduct model identification.

e A dynamic planning system that can learn the optimal behavior change plan guided by the
individual’s own dynamic model. To enhance the quality of the planning, we further for-
malize users’ preferences and needs as constraints, and constructing an action polyhedron
for each user by adopting dictionary learning on the actions of peers that form a potential

mentor group.

e Efficient algorithms to solve the learning and planning problems with specific optimization
strategies to ensure the feasibility and robustness of the algorithms. Extensive numerical
studies on both synthetic and real-world data demonstrate the utility and efficacy of our

methods.

5.3 Methodology

Our proposed learning pipeline comprises three major components: (1) a dynamic system identifi-

cation engine that automatically takes care of missing values and outliers; (2) a dictionary learning
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Figure 5.1: Outliers and missing values of BMI

approach for action polyhedron construction; and (3) a personalized longitudinal planning algo-

rithm.

5.3.1 Dynamic System ldentification with Simultaneous Missing Value Estimation and Outlier

Detection (SSMO) Engine

We develop a dynamic system learning method, SSMO, which can automatically remove the effects
of potential outliers in the dataset, impute the missing values, and conduct model identification at
the same time. Given a user record with a series of observations, {x;, u;}._,, where x; denotes the
outcome at time ¢ which can be extended to any dimension and u; denotes the behavior profile as
a column vector at time ¢, we propose to adopt a linear dynamic system as the underlying model to
characterize the relationships between the behavioral and outcome variables. The linear dynamic
system is a very flexible model that can characterize a wide range of dynamics. For instance,

in what follows we illustrate the specific use of a linear dynamic system to model the 3rd-order
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dynamics:

Xit1 Xy uy
X¢ =A Xeq | T B u_q | + C+ wy, 5.1
X1 Xt—2 Ui—2

where w; is white noise and C' is a bias term. Such a formulation can capture both spontaneous
effect (i.e., from u; to x;) as well as delayed effect (i.e., from u; 5 to x;,1). Apparently, this
formulation is generic and can be further extended to capture higher-order dynamics. It can also be
recognized as an equivalent form with the common continuous linear dynamic system that models
[x(t); %(t); x(t)] [155] if we rewrite [x;; X;_1;X;_o] as [x; (x; — xy_1); (X + X4—2 — 2x;_1)] (note
that the parameters A, B, and C would be different then).

The main challenges for system identification to learn model parameters A, B, and C' arise from
the large number of missing values and frequent outlier points in {x;, u; }._,, clearly illustrated in a
fragment of the real-world time series of BMI measurements in Figure 5.1. Inappropriate handling
of missing values and outliers may lead to the computational difficulties from holes in the dataset,
as well as the bias and loss of precision due to distortion of the data distribution [156]. For example,
among the approaches that handle missing values [157], the “mean imputation” method ignores
the context as it fails to utilize the underlying dynamics of the variables. The “last value carried
forward” method takes a conservative approach, underestimating the changes over time. Thus,
neither method is suitable for imputing missing values in the dynamic modeling context. Later
both methods will be used as the baseline methods for performance comparison in Section 5.4.1.
In addition to missing values, the existence of outliers would inflate the variable variances and
cause large estimation errors, particularly for linear models.

The basic idea of SSMO for better dynamic system identification is to simultaneously impute
missing values, delete outliers, and train the dynamic model, so that the imputation of missing
values and detection of outliers are in a proper context defined by the learned dynamic model. Let
X = [x0,%1, -+ ,x7] be the state matrix and U = [ug, uy, - - - , ur_1] be the action matrix. €2, and

), represent the observed elements in X and U, respectively, with their complement sets denoting
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missing values. Define X = [Xg,X1, -+ ,Xr| and U = [Gp, 0y, -+ ,Gr_q] as the estimates of X
and U. We propose to learn X and U in SSMO to be consistent with X and U on the observed sets
Q., 2, respectively. The identified outlier and missing elements in X are essentially free variables
in X.

2

71 || | X1 Xt Uy
o1 . . N
AI’IAE%7§ ; Xy - 14 X1 | t+ B a1 | + C (5.2a)
XU Xi—1 Xi—2 1 P
st. (X = X)a,llo<a; |(U=0U)q,lo<b. (5.2b)

The objective (5.2a) is a squared loss function to evaluate the goodness-of-fit of the system
parameters A, B, C' and the estimates U ) X. The constraints (5.2b) are to control the number of
different estimated elements from the observed elements in {2, and €2,, which essentially controls
the number of outliers among the observed elements. The parameters a and b restrict the maximal
number of outliers. When they are set to 0, (5.2) only handles missing values. The values for a and
b actually are not hard to decide. For example, we could estimate the upper bound of the percentage
of outliers that is easily accessible in many applications. This algorithm is indeed robust as long as
a and b are greater than the actual number of outliers but not far away from it.

Solving SSMO by Block Coordinate Descent(BCD)
We apply Block Coordinate Descent (BCD) [158] to solve (5.2) by alternatively optimizing
two groups of variables {A, B, C'} and {X, U}:

e To optimize { A, B, C'}, it is a least squares optimization with a closed-form solution.
e To optimize {X U }, we adopt the projected gradient descent method to iteratively update:

Xps1 = argn}in{HX = (Xk — VQX,C)H%;

st [[(X = X)a,llo < a},

where g is the partial derivative of the objective function (5.2a) w.r.t. X v is the step

size that could be chosen to be a sufficiently small constant; and || - || denotes Frobenius
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norm. It actually also admits a closed-form solution that can be found by: First, selecting
a elements in (X K — V9%, — X )q, with the largest magnitudes as the outliers at the current
iteration and forming a set S; Second, setting the elements outside of €2, and in set S:
(X k+1)0,08 = (X, — V9%, )a.uss Third, setting the remaining elements in Xyt1 to take the
same values in X - To update U, k1 from Uk, one can follow a similar procedure. Due to the

space limit, we omit the detailed derivation.

We summarize all the steps in Algorithm 1.

Algorithm 1 BCD for SSMO
Require: Xq_,Uq,,a,b

Ensure: A, B,C, X,U

1: repeat

2: Optimize A, B, C' by minimizing the least squares problem (5.2a) without any constraint.

3: Optimize X: Select top a largest elements in (X — v9% — X)q,, which forms the index
set S; Update elements of XinQ,US by

~

(X)a,us + (X — 9% )a.us-

Optimize U: similar to the updates of X;

E

5: until convergence.

6: return A,B,C’,X,U;

5.3.2  Personalized Longitudinal Planning

We present our personalized longitudinal planning model to derive recommendations that accom-
modate an individual user’s needs and preferences based on the user’s dynamic model. Specifically,
it is to identify an optimal sequence of actions, denoted by ug, uy, - - -, upr_1, to drive the user’s
initial health status x; to the target status x in 7' days. For example, with BMI as the health status,

the user may want to reduce BMI from the current level x, = 30 to the target 28 in 90 days. With
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a dynamic model, any proposed planning can be evaluated with the predicted future health status.
The challenge is how to utilize this capacity to derive the optimal planning. On the other hand, we
should formalize the user’s preferences as optimization constraints to enhance the quality of the

generated optimal planning. This leads to the following formulation:

T T—-1

min ZCTUH“)\ZHW —w1]jy (5.3a)
ot AL S t=1

s.t. xp < target (5.3b)

u <u <uy (5.3¢)

uy=h (5.3d)

u; € conv(D). (5.3¢)

The objective function (5.3a) consists of two terms: The first term is to measure the cost of the
adopted action, as different users might have different preferences or difficulties in conducting
the actions; and the second term is to measure the smoothness of actions across all time points,
assuming that users do not like sudden changes between consecutive actions as what the low-
effort theory implies [159]. The first constraint (5.3b) is to ensure that, by following the plan-
ning, the user will achieve the pre-specified goal, where x is the estimated final health status
using the dynamic model (5.1). Specifically, based on the initial status xg, X1, X5 and the action
sequence ug, Uy, -+, Up_j, X7 can be estimated from [Xp;Xp_1;Xp o] = AT 72[x9;x1;%0] +

tT:_Ql AT*tle[ut; u;_1;u;_s]. The second box constraint (5.3c) is to avoid unwanted and unre-
alistic actions for a specific user. The third constraint (5.3d) ensures the recommendation to start
from the habits h of the user. We further impose another constraint (5.3e) to enforce the recom-
mended actions to be within a set conv(D). This is named as the action polyhedron that specifies
the action space, in which a realistic planning can be constructed. It provides us great flexibility
to incorporate domain knowledge or any kind of prior knowledge to guide the personalized longi-
tudinal planning. In Section 5.3.3, we will introduce a learning-from-peers approach to construct
this action space by a novel dictionary learning approach.

To conclude this subsection, it is worth giving a summary of how to set up the longitudinal
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planning formulation in practice: First, we can set the personalized lower and upper bounds for all
action variables: u_ and u,; Then, we set the preference scores for extreme actions, c_ and c,
corresponding to u_ and u. ; Based on the user’s preferences, we can calculate the action weight
vector as the preference score c in the objective function: ¢ = (cy —c_) @ (uy — u_), where @
is the element-wise division.

Optimization

The longitudinal planning formulation actually embodies a linear programming (LP) problem.
Note that all u,’s are automatically restricted in the convex hull of D. Thus, for any uy, there exists

an o such that u; = Day, oy > 0 and 17, = 1. With this transformation, the problem (5.3) turns

out to be Eq. (5.4).

o, ", —1

T T-1
min ZCTDat—F)\Z |D(cy — 1)1
t=1 t=1

) 5.4
st. Xxp <target, u- < Doy <uy,

Dag=h, a; >0, 1'a;=1.
We further adopt a standard technique in optimization [160] to replace the L;-norm term by
introducing two variables, 8,7 > 0 and 3, > 0, to represent the positive and negative components

of D(a; — ay—1), so that we derive the final LP formulation that can be solved using any LP solver:

T T—1

min Y ¢ Day+AY 1T(BF +5;)
{a}tzio ’ t=1 t=1

{68 Y,

s.t. xp <target, u_ < Do <uy,
(5.5)
a; >0, Dayg=h, 17a; =1,
D(Oét - 04t—1) = ﬁj - Bt_a

B >0, B >0.

5.3.3 Action Polyhedron Construction (APC) Engine

We now introduce the dictionary learning approach to construct the action polyhedron conv(D)

as the feasible region of actions, ensuring the recommendations are realistic and reasonable in
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practice. In particular, conv(D) can be viewed as a summary of the typical action patterns of other
users that form a potential mentor group for the target user.

Let U € RP*™ be the action matrix that we could use to learn conv(D), i.e., each column repre-
sents an action vector that has been undertaken in real life by a certain user. U can be constructed
by collecting n actions from different users whose behavioral patterns could inspire the planning

for the target user. Then, the formulation of the dictionary learning can be written as (5.6).

1
min 5||U—UW||2F+7||W||2,1

st. W>0 (5.6)

1"W =1.

