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Abstract

Human diseases, such as cancer, diabetes and schizophrenia, are inherently complex

and governed by the interplay of various underlying factors ranging from genetic and

genomic influences to environmental effects. Recent advancements in high throughput

data collection technologies in bioinformatics have resulted in a dramatic increase in

diverse data sets that can provide information about such factors related to diseases.

These types of data include DNA microarrays providing cellular information, Single

Nucleotide Polymorphisms (SNPs) providing genetic information, metabolomics data

in terms of proteins and other metabolites, structural and functional brain data from

magnetic resonance imaging (MRI), and electronic health records (EHRs) containing

copious information about histo-pathological factors, demographic, and environmental

effects. Despite their richness, each of these datasets only provides information about

a part of the complex biological mechanism behind human diseases. Thus, effective

integration of the partial information of any of these genomic and clinical data can help

reveal disease complexities in greater detail by generating new data-driven hypotheses

beyond the traditional hypotheses about biomarkers. In particular, integrative biomark-

ers, i.e., patterns of features that are predictive of disease and that go beyond the simple

biomarkers derived from a single dataset, can lead to a customized and more effective

approach to improving healthcare.

This thesis focuses on addressing the key issues related to integrative biomarkers

by developing new data mining approaches. One very important issue of biomarker

discovery is that the models have to easily interpretable, i.e., integrative models have

to be not only predictive of the disease, but also interpretable enough so that domain

experts can infer useful knowledge from the obtained patterns. In one such effort to

make models interpretable, domain information about disease relationships was used as

prior knowledge during model development. In addition, a novel metric called I-score

was proposed using medical literature to quantify the interpretability of the obtained

patterns.

Another key issue of integrative biomarker discovery is that there may be many

potential relationships present among diverse datasets. For example, a very important
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types of relationship in biomarker discovery is interaction, which are those biomarkers

spanning multiple datasets, whose combined features are more indicative of disease than

the individual constituent factors. In particular, the individual effects of each type of fac-

tor on disease predisposition can be small and thus, remain undetected by most disease

association techniques performed on individual datasets. Different types of relation-

ships are explored and an association analysis based framework is proposed to discover

them. The proposed framework is especially effective for discovering higher-order rela-

tionships, which cannot be found by the existing prominent integrative approaches for

the biomarker discovery. When applied on real datasets collected from three different

types of data from schizophrenic and normal subjects, this approach yielded significant

integrated biomarkers which are biologically relevant.

Disease heterogeneity creates further issues for integrative biomarker discovery, biomark-

ers obtained from clinicogenomic studies may not be applicable to all patients in the

same degree, i.e., a disease consist of multiple subtypes, each occurring in different sub-

populations. Some potential reasons responsible for disease heterogeneity are different

pathways playing different roles in the same disease and confounding factors such as age,

ethnicity and race, or genetic predisposition, which can be available in rich EHR data.

Most biomarker discovery techniques use full space model development techniques, i.e.,

they assess the performance of biomarkers on all patients without finding the distinct

subpopulations. In this thesis, more customized models were built depending on pa-

tientś characteristics to handle disease heterogeneity.

In summary, several data mining techniques developed in this thesis advance the

state-of-the art in integration of diverse biomedical datasets. Moreover, their applica-

tions on large-scale EHR yield significant discoveries, which can ultimately lead to gen-

erating new data-driven hypotheses for inferring meaningful information about complex

disease mechanism.
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Chapter 1

Introduction

1.1 Integrating Diverse Biomedical Datasets

Human diseases, such as cancer, diabetes and schizophrenia, are inherently complex

and governed by the interplay of various underlying factors ranging from genetic and

genomic influences to environmental effects [2, 3]. For example, genomic data can

elucidate the biological underpinning of a disease, while clinical data can capture mostly

the environmental and behavioral aspects of a disease. Recent advancements in high

throughput data collection technologies in bioinformatics have resulted in a dramatic

increase in diverse data sets that can provide information about such factors related to

diseases. Indeed, in last few decades, individual genetic data has become available. A

myriad of genomic data has been collected to capture different aspects of genetic and

genomic information [4]. For example, microarray data can capture the expression level

of genes, SNPs can capture mutational changes and other kinds of polymorphism of

DNA sequences, mass spectrometry (MS) data from proteomics can capture the post-

translational modifications of the genes, and so on. Furthermore, recently collected

electronic health records (EHRs) from hospitals contain copious information about histo-

pathological factors, demographics, treatment history and environmental effects.

Since diseases result from the interaction of a number of these factors, each of the

clinical and genomic datasets only provides information about a part of the complex bi-

ological mechanism behind human diseases. Thus, effective integration of both genomic

and clinical data can help reveal disease complexities in greater detail and is essential to

1
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help realize the goal of personalized medicine [5, 6]. For example, integrative patterns

containing features from multiple datasets that are predictive of the disease endpoint

can lead to a more customized and more effective approach to improving health care.

Although such integrative patterns can be directly useful as potential biomarkers for

diagnosis, treatment or prevention of diseases, they can also provide insights into the

underlying nature of disease or related biomedical processes. Such usefulness of inte-

grative patterns by fusing multiple diverse clinical and genomic datasets has led to an

emerging research area of integrative mining of clinical and genomic data [7] (Figure

1.1).

Figure 1.1: The integrative multivariate approach for clinical decision making by com-

bining multiple types of data.

Traditional data mining techniques focus on finding useful information from the

data collected from a real-world systems. Most data mining techniques are designed

to handle record-based data, where a set of samples are collected from a real-world

system for a number of features of interest, which are often represented in records. For
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example, patients’ data are collected in the form of Electronic Health Records (EHRs)

containing lab tests, diagnosis codes and interventions. Several data mining techniques

such as predictive modeling, clustering, association analysis and so on can be applied

to such record-based data [8]. However, the above mentioned clinical, genetic and

genomic datasets are quite diverse, each having their individual properties which data

mining techniques have to be cognizant of. Fusing the information available from such

datasets has been a challenging problem in the data mining domain and thus provides

opportunities for developing different novel data mining techniques.

1.2 Challenges in Data Integration

The integration of multiple datasets poses many challenges for developing data mining

techniques. Several key technical challenges are described below.

1. Difference in properties of the datasets: There are significant differences in the

properties of clinical and genomic data format, types, dimensionalities, biases

and assumptions, and the amount of noise present in the two datasets that need

to be dealt with by any integrative methods. First, clinical and genomic vari-

ables are mostly categorical or nominal in nature, while genomic data are mostly

continuous-valued [9]. Second, genetic and genomic data contain a higher level of

missing values because of technological issues [10]. In contrast, clinical data are

easy and inexpensive to collect, and so contain fewer missing values. Third, the

biases and assumptions of each of the data sets being integrated may be differ-

ent due to the difference in experimental designs and protocols. In fact, clinical

and genomic data have different degrees of reliabilities and usefulness. For ex-

ample, Clinical variables are gathered more systematically over a longer period

of time and they contain less noise. In addition, they are rigorously validated by

numerous epidemiology studies [11, 12, 13]. Furthermore, clinical data are cheap

and easy to collect. In contrast, genomic data such as gene expression data are

less reproducible over independent cohorts because of the high noise, different

experimental biases, high-dimensionality and small sample sizes [14, 15, 16, 17].

Therefore, treating both clinical and genomic datasets with equal emphasis often

overestimate the performance of genomic variables [11, 12]. Integrating variables
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with such different formats, types, structure, dimensionality, and missing values

is a challenging problem in the data mining and machine learning domain.

2. Curse of Dimensionality: Another important data related issue in integrative stud-

ies is the curse of dimensionality, i.e., the number of samples (n) available in these

datasets is much less than the total number of variables (p) coming from mul-

tiple datasets. (This is the classical statistical problem of n¡¡p [18]). In that

case, the number of samples required to describe the input space defined by high-

dimensional datasets increases exponentially, which can lead to overfitting a pre-

dictive model, i.e., make a model that conforms closely to limited data and does

not generalize [19]. Similarly, biomarker discovery techniques may find potential

factors by random chance and need to be cognizant of issues of multiple hypothesis

testing [20]. This problem is even more challenging when preforming clinicoge-

nomic integration due to the disparate dimensionalities of clinical and genomic

datasets. For example, genomic and genetic datasets have much higher dimen-

sionality in comparison with clinical data which often contains approximately

10-20 variables [15, 21]. Therefore, the clinical variables can be completely lost

among the vast number of genomic variables unless the disparity in dimensionality

is handled properly [22, 23].

3. Interpretability of the model: Interpretability of the obtained clinicogenomic mod-

els is a much desired property, which is critical for their acceptability in clinical

practice [24]. However, most integrative models focus on improving the predic-

tion power rather than interpretability. The features selected by the models may

provide some interpretation of the models, especially if only a small number of fea-

tures are selected. In addition, most of the models use components obtained from

feature extraction techniques (e.g., PCA [25, 26] or PLS [27]) before developing

any integrative models. These components may further reduce the interpretability

of the model. If the clinicogenomic models cannot provide interpretable results,

the domain expert cannot infer potential knowledge from them so that this knowl-

edge can be used for designing better drug or planning better intervention plans

for the disease.
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4. Heterogeneity: Most complex diseases are heterogeneous in nature, i.e., patients

with a particular disease may form different subgroups and factors appropriate

for one subgroup may not apply to another [28, 29]. Some potential reasons re-

sponsible for such disease heterogeneity are different pathways playing different

roles in the same disease [3] and confounding factors such as age (Simon, Schrom

et al. 2013), ethnicity and race [30, 31, 32], or genetic predisposition [33], which

can lead to different degree of association between the other clinicogenomic fac-

tors and the disease. Finding such heterogeneous subgroups of population is even

more important for clinicogenomic integrative studies, because the clinical and ge-

nomic features may measure very different aspects of disease phenomenon such as

behavioral, environmental and biological factors. Each sample is not likely to be

affected by each of these factors to the same extent. For example, genomic mark-

ers can affect a subset of samples and clinical markers may affect a different set of

samples. Alternatively, genomic markers can affect different subgroups defined by

clinical variables in different way. Clinicogenomic integrative studies thus can pro-

vide new opportunities to find insights into disease heterogeneity. Most biomarker

discovery techniques use full space model development techniques, i.e., the bio-

signatures are generated based on how well they can discriminate all patients from

the control population and thus cannot find the distinct subpopulations.

5. Different Types of Relationships among markers and disease phenotype: Different

types of relationship have been studied in the biological domain, since they can re-

veal novel insights about the complexity of human disease. For example, for many

diseases the ’nature versus nurture’ debate has been replaced with into ’nature

and nurture’ studies that emphasize interactions between diverse genetic, clinical

and environmental factors [34, 35, 36]. In fact, one of the most important types

of relationship in biomarker discovery is interaction, which is when an integrated

biomarker is more indicative of disease than its individual constituent factors. In

fact, sometimes the individual (marginal) effects of each of the clinicogenomic fac-

tors on disease predisposition can be small and thus can remain undetected by

most disease association techniques performed on individual datasets. However,

interactions among individual factors may be responsible for increasing the risk

of complex disease [37]. For example, neither a gene nor an environmental factor
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such as tobacco use may be significantly associated with lung cancer by itself, but

together they can increase the risk significantly [30]. Interaction of genes with

other types of features such as environments is believed to represent the missing

hereditability [38]. This necessitates developing efficient techniques that can find

such relationships across multiple types of features spanning multiple datasets.

Note that some challenges arise due to the nature of the data (difference in prop-

erties and dimensionalities), which have to be addressed by any integrative studies in

biomedical domain and these challenges are common with many other domains (e.g.,

computer vision, image processing, social networks, etc.) containing multi-modal data

sets. Other challenges such as relationships among markers, interpretability of the mod-

els and disease heterogeneity are specific to bio-medical data integration.

1.3 Contribution of the Thesis

To address the aforementioned challenges, this thesis aims to advance the state-of-the

art in biomedical data integration by developing novel data mining techniques and then

applying them in several real world multi-source datasets. Integrating diverse biomedi-

cal datasets is a widely studied topic and a few different types of techniques have been

proposed in the literature. By and large, the biomedical data integration methodolo-

gies can be classified into two broad categories: the predictive models [39, 40] and the

biomarker discovery techniques [41, 42]. The primary goal of predictive model based

approaches is to increase the prediction power of a disease phenotype by integrating mul-

tiple types of biomedical data than the prediction models built on individual datasets.

Note that often such techniques do not yield easily interpretable results. The highly

significant factors obtained from regression can be interpreted as potential risk factors

to some extent. However, these models mostly assess the association of such factors

with disease phenotype only one at a time. Such singleton based biomarkers are mostly

useful for simple diseases such as Huntingtonś disease [42], but not for complex diseases

like cancer, diabetes, etc. In contrast, biomarker discovery techniques assess the indi-

vidual effect of each factor or a subset of factors using statistical tests or models. We

refer to these studies as biomarker discovery techniques, since the factors identified by

these studies can be used as potential biomarkers for that disease. Biomarkers that are
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constructed using a small number of features can be directly useful in diagnosis, treat-

ment or prevention, but equally as important; they can also provide insights into the

underlying nature of the disease or related biomedical processes. Moreover, these tech-

niques are flexible in design, so more non-trivial hypothesis about complex diseases such

as the combined effect of multiple factors spanning more than one datasets on a disease

can be studied. Hence in this thesis, we primarily focus only on developing integrative

biomarker discovery techniques that span multiple datasets. Below, we summarize the

contribution of the thesis in terms of addressing some of the challenges of biomedical

data integration.

1. Literature Survey: Since the integration of multiple biomedical datasets is quite

a diverse topic, several types of integration methodologies have been proposed in

the literature stemming from several domains such as Data Mining, Statistics and

Bio-medical Informatics. Summarizing all these techniques itself is a challenging

research task. In this thesis, I first survey the broad set of issues and challenges

that arise in biomedical data integration and discuss how the existing studies

address these issues.

2. Finding higher-order relationships among diverse factors: Different types of re-

lationships can be present among different types of markers in addition to the

relationships present with the disease phenotype. One of the most important

types of relationship in biomarker discovery is interaction, when an integrated

pattern is more indicative of disease than its individual constituent factors. I aim

to also explore another relationship called coherence, when features of the individ-

ual datasets are correlated across multiple samples and also have some prognostic

value of the disease. This type of pattern is often useful in explaining possible

causal relationships, e.g., the downstream effects of the genetic perturbations that

cause functional alteration of brain activity. Most of the traditional biomarker

discovery techniques struggle to find such higher-order interaction and coherence

type integrated patterns from multiple datasets. This calls for developing a pattern

mining based integration framework (PAMIN) to find such relationships. PAMIN

tries to find such higher-order relationships using an association analysis based

two-step approach. It first finds patterns from individual datasets to capture the
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available information and intra-dataset relationship separately, and then combines

these patterns to find integrated patterns from multiple datasets. A key advantage

of these integrated patterns is that they are supported by the same subjects and

PAMIN is generic enough to be applied on any number of datasets. Our results

indicate that PAMIN discovers interaction type integrated patterns that cannot

be found by other prominent approaches for the integrative biomarker discovery,

such as canonical correlation analysis (CCA) and related multi-variate techniques.

PAMIN and the CCA based approaches, however, can find coherence type inte-

grative patterns, although CCA based approaches cannot find the subgroups of

samples associated with those markers.

3. Enhancing interpretability: In this thesis, I aim to enhance the interpretability

of obtained integrative patterns, so that they can be evaluated by the domain

experts for clinical decision making. In particular, I utilize the existing medical

knowledge in models as prior assumptions to enhance the interpretability of the

models. Several types of domain knowledge such as relationships between genes

in terms of biological pathways [43] or medical knowledge about the relation-

ship among diagnosis codes [44] are available in biomedical domain. Specifically,

I present a multivariate integrative model called Sparse Hierarchical Canonical

Correlation Analysis (SHCCA), which incorporates domain information into the

model in the context of finding diagnostic groups that are both interpretable

and predictive of the urinary incontinence of Home Healthcare patients. In the

bio-medical domain, many types of prior information are available from experts

opinions. For example, I use two types of domain information as prior knowledge

into the model: (i) various clinical information such as demographic, behavioral,

physiological, and psycho-social factors available in EHRs for the same patients,

and (ii) a standard medical clinical classification system (CCS), which provides

a systematic grouping of diagnosis codes into a hierarchical tree structure. In

addition, sparsity constraints are imposed on the model to perform the feature se-

lection simultaneously. Finally, I also propose a novel metric called I-score based

on the medical literature search to measure the interpretability of obtained diag-

nostic codes. SHCCA significantly improves the interpretability of the obtained

diagnostic codes significantly, without losing the prediction power.
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4. Handling patient heterogeneity: I further use information available from multi-

source biomedical data to stratify the patient groups more efficiently for handling

disease heterogeneity. In particular, the prior risk of the patient during admission

is used for determining more homogeneous patient subgroups and then, patterns

were found in each subgroup. There are two main challenges for integrative stud-

ies on heterogeneous subjects, which is the focus of my current ongoing research.

First, the initial health risk of heterogeneous groups can be affected by multi-

ple types of factors, often from multiple datasets, which requires a combinatorial

search on the feature space. Second, there can be both generic and specific pat-

terns for each particular homogeneous subgroup. Finding local patterns that are

specific to a particular subgroup is computationally hard, since it requires con-

trasting the local pattern for a particular subgroup with all other subgroups. My

research has been to propose an efficient framework to handle the above mentioned

two issues. Moreover, I propose a new interestingness measure, which along with

domain knowledge, can be leveraged to find both generic and specific local pat-

terns. Application of such framework in a multi-source EHR data resulted in very

interesting results, which were evaluated by domain experts.

1.4 Thesis Overview

The organization of this thesis is as follows. A broad overview of existing issues and

challenges in biomedical data integration and the existing studies that aim to address

such challenges have been discussed in Chapter 2. The problem of finding relationships

among clinical and genomic datasets has been discussed in Chapter 3. In Chapter 4,

I present a biomarker discovery technique that can take prior knowledge into account

for enhancing the model interpretability. In Chapter 5, I discuss several ways to handle

disease heterogeneity. I conclude in Chapter 6 with a discussion on future work.



Chapter 2

Biomedical Data Integration

2.1 Introduction

Until the last decade, traditional clinical care and management of complex diseases

mainly relied on different clinico-pathological data, such as signs and symptoms, de-

mographic data, pathology results, and medical images. In addition, efforts have been

made to capture genetic factors by examining the family history of patients. The ef-

fect of such clinical and histo-pathological markers is assessed by cohort based studies

conducted on large populations [45] and the knowledge obtained from these studies is

summarized in clinical guidelines for the diagnosis, prognosis, monitoring and treatment

of human disease, e.g., NPI [46] and Adjuvant! Online [47, 48] for breast cancer and

palmOne [49] for prostate cancer. However, this approach still falls short. For example,

there are adverse drug reactions for some patients who have risk factors similar to those

patients who have been cured by the same therapeutic treatment. This issue stems from

the strategy of óne drug fits allánd motivates the need to improve on conclusions drawn

from cohort-based studies so that the underlying mechanism of complex diseases can be

understood at the individual patient level.

The recent advancement of high-throughput technology has led to an abundance

of information for each individual at the micro-molecular level. A myriad of genetic,

genomic and metabolomics data have been collected to capture different aspects of cell

mechanism that shed light on human physiology. Examples include SNPs, which provide

information about the genetic polymorphism of an individual; gene expressions, which

10
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measure transcription; and protein and metabolite abundance, which captures protein

abundance and post-translational modifications. These high-throughput datasets have

helped answer some complex biological questions for different diseases, such as assessing

the prognosis [50, 51, 52, 53], epistasis effects on diseases [54], and discovering new

sub-phenotypes of complex diseases [55, 56, 57]. The use of genetic information in

epidemiology helped design effective diagnostics, new therapeutics, and novel drugs,

which have led to the recent era of personalized medicine (genomic medicine) [58, 59,

60]. However, these genetic factors alone cannot explain all the intricacies of complex

diseases. For example, the incidences of cancer vary widely among different countries

due to the environmental factors, even for the same ethnic groups, as is illustrated by

changes in incidence when people of different ethnicities migrate from one country to

another [61, 62].