The first term is to measure the approximation adequacy to represent all actions (vectors) in U
using a set of basis actions (vectors). The second term is to enforce sparsity in the basis matrix
W, i.e., the nonzero columns of the learned W indicate the selected actions. Figure 5.2 illustrates
the goal of finding a polyhedron to represent the whole action set U using a convex hull as the
action polyhedron D. Figure 5.2 is based on over 10,000 behavioral actions collected from over
30 users. It shows that the behavioral actions undertaken by this cohort exhibit a clear regularity,
indicating that human behavioral actions follow certain principles and are not totally random. Thus,
to generate personalized longitudinal planning, it is required that the planning should consist of
reasonable actions that fit the “human patterns”. Further, Figure 5.2 shows that the dictionary
learning formulation provides a very effective approach to extract patterns and summarize the

massive data matrix U.

Challenges in Optimization Note that the proposed dictionary learning method is different from
the existing methods that have been used in pattern recognition such as [161, 162], and event de-
tection [163]. To solve (5.6), we face two challenges: The first one is that (5.6) involves high
dimensional W' € R™*"; The other challenge lies on that (5.6) includes nonsmooth regularization
term and constraints. It takes hours to solve it with n = 1000 if using general solvers, for example,

CVX [65]. In the following, we will derive an efficient algorithm to solve it. We apply the general
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Figure 5.2: The constructed action polyhedron D learned from over 10,000 behavioral actions

collected from over 30 users
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ADMM optimization framework to decompose Eq. (5.6) into several nontrivial subproblems. We
skip some derivation details due to the space limit, and directly present the computational proce-
dure. First, to adopt the ADMM framework, we duplicate the variable ¥ with another variable V',

and rewrite the formulation Eq. (5.6) as follows:

. 1
min §HU —UW|7 + 7V |21

W,V
t V>0
; = (5.7)
1'w=1"
W =V.
Then, we define the augmented Lagrangian of Eq. (5.7) and further convert it to be:
1 P
Ly(W,VA) = S0 = UW [+ 4V + £IW = VI3
+ <A, W - V> + ]IVZO(V) "’ ]IlTW:lT (W), (58)

where Iongition(.) 1 the Delta function: It gives zero if the condition is satisfied by the augment;
Otherwise, it returns +00. p could be an arbitrary positive number.
Following the ADMM procedure, we then iterate over three steps:

Minimize L,(W,V, \) w.r.t. W: It essentially solves the following optimization:
) 1
min = [0 = UW[E 4 ZIW = VI3 + (A, W) + Ly (W),

In general, one needs an iterative algorithm to solve it. We derive a closed form to solve this
problem efficiently. By deriving the KKT conditions [164] of this problem, the optimal solution is

equivalently defined as

U'U+pl 1| |W UTU+pV — A
= , (5.9
17 o |7 17
where @ is the dual variable. By solve the equation (5.9), we can obtain the closed-form solution

as:

W=(I-N-1")A"'"B+N-1",
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where
A1
C1TA1T
B=U"U+pV — A, (5.10)

A=U"U+ I,

and I is an identity matrix and by applying the Sherman-Morrison-Woodbury theorem with alge-
braic manipulations, A~! can be calculated efficiently.

Minimize L,(W, V, A) w.r.t. V: It essentially solves the following optimization:
mvmguw —V|E = (A V) +4][V]21 + Iyso(V). (5.11)

For readers who are familiar with group LASSO [165, 163], this is similar to the proximal step
for Ly ;-norm regularization. The key difference here lies on the positive constraint I>o(V'). We
can also derive a closed-form solution for V', by applying a projection operation onto the positive
constraint and then a followed proximal step for L, ;-norm regularization: V;. = max(0,1— H;;H) .
Y., where Y = max(0, W + %A), B = % and i- indicates the ith row of the matrices V and Y.
Update A: This step mimics the dual gradient ascent: A = A + p(W — V).

We finally summarize the algorithm in Algorithm 2.

Algorithm 2 ADMM for APC
Require: U, p > 0, and vy

Ensure: W

1: repeat
2: Minimize L,(W, V, A) in terms of W and update W < (I — N1T)A™'B + N17, where
A, B, N are defined in (5.10);
3: Minimize L,(W,V, A) in terms of V" and update V;. < max(0,1 — HY/BZ»II) Y
A=A+ p(W =V);

»

5: until convergence

6: return W;
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5.4 Numerical Studies

The proposed framework includes three main components: the SSMO engine, the dictionary con-
struction APC, and the personalized recommendation. In the following, we evaluate the effective-
ness of each key component and the techniques being used. We show by numerical studies that
removing any of them can lead to the decline in the overall performance.

The data used in experiment is collected in a longitudinal study that involves more than 1000
real-world users and each user has several yearsaAZ daily measurements (collected from wearable
devices, including diet, sleep, exercise information, and BMI). We evaluated the framework based
on this dataset and also evaluated the effect of personalized recommendation using 25 users whose
data are preprocessed and ready for analysis. For the 25 users, in total we have more than 10000
daysidAZ measurements. We also would release a fitness data simulator upon the acceptance of

this paper with a full dictionary of the variables.

5.4.1 Performance Evaluation of SSMO

We first evaluate the performance of SSMO and compare with the existing benchmark methods
for imputing missing values and removing outliers, including the “mean imputation”, the “last
value carried forward” method, and the variants of them with a median filter to remove outliers,
as mentioned in [157]. In addition, we also compared the SSMO with more missing data impu-
tation methods including the ones based on Functional Data Analysis (FDA) with different bases
such as B-spline, Haar wavelet [?], non-parametric Principal Analysis by Conditional Expectation
(PACE)[?], MICE[?], Amelia[?], MissForest[?], and MI[?]. Results in Table 5.1 clearly show that
SSMO consistently outperforms all benchmark methods with much lower errors and variances.
We further evaluate the performance of SSMO when both missing values and outliers present
in the dataset. Here, we analyze a real-life fitness data with users’ daily fitness behaviors collected
from sensoring devices, including diet, sleep, exercise information, and BMI as health outcomes.
There are 25 users’ data in this dataset, while almost every user’s data show significant missing

values and outliers with similar patterns in Figure 5.5. Again SSMO achieves more accurate model
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Table 5.1: Comparison of Estimation Error

SSMO Mean Last Mean+Med Last+Med FDA (B-Spline)
RMSE 0.67 =049 1.31£2.13 1.06+1.06 0.74 +0.60 0.86 4+ 0.57 0.69 £+ 0.51
FDA (Haar) PACE MICE Amelia MissForest MI

RMSE 0.72+0.46 0.71£0.55 134+046 183+095 1.73 +£0.86 1.30 £ 0.44

estimation, as reflected by the prediction errors in those users. Figure 5.5 shows the details of the
prediction results by SSMO, and the other two imputation methods. For each user, the dynamic
model has been built based on the data generated during the first half of days, and evaluated on the

other half for prediction errors.

5.4.2  Performance Evaluation of Dictionary Construction with APC

Dictionary construction restricts the recommended actions within a space spanned by some exist-
ing users’ action data. There is an implicit assumption of this method that hypothesizes that, al-
though people are different and have heterogeneous behavioral patterns, there are some regularity
or canonical structure governing the human behavior. Therefore, the effectiveness of the dictionary
construction method APC depends on how valid this assumption holds true in reality. Here, we
apply APC on the 25 users’ behavioral data. Figure 5.3 provides the results regarding how many
basis vectors we need to represent all the behavioral data of all the users. Apparently, the larger
the dictionary size is, the better (lower) the error of representation by the squared Frobenius norm
that it can provide. On the other hand, we can also observe that the error of representation drops
quickly with the increasing number of basis vectors in the dictionary. With eleven basis vectors,
the error of representation approaches 1.0.

A visualization of the five basis vectors are shown in Figure 5.4, representing five typical health
management routines used in the cohort and three levels of combinations of the routines. For ex-

ample, Pattern 1 highlights the decent amount of calories consumed from food with less activities,
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Figure 5.3: Errors of representation of U based on the size of dictionary

while Pattern 3 is a more balanced diet and exercise routine. Interestingly, the learned patterns can

be mapped to the official guideline for obesity prevention[166].

activity_calories
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workout_time
food_calories

workout_calories

Figure 5.4: Five Recommended Routines and Three Plans

5.4.3 Performance Evaluation of the Planning Method

While the ultimate evaluation for any healthcare planning strategy is to conduct clinical trials, it
is expensive and often can only be realistic at the later stage of the intervention development. On

the other hand, the literature shows that compliance to health recommendations is such a complex
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Figure 5.5: BMI Estimation with 3 Different Methods.

behavior that the compliance levels vary from user to user and even for the same user. Therefore,
we take a pragmatic approach to evaluate the efficacy of our strategy via data-based simulations
with scenarios that reflect different user compliance levels. We first simulate the dynamic change
of the health outcome. Specifically, we randomly pick up four users with their behavioral data
(with last M measurements held out for evaluation) to train the dynamic model using SSMO and
further derive the optimal planning as a temporal action set U using our planning formulation. We
investigate a range of compliance levels. For example, a 80% compliance level means 80% actions
are randomly picked from the optimal plan, and the rest are from the originally observed behavior.

We then predict the BMI change based on users’ learned dynamic model.
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The results in Figure 5.6 indicate that outcomes from users’ original routines will either fluctu-
ate and then become worse, or stay in a plateau, or continue to become worse. While for all users,
complete or partial compliance to the optimal plans always leads to better and steady results. Note
that, we also compare our method with the population-based planning, i.e., recommending the user
with the mean level of activities from the user’s peers. The population-based planning might be
reasonable for users with average conditions, but may not perform as well or even result in con-
dition deterioration for the users with very high or low BMI profiles. Again, as shown in Figure
5.6, our method outperforms population-based planning by providing more effective personalized

plans and interventions.

5.4.4  Effect of the Smoothness and Dictionary Constraints on Recommendation

We also investigate the effectiveness of the smoothness constraint and the action polyhedron on the
quality of the generated plannings. While the planning quality is a multi-facet concept, a simple
criterion is that the derived plan should fit the existing behavioral patterns. Thus, our strategy here
is to randomly pick up an user and generate three optimal plans: Plan A from the full model as
depicted in Section 5.3.2; Plan B from a reduced model without the constraint (5.3e); and Plan
C from a further reduced model by removing the constraint (5.3e) and setting A in (5.3a) to 0.
The three plans are drawn on top of the five typical patterns in Figure 5.4. It is obvious that the
optimal plan derived from the full model fits the existing patterns better, which seems to be more
realistic and has a higher likelihood to be adopted by the users than the other two plans that are
quite different from the existing patterns. In addition, we quantitatively evaluated this conclusion
by calculating the distance between the plans to the space defined by the basis vectors (as a score
representing how similar the plans with real-world actions). We used cosine similarity that showed

the scores for the Plan A, B, C are 0.901, 0.856, and 0.855, respectively.
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5.5 Conclusions

In this work, we have developed a systematic framework that unifies dynamic modeling, sparse
learning, dictionary learning, and matrix completion, to automate the process of translating the
user’s behavior data into deeply personalized and achievable health planning. Our method is
generic and can be applied to a wide range of health management problems such as obesity, fit-
ness, diabetes, or any chronic conditions, where the disease process is a complex dynamic process
that can be modified by exogenous variables such as environmental, behavioral, and clinical vari-
ables. Our framework holds great potential to provide scalable solutions for mitigating these health
problems, which can promote healthier lifestyles outside of clinical settings. We further apply our
proposed model on real-world daily behavioral data, which demonstrate promising utility and effi-

cacy of our method.
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Chapter 6

OPTIMAL EXPERT KNOWLEDGE ELICITATION FOR BAYESIAN
NETWORK STRUCTURE IDENTIFICATION

6.1 Abstract

Bayesian network (BN) has been a popular tool for gaining mechanistic understanding of variables
by revealing how the variables influence each other. It has been found very effective in a few studies
in quality control and process monitoring. However, for complex problems where the structure of
a BN is unknown, a common approach is to learn the BN structure from observational data. A
fundamental bottleneck of this approach is that observational data can only be used to discover
part of the influential relationships among variables. To overcome this problem, we propose to
combine observational data and expert knowledge. To the best of our knowledge, our approach is
the first of its kind that can automate the expert elicitation process and collect the most informative

expert knowledge, optimally matched to the observational data, to learn the BN structure.

6.2 Introduction

A Bayesian network (BN) is a graphical model for representing influential relationships among
variables. It is also interpreted as a causal model in some applications where some strong as-
sumptions can be imposed to establish the equivalency between the statistical dependency among
variables as causality ([167]). No matter whether or not the causality can be derived, BN models
have been a popular tool for gaining mechanistic understanding of variables by revealing how the
variables influence each other. Its popularity has been evidenced by its wide applications in many
fields such as genetics in [168, 169, 170], ecology in [171, 172], social sciences in [173, 174],
medical sciences in [175], brain sciences in [176, 177] and manufacturing in [178]. There has also

been a growing awareness of the use of BN for a number of quality control and monitoring tasks,
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as evidenced by the existing works in [179, 180, 181, 182, 183]. Figure 6.1 actually shows an ex-
ample provided in [183], where the influential relationships among the variables in the hot forming
process can be characterized as a DAG structure. Apparently, knowing the influential relationships
among the variables could greatly facilitate the fault diagnosis. On the other hand, knowing the
DAG structure actually simplifies the statistical modeling of a joint distribution. For instance, to
model the joint distribution of the five variables in Figure 6.1, we only need to model a few condi-
tional distributions since P(X7, ..., X5) = P(X1)P(X3)P(X3| X1, X2) P(X4| X2) P(X5|X3, X4).
Thus, using BN to model complex systems will facilitate many decision-making tasks to better

manage and improve these systems.

Ll Ll @\ (x)

(4) (B)

Figure 6.1: (A): 2-D illustration of the hot forming process; (B) the corresponding BN structure,
here, X, represents the blank holding force; X, represents the temperature; X3 represents the
tension in workpiece; X, represents the material flow stress; X5 represents the final dimension of

workpiece.

However, learning the DAG structure of variables appears to be a very challenging task. As a
BN essentially embodies a joint distribution, statistical estimation approaches have been developed
to learn the DAG structure based on observational data, which are commonly assumed to be ran-

domly sampled from the underlying joint distribution. This approach has been extensively studied
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in [184, 169, 185, 186, 187, 188]. However, it has been found that the theoretical bottleneck of
these methods is that observational data can be used to only discover part of the influential rela-
tionships, encoded in the so-called “essential graph” (or “equivalent class”). The essential graph of
a BN is a mixed graph that includes both directed arcs and undirected arcs. A deeper reason of this
limitation is that, merely from observational data, we could only identify statistical dependency
relations between variables. Thus, the DAG structures that imply the same set of dependency
relations between variables are not distinguished by observational data alone. For instance, the
following three DAGs, X — Y — Z, X <Y — Z, X «+ Y < Z, cannot be distinguished
by observational data alone, since all of them encode the same independence relations. Thus, to
augment the observational data and identify all influential relationships among the variables, a
common philosophy is to pursue experimental design strategies for intervention data collection.
For instance, considering two variables, X and Y. If intervention can be imposed on X and it
turns out that the distribution over Y does not change, while intervention on Y does change the
distribution over X, then it implies that the DAG is Y — X. Motivated by this observation, a line
of research works have been spurred to develop optimal experimental design methods to maximize
the likelihood of learning the DAG structure with minimized number of interventions. Exemplary

works include [189, 190, 191, 192].

In our study, we pursue another line of philosophy to augment the observational data for DAG
learning, which is the expert knowledge elicitation. We focus on a particular type of elicitation
operation that acquires pairwise comparison between variables, i.e., ask an expert if a variable is
likely to be upstream of another variable. This is the most common form of expert knowledge
regarding the influential relationships between variables. While pairwise comparison owns the ad-
vantages such as ease to implement, on the other hand, apparently, the number of potential pairwise
comparison grows exponentially with the number of variables. Thus, we aim to develop a compu-
tational framework that can generate an optimal set of operations for expert knowledge elicitation
regarding the ordering of the variables. Note that, expert knowledge elicitation has been studied
in the BN literature, mostly for parameter learning rather than structure learning. There is a few

works such as [193, 194] that studied the use of expert knowledge elicitation for structure learn-
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ing, however, these are heuristic procedures that are not scalable, neither automatically optimized.
Also, due to their qualitative nature, how they can be optimally integrated with learning algorithms
based on observational data is also lacking. To the best of our knowledge, our systematic optimiza-
tion formulation to automate the expert elicitation process to learn the DAG structure of a BN, in

combination of the observational data, is the first of its kind.

Comparing with the approaches that use interventions to perturb the system in order to learn
the influential relationships [189, 190, 191, 192], our approach is more cost-effective and can be
applied to some applications where intervention is physically hard to conduct. The following ap-
plication provides such an example that is common in real-world applications, but is outside of
the scope of existing methods. For instance, the Key Performance Indicator (KPI) has been a very
important concept in business analytics and performance management, drawing increasingly atten-
tions from many corporations to measure and monitor many KPIs of their interest on daily basis if
not hourly or minutely. It has been pointed out in the literature such as [195, 196, 197, 198] that the
key to analyze the KPIs, and to further convert them into valuable business decision-makings, is to
study the influential relationships between the KPIs. In other words, it is important to understand
which KPIs drive which KPIs, so management or investment strategies can be better informed and
implemented. However, although an abundance of KPI measurements can be obtained, whether
or not we could learn this “mechanistic understanding” of the KPIs from observational data is up
to debate, and how to learn it is still an open question. On the other hand, expert knowledge has
been found very useful to identify the influential relationships among the KPIs in [199]. Appar-
ently, knowledge-based practice has the difficulty of being scaled up. Also, it lacks the flexibility
to incorporate the objective information encoded in the observational data. Thus, there is a need to
develop a computational framework that can learn the influential relationships among the KPIs by
using both the observational data and expert knowledge automatically and cost-effectively elicited
to augment the observational data.

Our general approach is to first develop a Bayesian learning framework that can combine the
two types of data. This is plausible, since given a specific DAG structure, the likelihood of the ob-

servational data can be analytically derived based on the corresponding joint distribution the DAG
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encodes ([200, 201, 184, 202, 203]). On the other hand, we further develop another probabilistic
framework to model the expert pairwise comparison data. Then, within a Bayesian learning frame-
work, both sources of data can be combined to obtain the probability distribution of the possible
BN models. Based on this probability distribution, uncertainty of the ordering of the variables
can be evaluated which will provide critical evidence for us to better collect new data via expert
knowledge elicitation, that can maximally reduce the uncertainty of our estimation of the ordering
of the variables.

The rest of the paper is organized as follows: We will introduce the basic concepts and back-
ground of BN, and some BN structure learning algorithms from observational data in Section 6.3.
Then, we will present our proposed method in Section 6.4. Specifically, we will first present the
Bayesian framework that can learn the probability distribution of the possible BN models using
both observational data and expert comparison in Section 6.4.1, and then, introduce how we build
a systematical optimization framework to automate expert knowledge elicitation in Section 6.4.2.
We will conduct extensive numerical experiments in Section 6.5 to show that the proposed ap-
proach outperforms baseline approaches across a number of benchmark BN models and different
levels of expert knowledge accuracy. We further implement the proposed method on two real-
world applications, one in healthcare and another one in business analytics in Section 6.6. Finally

we conclude our work and discuss future directions in Section 6.8.

6.3 Background and Related Works

6.3.1 Learning Bayesian Networks from Data

A Bayesian network (BN) over a set of random variables X = {Xj,..., X, } is a set (G, ) that
represents a distribution over the joint space of X via chain rule: P(Xy,...,X,) = [[, P(X;|U;),
where U; is the parent set of X; according to the DAG structure of the BN, and 6 is the corre-
sponding parameter. The DAG structure that encodes the parent-child relation of the variables is
commonly denoted as G = {V, E'}, where V' denotes for the p nodes (each node is a variable)

and E is the edge set. Learning the BN structure from observational data refers to the challenge
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to find the optimal DAG structure G that maximizes a certain score which evaluates the goodness-
of-fit of the DAG structure to the observed data. For instance, a Bayesian Score was developed
in [201] for discrete BNs while another score was developed in [184] for Gaussian BNs. It is
commonly assumed that the observational data are randomly sampled from the joint distribution
of the variables specified by the BN model, so most of the score functions are developed based on
this probabilistic framework ([201, 184, 204]). There are some other information-theoretic score
functions developed as well in [205, 206], but still the fact that a BN is a structured representation
of a complex joint distribution of the variables lays the foundation of these score functions. With a
score function, a search procedure is commonly used to search through the eligible DAG structures
to identify the optimal DAG. Figure 6.2 shows such a score-function guided DAG search proce-
dure which underlies most of the score-based BN learning algorithms.There is another line of BN
learning algorithms, named as constrained-based algorithms ([207, 208]), which use hypothesis
testing methods to identify the dependency structure of the variables. We omit the details of these

algorithms here since our method is mostly related to the score-based algorithms.