In recent studies [2, 3], it has been hypothesized that most complex diseases are

caused by the combined effects of many diverse factors, including different genetic, ge-

nomic, behavioral and environmental factors. For example, cancer, which is the most

widely studied disease phenotype in last few decades, is extremely heterogeneous. Dif-

ferent clinical endpoints of cancer, such as the idiosyncrasy of individual tumors, the

survival rate of cancer patients after chemotherapy or surgical treatment, development

of metastasis, and the effectiveness of drug therapy are governed by different risk factors

including multiple mutations of genetic factors (e.g., RAS, RTK, TGF-β, Wnt/signaling

pathways), behavioral factors (e.g., tobacco exposure, diet, lifestyle) [62], long-time

environmental effects (e.g., stresses, temperature, radiation, oxygen tensions, hydra-

tion and tonicity, micro- and macro-nutrients, toxins) [37] and germline variations (e.g.

BRCA1/2) [63]. Therefore, clinico-pathological and genomic datasets capture the differ-

ent effects of these diverse factors on complex diseases in a complementary manner. In

a more complicated scenario, a complex genetic network can evolve dynamically under

various environmental factors [2]. Using the two diverse perspectives provided by both

types of data can potentially reveal disease complexities in greater detail.

It is essential to build integrative models considering both genomic and clinical vari-

ables simultaneously so that they can combine the information present in clinical and

genomic data [2]. In this chapter, we define clinicogenomic integration as building pre-

dictive or descriptive models by integrating clinical and genomic data. Clinical data
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refers to a broad category of patients pathological, behavioral, demographic, familial,

environmental, and medication history, while genomic data refers to all varieties of a

patients genetic information including SNPs, gene expression, and protein and metabo-

lite profiles. Clinicogenomic studies should involve at least one clinical dataset and one

genomic dataset for a group of people who are assessed for an outcome of a phenotype

of a disease.

The main goal of clinicogenomic integration is to infer more useful information by

combining clinical and genomic data about a disease endpoint such as the survival

of a disease or the effectiveness of a therapeutic intervention. Some studies aim to

achieve this goal by building a predictive model (e.g., a classification [64] or regression

model [25]) to assess whether the combined model built on clinical and genomic markers

provides better prediction power than the predictive models built either on clinical or

genomic data. A different set of integrative studies aim to assess the individual effect

of each factor or a subset of factors using statistical tests or models. We refer to

these studies as biomarker discovery techniques, since the factors identified by these

studies can be used as potential biomarkers for that disease. A unique advantage of

these techniques (in contrast to predictive models) is that they can identify factors

that are only specific to a particular subgroup of patients. Note that there are many

commonalities among these two broad categories in terms of the methods and the issues

addressed by them. In particular, many of the common challenges faced by these two

studies arise from the differences between the characteristics of clinical and genomic

datasets due to the differences between the experimental designs and protocols used to

collect such diverse data.
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Main Categories Predictive Modelling Testing Additional

Power

Explicit

Dimen-

sionality

Reduc-

tion

Early Inte-

gration

Regression (Li[65], Teschen-

dorff et al.[60], Shedden et al.

[66]); Classification (Stephen-

son et al. [58], Sun et

al.[67], Li. et al.[68], Beane

et al.[69]); Tree based method

(Nevins et al.[70], Pittman et

al.[24], Clarke et al.[71], Cao

et al.[72])

Tibshirani et al.[73];

Hofling et al.[74];

Boulesteix et al.[11];

Acharya et al.[75],

Wang et al.[76], Ob-

ulkashim et al.[13]

Intermediate

Integra-

tion

Daemen et al.[77], Gevaert et

al.[78]

Late Inte-

gration

Campone et al.[79], Silvaha et

al.[80], Futschik et al. 2003

[81]

Sparse

Model

Early Inte-

gration

Bovelstad et al.[82], Ma et

al.[83]

Binder et al.[22],

Boulesteix et al.[84],

Kammer et al.[43]

Table 2.1: Taxonomy of different clinicogenomic models. Some branches are missing

indicating no studies were observed in that category.
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There are a number of issues that are specific to developing integrative predictive

models. For instance, the information present in clinical and genomic datasets may not

be equally reliable, because clinical and genomic datasets are collected independently

and thus the biases and assumptions of each of the datasets may be different due to

differences in experimental designs and protocols. In particular, clinical variables have

been validated by numerous epidemiology studies [11, 12, 13] with large cohorts and

tend to be more reliable than the genomic data. Therefore, treating both datasets

equally in predictive models is not desirable.

Building models for biomarker discovery also confronts some unique challenges. For

example, biomarkers obtained from clinicogenomic studies may not be applicable to all

patients in the same degree due to the issue of disease heterogeneity, i.e., that a dis-

ease consist of multiple subtypes, each occurring in different subpopulations. Hence,

biomarkers may need to be designed for each subgroup of patients. Finding biomark-

ers is itself a computationally challenging problem due to the exponential search of

all potential combinations of features spanning multiple datasets. Searching for sub-

groups of patients simultaneously with biomarkers may further complicate the problem

of computational complexity.

Given the importance of the topic, a large number of researchers have developed

approaches for integrating clinical and genomic data. In this review chapter, we dis-

cuss the broad set of issues and challenges that arise in clinicogenomic integration and

discuss how the existing studies address these issues, as well as directions for future

research. Table 2.1 summarizes all these papers in different categories of predictive

models and biomarker discovery techniques. Some previous review articles have focused

on specific challenges of clinicogenomic integration. For example, Boulesteix et al. [21]

performed a survey of techniques that try to validate the additional predictive power of

genomic markers over traditional clinical variables. Correa et al. [41] and Sui et al. [85]

reviewed some of the integration approaches that find relationships between datasets

using correlation measure. A few studies [31, 48, 38] surveyed primarily interaction-

type relationships between genes and environmental factors. Table 2.2 summarizes the

different aspects of clinicogenomic studies covered by these articles. It also includes

some articles that survey research on integrating the omics datasets only [86, 87, 88],
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since they address some of the challenges that are common with clinicogenomic inte-

gration. Note that, our review does not cover other related topics such as architectures

and platforms for integrating clinical and genomic datasets to enhance interoperability

[89, 90, 91, 92] and mutual incorporation of genomic data into electronic health records

(e.g., [93, 94]).

In brief, the key contributions of this chapter are (i) it identifies the key issues and

challenges that arise in integrating clinical and genomic data and organizes them into

three broad categories: data specific issues (Section 2), predictive modeling issues (Sec-

tion 3) and biomarker discovery related issues (Section 4), (ii) it surveys the existing

computational techniques from multiple bio-medical domains (e.g. bioinformatics, com-

putational biology and neuroscience) that aim to address each of the above mentioned

three issues, and (iii) it discusses additional issues in clinicogenomic integration and

outlines future work (Section 5).
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Boulesteix et al

[21]

x x x

Thomas et al.

[107]; Manuck et

al.[38]; Hunter et.

al.[31]

Inter-

actions

x Envir-

on-

men-

tal

Correa et al.[41],

Sui et al.[85]

Corre-

lations

x Lab

Im-

ages

Hamid et al.[86] x x x x

Tsiliki et al.[87] x x x x

Bebek et al.[88] x x

Our review x x x x x x x x x x

Table 2.2: Comparative analysis on different review articles.

2.2 Data Related Issues

There are significant differences in the nature of clinical and genomic data format,

types, properties, dimensionalities, biases and assumptions, and the amount of noise
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present in the two datasets that need to be dealt with by any integrative methods. For

example, clinical and genomic variables are mostly categorical or nominal in nature,

while genomic data are mostly continuous-valued [9]. Clinical variable has generally

fewer missing values and noise in comparison to genomic data [95]. Another big data

related issue in integrative studies is the curse of dimensionality, i.e., the number of

samples (n) available in these datasets is much less than the total number of variables

(p) coming from multiple datasets. (This is the classical statistical problem of n¡¡p

[18]). In that case, the number of samples required to describe the input space defined

by high-dimensional datasets increases exponentially, which can lead to overfitting a

predictive model, i.e., make a model that conforms closely to limited data and does not

generalize [19]. Similarly, biomarker discovery techniques may find potential factors by

random chance and need to be cognizant of issues of multiple hypothesis testing [20].

This problem is even more challenging when performing clinicogenomic integration due

to the disparate dimensionalities of clinical and genomic datasets. For example, genomic

and genetic datasets have much higher dimensionality in comparison with clinical data

which often contains approximately 10-20 variables [96, 21]. Therefore, the clinical

variables can be completely lost among the vast number of genomic variables unless

the disparity in dimensionality is handled properly [22, 23]. In this section, we will

discuss several clinicogenomic models that try to address the above mentioned two

data related issues using various techniques from statistics, machine learning, and data

mining. First, we will discuss several stages of integration that are used to address

the disparate natures of clinical and genomic data. Second, we will describe how the

disparate dimensionalities of clinical and genomic datasets are handled.

2.2.1 The Stages of Integration

The differences in the nature of the clinical and genomic data create several challenges

for developing integrative models. In general, integration of such diverse datasets can be

performed in different stages depending on how disparate the natures of the individual

data sources are. More specifically, integration can be performed on the data level by

merging all datasets, on the decision level after merging the models built individually on

each dataset, or on some intermediate representation of data. These three types of inte-

grative studies were first proposed by Pavlidis et al. [1] in a seminal study of biomedical
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data integration and were called early, late and intermediate integration, respectively.

Figure 2.1 shows the detailed steps of the three stages of data integration. Although

these three types of models were developed in predictive modeling context, the concept

of integrating the studies in different stages is generic, and early and intermediate in-

tegration can be applied to biomarker discovery studies as well. We will describe how

these three generic categories are applied in the context of clinicogenomic integration,

their advantages and disadvantages, and the future research required in this context.

Figure 2.1: Pictorial representation of three stages of integrations inspired by [1].

2.2.1.1 Early Integration

In general, early integrative approaches merge the independent data sources together

before performing any kind of data analysis. In a simplistic case, the individual data

matrices are simply combined into a larger matrix if both of the datasets have same
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set (or subset) of samples. Thus, the integration of the individual datasets, which are

clinical and genomic data in our case, is performed at an early stage of the overall

analysis. Once the combined data matrix is prepared, any types of models can be

developed based on the two goals of the clinicogenomic studies. The unique assumption

of this type of integration is that both of the datasets are similar in nature, i.e., most of

the properties of the datasets such as data type, formats, structure, and dimensionality,

are either similar or preprocessed to be as similar as possible. In reality, clinical and

genomic data have different natures, and thus, early integration loses the individual

properties of each dataset. Some clinicogenomic predictive models perform a significant

amount of preprocessing, such as dimensionality reduction, missing value imputation

and data discretization, before integrating the individual datasets to make them more

homogeneous, but this typically leads to a loss of information. Similarly, in the context

of biomarker discovery, especially in the neuroscience domain, multivariate statistical

models such as SVD or ICA [97, 98, 99] have been developed, where the model is applied

after combining individual datasets with significant pre-processing.

Advantage: Early integration is the simplest approach, since any standard model

can be applied on the integrated dataset to achieve any of the objectives. Therefore,

most of the clinicogenomic studies fall in this category [Table 2.1]. Moreover, they

can preserve any kind of inter-data relationships. For example, if some clinical and

genomic variables are correlated, the model developed after data integration can take

the correlation structure into account.

Disadvantage: Early integration loses the individual properties of each dataset

such as the structure and the different degree of information when merged together into

an augmented dataset. The dimensionality of the augmented dataset also increases.

Thus, the model may also suffer from high dimensionality and low statistical significance

of the obtained results.

2.2.1.2 Late Integration

Late integration first develops predictive models separately for each of the individual

data sources and then merges the individual decisions of all predictive models into a

final score as the prediction for the outcome variable. As opposed to early integration,

this type of integration actually merges the classifier decision rather than the original
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dataset. The main assumption of late integration is that the individual datasets are

independent and there is no inter-dataset relationship.

The biggest challenge of late integration is how to merge the decision of classifiers

obtained from individual datasets. Several strategies like majority voting, linear ag-

gregation and weighted average have been applied for this purpose. For example, two

breast cancer studies conducted by Campone et al. 2008 [79] and Silhava et al. 2009

[80] simply summed up the individual decision coming from genomic and clinical data.

Campone et al. applied the Cox regression model to summarize the topmost 15 discrim-

inating genes into a single genomic score and then added it to the traditional clinical

score of breast cancer, NPI, to get the final score for assessing the effect of adjuvant

chemotherapy. On the other hand, Silhava et al.[80] applied two different predictive

models: logistic regression and BionomialBoosting(BB) [100] to get the genomic and

clinical score, respectively, before summing them.

However, simple summation is not always appropriate because the contribution of

the individual data sources to the overall clinicogenomic model may be different. Alter-

natively, the contribution from each individual dataset towards the disease phenotype

can be assessed and the scores obtained from the individual models can be weighted

accordingly. For example, Futschik et al, 2003 [81] used parameterized learning for

merging the individual decisions of the clinical (Bayesian classifier) and genomic data

(evolutionary fuzzy artificial neural network (EFuNN [101]) into a final decision. Fur-

thermore, they also tested statistical independence of the outputs of two independent

models using the mutual information [102], which is a key assumption for late integra-

tion. In a more complicated scenario, with many datasets being integrated, the more

general problem arises when some of the models built on individual datasets produce

binary class decisions and some of the predictive models generate continuous-valued

scores. Several approaches, including majority vote and its more generic version called

consensus learning [103] or Bayes rule based aggregation [104, 105] have been studied

in many other domains such as image processing and social networks.

Advantage: The individual structure and the nature of each dataset are preserved

in late integration, since model is developed on each dataset separately. Moreover, dif-

ferent models can be used for different datasets depending on the individual nature of
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each dataset. Late integration is particularly useful when each of the datasets is com-

pletely heterogeneous, i.e., the datasets cannot be transformed into a common format

for integration.

Disadvantage: Late integration misses any kind of possible relationship, such as

correlation or interactions, which may be present among the datasets. Moreover, late

integration generates a different hypothesis for each of the datasets as opposed to a single

hypothesis for the integrated dataset. Interpretation and validation of these different

types of hypotheses is not trivial.

2.2.1.3 Intermediate Integration

This approach tries to address the limitations of the above two approaches. It trans-

forms each dataset into a common suitable intermediate structure, such as a kernel

(pairwise similarities) or graph, depending on the nature of each dataset, and then

merges these structures into a final model. Therefore, it can handle data sets of very

different kinds (unlike early integration) and take into account the possible relationships

between the datasets to some extent (unlike late integration). The main assumption

of this approach is that there is an appropriate intermediate representation for each

dataset preserving the individual properties of that dataset and the intermediate repre-

sentations can be combined easily. Even though most existing studies used either early

or late integration, intermediate integration is most suitable for different types of clinical

and genomic datasets. The most popular intermediate integration techniques are based

on kernel based machine learning approaches [1, 39, 106, 107, 108], because it is more

generic and better preserves the individual properties of each data type and source. A

kernel approach first transforms the original features of a dataset into pairwise similar-

ities between any two samples, and then the individual kernels built on each dataset

are merged before building any model. Note that, merging kernels is much easier than

merging decisions in late integration. (Refer to the review paper [40] for a more theo-

retical description of kernel fusion methodologies.) Daemen et al. [9] further designed

kernels separately for each of the clinical data categories nominal, categorical, ordinal

and numeric to account for the wide-variety of ranges present among such categories

before merging them with the kernel developed on genomic data.

One advantage of such kernel based integration is that the weights corresponding to
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an individual dataset can denote the relative contribution towards the final prediction.

Similarly, the kernel versions of the multivariate statistical models, kernel CCA [109]

and kernel ICA [110], have been applied for biomarker discovery. However, choosing

an appropriate kernel for a particular dataset is not trivial. Moreover, kernels are not

easily interpretable, although a recent study [111] attempted to enhance the interpreta-

tion of kernel-based fusion by visualizing the contribution of the variables to principal

components (PCA [26]).

In contrast, graph based techniques can provide more interpretable models for inter-

mediate integration. For example, Gevaert et al. [78] used a partial integration approach

conceptually similar to intermediate integration. They first inferred a directed acyclic

graph (DAG) for each dataset and then merged the two DAGs using a Bayesian net-

work. Although such graph-based intermediate integration provides more interpretable

models, merging the structures (DAGs) obtained from each dataset is not as straight-

forward as fusing the kernels. Alternatively, a distance based intermediate approach

[112] has been proposed to account for the different scales and data types of clinicoge-

nomic variables, where individual distance metrics are defined for each data type and

data source, and then they are combined using a related metric scaling method. How-

ever, this intermediate representation can only be used for clustering and distance based

classification models. Regardless, in all of the previous studies, intermediate integration

showed better performance than early and late integration.

Advantage: Intermediate integration can preserve the individual properties of a

dataset. Moreover, inter-dataset relationships such as correlation and redundancy can

also be taken into account during final model creation, although this depends on many

issues such as the choice of kernel and how such relationships are preserved during kernel

fusion.

Disadvantage: Finding interaction type of relationship and causality is difficult

by this approach. Even a Bayesian approach learns the dependency structures (the

putative causal variables) independently for each dataset and thus, cannot find de-

pendencies across two data sources. Although intermediate integration can be applied

theoretically for very disparate data sources, they have mostly been applied for clin-

icogenomic datasets with similar record based format. However, clinicogenomic datasets
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may contain other formats besides the traditional record based datasets. Examples in-

clude protein-protein interaction networks, which contains pairwise relationship between

two genomic features. In these cases, new intermediate integration techniques need to

be developed. For example, networks can be inferred from the record based datasets

and then they can be merged with existing genomic networks. Alternatively, genomic

networks can be incorporated as prior knowledge in clinicogenomic models. Further-

more, some data sets may contain structures, e.g., measurements across time or across a

genetic sequence, that are not present in others. Building clinicogenomic models at mul-

tiple time-points and finding trends of the combined clinicogenomic biomarkers require

developing new computational techniques.

Figure 2.2: Different Strategies of dimensionality reduction (DM) and predictive mod-

eling (M) combining Genomic (G) and Clinical data (C). Strategies A-D are generic

to both predictive models and biomarker discovery, while the later strategies (D-F) are

specific to predictive models assessing additional power of genomic variables.
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2.2.2 Handling Curse of Dimensionality

In this section, we will describe two techniques to address the curse of dimensionality.

First, we describe techniques that rely on reducing the dimensionality of the high-

dimensional datasets and that are also cognizant of the disparate dimension of clinical

and genomic datasets. Second, we describe multi-site methods that aim at increasing

sample size by integrating multiple similar types of datasets from multiple cohorts with

or without dimensionality reduction.

2.2.2.1 Dimensionality Reduction

The easiest way to perform any dimensionality reduction technique-either feature se-

lection or feature extraction is to merge the two datasets before performing any inte-

grative study (strategy A). However, most of the time clinical variables are completely

lost among the vast number of genomic variables in this nave framework as shown in

Figure 2.2(a) (following the terminology of Boulesteix et al. [22, 23]). Therefore, most

of the clinicogenomic studies were designed carefully to handle the unique challenge of

disparate dimensionalities of the clinical and genomic data. We discuss three different

ways to perform dimensionality reduction for clinicogenomic integration: explicit dimen-

sionality reduction, implicit feature selection via regularized models, and dimensionality

reduction based on prior knowledge.

Explicit dimensionality reduction: The easiest way to handle the disparate

dimensionalities of individual datasets is to develop a two-step approach, namely, per-

form explicit dimensionality reduction separately for each dataset in a first step and

then build the integrative model in a second step (strategy B) as shown in Figure

2.2(b). (The specific design issues for dimensionality reduction and predictive models

are discussed in detail in Section 3). For example, neuroscience studies combine multi-

ple high-dimensional genetic and pathological datasets using various feature extraction

techniques before developing any integrative models [113, 41]. Another popular strategy

is to apply dimensionality reduction techniques solely on the genomic dataset since clin-

ical demographic variables are already low dimensional (Strategy C in Figure 2.2(c)).