6.3.2 Observational Equivalence

Despite the success of the BN structure learning algorithms in many applications, it has been
found that the theoretical bottleneck of these methods is that observational data can be used to
only discover part of the directional relationships, encoded in the so-called “essential graph” (or
“equivalent class”). As a matter of fact, the validity of learning the DAG structure of a BN from
observational data is established on two assumptions, namely that the BN and its encoded joint
distribution obey the faithfulness assumption and causal sufficiency. The faithfulness assumption
ensures that all independence relationships revealed by the data are results of the DAG structure.
Causal sufficiency means that there are no latent variables. While these assumptions establish the
theoretical foundation for learning the DAG structure from observational data, it has also been
found that, only the essential graph can be discovered with observational data alone. A brief
elaboration of the essential graph involves the concepts skeleton and v-structures. The skeleton of

G is the undirected graph on V' where every arc in £ has been undirected. A v-shape in a graph
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Figure 6.2: The typical score-function guided DAG search procedure which underlies most of the

score-based BN learning algorithms.

is an ordered set (a, b, ¢) of three distinct nodes with exactly two arcs, both directed toward node
b. The v-structures are the set of v-shapes. Then, it is known that the two DAGs, ; and Gb,
are indistinguishable by observational data alone, if and only if they have the same skeleton and
the same sets of v-structures ([209]). These DAGs that are indistinguishable by observational data
are also said to belong to the same Markov equivalence class. Based on this result, the concept,
“essential graph”, was developed. The essential graph is a mixed graph, where an edge is oriented
if and only if it has the same orientation in every DAGs in the equivalence class. The essential graph
essentially encodes the maximum set of directed arcs that we could learn from the observational

data under the faithfulness assumption and causal sufficiency.
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6.3.3 Intervention Data and Expert Elicitation

Motivated by the limitation of learning the structure from data, taking experiments to collect inter-
vention data has been held as a promising means for learning the full DAG structure. The common
setting for intervention data collection assumed in the literature is, as illustrated in Section 6.2,
to intervene on some variables and observe the influence on other variables. A few studies have
been developed to optimize the intervention strategies, i.e., such as to minimize the number of
interventions. It has also been studied regarding how many experiments are required to discover
(G. This line of research was initiated in a series of works by Eberhardt, Glymour, and Scheines
([189, 190, 191, 192]), while most of them focused on single-variable interventions, i.e., each time,
an intervention is imposed on one variable only. Eberhardt considered multi-variable interventions
to be 4AIJfar more complicatedaAl to analyze ([191]). [210] proposed another methodology that
is not based on intervention, rather, it is more like a query operation to selectively sample from the
BN. Obviously, our proposed expert elicitation method is fundamentally different from this line
of works. We have pointed out in Section 6.2 that there are a few works such as [193, 194] that
studied the use of expert knowledge elicitation for structure learning, however, these are heuristic
procedures that are not scalable for large-scale applications. Also, due to their qualitative nature,
the interface with the learning algorithms based on observational data is also lacking, and there is

lack of systematic optimization formulation to automate the expert elicitation process.

6.3.4 Existing Works of BN in Quality Literature

It has been found that the BN can be used to improve a number of quality control and monitoring
tasks, particularly for improving the root-cause diagnosis and sensor allocation if the underlying
process model can be represented by a BN ([179, 180, 181, 182, 183]). A typical motivating
example was provided in [183], as shown in Figure 6.1, where the BN was used to further improve
the diagnosis procedure of the T2 chart by characterizing the cascade relationships between the
process variables in multivariate processes. Specifically, Figure 6.1 shows a hot forming process

where the cascade relationships between the five process variables (X7, blank holding force; Xo,
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temperature; X3, tension in workpiece; X4, material flow stress; X5, final dimension of workpiece)
can be represented as a Bayesian Network (BN). If X, is out-of-control, its effect will propagate
to X3 and further impact X3, resulting in out-of-control signals on all these variables. Without the
knowledge of this cascade relationship, it would be hard for any root-cause diagnosis procedure to
identify X as the root of this chain reaction. More examples of how BN can be useful for quality
control and monitoring can be found in [179, 180, 181, 182, 183]. However, a crucial assumption
underlying those works is the availability of an accurate BN model to represent the process, which

is actually very hard to obtain in many applications.

6.4 Methodology

Our proposed optimal expert elicitation framework, as illustrated in Figure 6.3, can be decomposed
into the learning and sensing modules. In the learning module, we develop a Bayesian framework
to combine both observational data and expert comparison data to obtain a posterior distribution
over ordering of the variables. In the sensing module, the optimization model will identify the most
informative new comparisons data that should be collected from the expert, which can maximally

reduce the posterior uncertainty of the ordering of the variables.
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Figure 6.3: Flowchart of the Bayesian learning and sensing framework for optimal expert elicita-

tion.
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6.4.1 A Bayesian Learning Framework for Combining Observational Data and Expert Elicitation

Data

Denote the observational data and expert comparison data as D°* and D*®, respectively. Here,
D2 consists of n random samples of the variables X = {X{, ..., X,,}, which are i.i.d observations
from the joint distribution of the variables represented by the underlying BN. D" consists of two
parts. First, note that, for a networked system with p variables, there are N = (g) possible pairwise
comparisons. For each pairwise comparison, for example, considering the k" comparison that in-
volves variables X; and X, the expert might be asked whether or not X is upstream of X (i.e.,
denoted as X; > X). The expert’s response will be denoted as y, i.e., a positive y;, indicates that
the expert knowledge more tends to support that variable X; is upstream of variable X;, while a
negative y; indicates the opposite. Note that the larger the ¥y, stronger the knowledge. Thus, the
expert data D consists of the set of pairwise comparisons that have been queried (denoted as a
set ) and the corresponding expert response data (denoted as a vector y). Particularly, considering
the sequential nature of our proposed method in data collection, we use subscript to distinguish
the data collected in different stages. For instance, following this line, we denote the initial obser-
vational data set as Dg*, and denote the initial expert comparison data as D5® = (S, yo). Then,
the proposed Bayesian learning and sensing framework will learn the posterior distribution of the
ordering of variables, building on which, an optimal expert knowledge elicitation plan could be de-
rived to further collect new expert comparison data which will be denoted as D$* = (S, ;). This
new data will help update the posterior distribution of the ordering of variables, and the data col-
lection process will continue if needed. We will provide more detailed discussion of this sequential

process and the stopping criteria later.

In what follows, we introduce the details of how we could combine both the observational
data and expert comparison data to derive the posterior distribution of the ordering of variables.
Instead of deriving the posterior distribution of the DAG structure of the BN, here we focus on the
learning of the ordering of variables because this is the essential task for BN structure learning, and

it has been found that learning the ordering can significantly reduce the computational complexity
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since the search space for ordering of variables is much smaller than the search space for DAGs
([169, 211]).

Development of the probabilistic formulation for expert data: It is reasonable to consider that
the expert knowledge is always with uncertainty, and different experts may have different accuracy
levels. Thus, a probabilistic model is needed to characterize not only the correspondence between
the underlying ordering of variables with the expert comparison data, but also the expert’s accuracy
level. To develop this model, first, we invent a numerical vector to be a surrogate of the ordering
of variables. This numerical vector, denoted as ¢ € RP, encodes the same ordering information
between variables, since an upstream variable will have larger value in ¢ than its downstream
variables. Then, we could establish a probabilistic relationship between ¢ and the observed D",
i.e., for the k" comparison that involves variables X; and X ;» we could assume that y, ~ N(¢; —
¢;,0%/wy). This essentially assumes that if the variable X; is upstream (or downstream) of the
variable X;, we will expect to see positive (or negative) values of ;. This is consistent with the
nature of the expert comparison data we are adopting in this study. Note that, o encodes the overall
accuracy level of the expert knowledge, as more knowledgeable expert will tend to have smaller
o?%. Also, w;, encodes uncertainty in this particular comparison, acting as the local accuracy level
of the expert knowledge. In practice, experts could also provide their confidence level, i.e., wy,
along with y. Alternatively, when this information is lacking, we could simply assume wy, = 1 for
all the comparison data.

Following this line, we could further illustrate how we could represent the expert comparison
data in a more compact matrix form. First, we invent a Boolean matrix, denoted as B, where By, ;

is defined on the set (k € |S|,j € n) as:

1 if j = head(k)
By; =14 -1 ifj = tail(k) (6.1)

0 otherwise

\

Here, j = tail(k) if the k™ pairwise comparison is asked in the form as “X; > X;”; otherwise,
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J = head(k) if “X; > X;”. Then, it can be shown that
y ~ N(Bg,oa®W™) (6.2)

where IV is the diagonal matrix of w. Thus, for the initial expert comparison data, we could derive
that 3o ~ N (B, 0>W; ') where By is defined on the set Sj.

Characterization of the prior distribution of ¢ based on observational data: In what follows,
we propose our method to derive the prior distribution of ¢ by exploiting the information encoded
in D It is an analytically intractable task, so we propose a computational procedure that is
inspired by existing literature of BN structural learning. Some authors such as [168] suggested to
use data perturbation methods such as Bootstrap in [168] to repeatedly bootstrap D’ and apply
an appropriate BN structure learning method on the perturbed dataset to learn the optimal DAG
structure or the ordering of variables. It has been found in [168] that such a bootstrap procedure is
especially robust. Thus, we propose the computational procedure that is depicted in Algorithm 3

as a sampling procedure of the orderings of variables based on D°:

Algorithm 3 Bootstrap the Observational Data
1: procedure BOOTSTRAP(m) > m is the number of bootstrapping times

2: 1=1

3: while : < m do

4: Re-sample the n instances from data set Dg* with replacement.

5: Apply an appropriate BN structural learning algorithm (i.e., the DAGlearn algorithm in
[212] can be used for continuous BNs while the K2 algorithm in [201] can be used for discrete
BNs) on the re-sampled dataset to learn gz%

6: t=1+1

7: end while

8: return {¢},i =1,2,...,m}

9: end procedure

After we draw the samples of ordering of variables {gﬁé,i = 1,2,...,m} from observational
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data, the next step is to translate this knowledge and create the prior distribution of ¢. Assuming
that the prior distribution takes the form as ¢ ~ N (i, A;'). Then, the {¢}} could be treated
as random samples from the prior distribution and can be readily used to estimate the unknown

parameters /o and A, by maximum likelihood estimation.

The Bayesian learning framework: As a summary, based on the initial expert data D{”, it has
been known that we could derive that yy ~ N (Bg¢, 02W0_1) based on (6.2). And the prior distribu-
tion can be obtained from observational data as ¢ ~ N (19, Ay 1). Here, for the ease of derivation,
in what follows we rewrite the prior as ¢ ~ N (1, 0?Ay"), which is numerically equivalent if we
change the scale of Ay. Then, we could derive the posterior distribution of ¢ with posterior mean
1 and posterior variance A, by learning from the Bayesian linear model literature such as [213].
While what we will derive in the following is largely borrowed from the literature, we present
critical details in the derivation for completeness of our development. Specifically, the posterior

distribution of ¢ can be derived as:

p(. 0% | yo, Bo)  p(yo | Bo, ¢,0°)p(¢ | 0*)p(0?)

 (0%) ™ exp (— ! (yo — Bog)" Wo(yo — 30925)) (6.3)

202

x (%)% exp (—2%2(45 — o) Ao (¢ — uo>>

Note that, here, we follow the Bayesian linear model literature ([213]) and use the inverse-Gamma
distribution as the prior distribution for o2, where a, and b, are two parameters that can be specified
by prior knowledge. We follow the suggestions made in ([213]) to specify ay and by based on the
non-informative prior principle, since it could provide robust performance for many applications.

Also, our main interest is on the learning of the ordering of variables. The exponential parts in
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equation (6.3) could be combined as

(yo — Bo®) Wolyo — Bog) + (¢ — p10)" Ao(¢ — o)
=y Woyo — ¢ B Woyo — yg WoBo¢ + ¢ By WoBoo
+ ¢ Ao — & Aopro — 1y Mo + g Nopio
= (p—m)" (ByWoBo + Ao) (¢ — 1) + 4o yo — 111 (Bg WoBo + No)pua + g Mopro - (6.4)
where p; = (BIWyBy + Ao) H(BIWoyo + Aopio). Then, we could see that, the joint poste-

rior distribution of ¢ and o? is actually a product of a normal distribution and an inverse-gamma

distribution,

p(¢, 07 | yo, Bo) o< (02) % exp (—Tig(ﬁb — 1) (B WoBo 4+ Ao)(¢ — Ml))

x (02) 72" exp (_2b0 + Y3 Yo — uff(BgV;/o?Bo + Aoy + MoTAoM(J)
o

x p(é | 0%, Y0, Bo)p(c” | Yo, Bo)

Essentially this suggests that the posterior distribution of ¢ and o2 are N(uy,0?A;") and Inv-
Gamma, respectively. In summary, by combining the initial observational data D" and D§*, we
could derive the posterior mean of ¢ as yu; = (BIWyBy + Ao) " (BEWoyo + Aopo), and the

posterior variance as A7 = (B Wy By + Ag) 7.

6.4.2 A Semidefinite Programming (SDP) Formulation for Optimal Expert Comparison Elicita-

tion

In this section, we will develop an automated process for expert knowledge elicitation with a
systematic optimization formulation. The central question to ask is, given the available data D’
and D", what is the optimal set of new expert comparison data we should further collect? As
we have been able to derive the posterior distribution of ¢ based on Dg" and DE” via our method
developed in 6.4.1, a natural idea is to identify the candidate expert comparisons that can maximally
reduce the uncertainty of the estimated ordering ¢. To see how this could be formulated, it is worthy

of analyzing the structure of the posterior variance of ¢, the A;* = (BIW,By+ Ay)~". Obviously,
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it can be derived that, given new expert comparison data D$* = (S1, 31 ), the posterior variance will
be A;' = (BYW,B1+BIWyBy+Ao) !, where B, is defined on the set S;. In order to more clearly
identify the relationship between the candidate expert comparisons with A, ', we denote a matrix
B that is defined on the set S*. Obviously, S* includes all the candidate comparisons that have not
been included in Sy. Then, we could further rewrite BI W, B; as B W, B, = ZLlel rral ay, where
ay, is the k-th row of B* and x is a Boolean vector € {0, 1}/5"], while 2;, = 1 if the k" comparison
is included in S;. With this, we have almost formulated the optimization problem for new expert
data elicitation, i.e., the goal is to identify the optimal solution of the decision variables z that can
maximize the decrease of the posterior variance (Z‘,fil‘ xka;‘fak + BOT WoBy + AU)_l, under the
constraint that only a certain number of new expert comparisons, i.e., denoted as £ € [0, | B*|], can

be elicited.

This resembles many of the optimal design problems that have been discussed in the context
of linear models. While many existing optimal design methods assume general structure for the
design matrix and thus are limited by optimization options, we recognize that in our problem
there is a special structure that can be exploited, which will lead to more powerful optimization
formulations such as the Semi-definite Programming (SDP) formulation. On the other hand, while
a few optimality criterion have been developed in optimal design, here, we propose to study the
E-optimal design criteria first due to its robust nature and the subsequent computational benefit on
optimization. Particularly, the E-optimal design criteria proposes to identify the subset of “design
points” (in our case, the candidate comparisons) that can maximize the smallest nonzero eigenvalue
of the information matrix, i.e., the information matrix is the inverse of the variance matrix, which is

(Zil‘ zralay, + BEWyBgy + Ag) in our case. This leads to the following optimization framework:

|B*|
max A (B{WyBg + Ao + Z riai a;)
=1

subject to 172 < 19

z € {0,1}/7
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where \;(A) denotes the smallest nonzero eigenvalue of matrix A. Since this problem is diffi-
cult to solve exactly, we propose to replace the Boolean constraint x € {0, 1}/2"! by a relaxation,

ie,z € [0,1]/B°l. Also the constraint 172 < ¢ is binding in Formula (5) as ¢ < |B*

, since
x < 1, the optimal value given by £ > |B*| is the same as that of £ = | B*|. Therefore we have the

following relaxation form:

15|
max  A;(Bg WoBo + Ao + > wala) (6.5)

=1

subjectto 17z = ¢

0<z<1

Obviously, the optimal value from this relaxation form is an upper bound on the optimal value
of the original form. Such a relaxation is a convex optimization problem since the constraints are
linear functions of x, and we only need to show that the objective function is a concave function of

2, which is shown in the following lemma.
Lemma 6 The optimization in (6.5) is a convex optimization problem.

Proof To show the convexity of (6.5), one needs to show that the constraint defines a convex set
and the objective is a concave (convex) function if it is a maximization (minimization) problem.
The linear constraint in (6.5) defines a polyhedron which is convex apparently. Therefore, we
only need to prove the objective is a concave function, i.e., to prove that A\, (BI WyBy + Ay +
ZE;‘ mal a;) is a concave function. Denote B Wy By + A + Zyil zial a; as L(z). If we could
prove that —\;(L) is a convex function of L, then it is known that —\;(L(x)) is convex, since
L(z) is a linear transformation in terms of = which does not affect the convexity (or concavity)
of the objective function. Thus, to show that —\;(L(z)) is convex, first, note that we could write

—MA1(L(x)) using the definition for the minimal eigenvalue of a positive semi-definite matrix as
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~M(L(z)) = — inf 2'L(2)z

ll=l=1

= — inf 2TL(2)z

ll=l=1

— ||Szh1£1<_ZZT7 L(x)).

To prove a function is convex, it is equivalent to show that its epigraph is a convex set. The

epigraph of —\;(L(x)) is

epigraph(—\;(L(z))) = epigraph(sup (—zz", L(z)))

lI2]=1

= =1 epigraph((—z2z", L(z))).

Since (—22T, L(z)) is a linear function, its epigraph is a half space above the hyperplane de-
fined by the linear function. So it is a convex set. As we know, the intersection of convex sets is
still a convex set. Therefore, we have that epigraph(—\;(L(x))) is a convex set, which proves the

convexity of the function —\; (L(x)). It completes the proof.

We could further show that the convex relaxation above leads to a semidefinite program-
ming (SDP) problem. To see that, note that the objective in optimization in (6.5) can be equiv-
alently stated as maximizing a new variable s where it is required that s < A\ (BI Wy By + Ay +
ZEJ zyal a;). This could be further restated as B WyBy + Ag + ZEI‘ mal a; — sl should be

positive semi-definite. This leads to the following SDP formulation:

max S
57|
subject to sI = (ByWoBo+ Mo+ > wa a) (6.6)
=1
172 =¢
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1.5

Figure 6.4: Diminishing marginal effectiveness of the objective function in optimization in (6.6)

This SDP can be solved using any standard SDP solver. In our experiments, we use the package

“cvx” ([65]) to solve our problem which is shown to be fairly effective.

We could further show a useful property of the proposed formulation that indicates there is di-
minishing marginal effectiveness of the number of expert comparisons £ on the objective function.
This property is shown in Figure 6.4 that is according to our empirical study of the proposed SDP

formulation.

From this Figure 6.4, it is clear that, due to the concave shape of the objective function on &,
the objective function has a much greater increase at the beginning than later on. This indicates
that the first few expert comparisons could lead to a much greater marginal effect in reduction of
posterior variance. And since this effect will gradually diminish, it indicates that probably only
a few expert comparisons are needed for accurate learning of ordering of variables. While this is
an empirical observation, to show that, denote f(x) = —A;(L(x)) which has been known to be a
convex function of z by Lemma 6. Denote w(¢) = inf{ f(z)[17z < £,0 < z < 1}, which can also

be shown to be convex (by learning the proof from page 216 in [214]).
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Lemma 7 The function w(§) is convex.

Proof To show the function w(&) is convex. First, we could see that the domain 2 = {¢|3z, 172 <
€,0 <z <1} isaconvex set. Then let &, & € (2, then we could find two vectors xy, 25 such that
172y = &,1T0y = & and 0 < 2y < 1,0 < 25 < 1. By the definition of convexity of a function,

forany a € (0,1), a& + (1 — )&, € Q, we need to show that

w(ads + (1 = @)&) < aw(&) + (1 — aw(é)

This can be shown by the following induction:

wag + (1 - a)é) = inf{f(2)17r = a& + (1 —a)&,0 <z < 1}
<inf{f(r = ar; + (1 —a)z)|1Tr = a&; + (1 — a)&,0 <z < 1}
< ainf{f(z))[17z, = £,0 <z, <1}
+ (1 — ) inf{f(22)[17zy = &,0 < 25 < 1}
= aw(&) + (1 — a)w(&e)

Therefore we proved the convexity of w(&), and we used the convexity of f(x) in the last inequality.

On the other hand, it is easy to show that —w() is monotonically increasing with the value of &,
and is bounded on the domain of &. Since it is not likely that —w(&) is linear due to its complicated
functional form, only a function that takes the shape as shown in Figure 6.4 with diminishing

marginal effectiveness can satisfy all these properties simultaneously.

6.4.3  Extension to Applications without Observational Data

Note that our proposed method can be easily extended to applications where observational data is
not available. One approach is to assume non-informative prior distribution for ¢, i.e., by assuming
that Ay = 021 where o2 is a very large number and [ is the identify matrix. Then, we could still
apply our method to these applications based on the Bayesian learning framework developed in

Section 6.4.1 and the optimal expert elicitation formulation developed in Section 6.4.2. That said,
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there is still a particular problem that we need to address. Note that the posterior variance of the
ordering of variables is (12| zpalay + BTWoBy + 05 2I)~". It can actually be shown that, the
smallest eigenvalue of the corresponding information matrix, (Zl‘fil‘ wrakay + BIWo By + 0, %1),
is o2

Lemma 8 The smallest eigenvalue of the matrix, (Z‘,Zl‘ apatay + BIWoBy + 0y %1), is 0y %, and

the corresponding eigenvector is 1.