Note that both feature selection (e.g., univariate regression model [114, 82]) and feature

extraction based dimensionality reduction (e.g., PCA [26] or PLS[27]) techniques can be
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used in these strategies. (Reader is referred to [7] for an extended discussion of differ-

ent dimensionality reduction techniques). Moreover, the selected top few discriminative

genomic and clinical features are either used directly or combined into a global score

[23, 21] before integrating them in the model development step.

However, there are some disadvantages to this approach. First, determining the

appropriate number of features is challenging [11]. Second, the top predictive genomic

variables selected in the first step may be highly correlated with the clinical variables

and thus, may not provide additional predictive power for model development in the

second step. In that case, the subtle contributions of many genes to prediction will be

missed by the dominant genomic features that are correlated with the clinical variables

[84]. The later issue is especially important when the goal is to assess the additional

power of genomic data over clinical variables as described in Section 3.2. A recent study

[23] aimed to handle the above mentioned two issues. A cross-validation (CV) [115, 25]

framework was used to select the appropriate number of genomic features. In addition,

regression models were used to select only those genes that have additional predictive

power after adjusting for clinical variables. These clinical variables were included as the

baseline in the regression model so that such redundancy of the genomic variables with

clinical variables was removed.[S7]

Implicit feature selection via Regularized Statistical Models: This approach

merges the steps of dimensionality reduction and model development into a single step

by using regularization based statistical models (Strategy D in Figure 2.2(c)) [25]. In

general, regularized techniques introduce an extra penalty term for model complexity

in addition to the original loss function of the predictive model. By preferring less com-

plex models, regularized models can increase the generalization power of a predictive

model and as a result, are more effective for reducing the overfitting of high-dimensional

data. In addition, sparse regularized models can perform variable selection by impos-

ing a special type regularization (L1) to force most of the coefficients to be zero and

consequently, remove the need for an explicit variable selection step.

Incorporating this regularized regression techniques for clinicogenomic study is not

straightforward because of the disparate dimensionalities of clinical and genomic datasets.

This necessitates the modification of the original regularized regression framework so

that regularization is performed to different degrees for the two datasets. The first
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type of approach incorporates the clinical variables as mandatory variables without im-

posing any penalty on them. An example of such an approach is CoxBoost [116, 22],

which is a sparse component-wise boosting based Cox regression model. The second

type of approach penalizes the inclusion of variables in the two datasets differently. For

example, Ma et al. [83] proposed a more generalized regularization method called Cov-

TGDR (Covariate-Adjusted Threshold Gradient Descent Regularization [117]) with two

different penalty structures for clinical and genomic variables.

The main advantage of these models is that they can implicitly take into account

the redundancy present between genomic and clinical datasets, since both datasets are

considered together during model development. This property makes these models more

suitable than explicit dimensionality reduction approaches for assessing the additional

predictive performance of genomic features over the clinical variables [84]. However, each

of the regularized model approaches has their own assumptions and requires learning

several parameters, which results in higher computational complexity. Bovelstad et

al. [82] provided a methodological comparison of different dimensionality reduction

techniques designed for Cox regression in survival studies. Among various explicit and

implicit techniques, they observed that modified ridge regression performed the best

when applied to three different clinicogenomic datasets. However, they did not compare

it to the Cov-TGDR methods.

Incorporating prior biological knowledge in dimensionality reduction:There

are some issues with discriminative genomic features selected by the dimensionality re-

duction techniques described in last two paragraphs. First, the genomic features are

often not reproducible among different studies [14, 15, 16, 17]. Second, often they are

hard to interpret and thus, do not provide any meaningful biological knowledge. Third

and more importantly, complex diseases are often caused by the activation of a large

group of functionally related genes, such as those in biological pathways [118, 119], ,

with individually small risk factors. For example, cancer is often activated by a group

of oncogenes or by the deregulation of a group of tumor-suppressor genes. Bringing

such prior knowledge into biomarker discovery has been very popular in the biological

domain [120, 121, 122] since it helps resolve the previous three issues. Similarly, Kam-

mers et al. [43] recently used one such form of biological knowledge for grouping genes,

namely, gene ontologies (GO) [123]. In particular, they clustered the genes belonging
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to each GO group into a few clusters and then used the combined effect of each cluster

(as captured by the first principal component) as a feature for penalized Cox regression

in a manner similar to CoxBoost.

Although pathway based analyses can provide interpretations for the obtained biomark-

ers to some degree, they only succeed in testing the association with the already known

pathways or gene ontologies rather than discovering new biological knowledge. There-

fore, more sophisticated computational methods are needed which do not solely rely

on the prior knowledge, but rather combine known biomarkers with the data driven

discriminative features for inferring new knowledge.
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Table 2.3: Summary of multi-site clinicogenomic studies.
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2.2.2.2 Multi-cohort Clinicogenomic Integration

Integrating multiple cohorts of patients with same phenotype can increase the sample

size significantly and thus, is very popular for developing reproducible genomic biomark-

ers [124]. Indeed, genomic studies are often criticized for the lack of reproducible re-

sults produced from independent cohorts due to small sample cohorts size, selection

bias during sample inclusion and annotation, different protocols for sample preparation

and data preprocessing, and heterogeneous clinical endpoints [66]. For example, very

few overlapping genes were observed between the biomarker genes of two well-known

breast cancer studies of Vant́ Veer et al. 2002 [180, 162] and Wang et al. 2005 [125] by

other independent studies [14, 15, 16, 17]. Inspired by the advantages demonstrated by

multi-cohort genomic studies, a few studies built universal multi-cohort clinicogenomic

models by integrating datasets not only from multiple modalities (integrating heteroge-

neous datasets), but also multiple similar types of datasets (integrating homogeneous

datasets). Despite their advantages, multi-cohort clinicogenomic studies face numer-

ous challenges. Two are discussed here: 1) minimizing experimental biases present in

samples from multiple cohorts and 2) merging features collected from multiple cohorts.

Table 2.3 summarizes the details of individual studies.

Minimizing the experimental biases: Several strategies have been undertaken

to minimize the experimental biases present in samples collected by multiple cohorts.

In one such study, Teschendorff et al. 2006 [60] used a recently developed statistical

evaluation measure called the D-index [126] instead of traditional classification accuracy

to build a universal marker from six breast cancer datasets. The D-index depends only

on the relative risk ordering of the test samples rather than relying on the absolute

value of the outcome variable, which makes it suitable for assessing performance across

test samples coming from different cohorts with diverse characteristics. In another

approach, which was used for predicting the survival of lung adenocarcinoma patients,

Shedden et al. [66] tried to directly minimize the experimental bias among different

cohorts by generating their own datasets from six different institutions using a robust

and reproducible protocol [127].
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Figure 2.3: The two stages integration of the multi-site clinicogenomic models

Merging features: Existing multi-cohort clinicogenomic models proceed in two

steps to merge features (Figure 2.3). For homogeneous integration, most of studies take

the approach of retaining only those features that are common in all of the datasets.

Then, the heterogeneous integration of clinical and genomic data is performed using any

of the techniques described earlier. Most existing multi-cohort studies [60, 66] select

the genes from multiple datasets by keeping the common features among all datasets

(data level early integration as mentioned in Section 2.1). In contrast, Acharya et al.

[75] used prior biological knowledge represented by pathways (similar to the pathway

based analysis described in Section 2.2) to select the genes that are common across

multiple platforms. Techendorff et al. 2007 [128] used a semi-supervised approach

along with imputation of missing values to select common features across studies for

finding prognostic molecular subtype for the ER breast cancer. On the other hand,

spatio-temporal neuroscience data collected from magnetic resonance imaging (MRI)

pose more challenges for such feature selection. Since there is auto-correlation across

nearby regions or consecutive times, they are often summarized into group level activities

before merging multiple samples. Group ICA techniques [99] have been proposed to

concatenate the features in multiple spatio-temporal levels.

All the approaches mentioned above assume that all samples contain the same set

of features. However, they cannot use the full potential of each dataset, especially
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if each dataset has different pools of features, which is often true for genomic datasets

containing genes and proteins. In fact, many of the features will be lost due to differences

among the datasets. Functional relevance among the biological features (e.g., Tag SNPs

[129]) among different studies can help retain more features after feature pooling [31].

A more sophisticated intermediate or late integration approach can be used to fuse

information available in individual datasets rather than selecting the common genes.

For example, the information available in each dataset can be learnt first and then the

prediction of each dataset can be merged together using a Bayesian framework similar

to that used for multi-cohort gene expression datasets [130, 131, 132]. Additionally,

the genomic information can be integrated at a higher level, such as the pathway level,

rather than at the individual gene level in order to use the full potential of each dataset.

2.3 Predictive Model Related Issues

A key question that any integrative study wants to answer is whether integrating multi-

ple data sources provides additional information beyond that provided by the individual

data sources, i.e., whether the datasets contain complementary information. The in-

formation present in a dataset is assessed based on how well it can predict the disease

endpoint. Therefore, a combined clinicogenomic model is assessed based on its improve-

ment of prognosis power of the corresponding disease endpoint over the models built

on either clinical or genomic data independently. However, treating both clinical and

genomic datasets with equal emphasis often overestimate the performance of genomic

variables [11, 12]. In fact, clinical and genomic data have different degrees of reliabil-

ities and usefulness. Clinical variables are gathered more systematically over a longer

period of time and they contain less noise. In addition, they are rigorously validated

by numerous epidemiology studies [11, 12, 13]. Furthermore, clinical data are cheap

and easy to collect. In contrast, genomic data such as gene expression data are less

reproducible over independent cohorts because of the high noise, different experimental

biases, and high-dimensionality and small sample sizes [14, 15, 16, 17]. Such domain

information has led to a different set of predictive models, which aim to include genomic

variables only if they provide additional information over traditional clinical variables.

We first discuss the generic clinicogenomic predictive models that treat clinical and
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genomic variables in the same manner and then the models that assess the additional

power added by genomic variables over the clinical variables in an unbiased manner.

2.3.1 Improving the Prognostic Power Only

The primary goal of the predictive clinicogenomic models is to improve the prognosis

of diseases by integrating clinical and genomic datasets, i.e., hopefully the combined

clinicogenomic model provides better prediction power for disease endpoints than is

provided by individual clinical or genomic data sources. The phenotype can be either

binary class labels, such as cancer vs. no cancer, or continuous variables, e.g., the

survival time after chemotherapy or other therapeutic treatments. A number of predic-

tive models have been applied in this context, each having their own advantages and

limitations that clinicians should consider [64, 133]. Moreover, the predictive models

have to be designed properly with a proper evaluation technique so that the gain of

the combined model over the individual models can be measured accurately. In this

section, we will first describe the overall study designs for predictive models and then

we will briefly describe different predictive models and a comparative study (The details

of these techniques can be found in Appendix Table A.1).

2.3.1.1 Design Strategy

Most clinicogenomic techniques used a dimensionality reduction technique described in

Section 2.2 to address the different dimensionalities of clinical and genomic datasets

(Strategy B-D in Figure 2.2(b-d) before developing integrative predictive models. This

creates a challenge for model evaluation. Most of the evaluation techniques such as

random sampling [71, 82], bootstrapping [25] and systematic cross-validation (CV) [115,

25] framework [24, 68, 58, 83, 67, 22, 82] must be applied to the predictive models

with an explicit supervised dimensionality reduction with special care, i.e., the explicit

supervised dimensionality reduction should be performed on the training data rather

than whole data [134, 135, 136]. The most frequent metrics used during these evaluation

steps to assess the gain in prediction power are mostly area under the ROC curve (AUC),

C-index, and Brier score. Furthermore, a recent study [137] proposed an additional

metric called explained variation to specifically quantify the gain of prediction power

of genomic (or clinical or combined) model in comparison to the baseline prediction
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accuracy of a null model without containing any variable to allow comparison among

multiple predictive models and also among multiple datasets.

2.3.1.2 Linear Models with Explicit Dimensionality Reduction

The choice of the particular predictive model differs based on the clinical endpoints of the

disease, i.e., whether the target variable is discrete or continuous. If the response variable

is continuous, such as survival of patients after a particular therapeutic treatment or

the development of metastasis after surgery, then the regression based methods are

deployed for model development. For example, the Cox proportional hazard model

estimates the lifetime (survival or failure) of an event associated with the covariates

using two parameters: a hazard function describing the changes of hazard (risk) over

time at the baseline level of covariates and the co-efficients describing the effect of

each variable on survival [138, 114] . In one such clinicogenomic study, Lexin Li [65]

used the Cox model for predicting the survival of the patients with diffuse large-B-Cell

lymphoma (DLBCL) after chemotherapy. In addition to the genomic features (selected

by a supervised dimensionality reduction [139]), they included a well-established clinical

factor called international prognosis index (IPI) [140], which combines different clinical

factors of DLBCL.

Figure 2.4: Discriminant models with linear decision boundary. SVM tries to maximize

the separation between the two classes (red and black).

Classification techniques are used to build clinicogenomic models when the output

variable has discrete categories. This includes mostly binary two-class variables, e.g.,

diseased vs. healthy group, successful vs. unsuccessful treatment, recurrent vs. non-

recurrent, survival vs. death after certain time point, and metastasis vs. relapse free
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outcome. Among the wide-variety of classification schemes, discriminant models, which

aim at learning a discriminative function to separate the two classes, are widely used.

Discriminant models learn a discriminant function L = g(x) = wTx+w0, where w is the

coefficients for each variable of x (as shown in Figure 2.4) for two-dimensional dataset

x (x denotes the genomic variables here, but can also denote the clinical variables c and

clinicogenomic variables z). Linear discriminant analysis (LDA) chooses the parameters

w and w0, such that the samples from the two classes are well-separated, maximizing

the between class variances[141]. Sun et al. [67] used LDA [141] for combining the

current clinical guidelines for breast cancer prognosis such as St. Gallen [47], [142] and

NIH [143] with genomic information to predict the survival of breast cancer patients.

In addition to learning linear decision boundary, logistic regression [144],[141] learns

the posterior probability of the outcome variable by a logistic function. Logistic regres-

sion is a generalized linear model that summarizes the contributions of all predictors

into a single variable, which is fed into a sigmoid transfer function to produce the final

predicted probability of outcome event y. Most of the clinicogenomic studies [58, 69]

use a stepwise logistic regression model where each predictive variable is added succes-

sively to the model until the optimal model is achieved using criterion such as Akaikeś

information criteria (AIC) [145]. In one such model, Beane et al. [69] combined the

gene expression profiles of lung epithelial cells of potential lung cancer patients using

bronchoscopy [146] with the clinical and demographic data to make better diagnos-

tic decisions. Similarly, Stephenson et. al. [58] used step-wise logistic regression to

predict the recurrence of prostate cancer after a radical prostatectomy (RP) using a

well-established clinical marker called nomogram [147, 148, 149, 150, 151] that includes

diagnostic variables such as PSA level, Gleason grade, margin status, and pathological

stage along with gene expression data. For avoiding model over-fitting, a goodness of

fit measure like AIC is used to select the optimal model.

On the other hand, SVM tries to learn the decision boundary in such a way that it

maximizes the separation between the two classes (measured by the soft margin). Li et

al [68] applied SVM with linear kernel to predict the survival of advanced-stage ovarian

cancer after platinum-based Chemotherapy.



35

2.3.1.3 Nonlinear Models with Explicit Dimensionality Reduction

Although logistic regression and LDA provide simpler discriminant models, they are

typically confined to finding linear decision boundaries only. Support vector machines

(SVM) [152] can circumvent this problem to learn more generalized non-linear decision

boundary, by utilizing the power of kernel machines. Kernel machines first map the

original feature space into higher dimensions by a non-linear mapping function and then,

linear SVM is applied in that higher dimensional space. Thus, learning a linear decision

boundary in the higher dimensional space yields a non-linear decision boundary in the

original space, which was used for developing an intermediate integration described

earlier (Section 2.2).

Other types of non-linear models have also been applied for the integrative purpose.

For example, tree based methods [25] are very popular because of two properties. First,

they can be easily represented as classification rules which are more interpretable to

clinicians and can be tested for inferring new domain knowledge. Second, these methods

are based on recursive partitioning of all available samples into more homogeneous

subgroups with respect to the binary class variable, therefore they can capture the non-

linear interactions between the variables of a tree. Because of these two properties, [153]

used a multi-step decision tree to find the interactions between 81 clinical covariates and

genomic variables to predict the treatment of asthma patients. Other clinicogenomic

studies include Pittman et al. 2004 [70, 24] for enhancing the prognostic power for

breast cancer patients relative to long-term recurrence and Clarke et al, 2008 [71] for

the survival prediction of ovarian cancer.

One problem with tree based methods is that there is no single optimal tree because

they are built using heuristic search criteria. To circumvent this problem, all these

clinicogenomic studies used ensemble learning [154],[155] and model averaging [156, 157,

158] techniques to generate a forest of trees and then, estimate the final prediction by

taking the weighted average of the individual predictions of each tree. Such techniques

not only boost the predictive performances by combining many weak learners (trees),

but also provide a confidence interval for the prediction estimated from the individual

models. This property is extremely useful in the context of an integrative clinicogenomic

study for capturing the clinical uncertainties [30, 159] arising from different clinical

processes such as variability of tissue processing, hybridization measures, small sample
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size, and sample selection [70, 24].

Also, such model uncertainty may capture potential conflicting predictions either

within or between the clinical and genomic factors, which can be very important for

complex heterogeneous diseases. Similarly, mixture of expert (ME) [160] is another

non-linear method that combines several expert trees using a convex weighted sum of

all the outputs produced by them. However, each expert can be trained on different

partitions of the input data with possible overlaps among them (soft split) as opposed

to hard split of the data used by CART. Cao et al. [72] applied the ME method for

integrating categorical clinical variables directly with continuous-valued gene expression

data without any discretization. Furthermore, ME provided better results than random

forest based approached used by [11].

2.3.1.4 Sparse Models with Implicit Dimensionality Reduction

Some clinicogenomic studies leverage the strength of sparse modeling technique to per-

form model development and feature selection in a single step by considering clinical

and genomic data simultaneously. For example, Ma et al, 2007 [83] extended one such

iterative boosting approach called Threshold Gradient Directed Regularization (TGDR

[117]) into a more generalized framework (Cov-TGDR) for two generalized linear mod-

els: logistic regression and the Cox survival model. Cov-TGDR iteratively optimized

the gradient of negative log-likelihood considering as the loss function. Moreover, in

each iteration the component-wise gradient was updated only for only a few variables

controlled by a regularization parameter. Thus, the components with lower gradient

values are not updated in each iteration and these results in a sparse representation of

the solution. Moreover, variable selection was performed separately for the two datasets

to respect their individual properties of the data using two parameters L1 and L2 for

the two datasets. Finally, this study applied the Cox proportional model for the sur-

vival of follicular lymphoma [161] and logistic regression for the binary prediction of the

development metastasis of breast cancer ([162]).

2.3.1.5 Comparative Studies

van Vilet et al. [163] performed a recent comparative study of the two-step predic-

tive models to systematically assess whether combining clinical and genomic data help
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improve the prediction power of breast cancer. They consider three simple classifiers

such as nearest mean classifier (NMC), Nave Bayes, Nearest neighbor, and two more

complex classifiers such as SVM (similar to [77]) and tree based classifier. All of these

models were developed in three different stages (early, intermediate and late) along

with no integration (built on clinical and genomic variables). The original tree based

classifiers proposed by [24] were modified for intermediate integration by restricting one

dataset at the top node. For all these classifiers, integration improved the prediction

power for breast cancer significantly, and simple classifiers performed better than com-

plex classifiers (with NMC with OR-type late integration performing the best) which

may be an effect of small sample size. Moreover, either late or intermediate strategies

performs the best, which confirms the previous studies [78, 77]). Unlike the previous

study by [162], this study found that clinical data has slightly better information than

genomic data, which they believe that is mainly because of more comprehensive clinical

features such as matrix information, central fibrosis, etc. Moreover, the genomic and

clinical features obtained from this study perform better than the markers found by

previous four studies in different cell lines [162, 164, 165, 166]. However, they did not

assess the effect of different feature selection techniques in the model development stage.

Bovelstad et al. [82] provided a methodological comparison of different dimensionality

reduction techniques designed for Cox regression in survival studies. They covered both

explicit and implicit dimensionality reduction approaches (Section 2.4) in their model

development and they observed that modified ridge regression performed the best when

applied to three different clinicogenomic datasets. However, they did not compare it to

the Cov-TGDR methods.

2.3.1.6 Advantages and Disadvantages of the Predictive Models

The main advantage of predictive models is that they are easy to develop and simple from

a methodological perspective. Any model that is applicable on either clinical or genomic

data can be applied directly (for two-step approaches) or with minor modifications (for

regularized methods) to the combined dataset. These models build unbiased models

on clinical and genomic data sets without any prior information and bias towards any

of the datasets being integrated. Therefore, the predictive model can test whether the

datasets being integrated are complementary in nature based on the improvement of
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the predictive power of the combined model over the individual models. However, the

final clinicogenomic models may select a completely different set of clinical and genomic

variables than those selected by independent models. Hence, comparing the predictive

power of clinical and genomic features grossly in dataset level cannot assess directly how

much additional power genomic features possess given the traditional clinical variables.

2.3.2 Assessing the Additional Prediction Power of Genomic Variables

Clinical variables are considered to be more reliable than genomic features in the clin-

icogenomic domain [21, 167]. The generic predictive models described in Section 3.1 do

not consider the different amount of information and reliability present in clinical and

genomic data and therefore, they often over-estimate the prognosis power of genomic

data. Using synthetic datasets[SD11], Trutzner et al. [12] systematically showed that

the genes selected by the generic predictive models are less reproducible in the inde-

pendent test datasets and concluded that such over-estimation of the predictive power

of genomic data happens because of small sample size combined with too many free

parameters associated with large numbers of genes. To remove such over-estimation

of genomic variables, care must be taken in both dimensionality reduction and model

development phase of Strategy B-D. In this section, we will first discuss the proper

design strategy and then the three different specific predictive modeling techniques for

assessing additional power of genomic variables.

2.3.2.1 Design Strategy

Most generic clinicogenomic studies with explicit supervised dimensionality reduction

techniques (Strategies B-C in Figure 2.2) perform both dimensionality reduction and

predictive model development on the same training dataset, and finally assess the per-

formance on a test or external validation dataset using CV. However, using the same

training data for both dimensionality reduction and predictive modeling will bias the

model towards high-dimensional genomic data, because the predictive models will favor

genomic features that have already seen the class label during dimensionality reduction

[167]. This problem can be solved by designing a two-fold CV framework for these

two steps, which uses three separate datasets for dimensionality reduction, integrative

model development and testing the additional performance of the integrative model
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respectively. This framework has been evaluated as being very effective for assessing

additional power of genomic variables by De Bin et al. [167]. Similarly, strategy D can

also be fit into this two-fold CV framework: the inner one for estimating the parameters

of model and the outer CV for assessing the additional performance.

Figure 2.5: Schematic diagram of Pre-validation as suggested by Tibshirani et al. The

dimensionality reduction step is repeated k times to get the full X
′k
tr matrix. Here Xk

tr

represents the k-th part of training set. In particular, the available training data (Xtr)

from the outer CV was further divided into two sets in each of the iteration of k-fold inner

CV. One set (K-1 parts denoted by X−k
tr ) was used for the supervised dimensionality.

Later, the same set of selected genes or feature creation rules was applied to the left-out

k-th samples (Xk
tr) to create a new genomic feature (X

′k
tr ). This process will be repeated

for each k-th part of the data in rotation to get a new genomic feature for each of the

sample (X
′k
tr ).

2.3.2.2 Integrative Models based on Statistical Testing

An effective way to reduce the over-optimism of genomic variables during integrative

modeling is to assess the additive performance of genes in a hypothesis testing frame-

work by answering the question of “Do genomic variables boost the performance of

models given the clinical variables?” in comparison to the null-hypothesis of ‘no ad-

ditional value’. Tibshirani et al. [73, 74] performed some seminal works for removing

the bias towards genomic variables using a variant of above-mentioned two-fold CV

framework (called pre-validation). One problem with such two-step CV frameworks is

that the available data in each of the nested folds becomes too small. To fully utilize

the potential of all available data, the first CV uses the training data for selecting the
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most discriminative genomic features and then uses the test data to summarize the

contribution of selected genes into a new fairer genomic score using approaches like

PCA (See detailed description in Figure 2.5). In a second independent CV, the sta-

tistical significance of the newly obtained pre-validated genomic score was tested in a

logistic regression model using either a standard statistical test [73] or empirically by

using permutation testing [74]. In both cases, the pre-validated genomic score was less

significant than the original overestimated genomic score without pre-validation in a

landmark breast cancer study [162]. However, such statistical tests based on p-value

do not directly assess the additional predictive power of genomic variables over clinical

variables [167].

2.3.2.3 Integrative Predictive Model for Assessing Predictive Power of Ge-

nomic Variables

Several clinicogenomic studies develop predictive models by favoring the clinical vari-

ables [21, 23] in some way. The strategies described earlier (Strategies B-D in Figure

2.2) can be modified to develop such predictive models for assessing the additional power

of genomic variables.

The studies with explicit dimensionality reductions on both clinical and genomic

data (Strategy B) can further be modified to favor clinical variables. For example, De

Bin et al. [23] favored the clinical variables over the genomic variables by forcing the

number of genomic features selected during dimensionality reduction step to a small

number (e.g., 25). Another popular technique is to modify strategy C as it becomes

strategy E, -to include all clinical features as mandatory variables and then add the gene

signature components successively as long as the prediction power is improved. In one

such study, Boulesteix et al. [11] first used a pre-validation framework based on partial

least squares [168] to reduce the genomic features, which were then successively added

to the model as long as the prediction power was improved, as assessed by out-of-bag

error [169].

Note that the favoring techniques that perform separate explicit dimensionality re-

duction on individual datasets (Strategy E, modified Strategy B) are not be able to

remove the redundancy between clinical and genomic variables completely and thus

they are only partially successful in assessing the additional prognosis power of genomic
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features. For example, the selected genomic features, even after the pre-validation strat-

egy, may be correlated with clinical variables, since the clinical variables are not taken

into account while performing dimensionality reduction (Section 2.2.1). Moreover, some

subtle contributions of genes can be missed by the dominant genomic features that are

already correlated with the clinical variables. An alternative study design can check the

additional power of genomic variables in the early stage of the dimensionality reduc-

tion step by adjusting them for clinical variables as described in Section 2.2.1 (Strategy

F). The regularized models with implicit feature selection (Strategy D) (e.g., CoxBoost

[116, 22] and (De Bin, Sauerbrei et al. 2014[23])) that favor clinical variables by manda-

tory inclusion in the objective function, are able to remove any types of redundancy

between the two types of variables.

2.3.2.4 Additional power based on the residual of clinical variables

A more rigorous one-step strategy can be designed (Strategy G) where the model fully

exploits the clinical data and fits the residual to the omics data, thus using omics data

only if needed as proposed by Boulesteix et al. [23]. The main idea of the method

is to include not only the clinical variables, but also the contribution of those clinical

variables as mandatory (offset) variable in the model, so that genomic variables cannot

influence the clinical contribution. More specifically, this method first fits a generalized

linear model on the clinical variables only, and then the impact (measured by coeffi-

cients) of those clinical variables is fed into the final combined clinicogenomic model as a

fixed offset [170] that is not changed during the iterative learning of the final integrative

model. Note that the genes of the final integrative model can also be preselected based

on their additive powers in an independent dimensionality reduction step [23] (Section

2.2.1). Finally, the integrated model be tested for statistical significance similar to [74]

as performed by Globalboosttest [84] and/or be evaluated by the metrics for measuring

prediction power [23]. In a later study [171], pre-validation testing and Globalboost-

test were tested more rigorously by generating several synthetic datasets with different

amounts of correlation between clinical and genomic markers. As expected, if the infor-

mative genes are highly correlated with the clinical variables, Globalboosttest is more

conservative in selecting genomic features than pre-validation.
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2.3.2.5 Future considerations for predictive models

Most predictive models focus only on improving predictive power rather than enhancing

the interpretability of the model. For example, often the top most factors obtained from

the clinicogenomic models are different than the biomarkers obtained from the individual

models. As a result, it is difficult to conclude that the integrative models provide better

markers than the individual models, although there may be a gain in prediction power.

More systematic studies are required to compare combined clinicogenomic models with

individual models, not only in term of prediction power, but also in terms the stability

of the obtained biomarkers. Moreover, predictive models typically focus on assessing the

additional predictive value of genomic variables besides the clinical variables assuming

they are better-validated than genomic variables. However, this assumption may not be

justified in the future as genomic data becomes more easily available and is validated

more rigorously in multiple independent studies.

2.4 Biomarker Related Issues

Some integrative studies involving clinical and genomic variables are performed from

the biomarker discovery perspective, i.e., the main purpose is to find the clinical and

genomic factors that are associated with the disease phenotype. Note that, here we use

the term biomarker as defined by World Health Organization (WHO) as any substance,

structure, or process that can be measured in the body or its products and influence

or predict the incidence of outcome or disease [172, 173]. Unlike predictive models,

biomarker studies traditionally aim to assess the association of each factor with the

disease phenotype directly on a particular population or subpopulation mostly using

statistical tests in a hypothesis testing framework. However, the advent of large scale

multi-modal datasets provides an opportunity to discover new data-driven hypotheses

beyond the traditional hypotheses. For example, new hypothesis on the effectiveness of

a marker on a particular subpopulation due to disease heterogeneity or the relationships

present among diverse factors can be studied to understand the disease phenomenon in

greater details. These hypothesis discovery techniques mostly use either semi-supervised

techniques or modified unsupervised techniques such as clustering, association analysis

and statistical methods to take the class label into account (Table 2.4). In the rest
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of this section, we discuss two important topics of clinicogenomic biomarker discovery:

population heterogeneity and finding relationships among biomarkers.

2.4.1 Heterogeneity

Most complex diseases are heterogeneous in nature, i.e., patients with a particular dis-

ease may form different subgroups and factors appropriate for one subgroup may not

apply to another [28, 29]. Some potential reasons responsible for such disease hetero-

geneity are different pathways playing different roles in the same disease [3] and con-

founding factors such as age [174], ethnicity and race [30, 31], or genetic predisposition

[33], which can lead to different degree of association between the other clinicogenomic

factors and the disease. Finding such heterogeneous subgroups of population is even

more important for clinicogenomic integrative studies, because the clinical and genomic

features may measure very different aspects of disease phenomenon such as behavioral,

environmental and biological factors. Each sample is not likely to be affected by each

of these factors to the same extent. For example, genomic markers can affect a subset

of samples and clinical markers may affect a different set of samples. Alternatively,

genomic markers can affect different subgroups defined by clinical variables in differ-

ent way. Clinicogenomic integrative studies thus can provide new opportunities to find

insights into disease heterogeneity.

Most biomarker discovery techniques use full space model development techniques,

i.e., the bio-signatures are generated based on how well they can discriminate all patients

from the control population and thus cannot find the distinct subpopulations. Recently,

several subspace based studies based on both univariate and multivariate methods aim

to find such patient subgroups so that they can classify complex diseases such as cancer

into more homogeneous sub-types (Table 2.4). Subspace clinicogenomic studies can be

divided into two main groups. The first group of studies is more generic in the sense

that they try to find all possible subgroups of samples corresponding to any clinical

and genomic markers and build predictive model for each subgroup separately. The

second group of studies is stricter and aims to leverage the complementary strengths of

the two different datasets. In particular, clinical variables can be good at classifying a

particular group of patients who cannot be classified well by genomic features and vice

versa. These studies try to find only two distinct patient subgroups corresponding to
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the two types of markers.

2.4.1.1 Generic subspace models

The generic subspace model aims to stratify the samples into a certain number of sub-

groups and to find clinical and genomic factors that are specific to a particular subgroup

of samples. The easiest way to find all subgroups of samples associated with a set of

biomarkers is to design a two-step study, where the subgroups of samples are identified

after biomarker discovery occurs in the first phase [175]. For example, Schwarz et al.

[176] first found all the clinicogenomic factors using univariate analysis for Schizophre-

nia patients and then built a two layer bi-partite graph representing all clinicogenomic

biomarkers in one partition and all patients in the other partition, with an edge across

the two layers representing the association between them. Finally, a network cluster-

ing technique called Markov Chain clustering [177] was used to find network modules

containing homogeneous subgroups of Schizophrenia patients having a common abnor-

mality in serum primary fatty acid.

An alternative approach based on association rule mining technique [178] can find

the combinations of markers along with the corresponding patient subgroups in a single

step. In particular, such patient subgroups are called patterns by this algorithm. Berlin-

gerio et al., [179] used this technique along with a post-processing step to remove the

non-discriminative patterns for discovering the demographic, pathological (e.g., hepatic

cirrhosis) and genomic factors responsible for the allograft rejection of liver transplant.

Another advantage of the association pattern mining or the network based approach

described here is that they are non-parametric models that can capture non-linear in-

teractions easily. This may be extremely useful for integrating heterogeneous types of

data where the same kinds of model assumptions may not hold for all data types.

2.4.1.2 Biased subspace models

These studies find at least two distinct subgroups related to clinical and genomic vari-

ables respectively and then build a global predictive model utilizing the complementary

strength of the subgroups. However, most clinicogenomic studies gave priority to clini-

cal variables. These studies first find the subgroups based on the predictive power of the

clinical variables. Subsequently, genomic variables (and possibly other left out clinical
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variables from the first step) were used to find biomarkers for the rest of the patients

that cannot be predicted well by clinical variables. Clinical variables that are used to

stratify populations are included based on prior knowledge. Examples include estrogen

receptor status [125, 60, 128], tumor grade and tumor status [180] for breast cancer;

cirrhosis and vascular invasion of hepato-cellular carcinoma (HCC) [76] and a prognostic

score [75] generated by a clinical software Adjuvant! Online [47, 48]. In the second stage,

genomic data is incorporated for the subgroups of patients with poor clinical outcome.

A few studies attempted to further subgroup those patients based on genomic variables

using clustering techniques [75] or other unsupervised techniques [128]. Finally, the

clinicogenomic variables were used for a particular subgroup of patients depending on

the corresponding subgroups.

A few studies aim to build a final predictive model based on the subgroups of pa-

tients. Conceptually, the studies that stratify the initial patient groups based on clinical

variables are similar to a decision tree where the topmost nodes are restricted to clinical

variables. In fact, van Vilet et al [163] explicitly developed such a hybrid tree based on

an intermediate approach where the prediction obtained from a clinical classifier was

used for the topmost node. On the other hand, Obulkasim et al. [13] used a step-wise

classification model to automatically determine the most effective subgroups for the

molecular data given the clinical data and successively were included in the final model.

Alternatively, a few studies used a population stratification strategy to remove the

well-known confounding factors directly [181]. Recently, a few other techniques [182,

174] based on survival analysis and association based techniques have been proposed

to first remove the effects of the confounding clinical factors such as age and ethnicity,

before performing any association study.

2.4.1.3 Generic models vs. biased subspace models

Generic models can find any number of homogeneous subgroups of patients that are

available in the data. Therefore, generic subspace based approaches can be used for

new hypothesis discovery, especially minor causal factors that are represented in very

few samples and thus, overlooked by full-space models [183]. However, at the same

time, a lot of spurious patterns and modules can be discovered due to the noise present

in the data. Thus, the obtained patterns may not be statistically significant since they
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are associated with only a few samples. Building classification models based on such

small subgroups may be extremely difficult and may lead to overfitting. Therefore,

the observed patterns require more robust validation both statistically and clinically

before considering the patterns and modules as potential factors. On the other hand,

biased subspace models are well-validated, since the goal of these studies is to improve

classification. Therefore, they cannot find all subgroups of patients in the data and

thus, cannot be used for hypothesis discovery.

Figure 2.6: Coherence and Interaction type pattern between X and Y as binary variables.

Here columns represent features and rows represent samples of two groups: disease (case)

and healthy (control). A shaded cell in these data matrices indicates the presence of

a feature for a subject and an integrated pattern contains features from both datasets.

In (a), a coherence pattern is represented where both of the features (X and Y) are

discriminative both individually and in together. Moreover there is a high correlation

between the two features because they are represented in five samples together. In (b),

an interactive pattern is trol where both features (X and Y) are present in four samples

in cases but not in control.
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2.4.2 Relationships among Markers

Integration of multiple biomedical datasets can provide a great opportunity to unravel

relationships present among the diverse factors which cannot be obtained by looking at

the datasets independently. Note that the predictive models described earlier focused

on the overall relationship between clinical and genomic variables at the model level,

but cannot shed light on the detailed relationships present among the individual mark-

ers. Different types of relationship have been studied in the biological domain, since

they can reveal novel insights about the complexity of human disease. For example, for

many diseases the nature versus nurture debate has been replaced with into nature and

nurture studies that emphasize interactions between diverse genetic, clinical and envi-

ronmental factors [34, 35, 36]. In fact, one of the most important types of relationship

in biomarker discovery is interaction, which is when an integrated biomarker is more

indicative of disease than its individual constituent factors. In fact, sometimes the indi-

vidual (marginal) effects of each of the clinicogenomic factors on disease predisposition

can be small and thus can remain undetected by most disease association techniques

performed on individual datasets (Figure 2.6). However, interactions among individual

factors may be responsible for increasing the risk of complex disease [37]. For example,

neither a gene nor an environmental factor such as tobacco use may be significantly as-

sociated with lung cancer by itself, but together they can increase the risk significantly

[30]. Interaction of genes with other types of features such as environments is believed

to represent the missing hereditability [38].

Another potential relationship among diverse factors that can decipher novel bi-

ological relationship is coherence (correlation). Formally, coherence is when features

of the individual datasets (i.e., two sets of clinical and genomic variables) are corre-

lated across multiple samples (both in healthy and diseased population) and also have

some prognostic value for the disease (Figure 2.6). This type of relationship is often

useful in explaining possible causal relationships between two-types of data, and this

can be observed as the correlation present among the mediator variables of the causal

pathway [184]. Examples include clinical variables, such as pathological and behavioral

effects, as the downstream effect of causal genomic features in cancer [185, 186, 165] or

the downstream effects of the genetic perturbations that cause functional alteration of

brain activity studied in neuroscience [41].
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In this section, we will focus on computational methods for the two most studied

types of relationships among markers: coherence (correlation) and interaction, which

can explain the disease in more details and thus, can be used as potential biomarkers.

The most prominent application of approaches to finding relationships among markers

is in the neuroscience domain, where abundant clinico-pathological data are collected

using MRI technology that measures functional [187] and structural brain activities

[188]. Another prominent domain is the interaction between genetic and environmental

factors [31].

2.4.2.1 Coherence relationships among factors

The most prevalent technique for finding coherence type of patterns from neuroscience

dataset is based on multivariate blind-source separation (BSS) techniques [189, 187,

190, 188] (Refer to [85] for detailed review with application on brain images). In brief,

blind source separation techniques such as independent component analysis (ICA) [191]

and principal component analysis (PCA) [25] generate two matrices from a dataset:

the modulation profile and the component maps, where component maps represent

the sources by a linear combination of factors and the modulation profile denotes the

association of each individual with those components.

These original BSS methods have been extended for integrating multiple datasets

with the goal of finding relationships among multiple datasets. For example, joint ICA

(jICA) [97, 99] and linked ICA [192] perform ICA after combining the two datasets

into an augmented matrix, as in the early integration technique. However, it cannot

differentiate the effect of each type of dataset on each sample. Alternatively, several

statistical methods, such as canonical correlation analysis (CCA) [193] and parallel

ICA (pICA) [98, 194] provide a more natural framework for data integration where

the relationship between different components found from multiple datasets is defined

as the inter-subject variability measured by correlation. Parallel ICA is a two-step

approach where components are found by ICA from each dataset separately, such that

they are maximally correlated across the datasets. Alternatively, CCA merges these two

steps into a single optimization approach to find a linear transformation of each dataset

(modulation profile) such that they have maximum correlation after transformation.