Proof It can be seen that Z‘szl‘ rralay, + BYW, By is a singular positive semi-definite symmet-
ric matrix. To see that, for any vector z, we could show that 27 (37 z.a%a, + BIWyBo)z =

J,fil‘(xk + wy)(agz)? > 0, since Vk, 2, > 0,w;, > 0. Since Byl = 0, the vector 1 is in
the null space of Z‘kB:l‘ rralay, + BYW,By and the corresponding eigenvalue is 0. On the other

hand, it is known that for the matrix o, 21, it has o>

as an eigenvalue and 1 as an eigenvec-
tor. Then we could draw the bounds of the smallest eigenvalue of 17| ziala), + BTW,B, +
0,21 as Al(zllgll zrata, + BIWoBy) + Mi(o5%]) < AI(Z‘,ElI wpalay + BIWoBy + 05%1) <
MOV apalay + BEW,By) + Ap(0y2I), which is based on the Theorem 8.1.5 in [215]. This
essentially imply that 052 < A\ (317 2palay, + BIWoBy+ 05 2I) < ;2. Therefore, the smallest

eigenvalue of the matrix Zl,lel zratay + BYWyBy + 05 %1 is 0, with 1 as an eigenvector.

As the Lemma 8 indicates, we could not maximize the smallest eigenvalue of the informa-
tion matrix. Thus, we propose to maximize the second smallest eigenvalue of (Zlk,B:l| rralay, +
BIW,yBy + 04 %I). Particularly, this will result in the following SDP formulation for the expert

knowledge elicitation process

max S
|B°|
subject to s(I =117 /n) < (ByWoBo + Y waf ) + 04 °1)
=1
17z =
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6.4.4 A Validation Procedure for the Utility of the Expert Data

Theoretically, the expert comparison data is useful to help the learning of influential relationships
between variables. However, in practice, it is reasonable to have the concern that whether or not the
expert comparison data could be trusted, since expert data is subjective and varies among experts.
It is worthy of highlighting that our proposed method actually takes into consideration of this
concern. We use a probabilistic framework to characterize the relationship between the expert data
with the underlying ordering of variables, and the parameters, o and W, actually evaluate how
accurate the expert data could be. For extreme cases where the expert is providing random guess
information, our Bayesian learning framework will be able to estimate a large value of o2, and
therefore, automatically assign more weight on the observational data for the final learning result
of the BN. Besides the use of the parameters o2 and W to evaluate the utility of expert data, here, we
also propose another approach, as a pseudo hypothesis testing procedure as a validation procedure.
The basic rationale is that, if the expert data could be trusted, then it should be significantly different
from the random guess. Thus, our pseudo hypothesis testing procedure consists of three steps:
1) In the first step, a certain number of DAG structures will be randomly generated, and each
of the DAG structures will be used to obtain a likelihood value on the observational data; 2) In
the second step, we will sample the same number of DAG structures from the distribution of the
ordering of the variables, that is learned solely from expert data (this can be done in our proposed
Bayesian framework as a special case where no observational data is used), and again, each of
these DAG structures will be used to obtain a likelihood value on the observational data; 3) Then,
in the final step, we could compare the two distributions of the likelihood values and see if they
are significantly different, i.e., by the use of a t-test. It is expected to see that there is significant
difference between the expert knowledge with random guess which could justify the use of expert

knowledge. We will demonstrate the use of this validation procedure in our numerical studies.
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6.5 Experiments on Simulated Data

6.5.1 Methodology

In this section, we conduct experiments to evaluate the performance of the proposed method using
a range of benchmark BN models. Specifically, we select seven benchmark networks from the
Bayesian Network Repository (BNR). These BNs have been widely used in the BN literature for
performance evaluation since it provides a high quality representation of the diverse BN structures
that we may encounter in real-world applications. As shown in Table 6.1, this cohort of BNs has

the network sizes ranging from small to moderately large.

Table 6.1: Facts of Benchmark Networks from Bayesian Network Repository (BNR)

Data # Nodes # Arc Avg Degree
Earthquake 5 4 1.6

Asia 8 8 2.00

Child 20 25 1.25
Insurance 27 52 3.85
Mildew 35 46 2.63

Alarm 37 46 2.49

Barley 48 84 3.50

We compare our proposed method with the random sampling method that elicits expert knowl-
edge on a random basis. To implement the random sampling method, we could follow the frame-
work as shown in Figure 6.3 and just replace the use of the SDP method with the random sampling
method.

In each simulation study, first, we select a BN network from Table 6.1, then, randomly generate

parameters by following conventions that have been defined in the BN structure learning literature
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such as [212, 216, 188]. As a BN model is essentially a joint distribution of the variables, we
simulate observation data with a sample size 1000, which is our Dg**. We then apply a benchmark
BN learning method on ngs to learn the orderings of variables, i.e., we use the L1IMB method,
proposed in [212], that can be implemented in the Matlab DAGLearn Toolbox (http://www.
cs.ubc.ca/~murphyk/Software/DAGlearn/index.html). Expert knowledge will be
generated by the probabilistic model as mentioned in Section 3.1. Different accuracy levels of
expert knowledge (i.e., as encoded in the parameter o) will be used in our study.

We use two metrics for performance evaluation and comparison. The first metric is the cor-
relation between the learned ordering of variables with the true ordering to evaluate the learning
accuracy of both methods. The second metric is to compare the variance reduction of both meth-

ods. Specifically, we define the variance reduction ratio as follows:

VCLT(RS)Z — VCLT(SDP)Z

Variance Reduction Ratio = Var(RS)i_1 — Var(RS),

where (-); refers to results from the i-th iteration during the sequential learning process, and
var(SDP) and var(RS) indicate the posterior variance of ¢ obtained by the proposed method
and random selection method, respectively. The variance reduction ratio essentially evaluates how
much extra variance reduction the SDP method could provide on top of the random selection
method. This metric facilitates the performance comparison since it is scale-invariant, and the
value could be interpreted across different settings of other parameters. As a comparison, variance
itself varies from case to case, which is hence not a good metric for performance evaluation and

comparison.

6.5.2 Evaluation of Estimation Accuracy of the Ordering of Variables

In this section, we investigate the learning accuracy of our proposed Bayesian learning and sensing
framework. The experimental results are presented in Figure 6.5, while all the 7 BN networks
are investigated. A sequential procedure for expert knowledge elicitation is used, that has 10
iterations in total, while in each iteration, 4 comparison tasks are queried. Also, the accuracy level

of the expert knowledge is set to be 0> = 2. Note that, experimental results for other settings
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Figure 6.5: Evaluation of the proposed Bayesian learning and sensing framework, with either the
SDP (red) method or the random selection method (blue), for estimating the ordering of the vari-
ables. Each figure corresponds to a network, which are earthquake, asia, child, insurance, mildew,
alarm, barley, from left to right and top to down. The accuracy level of the expert knowledge is set

to be 02 = 2.
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of these parameters lead to similar conclusion, so we only present the results as shown in Figure
6.5. Since for each simulated scenario, we repeat the experiments 100 times, so boxplot is used to
present the overall results. The results clearly show that: 1) the proposed framework, either being
integrated with the SDP method or the random selection method, could lead to effective learning
of the underlying ordering of the variables. This indicates that the proposed Bayesian learning and
sensing framework is effective in general. 2) The SDP method is better than the random selection
method as it can lead to quicker detection of the underlying ordering of the variables. Also, the
performance of the SDP method is more robust as it often generates results with tighter error

bounds across the 7 BN networks.

6.5.3 Evaluation of Variance Reduction Performance

In this section, we further evaluate the efficiency of the proposed Bayesian learning and sensing
framework in generating the candidate expert comparison tasks via the SDP formulation. Using
the same setting of the parameters (such as 0> = 2 and the number of expert comparison tasks
queried in each iteration is set to be 4), the experimental results are shown in Figure 6.6. Similar
conclusions can be drawn as: 1) the proposed framework, either being integrated with the SDP
method or the random selection method, could lead to effective reduction of the estimation vari-
ance. 2) The SDP method is better than the random selection method as it can lead to quicker
reduction in the estimation variance of the orderings. For small network, we could observe that the
estimation variance of the ordering by the proposed method quickly converges to very low (~ 0
), while the estimation variance of the ordering by the random selection method still stays at a
significant nonzero level. For networks with larger sizes, such as the four networks in the middle
(i.e. the “child”,“insurance”,“mildew” and “alarm’), the estimation variance of the ordering by

the proposed method usually approaches zero after 6 ~ 10 iterations, while the random selection

method needs more iterations.
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Figure 6.6: Evaluation of the proposed Bayesian learning and sensing framework, with either the
SDP (red) method or the random selection method (blue), for reducing the variance of estimation
of the ordering. Each figure corresponds to a network, which are earthquake, asia, child, insur-
ance, mildew, alarm, barley, from left to right and top to down. The accuracy level of the expert

knowledge is set to be 02 = 2.
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Variance Reduction Ratio +s.d.

Dataset Scenario under 02 = 1
@3th Iteration @6th Iteration @9th Iteration

nQuery =1 0.14 £0.10 0.15 £0.10 0.16 £0.11
Alarm nQuery = 2 0.13+0.11 0.11 = 0.19 0.08 = 0.20
nQuery = 4 0.07 £ 0.08 0.08 £ 0.09 0.23 £0.32
nQuery = 1 0.29 + 0.47 0.41 + 0.63 1.92 £ 3.35
Asia nQuery = 2 0.20 £0.19 0.23 £0.40 0.50 £ 1.70
nQuery = 4 0.11 £0.13 0.01 £0.02 -0.08 £+ 0.09
nQuery =1 0.12 £ 0.09 0.16 £0.12 0.31 £0.53
Child nQuery = 2 0.11 = 0.09 0.19 +0.19 0.51 = 0.50
nQuery = 4 0.06 + 0.07 0.21 £ 0.12 0.99 + 2.06
nQuery = 1 0.14 + 0.09 0.15 + 0.09 0.23 £0.18
Insurance nQuery = 2 0.13 £ 0.09 0.07 £ 0.09 0.21 £0.26
nQuery = 4 0.11 £ 0.07 0.19 £0.10 0.43 £0.38
nQuery =1 0.11 £0.11 0.16 £0.11 0.24 + 0.23
Mildew nQuery = 2 0.10 = 0.06 0.09 = 0.10 0.10 = 0.15
nQuery = 4 0.08 £+ 0.07 0.08 £0.12 0.39 £0.29
nQuery = 1 0.11 £ 0.11 0.38 + 0.45 0.64 +2.54
Earthquake nQuery = 2 0.11 £0.16 0.08 £0.18 -0.02 £ 0.09
nQuery = 4 0.02 £0.02 0.03 + 0.03 -0.19 £ 0.10
nQuery =1 0.09 £ 0.10 0.12 £ 0.09 0.18 £0.19
Barley nQuery = 2 0.06 £+ 0.06 0.03 £ 0.08 0.01 £0.11
nQuery =4 0.05 £ 0.07 0.02 £ 0.07 0.11 £0.16

Table 6.2: Summary of experimental results when 02 = 1.
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Variance Reduction Ratio +s.d.