CCA has been used extensively for various purposes [41]. An extension of CCA for
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integrating more than two datasets called multi-set CCA (MCCA) [195, 196] has been

applied for integrating fMRI, EEG and sMRI datasets [197]. Sparse CCA [198, 199,

200, 201] has also been proposed based on a regularization framework for simultaneously

performing variable selection and reducing model overfitting issues that arise for high-

dimensional data with small sample size. Another recent extension is a supervised

technique called discriminative CCA (DCCA) [202], which can take the class labels into

account while finding canonical components. Each of these multivariate models has

their own assumptions [41]. Recently, an effort has been made to combine these two

techniques to minimize assumptions [203, 204].

2.4.2.2 Interaction relationships among factors

As mentioned, interaction is defined as the situation where the joint effect of two or more

markers is more indicative of disease than the individual constituent factors. Many types

of models have been proposed to find gene-gene interaction, although multiplicative and

additive models are the most popular [31]. Multiplicative models measure interaction as

the departure from multiplication of the individual main effect of the two genes under

consideration (often referred as epistasis) using statistical models such as regression. In

contrast, additive interaction (e.g. synergy [54]) is assessed by the difference between

the joint effect and the sum of the main effects. Please refer to [205, 206, 207] for de-

tailed description of the popular methods and to [208] for different types of interactions

in genomic studies. However, there are some unique issues that the above mentioned

methods have to address when applied in clinicogenomic integration. First, the sta-

tistical power is a great challenge for any interaction study. For example, the number

of samples required for detecting an interaction between two simple binary factors is

four times higher than that of main effect [31]. For integrative study, it is even higher

because of the increased dimensionalities leading to the increased number of hypotheses.

Second, often a mixture of clinical, behavioral and environmental factors interacts with

multiple genetic factors as many as up to ten SNPs [209]. The computational complexity

and required samples for such higher-order interactions increase exponentially as more

factors are added. Third, there may be both within and across dataset interactions,

which creates unique challenge for integrative studies.
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Most of the integrative interaction studies first preselect a few candidate genes us-

ing univariate methods depending on their relevance (e.g., using linkage disequilibrium

for SNPs [210, 207]) or prior knowledge (e.g. pathways [48]) or based on the marginal

effect of the individual factors [211, 48], and then test for interactions of those with

other factors to avoid the problem of multiple hypothesis testing and poor statistical

significance, especially for large-scale genome-wide studies. However, these studies will

miss factors that have poor individual marginal effect but strong interactions with other

factors [206, 48, 38]. Moreover, it is computationally hard to search for the higher-order

interaction both within and across datasets. Although multivariate regularized regres-

sion models, tree methods, and pattern mining have been applied to find higher-order

gene-gene interactions [206, 212, 38, 213], they have not been applied for integrative pur-

poses. Furthermore, often interactions are confounded by the coherence type relations,

since they are not considered simultaneously by most of the studies [38]. Recently, Dey

et al. [214] proposed a pattern mining framework called PAMIN to find higher-order

relationships from both within and across datasets. PAMIN first finds patterns from

individual datasets to capture the available information separately and then combines

these patterns to find integrated patterns (IPs) consisting of variables from multiple

datasets. In addition, this study further characterized the IPs into two groups: coher-

ent and interaction based on two different association measures. Using both synthetic

data and a neuroscience dataset containing fMRI, sMRI and SNPs, the authors showed

that PAMIN can discover interaction type patterns that competing approaches like CCA

and discriminative CCA [202, 41] cannot find.

2.4.2.3 Other types of relationships

The genetic influences in complex diseases are often intricate exhibiting penetrance levels

in between zero and one [206] (the probability of exhibiting phenotype, e.g., sensitivity

of genetic influences in present of a moderator [38], protective versus recessive [31]).

This creates a problem for defining relationships between genetic and other factors and

their biological interpretation. Therefore, wide varieties of relationships can be defined

between interaction and coherence, e.g., synergy, moderator, marginally interactive and

coherence [211]. Moreover, causal relationships may be present in several datasets, for

example, sometimes clinical variables such as pathological and behavioral effects can
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be the downstream effect of causal genomic features. Causal makers can be extremely

useful, i.e., drugs can be designed in a better way to target the original causal factor

or preventive health care can be designed in a more intelligent way. Causal markers

are generally correlated, but correlation does not imply causality [11, 215]. Better data

mining techniques need to be developed for finding such diverse types of relationships

from multiple datasets. Moreover, mixed types of relationships may be present, e.g.,

some of the variables may be correlated, while others may have causal relationships.

Finding such mixed relationships creates further challenges for building computational

biomarker discovery techniques.

2.5 Issues Cutting Across Predictive Models and Biomarker

Discoveries

There are three issues that cut across both of predictive and biomarker discovery tech-

niques: interpretability, validation and use of prior domain knowledge (Table 2.4). Here

we provide a discussion of these issues along with direction to future research.

2.5.1 Interpretability

Interpretability of the obtained clinicogenomic models is a much desired property, which

is critical for their acceptability in clinical practice [24]. However, most predictive mod-

els focus on improving the prediction power rather than interpretability. The features

selected by the models may provide some interpretation of the models, especially if only

a small number of features are selected. In addition, components obtained from feature

extraction based techniques (e.g., PCA or PLS) may further reduce the interpretability

of the model. Models based on biomarker discovery techniques can lead to more inter-

pretable knowledge, since they tend to derive a more direct relationship between the

target phenotype and a small number of features. Although coherence and interactive

relationships provide some understanding of the dynamics of complex diseases, further

research is required to understand the causal relationships present among the diverse

clinicogenomic factors to understand the disease phenomenon in greater details.
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2.5.2 Validation

Results obtained from individual studies spanning both categories require rigorous val-

idation to assess their consistency across external datasets [65, 69, 21, 163, 167]. How-

ever, in most cases, data is scarce and therefore, the available dataset is used in a CV

framework, whose test data mimics the independent validation data. However, the ob-

served results from many clinicogenomic studies are not consistent. For example, van

Vilet [163] found that clinical data has slightly better information than genomic data in

contrast to previous breast cancer studies [162, 164, 165, 166]. One of the main hurdles

for such validation is the unavailability of large-scale benchmark datasets covering wide

ranges of clinical and genomic data [6], often due to the privacy related constraints [216].

Although some initial efforts for such data collection have been made [89, 217], they

mostly contain genomic datasets. More comprehensive benchmark datasets containing

both multiple genomic and clinical data collected from EHRs are needed and compara-

tive studies need to be performed to validate clinicogenomic markers. Moreover, more

rigorous prospective studies need to be designed to re[S13]move potential population

selection bias and the recall bias of previous clinical and behavioral data [218, 31].

Moreover, any significant findings need to be finally tested for biological significance

before its use as biomarkers.

2.5.3 Use of prior domain knowledge as model assumption

Utilizing existing medical knowledge in models as prior assumptions has the potential to

enhance both the interpretability and validity of clinicogenomic models. Several types of

domain knowledge have been incorporated into both predictive models and biomarker

discovery techniques as summarized in Table 2.4. Other types of knowledge such as

relationships between genes in terms of biological pathways [43] or medical knowledge

about the relationship among diagnosis codes [44] or intervention plans [219] can also

be incorporated into multiple stages of clinicogenomic model development. However,

biasing the models too much based on prior knowledge may hinder the discovery of

new knowledge. More systematic studies are required for deciding the optimum level of

incorporation of domain knowledge into the models.
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2.6 Conclusion

In spite of the great potential of clinicogenomic integration, it remains a hard prob-

lem that is still in a rudimentary phase. Most existing clinicogenomic studies consider

only gene expression, clinical and pathological data. Other genomic datasets such as

post-transcriptional modification, protein synthesis and epigenetic data need to be in-

corporated to get the complete understanding of cellular mechanism (see [220] for a

recent such study). It is important to note that these genomic datasets are inherently

related and thus, by considering such relationships one could drastically reduce the

discovery of biologically spurious, albeit statistically significant associations. Similarly,

electronic health records (EHR) contain rich medical information about patients treat-

ment history, notes and diagnosis codes, where existing studies have mostly made use of

demographic and pathological data. All these datasets will give rise to new challenges

and research goals, for which novel computational techniques are yet to be designed.

Furthermore, the focus of existing studies has been on generating a prognostic risk score

using clinicogenomic features at a single point of time, often during the initial assess-

ment of a disease. Advanced techniques are needed to make use of relationships present

among clinical and genomic factors and their evolution over time.

The ultimate goal of integrating clinical and genomic datasets is to use it during

every step of clinical decision making to enable personalized medicine. However, tech-

niques surveyed in this paper only help discover potential hypotheses which need to

be evaluated through independent randomized control trials before deploying them into

clinical decision making as a complement to the existing medical knowledge gathered

through evidence based guidelines. The effectiveness of such guidelines can now be

re-analyzed or new guidelines can be designed as more complete knowledge regarding

patients health emerges through the advancement of clinicogenomic studies, so that

they can be used finally for personalized medicine.
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Categories Goals Model Assump-
tions

Role of domain
knowledge

Models
mostly used

Generic
Predictive
Models

Assess whether
integration of
diverse datasets
increase the
prognostic
power of the
disease

None None Predictive
Models

Predictive
Models
with Ad-
ditional
Values of
Genomic
Variables

Assessing the
additional power
of the genomic
variables over
clinical variables

The clinical vari-
ables are more
reliable than the
genomic variable

Clinical vari-
ables are treated
especially into
the global model
development

Predictive
Models
with modi-
fications

Generic
Subspace
Models

Finding sub-
space of pop-
ulation with
different set of
biomarkers

Clinicogenomic
markers are
specific to a
subgroup of
patients

None Unsupervised
Clustering,
pattern
mining

Biased sub-
space Mod-
els

Finding sub-
population and
building models
with them

Clinical vari-
ables are useful
to stratify the
patient popula-
tion

Clinical vari-
ables are used
to stratify initial
samples and
finally build the
local models

Unsupervised
clustering
or semi-
supervised

Relationship
Finding

Finding rela-
tionship among
markers

There are rela-
tionships among
different types of
markers

Biological re-
lationships are
used for gen-
erating new
hypothesis

Unsupervised
multivari-
ate sta-
tistical
models

Table 2.4: Models and assumptions of the clinicogenomic studies.



Chapter 3

Finding Relationships across

Datasets

3.1 Introduction

Integration of multiple biomedical datasets can provide a great opportunity to unravel

relationships present among the diverse factors which cannot be obtained by looking

at the datasets independently. Different types of relationship have been studied in

the biological domain, since they can reveal novel insights about the complexity of

human disease. One of the most important types of relationship in biomarker discovery

is interaction, when an integrated biomarker is more indicative of the disease than

its individual constituent factors. In fact, sometimes the individual (marginal) effects

of each of the clinicogenomic factors on disease predisposition can be small and thus

can remain undetected by most disease association techniques performed on individual

datasets. However, interactions among those individual factors may be responsible

for increasing the risk of complex disease [221]. For example, neither a gene nor an

environmental factor such as tobacco use may be significantly associated with lung

cancer by itself, but together they can increase the risk significantly [222]. Interaction

of genes with other types of features such as environments is believed to represent the

missing hereditability [223].

Another potential relationship among diverse factors that can decipher novel bio-

logical relationship is the coherence (correlation) [224]. Formally, coherence is defined

55
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when features of the individual datasets (i.e., two sets of clinical and genomic variables)

are correlated across multiple samples (both in healthy and diseased population) and

also have prognostic value for the disease (Figure 3.1). This type of relationship is often

useful in explaining possible causal relationships, and can be observed as the correlation

present among two types of data. Examples include clinical variables, such as patholog-

ical effects as the downstream effect of causal genomic features in cancer [225, 226, 227]

or the downstream effects of the genetic perturbations that cause functional alteration

of brain activity studied in neuroscience [228].

In this section, I will focus on the computational methods for the two most studied

types of relationships among markers: coherence (correlation) and interaction, which

can explain the disease in more details and thus, can be used as potential biomarkers

[224]. The most prominent application of approaches to finding relationships among

markers is in the neuroscience domain, where abundant clinico-pathological data are

collected using EEG [229] and magnetic resonance image (MRI) technology that mea-

sures functional [230], structural brain activities [231]. Another prominent domain is

the interaction between genetic and environmental factors [232]. I first define this two

different types of relationships formally and then discuss the computational methods to

find them.

3.2 Related Work

Multivariate statistical models including blind source separation techniques such as vari-

ants of independent component analysis (ICA) [233] and canonical correlation analysis

(CCA) [228] have been developed to find the relationship between variables across the

datasets directly. In general, these models look for components in each of the available

datasets such that those components have some relationships across multiple datasets.

The original ICA framework, which cannot combine multiple datasets directly, has been

extended in several ways for integration purpose. Examples include joint ICA [234], par-

allel ICA [233], and group ICA [235]. On the other hand, canonical correlation analysis

(CCA) and its extensions [236] provide a natural framework for integration where the

relationship between different components found from multiple datasets is defined in

terms of the inter-subject variabilities. It has been also shown that CCA has fewer
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model assumptions than ICA based techniques [228]. Therefore, CCA has become

very popular for integrating datasets, including neuroscience datasets [228] and various

biological datasets [237]. The original CCA is unsupervised in nature and thus, the dis-

crimination power of the obtained components are assessed in a post-processing step.

Discriminative CCA (DCCA) [236] has recently been proposed to combine these two

steps to find discriminative components directly. Multi-set CCA, a generalized CCA

that can integrate more than two datasets, has recently been applied for integrating

functional MRI(fMRI), EEG and structural data [238].

Note that these approaches can only find biomarkers whose individual features are

discriminative and correlated. However, as we will show in this paper, these techniques

are unable to find integrative biomarkers that consist of features that are not correlated

or individually discriminative, but can distinguish between the healthy and disease

groups when taken together. Such biomarkers, referred to in the rest of the paper as

interaction-type integrative biomarkers, are important due to their ability to combine

complementary information from different data sets. Several other statistical models

[239, 240] that look for such interactions are unable to find higher-order interactions.

Alternative techniques, such as multi-factorial dimension reduction (MDR) [241], aim to

achieve this goal in a brute-force manner and so are only suitable for small datasets or

for selected markers that already have sufficient individual effects. Furthermore, most

of these techniques are unable to find different subgroups of population associated with

those interactions due to disease heterogeneity.

3.3 Problem Formulation

In this section, we define the types of integrated patterns that are relevant to the

biomarker discovery problem. Consider two binary matrices X and Y , representing two

case-control datasets as shown in Figure 3.1(a) and Figure 3.1(b), respectively. Each of

the two datasets has 16 features (represented by columns) and 20 subjects (represented

by rows) with equal representations from healthy and diseased groups (separated by a

horizontal line). A shaded cell in these data matrices indicates the presence of a feature

i.e., has a value 1 for the corresponding subject, while a white cell indicates that a feature

has a value 0 for a corresponding subject. We define a pattern as a combination of a
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(a) Synthetic dataset X with inserted patterns (b) Synthetic dataset Y with inserted patterns

Figure 3.1: Two synthetic datasets.

subset of features and a subset of subjects (also referred to as supporting subjects) in

which all features in the subset are present. X and Y have a set of 7 patterns represented

as {PX
i }7i=1 and {P Y

i }7i=1, respectively. PX
2 pattern is supported by 4 subjects in the

disease group and none in the healthy group. Similarly, PX
4 = {i8, i9} is supported by

5 samples from the disease group but none in the healthy group. Note that a pattern

can consist of single feature such as PX
2 or multiple features such as PX

4 .

A number of measures exist to quantify the interestingness of a discriminative pat-

tern [242]. We use diffsup to measure the discrimination power of a pattern [243, 244].

Diffsup is defined as the absolute difference between the fraction of samples supported

by a pattern in two classes and is more formally defined in Section 3.5.

We will use IPij to denote an integrated pattern (IP) as the union of the features

present in pattern PX
i (found in X) and the features in pattern P Y

j (found in Y). The

support of the integrated pattern is the fraction of subjects that are common in both of

the constituent patterns. For example, the support of IP22 is 0.4 and 0 in diseased and

healthy group, respectively. On the other hand, the support of IP33 in diseased group

is 0 since there is no common subject between constituent patterns PX
3 and P Y

3 .

An IP is useful as a potential biomarker only if it is has more supporting subjects in

one group than the other (i.e., higher discrimination power). For example, IP11 is not

interesting, since both the IP and the constituent patterns (PX
1 and P Y

1 ) in individual

datasets have same number of supporting subjects (0.5) in both classes (diffsup = 0).
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Similarly, IP33 is not discriminative since its support in both classes is zero, although

its constituent patterns (PX
3 and P Y

3 ) are discriminative with diffsup = 0.4 before

integration. On the other hand, IP22 is interesting since both IP22 and its constituent

patterns have more supporting subjects in the disease group with diffsup = 0.4. In

contrast, integrated pattern IP55 demonstrates a situation that is totally opposite to

that of IP33. Here, the constituent patterns P
X
5 and P Y

5 have same number of supporting

subjects in both the groups, leading to a diffsup = 0. However, together they cover the

same disease subjects but different healthy subjects. Thus, IP55 has more supporting

subjects in the disease group. All these IPs are summarized in Table 3.1 based on

their discrimination power before and after integration. Among the four IPs described

above, only IP22 and IP55 are discriminative after integration and can serve as potential

biomarkers which will be referred to as discriminative IPs in this paper.

Discriminative Before DisriminativeAfter IP
No No IP11

Yes No IP33

Yes Yes IP22

No Yes IP55

Table 3.1: Different types of IPs based on discrimination power before and after inte-
gration.

We now describe two subtypes of integrated patterns that are of interest in biomarker

discovery: coherence-type IP and interaction-type IP. More specifically, a coherence-type

IP has same degree of discrimination as that of the constituent individual patterns (e.g.,

IP22). These patterns are interesting for biomarker discovery in scenarios when the up-

stream effects, such as genetic perturbations, can be validated by downstream effects,

such as changes in protein abundance in metabolomics data [245]. Thus, it can poten-

tially elucidate an underlying causal/cascade relationship among different biomarkers

coming from individual datasets. In contrast, we also define an interaction-type IP as

one whose constituent individual patterns have a degree of discrimination that is lower

than that of the integrative pattern (e.g., IP55).

Note that the coherence and interaction type relations can be present both with-

in and across the datasets. Lastly, we will demonstrate one such pattern. IP44 =

{PX
4 , P Y

4 } represents a special type of discriminative IP where the individual patterns
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PX
4 = {i8, i9} and P Y

4 = {j8, j9} capture the within dataset interaction for datasets X

and Y, respectively. Therefore, it is a potential biomarker and also an coherence-type

integrated pattern similar to IP22.

3.4 Preliminaries and definition of measures

Let D be a dataset with a set of m items (binary variables), I = {i1, i2, ..., im}, and

n samples from two classes S+ and S−. Each sample can be represented as a vector

(~xi, yi) for i = [1, ..., n], where ~xi ⊆ I is a set of items and yi ∈ {S+, S−}. The two sets

of samples that respectively belong to the two classes S+ and S− are denoted by D+

and D−. We define a pattern as PD = {α1, α2, ..., αl} of dataset D, where l is the length

of the pattern and αi ∈ I, ∀i ∈ {1...l}. The set of samples from the two classes that

contain P are denoted by D+

P ⊆ D+ and D−
P ⊆ D−. The ratio of the samples covered

by P in a particular class to the total samples of that class is defined as RelSup. For

example, RelSup+(PD) =
|D+

P
|

|D+|
for the positive class S+. The absolute difference of the

relative support of P between two classes is defined to be diffsup as in [243].

diffsup(PD) = |RelSup+(PD)−RelSup−(PD)| (3.1)

The above mentioned diffsup measure can be used to assess the discriminative

support of both patterns from a single dataset and IPs from multiple datasets. Further-

more, we want to differentiate between the coherence-type and interaction-type IPs. To

quantify interaction, we want to measure the minimum increase in the discrimination

power of an integrated pattern from those of any subsets of features. More formally, a

measure called improvement is defined as below.

Definition. For a pattern PD = {α1, α2, ..., αl} in a dataset D, the improvement is

defined as

improvement(PD) = diffsup(PD)− max
qD⊂PD

(diffsup(qD)) (3.2)

A pattern PD is called an interaction-type pattern if its diffsup(PD) > β and

improvement(PD) > γ, for parameters β > 0 and γ > 0. We will use this measure to

find both within dataset interactions (interaction patterns) and across dataset interac-

tions (interaction-type IPs).

Similarly, we aim to measure the association of the constituent patterns of an IP

to find the coherence-type IP. However, this is more challenging for two reasons. First,
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each dataset has its own properties and a different amount of information, and thus,

having same amount of support may not indicate the same association for each dataset.

Consider two IPs: IP22 =< PX
2 , P Y

2 > and IP77 =< PX
7 , P Y

7 > with same support in

disease group as shown in Figure 3.1. The first IP has a true association, but the second

one is more likely to occur by random chance since the individual patterns themselves

have high support. Second, the two patterns may contribute unequally to the joint

association. For example, for IP77, P
X
7 contributes more than P Y

7 , since the former has

lower support than the latter (conf(PX
7 → P Y

7 ) = 0.66, but conf(P Y
7 → PX

7 ) = 0.5).

From the wide variety of interestingness measures [246], we select IS for assessing asso-

ciations because it has two important properties. First, it can measure the association

relative to the baseline supports of constituent markers in each dataset (expected asso-

ciation). Second, the IS measure combines the contribution of each individual marker

towards the joint associations from the constituent markers using the geometric mean

[8]. Thus, if the contribution from any of the two directions(confidence measure) is low,

then the IS measure is also low.

IS(A,B) =
relsup+(A,B)

√

relsup+(A)× relsup+(B)
(3.3)

A pattern PD is called an coherence-type pattern if diffsup(PD)> β and IS(PD) >

α, for parameters β > 0 and α > 0.

In the following section, we propose an approach to discover both interaction type

IPs and coherence type IPs that pass a user provided discriminative power threshold

from a given a set of different datasets.

3.5 An integration framework

In this section, we describe a generic pattern mining based integration (PAMIN) frame-

work to find the two types of IPs from multiple diverse datasets. A straightforward way

to analyze multiple datasets is to augment them into a common matrix format, and then

apply discriminative pattern mining on the combined dataset. Unfortunately, differences

in the nature of the data, such as differences in format, semantics, type of variables,

dimensionalities and the amount of information present in each dataset, can create nu-

merous challenges to taking such an approach. In addition, we will find many patterns
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that consist of variables from only one dataset which are not interesting for integration

and thus, have to be filtered in a post-processing step. Furthermore, such an approach

will generate too many potential hypotheses and thus the statistical significance of the

IPs will be poor due to the increased Type-I error. Generally, augmenting such dis-

parate datasets limits our ability to apply the most relevant pattern finding techniques,

muddles the underlying semantics of the data, increases computational complexity, and

reduces the statistical significance of the discovered patterns.

To address the above challenges, we propose a two-step framework (Refer to [214] for

detailed algorithm). The idea is to first find the discriminative patterns from individual

datasets, taking into account the individual characteristics of each dataset, and then

combine them into integrated patterns that can distinguish the disease group from the

healthy population (Figure 3.2).

Figure 3.2: The generic two-step framework for finding integrated discriminative pat-
terns.

3.5.1 Finding patterns from individual datasets.

In this step, we will generate all discriminative patterns from each dataset being in-

tegrated based on the diffsup score. Among different types of discriminative patterns

described in [247], we will only retain interaction type discriminative patterns that show

within dataset interactions, e.g., IP44 =< {PX
4 , P Y

4 } > in Figure 3.1. We use an ap-

proach similar to that used in [248] to find all interaction patterns. More specifically, we
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first mine for the discriminative patterns with diffsup > δ using (SupMaxPair) SMP

[244] and then look at the improvement score of the discriminative patterns with non-

negative scores. However, the improvement score is not anti-monotonic in nature [248].

This can potentially lead to many missed interactions present across the datasets. For

example, a singleton variable from a particular dataset may not be discriminative, but

may have interactions with the individual variables or patterns found in other datasets.

Therefore, we also retain all the singletons along with the interaction patterns obtained

from each datasets. We denote the set of all patterns found from Dataset D as a pattern

set, PS(D) = {PD
j }dj=1

⋃

I, where d is the number of patterns found from dataset D

and I is the set of all items associated with D.

3.5.2 Finding integrated patterns using the patterns from multiple

datasets

In the second step, we combine the individual patterns found from individual datasets

to obtain the final integrated patterns. Suppose we have K heterogeneous datasets

{Dk}
K
k=1

collected for the same set of n samples. Let dk be the number of patterns

found from dataset Dk in step 1, i.e., |PS(Dk)| = dk. For each set of patterns found

from the kth dataset, we define a binary matrix Ak with dimensions n × dk for ease

of further discussion. Each entry of the binary matrix {Ak}ij represents whether the

pattern (PDk

j ) covers the sample i, for i = 1...n and j = 1...dk. Thus, each column of

this matrix, (akj ) corresponds to the jth pattern of kth dataset, for j ∈ {1, ..., dk}. We

will look for the associations and interactions of these patterns across the datasets to

obtain an integrated pattern,IP , of length l, which is defined by IP =
⋃l

t=1
PDt

j , where

PDt

j ∈ PS(Dt) and t ∈ [1...K]. Note that an integrated pattern might only contain

patterns from each of the datasets, so 2 ≤ l ≤ K.

As discussed earlier, the first criteria of an integrated pattern to be considered as

interesting is that it should be discriminative, i.e., diffsup(IP ) > β. However, the

diffsup measure only provides a way for assessing the discrimination power of an IP,

but not the discrimination power of the constituent patterns of that IP. To further

explain this scenario, consider three IPs: IP22 = {PX
2 , P Y

2 }, IP55 = {PX
5 , P Y

5 } and

IP66 = {PX
6 , P Y

6 } shown in Figure 3.1. All of these IPs will have a high diffsup score.

Among them, the individual patterns PX
6 = {i13} and P Y

6 = {i13} of IP66 have highly
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skewed discrimination power (i.e., 0 and 0.6, respectively). These types of IPs are not

interesting because the discrimination power is coming mainly from one constituent

pattern. In contrast, for IP22 and IP55, the discrimination power of the constituent

patterns are more balanced. Thus, we want to make sure that the discriminative power

of each individual patterns of an integrated pattern is balanced, rather than skewed.

This observation motivates our use of a heuristic measure called balance score, which is

defined below.

Definition Balance score: For an integrated pattern IP =
⋃l

t=1
PDt

j of length l,

where PDt

j ∈ PS(Dt) and t ∈ [1...K], we can represent the diffsups of each pattern PDt

j

as a diffsup vector

~DV (IS) =< diffsup(PD1

j ), ..., diffsup(PDt

j ), ..., diffsup(PDl

j ) >

The balance score(bs) is then defined as the cosine similarity (cos θ, where θ is the angle)

between the perfectly balanced vector ~I =< 1, ..., 1 > of length l and ~DV (IS). More

formally,

bs(IP ) =

∑K
k=1

diffsup(akj )
√

n×
∑K

k=1
(diffsup(akj ))

2

(3.4)

For any IP, 0 ≤ bs ≤ 1. The larger the bs score, the more balanced the diffsups of the

constituent patterns.

Example: The IP66 =< PX
6 , P Y

6 > has a balance score = 0.7, while bs(IP22) =

bs(IP44) = 1.

To summarize, we want the IP to be both discriminative and have balanced dis-

crimination power in their constituent patterns. Hence, we use both diffsup and the

balance score (bs), DBS(IP ) = diffsup(IP ) ∗ bs(IP ) for assessing the discriminative

power of final integrated patterns. Once we find all the discriminative IPs, we aim to

further differentiate between the two types of IPs: coherence-type and interaction-type

IP. In particular, we use the improvement and IS score to find interaction-type and

coherence-type IPs, respectively.

We will use three different pruning criteria to search for such integrated patterns

efficiently. This first pruning will be performed based on the anti-monotonicity property

of IS measure. We generalize the original definition of the IS measure for integrated

patterns from pairs to higher-order integrated pattern for l ≥ 2, in such a way that the

measure becomes anti-monotonic. More formally, the IS measure for an IP with length
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l > 2 can be defined as the minimum of the IS measures of all pairwise subsets of IP.

The anti-monotonicity property directly follows from the nature of the min function.

IS(IP ) = min
r,s∈{1,...,l},i∈{1,...,dr},j∈{1,...,ds}

IS(ari , a
s
j) (3.5)

Thus, if an IP of length 2 has IS(IP ) < α, then any superset of IP with l > 2 can

be easily pruned.

Another level of pruning is done based on an alternative diffsup formulation sug-

gested by Fang et al. [244], which makes the diffsup measure anti-monotonic. The last

pruning criteria for making the algorithm efficient in this stage is to use the fact that

diffsup is an upper bound of DBS(IP ).

Lemma: For any IP, DBS(IP ) ≤ diffsup(IP ).

Proof: It follows from the definition of DBS and the observation that 0 ≤ BS(IP ) ≤ 1.

Thus, if diffsup(IP ) < β, then we can prune the IP rather than calculating the

DBS.

3.6 Experiments and Results

In this section, we present results for both synthetic datasets and real datasets. We

will compare our proposed approach with CCA and its recent extension called DCCA,

which finds discriminative components directly. One difficulty in comparing CCA with

our approach is that CCA and DCCA combine original features into components by

taking a linear combination of the features. Therefore, they do not provide a direct

mapping of the discriminant components back to the original feature space and the

true integrated patterns. We assess the activation level of each original feature for

the discriminative canonical component by looking at the coefficients of component

maps. More specifically, for each component, we compute the Z-score of the activation

levels and then select the variables that have high z-scores [238]. DCCA finds only one

discriminant component because of its restriction of number of components being less

than number of classes.
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Figure 3.3: Two datasets containing different types of patterns of interest(Best seen in color).

Figure 3.4: Comparison among CCA, DCCA and PAMIN based on the integrated pat-

terns (IPs) from the dataset represented in Figure 3.3. Subfigures (a) and (b) represent

the two IPs obtained by CCA from dataset X and Y, respectively. Similarly, subfigures

(c-d) and (e-f) represent the IPs obtained by DCCA and PAMIN, respectively.

3.6.1 Synthetic datasets.

We generated two synthetic real-valued datasets X and Y (Figure 3.3) that contain

features of the type similar to those shown in Figure 3.1 (a) and (b), respectively. For

dataset X, we created real valued features i1 − i12 such that they reflect the nature

of the features shown in Figure 3.1(a). Note that these features represent patterns

PX
1 − PX

5 . When a feature il is present in a subject k, we generated the klth element
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in matrix X (Xkl) from a normal distribution with µ = 2 and σ = 1, and when il is

not present in a subject k we generated the klth value in X from a normal distribution

from µ = 0 and σ = 1. We also added white noise to every element in the matrix using

Xij = (0.8)Xij+(0.2)nij , where the value nij is the white noise generated from a normal

distribution with µ = 0.1 and σ = 1. We used a similar process for generating dataset

Y, with an exception that for the feature, i6, the values for subject in which the feature

is present were generated from a normal distribution with µ = −2 and σ = 1. Due to

this, the correlation between i6 in dataset X and i6 in dataset Y is approximately 0.6.

We will discuss the impact of this on the competing methods in the following paragraph.

Of all the combinations of patterns imputed in dataset X and Y, the discriminative IPs

(as discussed in section 3.3) are IP22, IP44 and IP55. Furthermore, IP22 and IP44 are

coherence-type IPs and IP55 is an interaction-type IPs. An ideal integration framework

for biomarker discovery is expected to discover all of the three discriminative IPs.

Figure 3.4 illustrates the components obtained from the dataset represented in Fig-

ure 3.3 using CCA, DCCA and PAMIN. In subfigures of Figure 3.4, each row represents

a component and each column represents the variables in the original datasets, X and

Y, respectively. Each entry of these component maps represents the activation profile

or contribution of the variable to that component (binarized based on Z− score >= 2).

The y-axis labels in these subfigures represent the discrimination power of these com-

ponents in terms of their t-test (-log P value) on the modulation profile (See [238] for

details).

We now compare the components and IPs discovered by the CCA, DCCA and

PAMIN approaches. Figures 3.4(a) and 3.4(b) represent the discriminative compo-

nents obtained from CCA from datasets X and Y, representatively. Each row of this

figure denotes a component and each column denotes the features selected from the cor-

responding datasets. For example, the first row in 3.4(a) and (b) indicates that features

(i4 in X and i4 in Y) pertaining to IP22 are selected. Similarly, the second row in 3.4(a)

and (b) indicates that features pertaining to IP33 are selected. Therefore, CCA discov-

ers one coherence-type IP and one non-discriminative IP. CCA is naturally expected to

discover the coherence-type IP IP22 that has higher correlation across the two datasets.

The other coherence type IP IP44 was not discovered by CCA because it was formed

using within dataset interaction patterns (interaction between < i8, i9 > (< j8, j9 >)
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in dataset X (Y)) in individual datasets that have poor correlation between individual

features. Owing to the same reason, the interaction-type IP IP55 was not discovered

by CCA. On the other hand, CCA discovered IP33, which is not a discriminative IP,

because the features i6 in X and i6 in Y have a reasonably high correlation of 0.6. Over-

all, CCA was able to discover one coherence-type IP(IP22) and one non-discriminative

IP (IP33) as a false positive. However, it cannot find either within dataset interaction

(IP44) and across dataset interaction (IP55).

Figure 3.4(c-d) represents the discriminative component obtained from DCCA. Sim-

ilar to CCA, DCCA can find the coherence-type IP. Note that DCCA finds only one

component, which is a combination of the features of IP22 and IP33. On the other

hand, our proposed PAMIN framework can find all coherence and interaction type IPs

as shown in Figure 3.4(e-f).

Based on these observations, we conclude that CCA and DCCA are unable to find

interaction-type IPs such as IP44 and IP55 and may find false positive coherence-type

IPs, such as IP33, where there is a correlation structure among the samples that does

not support the corresponding patterns.
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3.6.2 Neuroscience data.

Figure 3.5: Coherence IPs obtained from three datasets: fMRI(red), SNP(yellow) and

sMRI(green) for IS > 0.6 and FDR < 0.1

Here we demonstrate the applicability of our integration method on a data set with 76

schizophrenia cases and 94 controls. We integrated three different types of datasets:

functional MRI (fMRI) [249], structural MRI (sMRI) cortical thickness and SNP data.

fMRI data contains mean correlation for each of the 90 brain regions with respect

to all of the other 89 brain regions [250]. The sMRI data contains thicknesses of 70

brain regions. The SNP data contains 162 preselected SNPs that are suspected to be

associated with schizophrenia. For each of the fMRI and thickness features we create

two binary features such that one feature has a value 1 when the original feature has

a value in the highest 30% of its values and 0 otherwise; and the other binary feature

has a value 1 when the original feature has a value in the lowest 30% of its values

and 0 otherwise. We apply both PAMIN and DCCA on these datasets. DCCA finds

one discriminative component for two class datasets. For PAMIN, we explored several
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values of beta with [0.15, 0.2, 0.25, 0.3]. We then find two sub-types of IPs: coherence-

type and interaction-type based on two parameters α and γ, respectively. The search

space for pattern mining is exponential, and thus generates numerous hypothesis that

can potentially lead to the increased type I error [251]. In particular, we randomized

the class labels of each sample and then repeated the whole pattern mining procedure

using the same parameter settings (α, β, γ) for 1000 runs, and then computed the false

discovery rate of the DBS scores of the obtained discriminative integrated patterns in

comparison to the randomized versions. We chose the thresholds of α = 0.6, β = 0.15

and γ = 0.1, because the resultant IPs have an FDR value <= 0.1. After thresholding,

we found 834 IPs of which 305 are coherence-type IPs and 5 are interaction-type IPs.

All the experiments presented here were run on a Linux machine with 8 Intel(R)

Xeon(R) CPUs with 2.60 GHz and 16 GB memory. The algorithm took approximately

10 minutes for the neuroscience datasets with 758 variables from three different modali-

ties. We used a high-performance parallel computing machine with 16 nodes to perform

the 1000 random permutations for computing the statistical significance.

Coherence-type IPs: Figure 3.5 represents a three-partite graph depicting the

global view of all 305 coherence integrated patterns (IPs) with α = 0.6. Each node

represents one feature and an edge between two features represents the presence of an

coherence type pattern between them. The red, yellow and cyan nodes represent fea-

tures from the fMRI, SNP and sMRI datasets, respectively. Most of the constituent

associations are coming from SNP and fMRI regions. The topmost nodes in this net-

work are the Temporal and Cingulum regions, which have been reported previously in

[250] and [252], respectively. Note that, DCCA provides one discriminative component

with the list of features selected from the three datasets only, but does not describe

how those features are related among themselves. We found lots of overlap among

the features selected by CCA based technique and PAMIN, which suggests that these

features (spanning multiple datasets) are indeed correlated. However, PAMIN can dis-

cover fine-grained relationships among those features, which is a novel contribution of

our proposed framework.

Interaction-type IPs: Table 3.1 presents 5 interaction-type IPs found by PAMIN.

The first interaction-type IP has two features: Middle temporal pole from fMRI and

rs6265 (also referred to as Val66Met, a SNP). Middle temporal pole was known to be
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involved in the memory network along with hippocampus and other parietal regions

including the precentral cortex [259]. Moreover, the functional connections from the

temporal pole to other regions in the memory network were found to be of reduced

strength in schizophrenic subjects [259]. Val66Met polymorphism is known to affect the

cognitive function of the brain. It was also found to be associated with schizophrenia

[260]. The fact that these two factors are found in an interaction type IP, where the

discriminative power of the IP is much more than the two features, suggests that the

reduction in the connection strength of connections originating at the temporal pole and

a Val66Met polymorphism could potentially make schizophrenia symptoms worse. Sim-

ilarly, the features from other interaction-type IPs, Superior Parietal, Parahippocampal,

rs1018381, rs2743864, and rs3780103 were also found to be individually associated with

schizophrenia [254, 257, 255, 256, 258]. As indicated above, the presence of the features

in these interaction type IPs could result in an increase in severity of schizophrenia

symptoms.

The strength of the pattern mining based integrative framework is that it captures

the subjects covered by an IP. This is very useful in exploring biomarkers, as they can

explain different subsets of the population. To illustrate this, in Figure 3.6 we show

the subjects that are covered by the 5 interaction-type IPs shown in Table 3.1. From

this figure, it can be seen that the first four IPs cover largely similar groups of subjects

in cases and controls, while the last IP covers a very different group of subjects. This

indicates that different IPs can explain different subgroups in the population. This

relates to disease heterogeneity [261], which is often seen in the complex diseases, where

different subgroups tend to have different biomarkers due to differences in ethnicity,

biological underpinnings of the disease, demography, etc. PAMIN is more suitable for

addressing this aspect of biomarker discovery, since it identifies the subgroups in the

study that have different sets of biomarkers.
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Figure 3.6: The subspace of diseased people covered by the interaction patterns in

diseased and healthy people.

3.7 Future Work

The above mentioned discriminative pattern mining approach is mainly applicable for

binary datasets. Here, finding relationships from continuous multi-source datasets is a

much harder problem due to the lack of efficient techniques for searching the exponential

search space. The discriminant pattern mining technique as described in the earlier sec-

tion mostly work for the binary datasets, since discriminant pattern mining techniques

are more efficient for binary datasets. Alternatively, direct approaches based on higher

order statistics such as correlation has already been used for finding the relationship

across datasets with continuous variables [228]. In this section, I will discusss a direct

generic approach which can find both coherence and interaction type relationships from

continuous-valued datasets. In particular, we used an optimization based technique to

find such integrative patterns directly from the datasets.

I illustrate coherence type pattern for continuous datasets with the help of an ex-

ample. Consider the three variables coming from three separated data sources being

integrated as represented by three different colors in Figure 3.7 (x-axis represents the
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activation level of each variable and y-axis represents samples coming from two groups:

cases and controls). In Figure 3.7(a), we show the coherence-type pattern where each of

the three variables are of similar discrimination power between two groups. Moreover,

the variables are correlated overall across all the variables. Note that the discriminative

power of the combination of features is approximately the same discriminative power

as individual features. In contrast, each of the three features of Figure 3.7(b) coming

from three different data sources has same activation level in both cases and controls,

and so they do not explain the disease in question individually. However, these features

together are correlated in case group, but not in the control group. Therefore, there

is an inherenet relationship (or its absence), which leads potentially to disease progres-

sion. In this section, we aim at finding the such coherence and interaction type markers

directly from diverse datasets.