Dataset Scenario under 02 = 2

@3th Iteration @6th Iteration @9th Iteration

nQuery =1 0.15 £0.10 0.15 £0.11 0.14 £0.12

Alarm nQuery = 2 0.09 £0.11 0.08 £0.10 0.03 £0.15

nQuery = 4 0.07 + 0.06 0.04 + 0.08 0.21 £0.24

nQuery = 1 0.18 = 0.21 0.29 + 0.26 1.26 +2.99

Asia nQuery = 2 0.20 £0.14 0.25 £0.25 0.06 £ 0.04

nQuery = 4 0.16 £0.17 0.10 £ 0.27 -0.08 £ 0.12

nQuery =1 0.22 £ 0.30 0.25 £0.26 0.17 £0.23

Child nQuery = 2 0.14 £0.12 0.15+£0.14 0.38 £ 0.35

nQuery = 4 0.13 +0.13 0.22 £0.12 0.53 £ 0.68

nQuery = 1 0.14 + 0.12 0.19 + 0.22 0.27 + 0.31

Insurance nQuery = 2 0.14 +0.13 0.16 +0.18 0.27 +0.31

nQuery = 4 0.08 +0.08 0.13 £0.12 0.41 £0.40

nQuery =1 0.12 £ 0.09 0.14 £ 0.08 0.22 £ 0.20

Mildew nQuery = 2 0.08+ 0.07 0.12 £0.11 0.19 £ 0.21

nQuery = 4 0.06 + 0.05 0.07 £ 0.09 0.25 £0.22

nQuery = 1 0.22 + 0.26 0.39 + 0.64 0.46 £ 1.51

Earthquake nQuery = 2 0.14 +0.18 0.04 + 0.06 -0.04 £ 0.14
nQuery = 4 0.05 £ 0.09 -0.02+0.03  iijm0.16 £ 0.10

nQuery =1 0.12 £ 0.09 0.16 £0.10 0.18 £0.12

Barley nQuery = 2 0.06 £0.12 0.05 £ 0.09 -0.03 +0.15

nQuery = 4 0.02 £ 0.07 0.01 £0.14 0.02 £0.18

Table 6.3: Summary of experimental results when o2 = 2.
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Variance Reduction Ratio +s.d.

Dataset Scenario under 02 = 4
@3th Iteration @6th Iteration @9th Iteration

nQuery =1 0.12 £0.10 0.21 £0.19 0.21 +0.12
Alarm nQuery = 2 0.12+0.14 0.05 + 0.09 0.03 = 0.21
nQuery = 4 0.05 + 0.08 0.10 = 0.09 0.20 £ 0.27
nQuery = 1 0.16 = 0.11 0.47 + 0.54 1.14 + 1.56
Asia nQuery = 2 0.19 £0.14 0.16 £0.24 0.40 £ 1.20
nQuery = 4 0.15 £ 0.09 0.05 £0.16 -0.05 £0.10
nQuery =1 0.14 £0.11 0.20 £ 0.15 0.23 £0.26
Child nQuery = 2 0.12 £ 0.07 0.24 £+ 0.20 0.74 £ 1.10
nQuery = 4 0.10 £ 0.11 0.20 + 0.18 0.28 + 0.45
nQuery = 1 0.16 = 0.14 0.21 +0.23 0.21 +0.18
Insurance nQuery = 2 0.17 £ 0.16 0.12 £ 0.09 0.22 £0.19
nQuery = 4 0.07 £ 0.05 0.12 £0.14 0.52 £0.39
nQuery =1 0.13 £ 0.08 0.13 £0.10 0.15 £0.15
Mildew nQuery = 2 0.10 £0.10 0.11 £0.13 0.11 £0.21
nQuery = 4 0.10 + 0.06 0.06 + 0.09 0.21 £0.25
nQuery = 1 0.21 +0.23 0.38 + 0.40 1.23 £3.55
Earthquake nQuery = 2 0.11 £0.15 0.31 £0.91 -0.02 +0.13
nQuery = 4 0.03 £ 0.07 -0.03 £ 0.03 -0.16 = 0.09
nQuery =1 0.11 £ 0.09 0.14 £ 0.11 0.16 = 0.11
Barley nQuery = 2 0.09 + 0.06 0.07 £ 0.11 0.05 +0.16
nQuery = 4 0.02 £ 0.07 0.01 £0.07 0.01 £0.19

Table 6.4: Summary of experimental results when o2 = 4.
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6.5.4 The Relationships between the Performance of the Proposed Method with Sample Sizes and
Accuracy Levels of Expert Knowledge

In this section, we aim to provide a comprehensive evaluation of the relationships between the
performance of the proposed method with sample sizes (i.e., nQuery = 1,2,4) and accuracy
levels of expert knowledge (i.e., 02 = 1, 2 and 4). Here, nQuery denotes the number of expert
comparison tasks we inquiry during each iteration of the sequential expert knowledge solicitation
process. Again, for each simulation scenario, we repeat the experiments 100 times and report both
the average performance metric and its variance. Results are shown in Table 6.2,6.3 and 6.4, for
02 = 1, 0% = 2, and 0? = 4, respectively. Recall that, the metric, Variance Reduction Ratio,
effectively evaluates how much extra variance reduction the SDP method could provide on top of
the variance reduction performance by the random selection method. Overall, we could observe
that, the SDP method is superior than the random selection method. Also, the proposed method is
still effective even when the expert knowledge is fuzzy, i.e., when o® = 4, as shown in Table 6.4.
Note that, we further conduct simulation studies for evaluating our proposed method in Section 3.3
where no observational data is given. Due to page limit, we present the results in the Supplementary

file.

6.6 Experiment on Real-World Applications

In what follows, we present our experimental results on two real-world applications, one is to learn
the influential relationships among some critical KPIs for better understanding of human resource
management in some manufacturing companies, and another one is to model the cascade of hy-
permetabolism reduction events for better understanding and staging of the Alzheimer’s Disease

(AD).
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Figure 6.7: Uncertainty of ordering of the KPIs when only observational data is used (top), observa-
tion data and 10 expert comparisons are used (middle), observation data and 20 expert comparisons
are used (bottom), respectively. Note that, the rows correspond to the KPIs while the numbers in

the x-axis represent the ordering of the variables.
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6.6.1 Identification of Influential Relationships of Key Performance Indicators (KPI) for Human

Resource Management

There has been considerate interests in both academia and industry to develop methods to analyze
the KPIs measurements, in order to gain a mechanistic understanding of the KPIs. It is because
that a mechanistic understanding that can identify which KPIs drive which KPIs will be of great
value for facilitating decision-makings. Thus, to demonstrate the utility of our method for KPI
data analysis, we use a database that was collected from 31 KPIs of Human Resource Management
from 197 manufacturing companies. Those KPIs cover a range of critical quality dimensions of
the human resource management practices, which include the Employee Trait such as technical
and problem solving skills, the reward policy in the company, the salaried or hourly employee
turnover rates, the supply lead time and stability of demand, to name a few. There has been some
prior knowledge regarding the influential relationships among some of the KPIs as mentioned in
[217, 218], but a systematical study that can effectively combine both the observational data with
expert knowledge has not been done yet to the best of our knowledge. Thus, we implement our
proposed Bayesian learning and sensing framework on this dataset and interact with our expert (one
of our co-authors) who is knowledgeable on this dataset to obtain the inquired expert comparison
data. Note that, here, we limit our total number of expert comparison as 20 due to the limited

capacity of the expert knowledge.

We show our results in Figure 6.7. Particularly, in Figure 6.7, the three figures from top to bot-
tom show the uncertainty of ordering of the KPIs when only observational data is used, observation
data and 10 expert comparisons are used, and observation data and 20 expert comparisons are used,
respectively. Apparently, it can be observed that, with observational data alone, the uncertainty of
ordering of the variables can only achieve limited accuracy on the ordering. On the other hand,
the proposed Bayesian learning and sensing framework effectively elicit expert knowledge to re-
duce the estimation uncertainty, and with 20 expert comparisons, we could achieve fairly accurate

estimation of the ordering of the KPIs.

Table 6.6.1 provides a summary of some KPIs that can be categorized into three groups: the
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— P-value is 0.00502

Expert Knowledge
Random

Fy |

B

c

S |

-

-12400 -12350 -12300 -12250 -12200

Log-likelihood

Figure 6.8: Validation of the utility of the expert comparison data in the KPI case study by follow-
ing the approach mentioned in Section 6.4.4. It clearly shows that the expert comparison data is

significantly different from random guess

driver, mediator, and downstream KPIs. A full list of the KPIs could be found in the Supplemen-
tary file. The driver KPIs that appear in the upstream positions in the learned ordering of the KPIs,
correspond to solid recruiting criteria such as technical skills and work attitudes, indexes of inter-
nal resource and coordination, index of reward systems, and leadership index. It is reasonable for
these KPIs to be drivers of the identified downstream KPIs. For instance, selection of employees
who have sufficient technical skills, effective internal coordination, and reward system that moti-
vate employees, all could have influence on the downstream indexes such as employee turnover
rate. Among the downstream KPIs, what is worth noting is the “multi-functional employee”. It
is a qualification index of employees and can further lead to stability of business. The rationale
behind this KPI to measure stability of business is based on the “personal successors system” men-
tioned in [217], when employees increase their qualification, they are able to occupy two positions,
while at the same time, organization has personal successors on all positions such that it can run
in normal mode when some employees suddenly quit the jobs. Knowing that this KPI could be

driven by some upstream KPIs, quality improvement strategies targeting this KPI could be defined
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by improving on the corresponding upstream KPIs to remove the root-causes as a more proactive
and preventative strategy. It is also interesting to notice that, the KPIs that correspond to the “em-
ployee trait” and “hiring process” act as mediators that deliver the influence from the driver KPIs
to downstream KPIs. This result seems also reasonable, as these KPIs relate to human capitals’
growing potential, which will have impact on the growth (into multi-functional employees) as well

as job turnover rate (due to either being overqualified or unqualified) ([218]).

In addition, the validation process of the utility of the expert data is also conducted via the
method we proposed in Section 6.4.4. The result is reported in Figure 6.8. It clearly shows that the
expert data is significantly different from random guess, demonstrating its utility for helping the

learning of the influential relationships between the KPIs.