Figure 3.7: Example of tow-types of relationships present among three data sources. Each

color represent markers from one data sources. a) Coherent-type relation and b) Interaction-type

relation.

3.7.1 Problem Formulation

This approach finds a set of weight vectors, one for each dataset. Thus, instead of a

biomarker being a collection binary weights (0 or 1) for each variable, variables can have
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an arbitrary weight. This approach handles continuous variables without the need for

binarization.

Consider two matrices X and Y representing case and control datasets, respectively.

In each of these datasets, there are n columns (which represent n features) and 2m

rows representing subjects. Among the 2m subjects, the first m subjects belong to

healthy group and the last m subjects belong to diseased group. The sub matrices

which only contain the healthy subjects are defined as X1 and Y 1 and the sub matrices

which contain the diseased group are called X2 and Y 2. Intuitively, similar to feature-

extraction based techniques, we aim to find the component vectors represented by two

co-efficients wa and wb from the two datasets X and Y , respectively. Note that these

componets are synonymous to the patterns described earlier.

3.7.2 Coherence-type patterns

The coherence-type of pattern of Figure 3.7(a) can be found by the following optimiza-

tion formula. Here the first two terms want to maximize the correlation of the two

components obtained from the two datasets X and Y within each class separately, sim-

ilar to DCCA approach. The second term is for optimizing the discriminative power of

the obtained components directly. In particular, we want to miniming the logistic loss

function of the obtained prediction by X1 ∗ wa and class level C.

max
wa,wb

corr(X1wa, Y1wb) + corr(X2wa, Y2wb)− λ(logit(Xwa, C)− logit(Y wb, C)) (3.6)

Which equals to the following problem.

Note that here the parameter λ performs a trade-off between the coherence in terms

of sample space and predictive power.

maxwa,wb
(wT

a X
T
1 Y1wb + wT

a X
T
2 Y2wb

+ λ
∑n

i=1
Ci log

(

1

1+e−Xwa

)

+ λ
∑n

i=1
(1− Ci) log

(

1− 1

1+e−Xwa

)

)

subject to ||wT
a X

T
1 X1wa|| = ||wT

b Y
T
1 Y1wb||

= ||wT
a X

T
2 X2wa|| = ||wT

b Y
T
2 Y2wb|| = 1

(3.7)
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Generally, X and Y are a matrix which include a few hundreds rows but thousands

of columns. This can lead to often overfitting of the co-efficient vectors wa and wb.

Therefore, we also impose sparsity on the co-efficient vectors such that they are not

overfitted. Among several different ways to impose sparsity on the co-efficients as men-

tioned in [262], we used L1 norm sparsity, as it can perform feature selection as well

which will enhance the interpretability of the obtained set of biomarkers. Therefore, we

aim to optimize the following formula.

maxwa,wb
(wT

a X
T
1 Y1wb + wT

a X
T
2 Y2wb

− λ
∑n

i=1
Ci log

(

1

1+e−Xwa

)

− λ
∑n

i=1
(1− Ci) log

(

1− 1

1+e−Xwa

)

)

+ b1||wa||1 + b2||wb||1

subject to ||wT
a X

T
1 X1wa|| = ||wT

b Y
T
1 Y1wb||

= ||wT
a X

T
2 X2wa|| = ||wT

b Y
T
2 Y2wb|| = 1

(3.8)

This problem is a convex problem but is not a smooth function. We aim to explore

different optimization techniques including gradient-descent to find the solution of this

formula. Once we find the first component wa from a dataset, we will find the addi-

tional component such that it is orthogonal to the first component similar to the CCA

approach.

3.7.3 Interaction-type Patterns

We aim to find interactions from more heterogeneous datasets such as real-valued data,

data with mixed type. Consider the same problem set-up as described earlier for the

two case-control datasets X and Y. In each of these dataset, there are n columns (which

represent n features) and 2m rows representing subjects. Among the 2m subjects,

the first m subjects belong to healthy group and the last m subjects belong to diseased

group. The sub matrix which only contains the healthy subjects is defined as X1 and Y 1

and the sub matrix which contains the diseased group is called X2 and Y 2. Intuitively,

similar to feature-extraction based techniques, we aim to find the component vectors

represented by two co-efficients wa and wb from the two datasets X and Y , respectively.

In the scenerio of Figure 3.7(b), the correlation between dierent biomarkers can help
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to distinguish the positive set and the negative set. In order to mine these patterns, we

use the correlation as the discriminative measurement instead of linear combinations

of “real” biomarkers. In details, we want to find the linear transformations of X and

Y (using co-efficients wa and wb), which can maximize the correlation between the

positive set (X1 and Y1 ) while minimize the absolute value of the correlation between

the negative set (X2 and Y2). Thus, the problem is defined as below.

max
wa,wb

|corr(X1wa, Y1wb)− corr(X2wa, Y2wb)| (3.9)

This is a non-convex function. Generally, X and Y are a at matrix which include

a few hundreds rows but thousands of columns. Similar to the approach defined for

finding coherence-type biomarker, we impose L1 penalty on the canonical co-efficient

vectors such as defined below.

max
wa,wb

corr(X1wa, Y1wb)− |corr(X2wa, Y2wb)| − b1||wa||1 − b2||wb||1 (3.10)

which is identical to

max
wa,wb

wT
a X

T
1 Y1wb − |wT

a X
T
2 Y2wb| − b1||wa||1 − b2||wb||1 (3.11)

subject to ||wT
a X

T
1 X1wa|| = ||wT

b Y
T
1 Y1w

b|| = ||wT
a X

T
2 X2wa|| = ||wT

b Y
T
2 Y2wb|| = 1

3.8 Conclusion

In this chapter, we pursue two approaches that can find both coherence and interaction

patterns. They have different advantages and limitations as discussed below, but both

represent a significant advance in the state of the art for finding integrative biomarkers.

• Pattern Mining Based Approach: We leverage the strength of discriminative pat-

tern mining that has recently been used in the context of combinatorial biomarker

discovery [263, 242] for its ability to ex plore the exponential combinatorial search

space efficiently, enhanced interpretability of the obtained features and ability to

identify the samples that are related with those features, a capability that can

potentially handle disease heterogeneity. Moreover, pattern mining approach is a
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non-parametric and non-linear approach to find higher-order interactions present

among features in a particular dataset. A key innovation for this work is the

creation of a two-step framework (described below) that en hances efficiency and

naturally accommodates the differences between individual data sets in terms of

dimensionality, noise level, etc.

• Optimization Based Approach: This approach finds a set of weight vectors, one

for each dataset. Thus, instead of a biomarker being a collection of binary weights

(0 or 1) for each variable, variables can have an arbitrary weight. This approach

handles continuous variables without the need for binarization and is likely to be

more computationally efficient for some formulations. This approach overcomes

the limitations of current CCA based approaches that cannot find interaction and

more generally, dont́ properly account for class labels.



Chapter 4

Incorporating Prior Knowledge

into Biomarker Discovery

4.1 Introduction

Group1 ICD-9 Group1 survey
features

Group2 ICD-9 Group2 survey
features

250.61 Diabetes with
neurological
manifestation

401.1 Benign hyperten-
sion

294.20 Dementia 817 Multiple fractures
of hand bones

272.4 hyperlipidemia 692.71 Sunburn

Table 4.1: Two groups of ICD-9 codes

Healthcare costs in the US are becoming unsustainable, reaching 18% of the gross

domestic product (GDP) in 2011 and headed for 20% by 2020 [264]. The terabytes

or even petabytes of health data available in EHRs present new opportunities and

challenges for research that aims to effectively use these data to discover new knowledge

to improve health-care. For example, half of the waste in healthcare spending (up to

$425 billion) has been attributed to a failure of appropriate care delivery, a lack of

coordination between different healthcare plans, and over-treatment [265, 266]. Mining

significant patterns from EHRs can help elucidate such knowledge for potential new

78
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care plans and enable more coordination between different healthcare plans.

We collected a large set of EHRs from 581 home healthcare (HHC) agencies for

270,068 patients. In particular, our data contains the diagnosis (ICD-9) codes during

patients’ admission into HHC. After admission, the patients received interventions de-

signed to improve their health status. However, all patients are not equally likely to

improve in their health status. For example, patients with poor memory are less likely

to improve with respect to urinary incontinence. In general, the nursing interventions

are designed mostly based on patients’ initial health condition during their admission

in the homecare agency. The ICD-9 diagnosis codes recorded during the admission into

HHC can help to stratify patient groups for more customized homecare interventions

and thus, an increased likelihood of improved health status. Finding the important

groups of ICD-9 codes is also valuable for enhancing the interpretability of the final

models. In this chapter, we aim to find the ICD-9 groups that help in improving health

status as measured by urinary incontinence.

Unlike conventional predictive models which mainly focus on improving the predic-

tive power of a target variable such as urinary incontinence, we are primarily interested

in finding interpretable risk factors which can be used by the domain expert for further

clinical purposes. Moreover, most classification approaches provide only one final set

of biomarkers that are applicable for the overall population. Instead, we are interested

in finding relatively homogeneous groups of ICD-9 diagnosis codes that are targeted to

specific, homogeneous sub-populations. Indeed, this is the main goal of the this work.

For example, Table 4.1 shows two groups of ICD-9 codes. The first group is more in-

terpretable since they are more related and represent the patient group with diabetes

and dementia. On the other hand, the second group of ICD-9 codes is not clinically

interpretable, although it can be more predictive than the first group.

To find such homogeneous predictive groups of ICD-9 codes, we explored two dis-

tinct approaches: data-driven and prior knowledge driven. The data-driven models

incorporate various clinical information such as demographic, behavioral, physiological,

and psycho-social factors, which were collected as routine assessment in homecare EHRs

through OASIS survey questions 1 . The goal of using such survey data is that the

auxiliary information collected for same patient will provide more natural groupings of

1 We will denote these assessments as survey data in rest of the chapter
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ICD-9 codes. On the other hand, clinical classification software (CCS) provides system-

atic grouping of ICD-9 codes into a hierarchical tree structure using prior knowledge.

We tried to incorporate such prior knowledge into the predictive models.

However, taking such diverse datasets into account creates a number of computa-

tional challenges. First, the three datasets (ICD-9 codes, survey questions, CCS prior

knowledge) vary in terms of their innate properties such as type, format, and sparsity.

Second, the relationships present between the ICD-9 codes and survey questions may be

important, although not necessarily discriminative. Therefore, regular predictive mod-

els may overlook them. Third, there is a trade-off between data-driven grouping and

prior-knowledge-driven groupings, which should be taken into account by the model.

In this chapter, we propose an integrative framework to address the above issues in

a systematic way. Integration of multiple datasets for biomarker discovery techniques

can be broadly classified into two groups: 1) Predictive models ([267] and [268] pro-

vide a good survey on several kernel fusion methods) and 2) Feature extraction based

biomarker discovery techniques [233, 228]. The goal of the predictive model-based ap-

proaches is to build classification models with high accuracy, but often such techniques

do not yield easily interpretable results. In contrast, biomarkers (that are constructed

using a small number of features) can be directly useful in diagnosis, treatment or pre-

vention, but equally as important, they can also provide insights into the underlying

nature of the disease or related biomedical processes. Hence we focus only on such

techniques in this chapter to find interpretable ICD-9 code groups.

Among the feature extraction based techniques, canonical correlation analysis (CCA)

[269] is one of the most popular techniques for data integration because it can find nat-

ural grouping (by components) in each dataset and the potential relationships among

those components is measured by correlation. It has been also shown that CCA has

fewer model assumptions than other integration techniques [228]. Recently, CCA has

been extended for handling high-dimensional data using different types of regulariza-

tion including sparsity [262]. CCA has further been generalized to integrate more than

two datasets [270]. However, none of these methods can take prior knowledge that is

available from the CCS tree into account. Moreover, the existing CCA-based techniques

are unable to handle datasets of different types because of their assumptions that all

datasets have vector-based records which have been collected for the same set of samples.
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Our proposed framework further extends the CCA to incorporate the prior knowl-

edge available from the CCS tree into model development, which is different than the

vector-based data format. Moreover, it can also trade off between the data-driven knowl-

edge from survey data and prior-knowledge-driven CCS framework. The framework

further builds a classification model to assess the predictive capability of the obtained

components.

4.1.1 Contributions

Our goal is to find the groups of ICD-9 codes that are related with the improvement of

urinary incontinence. Therefore, we want to build a model that is both predictive and

interpretable. To enhance the interpretability of the predictive model, we incorporate

several types of knowledge into the model development process as described below:

• To enhance the interpretability of the model, we use the clinical classification

system (CCS) as prior knowledge in the predictive model (baseline model).

• We want to find the relationship between the ICD-9 codes and the clinical survey

variables to enhance interpretability. In particular, we first use sparse-CCA to find

the relationships present among the two datasets and then use them along with

other useful discriminative features in a predictive model. We further develop

a hybrid model called sparse hierarchical CCA (SHCCA), which can take both

prior knowledge (CCS) and clinical survey data into account to enhance clinical

interpretability.

• To assess the interpretability of the obtained ICD-9 features, we propose a novel

metric called I-score based on searching PubMed articles. Our components are

more interpretable than the individual ICD-9 and CCS codes while retaining sim-

ilar prediction capability.

• SHCCA can extract relatively more homogeneous groups of ICD-9 codes, each

representing a distinct subgroup of patients, in contrast to finding a global set of

ICD-9 codes generated by the baseline predictive models.
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4.2 Method

Figure 4.1: SHCCA framework containing three types of data: survey, ICD-9 codes and
CCS hierarchy.

4.2.1 The Integrative Predictive Model Framework

The main goal of the chapter is to utilize as much information as possible from other

clinical information to enhance the interpretability of the obtained ICD-9 groups without

losing the baseline predictive power. In particular, we want to take two other types

of information such as survey data and CCS tree into account during grouping ICD-

9. However, integrating these three types of information poses some computational

challenges. First, the datasets are of very different types. For example, ICD-9 codes

contain binary data, while clinical factors contain binary, ordinal and numeric data. The

ICD-9 codes are very sparse (< 2% density) compared to the dense clinical data. Second,

there may be some relationships present among the two types of data. For example,
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a subgroup of patients with mental disorders may have gone through the same set of

interventions in the homecare. However, these factors may not be discriminative and

thus will be missed by the traditional predictive models. Third, the CCS hierarchical

tree provides a completely different type of information containing relationships present

among ICD-9 codes. Moreover, they are not stored in traditional record-based datasets

similar to the ICD-9 and survey data as shown in Figure 4.1. To address these three

challenges, we will first describe how to leverage the survey data to group the ICD-9

codes and then finally take CCS prior knowledge into account.

4.2.1.1 Bringing survey data into grouping ICD-9 codes

The easiest way to integrate the ICD-9 and survey data is to concatenate the two

datasets together and then build a predictive model such as LASSO as described earlier.

However, this will not be able to handle the disparate nature of the two datasets as

described earlier. Thus sparse ICD-9 data are more likely to be lost, since the coefficients

of dense survey data will dominate the results. Also, such a predictive model will not be

able to find relationships present among the types of features. Moreover, they only focus

on providing one global set of biomarkers. Thus, it cannot provide information about

disease heterogeneity, where different set of biomarkers affect different subsets of the

population. We want to leverage canonical correlation analysis (CCA) based approaches

to handle all these issues. Instead of merging the two datasets before performing the

analysis, CCA finds components from each of the two datasets such that the components

are maximally correlated. This correlation can help find relationships between two

datasets. Moreover, each component can correspond to one homogeneous subgroup

of the dataset. We used the sparse CCA (SCCA) approach for our analysis, because

this will perform feature selection for both datasets as well, which will enhance the

interpretability. We will describe the SCCA algorithm briefly as follows. Let X be a

n × p matrix containing p sparse ICD-9 codes and Y be the n × q matrix containing

q survey questions observed on same n observations. CCA tries to find the linear

combination of X and Y such that they are maximally correlated. Therefore, we want

to find coefficient vectors wx and wy from X and Y respectively such that
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corr(w′
xX,w′

yY ) =
w′
xCXY wy

√

w′
xCXXwx

√

w′
yCY Y wy

(4.1)

is maximized where CXX ,CXY and CY Y are the variance matrix of X, covariance

matrix for X and Y and variance matrix of Y, respectively. We can easily see that the

correlation is invariant to the any arbitrary scaling of wx and wy (by replacing wx by

a ∗ wx). Therefore, equation 4.1 can be re-written as

maxwx,wy w′
xCXY wy

subject to w′
xCXXwx = 1,

w′
yCY Y wy = 1

(4.2)

Lets define a change of basis u = C
1/2
XXwX and v = C

1/2
Y Y wY . Substituting them in

equation 4.2, we get

max
u,v

u′C
−1/2
XX CXY C

−1/2
Y Y v (4.3)

such that u′u = v′v = 1.

Among many such solutions of equation 4.3, we follow [271], where u and v can be

computed using the singular valued decomposition of sample correlation matrix K =

C
−1/2
XX CXY C

−1/2
Y Y and then used them back to get wx and wy. However, performing a

linear combination on all the features of X and Y will lead to too many features which

will lack biological interpretation. To perform feature selection along with finding the

coefficient vectors, we perform sparse canonical analysis (SCCA) [262], where additional

L1 constraints were imposed on wx and wy as below.

maxwx,wy w′
xCXY wy

subject to w′
xCXXwx = 1,

w′
yCY Y wy = 1,

‖wx‖1 ≤ λx,

‖wy‖1 ≤ λy

(4.4)

After the change of basis, the sparseness is imposed on the loading vectors u and v

controlled by λx and λy which determines how many parameters will be selected. The

SCCA solutions obtained by integrating ICD-9 dataset and the survey data will lead to
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finding groups of ICD-9 that are not related among themselves but also correlated with

the the selected survey data.

4.2.1.2 Taking CCS Prior Knowledge into Account

In this section, we will describe the utility of bringing prior CCS information to provide

more interpretable solutions. Let us consider the example of Figure 4.1. To take the

prior CCS tree structure into account, we need to penalize less for grouping the ICD-9

codes that are closer to each other in the CCS tree. Let H be a matrix that contains the

similarity between each pair of ICD-9 codes in terms of the closeness in the CCS tree.

Intuitively, this prior knowledge is parallel to the covariance matrix CXX computed

from the data as in equation 4.2. Intuitively, we want to tradeoff between these two

matrices: the prior knowledge based similarity H and data-driven similarity matrix

CXX . The trade-off is imposed by introducing a new parameter λh ∈ [01] in equation

4.4. When λh = 0 the solution is exactly equal to those of SCCA, while λh = 1 leads to

ICD-9 codes that are purely similar based on the CCS tree H. We will call this Sparse

Hierarchical CCA(SHCCA).

maxwx,wy w′
xCXY wy

subject to w′
x[(1− λh)CXX + λhH]wx = 1,

w′
yCY Y wy = 1,

‖wx‖1 ≤ λx,

‖wy‖1 ≤ λy

(4.5)

After the change of basis similar as described in equation 4.4, the solution can be ob-

tained from the new sample correlation matrixKh = [(1−λh)CXX+λhH]−1/2CXY C
−1/2
Y Y .

Note that matrices CXX , CY Y and H have to be non-singular, which is ensured by com-

puting them from the data with regularization if required, as mentioned in [272]. In

this section we will first describe how to calculate the similarity matrix H from the CCS

tree followed by the detailed algorithm for computing the solution of equation 4.5.

4.2.1.2.1 Computing CCS similarity: The similarity between any two ICD-9

codes was determined based on the depth of their lowest common ancestor(LCA) in
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the tree. However, some of the ICD-9 codes are not labeled up to the 4th level in

the tree(e.g., 875.0 and 95 in Figure 4.1). Therefore, we normalize that metric by the

maximum depth of individual ICD-9 codes. Note that a similar type of edge-based

similarity measure has also been applied in other biological ontologies such as the gene

ontology [273]. More formally, it is defined as below:

Hij =
depth(LCA(Xi, Xj))

max(depth(Xi), depth(Xj))
(4.6)

4.2.1.2.2 Finding the solution of SHCCA: Finding the solution of SHCCA relies

on finding the SVD of the sample correlation matrix Kh approximated by the first

singular vectors. We used the two parameter λx and λy as soft-thresholding parameters

to perform feature selection on the datasets X and Y, which is similar to LASSO [274].