Ordering of Human Resource Management Key Performance Indicators (KPIs)
Index Meaning
hr-hrcrn Compensation, Reward, and Incentive Systems
pm-hsmbn Management Breath of Experience
Driver KPI
sp-hspcn Reward-Manufacturing Coordination
sp-hsrsn04 Hiring Criteria: work values and attitudes
sp-hsrsn10 Hiring Criteria: technical skills
pm-hsven Cooperation
sp-hsrsn02 Employee Trait: teamwork
Mediator KPI | sp-hsrsn03 Employee Trait: problem solving
sp-hsrsn07 Hiring Process: large candidate pool
sp-hsrsn08 Hiring Process: effective interview
sp-hsmfn Multi-functional Employees
Downstream KPI
hr-hrtrn02 Turnover rate of Hourly Employees
sp-psltn Supply Lead Time
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6.6.2 Identification of Cascade of Hypermetabolism Reduction Events for Alzheimer’s Disease
(AD)

In this section, we will implement our method to identify the cascade of hypermetabolism reduc-
tion events for Alzheimer’s disease. Knowing the cascade of hypermetabolism reduction events
will help us understand the progression stages of the disease, which is especially beneficial for
early detection of the disease. Although disease progression model of AD has been developed in
[17] that gives valuable hypothesis of the cascade of the abnormal clinical events along the AD
progression process, such a model is still quite coarse and on the conceptual level, and is under-
going experimental validation. Thus, we propose to conduct quantitative analysis, and particularly
focus on the FDG-PET imaging data that can measure the hypermetabolism reduction events, to
enrich the disease progression model of AD and provide better resolution of the clinical events that

happen along the progression process.

Our FDG-PET imaging data includes a diverse set of subjects that are on different progression
stages. There are 49 AD subjects, 116 mild cognitive impairment (MCI) subjects, and 67 normal
aging (NC) subjects. We have identified 42 regions of interest (ROIs) that have been found related
to AD. We perform the following data preparation steps: the original PET scan data set could
be written as D € R*2*4%| corresponding to FDG-PET measurements of 42 regions of the 232
subjects. In order to derive the hypermetabolism reduction events based on FDG-PET data, we
build a X chart for each ROI to characterize the normal FDG-PET level for each region. If the
FDG-PET measurement of the subject in this ROI is normal, then we label this region of this
subject as 0; otherwise, we label it as 1. This is just like the Phase-I analysis of control chart.
Through this procedure, we could derive the “event dataset”, denoted as £ € 23242, We then
implement our method on £ € I?32*4% and combine it with the “expert” based on an existing
cascade model of hypermetabolism reduction events of AD reported in the literature. e.g. [219].
The final results are shown in Figure 6.9, which can be interpreted in the same way as Figure 6.7.
Furthermore, the validation process of the utility of the expert data is also conducted and the result

reported in Figure 6.11 shows that the expert data is significantly different from random guess,
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demonstrating its utility for helping the learning of ordering of the hypermetabolism reduction
events.

Again, from Figure 6.9 we could observe that the uncertainty of ordering is large, when only
observational data is used. With addition of expert knowledge, the uncertainty can be effectively
reduced. Figure 6.10 provides a visualization of the mean ordering of the variables extracted from
the posterior distribution. It clearly shows where the neurodegeneration strikes first along the
progression of AD. Based on the severity of the degeneration conditions from early to late, we use
different colors to highlight these events from yellow (NC stage) through orange (MCI stage) to
red (AD stage).

From Figure 6.10, we can see that the following regions may be involved in early stages of
the AD progression. Those regions include the frontal mid orbitalis cortex (node 4), which is an
important area involved in the cognitive processing of decision-making; the hippocampus cortex
(node 20), located at the medial temporal lobe, is known to play key roles in the consolidation
of information from short-term memory to long-term memory and spatial navigation; the mid-
dle temporal gyrus (node 16) serves in contemplating distance, recognition of known faces, and
accessing word meaning while reading; the anterior cingulate cortex (ACC) (node 6) is involved
in a wide range of cognitive functions such as rational cognitive functions, reward anticipation,
decision-making, empathy, impulse control, and emotion; the inferior parietal lobule (node 8) is
involved in the perception of emotions in facial stimuli and interpretation of sensory information;
the Precuneus (node 9) is involved in episodic memory, visuospatial processing, reflections upon
self, and aspects of consciousness. Apparently, many of these regions are related to the memory
function, which is one of the early signs of AD. It is also exciting to see that the hippocampus
region is involved in the AD progression in early stage, which is consistent with existing knowl-
edge of AD in ([220, 221]) since the hippocampus has been a hallmark of AD. The fact that the
Occipital Inferior region shows up at early stage is also interesting. It is known that the occipital
inferior region belongs to the sensorimotor network (SMN), which relates to primary visual func-
tions. A number of studies such as [222, 223, 224] have indicated that the functional changes in

the visual system might precede the onset of AD, i.e., by impaired functional connectivity in visual
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Figure 6.9: Uncertainty of ordering of the hypermetabolism reduction events when only obser-

vational data is used (top), observational data and 10 expert comparisons are used (middle), and

observational data and 20 expert comparisons are used (bottom), respectively. Note that, the rows

correspond to the hypermetabolism reduction events while the numbers in the x-axis represent the

ordering of the hypermetabolism reduction events.
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Figure 6.10: The Hypermetabolism Reduction Event Cascade of AD progression

systems. Our discovery raises an interesting hypothesis that decline in visual functions may be an
early noninvasive biomarker for the diagnosis of AD. Similar findings were previously discovered
in [225].

The regions involved in the intermediate progression stages reveal valuable insights regarding
the neurological underpinning of the MCI stage. From Figure 6.10, we can see that these regions
include the frontal mid lobe (node 2), which contains most of the dopamine sensitive neurons in
the cerebral cortex. Since the dopamine system plays a critical role in memory, planning, and
motivation, the reduction in hypermetabolism in this area could result in poorer performance and
inefficient functioning during memory tasks. On the other hand, the occipital inferior lobe (node
13) is a critical visual related cortex. Impairment of this region can cause visual hallucinations or
blindness. Its relatedness to MCI has been pointed out in recent studies ([226, 227]). Such finding
also provides evidence for the “sensory deprivation hypotheses” in [228], which proposes that
sensory (including visual) underload may reduce opportunity for intellectual stimulating exchanges
with the environment, and eventually reduce the general level of cognitive ability. In addition,

the fusiform gyrus (node 19) is related to processing of color information, face, body, and word
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Figure 6.11: Validation of the utility of the expert comparison data in the AD case study by fol-
lowing the approach mentioned in Section 6.4.4. It clearly shows that the expert comparison data

is significantly different from random guess

recognition. As many of these regions relate to the recognition ability, this is consistent with the
scientific evidence from neuropsychological studies of AD that found that word recognition tasks
are sensitive tests to identify the individuals who will develop AD soon. We also notice that, the
regions such as the prefrontal lobe (node 1, 3,5), the parietal lobe(node 7, 10 ), the occipital lobe
(node 11, 12), are involved in the late stages of AD progression. This is also consistent with the

literature that has found these regions are usually less affected by AD in early stages ([229]).
6.7 Conclusion and Future Work

In this paper, we propose a first of its kind method that can systematically elicit expert knowledge,
optimally matched to observational data that has been collected, to identify the influential relation-
ships between variables. This work is motivated by the success of the BN models in characterizing
a wide range of complex systems, which use DAG structure to represent how variables influence
each other. The BN models have also been found very useful for a number of quality control and

monitoring tasks, as evidenced by the existing works in [179, 180, 181, 182, 183]. However, as
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the common approach for learning the DAG structure of a BN is merely using the observational
data, it has been found that the theoretical bottleneck of this approach lies on the fact that only
part of the influential relationships can be identified. On the other hand, in many applications, it
is possible that knowledgeable expert could provide crucial information regarding the influential
relationships among the variables. However, there has been a lack of systematical method that
can automate the expert knowledge elicitation process, integrate it with existing learning methods
from observational data, and further optimize it. Thus, we develop a Bayesian learning and sens-
ing framework that can combine both observational data and expert elicitation data in the form
as a posterior distribution of orderings of the variables. Such a Bayesian learning framework will
further lead to a systematical optimization formulation to automate the expert elicitation process.
We conduct extensive numerical experiments on simulated data and real-world data to demonstrate

the utility of our method and show its superior performance than baseline approaches.

There are many future directions we could exploit. For example, one important direction is to
extend this framework to other optimal design methods such as A—Optimal or D—Optimal to fit
needs from a broad range of application domains. New optimization models will be constructed
accordingly. Another direction is to develop a better probabilistic model to characterize the distri-
bution of the ordering of the variables. In this study, we propose to use a surrogate vector of the
ordering of variables, which is essentially a relaxation of the ordering which is a permutation set.
As relaxation has been a common and effective tool for gaining numerical performance and com-
putational feasibility, there is always a possibility that more statistical power could be gained if the
relaxation could be tightened or not used at all. In addition, we may extend our method to be able
to interact with multiple experts that have different accuracy levels of expert knowledge. Last but
not least, it is worthy of pointing it out that the Bayesian learning framework demonstrated in the
Figure 6.3 is generic. Thus, we could plug in any Bayesian network structure learning algorithm
to learn the prior distribution of the orderings from observational data. Also, instead of Bootstrap,
we could sample orderings of variables using Markov Chain Monte Carlo (MCMC) such as in
[210, 169, 230]. In addition, there is an alternative approach to sample for DAGs rather than or-

derings of the variables in Algorithm 1. The output will be a collection of DAG structures then,
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denoted as {Gg},il .m» that provide a good sample-based representation of the posterior distribu-
tion of the DAG structure. To integrate this DAG-sampling framework with the proposed Bayesian
learning framework, we need a procedure to derive the prior distribution of ¢. Specifically, we rec-
ognize that there is a resemblance between the learned DAG G’B with the pairwise comparison data
obtained from expert knowledge elicitation, i.e., a learned DAG ég could be viewed as a collection
of pairwise comparison data by defining that w;, = count of directed edges (7, j) that shows up
in all samples G, and 1, = wik z(z‘,j)eéé sgn(i — j)-, where k corresponds to the directed edge
(7, 7). Here sgn(y) is used to indicate the direction of arcs. Following this line, we could derive the
prior distribution of ¢. All these directions are worthy of exploiting to further enhance and enrich
the proposed methodology, that can combine observational data and expert knowledge for better

learning of the influential relationships between variables.
6.8 Conclusions and Future Work

In this work, we have developed a systematical framework that unifies dynamic modeling, sparse
learning, dictionary learning, and matrix completion, to automate the process of translating the
user’s behavior data into deeply personalized and achievable health planning. Our method is
generic and can be applied to a wide range of health management problems such as obesity, fitness,
diabetes, or any chronic conditions, where the disease process is a complex dynamic process that
can be modified by exogenous variables such as some behavioral and clinical variables. Our frame-
work holds great potential to provide scalable solutions for mitigating these health problems, which
can promote healthier lifestyles outside of clinical settings. We further apply our proposed models
to extensive experiments on real-world daily behavioral data, which demonstrate promising utility
and efficacy of our method. Future works include extensions of the model to other dynamic models
that have different characteristic than linear models, e.g., some diseases, such as Depression, might
follow a different dynamic process. While currently we assume sufficient data has been collected
for each individual, it is also of interest to develop an adaptive learning and planning model that

can be applied to scenarios where data come in sequentially.
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