In addition, we have the third parameter λh which is used to incorporate the prior

knowledge measured by H into account. We used an iterative soft-thresholding algorithm

for performing SHCCA similar to [274]. This will lead to the first component of u1 and

v1, where u1 = [(1 − λh)CXX + λhH]1/2wX and v1 = C
1/2
Y Y wY from equation 4.5. The

second canonical components, u2 and v2, can be computed such that they are orthogonal

to the other components. This can be computed as below from the SVD solution of Kh.

Kh =
k

∑

i=1

ui ∗ di ∗ v
′
i. (4.7)

Therefore, the successive components of ui and vi can be computed as the SVD of

the remaining sample correlation matrix {Kh}i = Kh −
∑k−1

i=1
diuiv

′
i. The algorithm is

given in the Appendix.

4.3 Experimental Setup

4.3.1 Dataset

We collected a large set of EHR data for 270,068 patients from 281 home healthcare

(HHC) agencies. In particular, we collected 6,800 distinct ICD-9 diagnosis codes from

HHC for those patients as shown in Figure 4.1. A clinician manually labeled each

patient with at most twelve primary and secondary ICD-9 diagnosis codes during the
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patient’s admission in HHC. Moreover, the patients were assessed based on several

survey questions related to their demographic, behavioral, physiological, and psycho-

social factors during their admission and discharge in the homecare agencies. These

survey questions were summarized into 184 variables guided by a domain expert and

they were used as an auxiliary dataset for grouping the ICD-9 diagnosis codes. The class

label was also created based on whether the urinary incontinence improved at discharge

compared to the baseline level during admission in HHC. Furthermore, prior information

is also available for the ICD-9 codes in the form of clinical classification software(CCS)

[275]. CCS has been developed and maintained by Agency for Healthcare Research

and Quality (AHRQ) to systematically manage the relationship among ICD-9 diagnosis

codes as a multi-level hierarchical tree. The root contains very generic terms while

leaves contain the most specific terms. Therefore, a CCS term is a summarization of

several correlated ICD-9 codes. In this paper, we used a 4-level tree containing 15,073

CCS terms which finally contain all the 6,800 ICD-9 codes downloaded from [275].

A few preprocessing steps were performed on the datasets guided by domain experts.

For example, the samples with no scope of improvement (highest urinary incontinence

score during admission into homecare) were dropped from the analysis, which led to

ultimately 121,956 samples. The very rare ICD-9 codes (occurrence in fewer than 10

samples) were removed leading to 2,705 ICD-9 codes. The categorical variables in

the survey questions were converted into binary variables, each corresponding to one

category. Finally, we ended up with 184 survey questions.

4.3.2 Evaluation

We evaluated the obtained ICD-9 codes using two metrics: the prediction power and

the interpretability. The prediction power was assessed by the area under the ROC

curve(AUC) score [276]. We first describe two baseline predictive models which were

built on ICD-9 and CCS codes. Then, we describe how the components obtained from

SHCCA were used to build the final predictive model. Finally, we discuss the techniques

for assessing the interpretability of the ICD-9 codes.
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4.3.2.1 Baseline Predictive Models

We created two baseline models for evaluating the prediction power of SHCCA. First,

we only considered the basic ICD-9 diagnosis codes which are at the lowest level of

granularity in the CCS hierarchy. Second, we used all internal nodes of the CCS hier-

archy. CCS provides a systematic clustering of related ICD-9 codes and thus, provides

a natural summarization of ICD-9 codes. Therefore, if we build the predictive model

on the CCS terms, it can provide more correlated ICD-9 codes. We converted ICD-9

feature space into CCS feature space by taking the most conservative approach. In

particular, we created a binary data set with 650 CCS codes (the internal nodes of

CCS tree), where we denoted the presence of a CCS code for a particular patient if any

of the ICD-9 codes belonging to the subtree rooted at that CCS node was present in

that sample. Among different predictive models, we choose a LASSO based regularized

model [277] because of its inbuilt feature selection technique using L1 penalty on the

coefficients of the solution. Selecting a few most important features in this way helps in

the interpretation of the obtained features by a domain expert, which is the main goal

of the paper. Furthermore, we used adaptive LASSO [278] to increase the stability of

the obtained coefficients of both ICD-9 and CCS baseline models.
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Figure 4.2: AUC scores for the three methods.
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4.3.2.2 Building a Predictive Model on SHCCA Components

To assess the prediction power of the SHCCA components, we first transform the original

ICD-9 data into the newly formed K components of ICD-9 codes. We multiply the

original data matrix with component vector obtained from SHCCA creating a new

matrix of size n× k, where k is the number of components obtained from SHCCA. To

evaluate the prediction power of the SHCCA method, we used two cross-validation (CV)

frameworks. The external CV was used to find the prediction error of the predictive

method built on the SHCCA components using a logistic regression model. For each

of the training datasets, a 5-fold internal CV was further used to tune the parameters

of SHCCA namely λu and λv (described later in the parameter selection section). We

treated λh as an independent parameter since it is not related to the feature selection

process from the two datasets.

4.3.2.3 Assessing Interpretability

The main goal of the paper was to improve the interpretability of the ICD-9 groups

obtained from predictive models. Therefore, we evaluated the obtained ICD-9 codes

rigorously based on their interpretability. First, the ICD-9 groups were analyzed by

domain experts (also the co-author of the paper). The main evaluation criteria was

whether the obtained groups of ICD-9 codes are coherent, representing similar types

of pathology or disease symptoms. Second, we propose a novel measure called I-score

to quantify the coherence of the obtained ICD-9 groups using the PubMed articles

[279]. In particular, we searched each pair of the terms belonging to same group (or

components of SHCCA) for their co-occurrence in the same article. Intuitively, the more

frequently the terms co-occur in PubMed article, the more coherently they represent

an underlying disease. Let ti and tj be two sets of PubMed articles containing the i-th

and j-th ICD-9 terms, respectively. Then, a Jaccard similarity measure [276] is defined

to assess the semantic similarity of the two terms based on the intersection and the

union of two terms. Finally, all such semantic similarities between each possible pairs

are summarized as the final similarity of the cluster. Note that the co-occurrence (thus

the union of the two terms) of two terms is very rare and therefore, the I-score is low

in general.
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I − score(C) =
∑

i

∑

j

|ti ∩ tj |/|ti ∪ tj | (4.8)

4.4 Results

Initially, we report the predictive power of SHCCA components compared to the two

baseline methods built on CCS and ICD-9 codes. Figure 4.2 represents the area under

the ROC curve (AUC) of the three methods for different number of features (compo-

nents for SHCCA) selected by the LASSO model. Among the three models, ICD-9

provides best overall prediction power. The prediction power of both ICD-9 and CCS

models improves when the number of selected features increases. On the other hand,

CCS provides better predictive power in the beginning, but saturates as the number

of features increases. On the other hand, SHCCA (with best parameter of λh = 0.8,

λh = 0.16, and λv = 0.0016) performs slightly better than both of the baseline methods.

The AUC score of SHCCA does not vary too much on the λh value with a range between

0.59 and 0.62 (Appendix). It is quite natural for ICD-9 codes to have the best predictive

power, because that is the lowest level of granularity in terms of feature selection and

the LASSO model only picks the ICD-9 codes that have best predictive power. However,

as the number of features go beyond 20, the interpretability of the ICD-9 codes becomes

less since the ICD-9 codes are very disparate in nature (Appendix section for full list

of ICD-9 codes). In contrast, each of the CCS and SHCCA components represents a

cluster of ICD-9 codes, which may not be necessarily best predictive features. However,

Figure 4.2 shows that even those groups are almost equally predictive as the raw ICD-9

codes. Note that the main purpose of this study is to group ICD-9 codes into more

interpretable clusters rather than solely developing a predictive model.

The interpretability of the SHCCA method is greatly enhanced compared to the two

baseline methods. Figure 4.3 represents the interpretability score (I-score) of SHCCA

compared to two baseline methods for λh = 0, i.e., without bringing any prior informa-

tion. The left subfigure of this figure shows the I-score of the two baseline methods when

built by successively adding features into the model. On the other hand, the I-score

of each component of SHCCA is shown on the right subfigure. The I-score is greatly

enhanced by SHCCA (from 0.015 to 0.165), which shows the effectiveness of bringing
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Figure 4.3: I-score of baseline methods

survey data into account. Note that, PubMed contains a large number of articles for

any of the two terms being searched. However, finding co-occurrence of two disease

codes (referred as co-morbidity in medical domain) is very rare. Therefore, even though

the absolute value of the I-score is low compared to the perfect score of 1, the improve-

ment of 0.15 is very significant. We also examined the ICD-9 groups selected by the

two baseline methods (top 20 features with highest LASSO coefficients are shown for

ICD-9 and CCS codes) and the SHCCA as shown in Table 4.2 and Table 4.3, respec-

tively. Then, our domain experts evaluated the results obtained from three methods.

It turned out that the components selected by SHCCA are more coherent, represent-

ing one underlying socio-psychological status of the patients. The ICD-9 codes shown

in Table 4.2 represent codes from several diseases such as heart disease, radiological

procedure, Alzheimerś disease, paralysis and so on. CCS terms are more interpretable

in terms of representing only three major types of disease such as disease related to

nervous system, several congenital anomalies, decubitus ulcer, and so on. On the other

hand, Table 4.3 represents the three top components from ICD-9 codes and survey data
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Figure 4.4: Effect of the sparseness parameter on the average test correlation.

both. The first components represent the ICD-9 codes that are only related to sev-

eral neurological disorders. More interestingly, the corresponding survey features also

exactly match with socio-psychological functions such as old age, poor cognitive func-

tion, speech, prior memory loss, memory deficiency and higher confusions. Similarly,

the second component is more related to dysphagia, gastronomy, and blindness which

lead to poor self-management skill. The third component consists of several aftercare

therapies, which is confirmed by prior surgical wound observed in survey data.

We also studied the effect of bringing prior knowledge into SHCCA. Therefore, the λh

was varied independently between the range [0 : 0.2 : 1], with λh = 0 indicating no prior

information included, while λh = 1 means only prior information is included. We found

that λh = 0.8 provided the best predictive power as shown in Appendix Figure 2. We

also checked how the interpretability varies with the increment of λh, but only considered

the first component for this analysis. It turned out that the I-score remains almost same

to 0.075 for all λh. However, the size of the components (number of the ICD-9 codes

selected) becomes larger as more prior information is included. For example, 37 ICD-9

codes (Appendix section) were selected for λh = 0.6 in the first component as opposed

to only four ICD-9 codes selected when no prior was included (Table 4.3). Actually,

the 37 components comprise most of the ICD-9 codes represented by three subtrees

rooted in three CCS level-3 codes representing dementia, transient mental disorders

and persistent mental disorders, which are very related disorders. Note that, since we
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computed the I-score using all of a component’s pairwise I-score, a component is more

likely to have lower I-score as the component becomes larger. In our case, using prior

CCS information provides larger but very coherent ICD-9 without any loss of I-score.

Therefore, using CCS prior information is important for both increasing the prediction

power and interpretability of the SHCCA.

ICD-9 terms CCS terms

Malignant hypertensive heart
disease with heart failure

Delirium

Radiological procedure and
radiotherapy

Congenital hip deformity

Alzheimer’s disease Other paralysis
Attention to Cystostomy Decubitus ulcer
Other paralytic syndromes Other congenital anomalies of

urinary system
Neurogenic Bladder Nos Benign neoplasm of uterus
Senile dementia with delu-
sional or depressive features

Psychogenic disorders

Multiple sclerosis Other lower gastrointestinal
congenital anomalies

Other cerebral degenerations Other nervous system congen-
ital anomalies

Aftercare following surgery of
the genitourinary system

Other aftercare

Table 4.2: Top 20 features selected by two baseline models based on ICD-9 and CCS
terms.

4.4.1 Effect of the Parameters:

We also studied the effect of the sparseness parameters of the two methods. Since, we

normalize the canonical vectors u and v in each step of the algorithm, the maximum

value that any individual canonical coefficient can have is 1. Therefore, the maximum

value of λX and λY is 2. However, we found that if these parameters are set too

high(≥ 0.5) no variable selection is performed. Therefore, we searched exponentially

within the range of [0, 0.4] to tune these parameters using the k-fold CV framework as

mentioned earlier. For each CV run, SHCCA was computed for each combination of

the two parameters on the training dataset and then, the obtained coefficients from the
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training dataset were used to compute the correlation on the test dataset as defined

below [262].

corr =
1

k

k
∑

j=1

|cor(Xju
−j , Yjv

−j)| (4.9)

Here Xj represents the j-th test set and the u−j represents the canonical coefficients

learnt from the corresponding training data. Finally, the test correlation was averaged

over the k-fold CV steps and the parameters yielding the largest average correlation

were used for building the final predictive model in the outer CV loop. The average

correlation leads to a convex function. In most of the cases, the best correlation was

obtained by the parameters λu ∈ [0.0016, 0.16] for ICD-9 codes and λv ∈ [0.0016, 0.1]

for survey data.

4.5 Conclusion

In this chapter, we incorporated clinical information available from a survey survey data

and prior information to group ICD-9 diagnosis codes into more coherent groups. In

particular, we proposed a novel method to incorporate prior information into a sparse

hierarchical canonical component analysis. The proposed method enhances the inter-

pretability of ICD-9 codes greatly when assessed by both a novel score (I-score) based on

search in PubMed articles and clinical interpretation by domain experts. The proposed

SHCCA method can further be extended to take the class label into account during

method development in our future work. A more systematic score can be also devel-

oped to search PubMed articles by mapping ICD-9 codes into Mesh terms for assessing

interpretability.
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SHCCA
survey
components-
1

SHCCA
ICD-9
terms-1

SHCCA
survey
components-
2

SHCCA
ICD-9
terms-2

SHCCA
survey
components-
3

SHCCA ICD-9
terms-3

Age Alzheimer’s
disease

Poor vision Legal blind-
ness

Fully gran-
ulating sur-
gical wound

Aftercare for
healing trau-
matic fracture
of hip

Prior
memory
loss

Persistent
mental
disorders

Poor speech Dysphagia,
other

Missing
surgical
wound

Encounter
for change or
removal of
surgical wound
dressing

Poor
Speech

Dementias Worst
Speech

Dysphagia Knee joint re-
placement

Frequent
Behavioral
problem

Cerebral
degener-
ations

Partially
granulating
surgical
wound

Degeneration
of macula
and poste-
rior pole

Hip joint re-
placement

Poor Cog-
nitive
Function

Not healing
surgical
wound

Non-
healing
surgical
wound

Aftercare fol-
lowing surgery
of the muscu-
loskeletal sys-
tem

Medium
Confusion

Average
feeding
condition

Attention
to gastros-
tomy

Aftercare fol-
lowing joint re-
placement

High Con-
fusion

Poor feed-
ing condi-
tion

Hemiplegia
affecting
dominant
side

Aftercare fol-
lowing surgery
for neoplasm

Highest
Confusion

Worst
feeding
condition

Hemiplegia
or hemi-
paresis

Aftercare fol-
lowing surgery
of the circula-
tory system

Memory
deficiency

Table 4.3: The main three components of SHCCA with λh = 0, λu = 0.3, and λv = 0.3.



Chapter 5

Heterogeneity of the Biomarkers

5.1 Background and Motivation

One important but usually neglected issue in biomarker discovery is the heterogeneous

nature of many diseases, i.e., different subsets of the population are known to have dif-

ferent biomarkers for the same disease [280], due to different pathways playing a role

in the same disease, or due to the same pathway playing a different role in subjects

from different ethnicities [32]. Some other potential reasons responsible for such dis-

ease heterogeneity are age [281], ethnicity and race [30, 31], or genetic predisposition

[33]. All these factors may lead to different degrees of association between the other

clinicogenomic factors and the disease. For example, consider Figure 5.1 which shows a

subset of regions of interest (ROI) pairs selected from a fMRI dataset. These ROI pairs

are categorized into two groups C1 and C2. From this figure, it can be seen that for a

subset of healthy and schizophrenia subjects, correlation values of the ROI pairs in the

group C1 are higher than the same for C2, whereas for most of the other subjects the

converse is true. Hence, discriminating biomarkers for these two groups of subjects are

likely to be different.

The issue of heterogeneity is even more important for integrative studies, because

different types of data may measure very different aspects of disease phenomenon such

as behavioral, environmental and biological factors. For example, genomic factors may

have more effect on a particular group of patient while the clinical factors may affect

in other group of patients. This concept can be further illustrated by the Figure 5.2,

96
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Figure 5.1: Subset of ROI pairs from VB fMRI dataset

which shows the features (represented by columns) coming from two different datasets:

genomic and clinical data for the same set of samples (represented by rows) from two

groups: healthy (control) and diseased (case). In this figure, each block represents

a pattern consisting of a subset of features associated with a subgroup of samples.

Among all these patterns, all patterns except B are discriminative because they are more

representative in one group than the other and thus can act as biomarkers. Patterns A

and E cover most of the samples and thus can be discovered by most existing techniques.

Moreover, they are coherence type patterns as mentioned in Section 3. On the other

hand, discriminative pattern D of the second dataset covers very few samples and thus

it is missed by most techniques. However, the pattern D covers a different subset of

diseased group of samples, which none of the other two patterns A or E cover. Therefore,

it may be more interesting than E of the same dataset given the pattern A of first dataset.

Another issue that integrative studies provide is that the effects of one type of vari-

ables on a subspace can be explained by the other types of data being integrated, which

will be treated as a confounding factor otherwise. For example, age, gender, ethnicity

and race [30, 31] can be considered as the potential confounding factors. Alternatively,

genomic markers can affect different subgroups defined by clinical variables in different

way [33]. Without considering different kinds of data together, such underlying con-

founding factors driving the potential risk may remain unnoticed. Integrative studies

thus can provide new opportunities to find such insights into disease heterogeneity.
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Figure 5.2: Integration of different types of patterns coming from two separate datasets

This creates the need for developing techniques that are able to find not only different

types of biomarkers, but also the subgroups of patients or healthy population associated

with each of those particular groups of markers. In this chapter, I will focus mainly on

finding homogeneous groups of samples and the markers corresponding to each of these

heterogeneous groups for integrative studies.

5.2 Related Work

Finding heterogeneous markers has been investigated by a few studies. The first type of

studies analyzed how the heterogeneity of samples impacts the power of different algo-

rithms to find meaningful biomarkers. For example, Camillo et al. [282] studied how the

heterogeneity of samples affects the accuracy and stability of obtained biomarkers using

several classification algorithms. Heterogeneity was produced by the intrinsic variabil-

ity of the population by evolution of a pool of subjects. Moreover, the underlying gene

regulatory mechanism was altered for those subgroups. Several classification algorithms

were used to find accurate and stable biomarkers for several heterogeneous groups. It

was observed that the stability and the accuracy of the obtained biomarkers decrease

with the small sample size of the heterogeneous population. Among different classifi-

cation algorithms, statistical analysis of microarray (SAM) which is a non-parametric

version of the t-test and the bootstrapping algorithm performed the best. In addition to
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assessing power of heterogeneous samples, Repsilber et al. [283] applied a matrix factor-

ization based deconvolution approach for finding genes from heterogeneous tissues such

as blood. However, these approaches do not aim to find the homogeneous population

group directly from the dataset.

The second type of studies aim to find heterogeneous biomarkers along with the

corresponding samples directly from the dataset. For example, Schwarz et al. [284]

developed a two-step technique to find such heterogeneous groups of biomarkers. In the

first step, they obtained all the biomarkers from a dataset using a uni-variate statistical

test. In the second step, all these biomarkers were represented in a bi-partite graph

with the biomarkers in one layer and the corresponding samples in another layer. Then,

they used graph clustering approaches similar to [285] to find the homogeneous sample

groups corresponding to those biomarkers. However, the two-step approach may miss

the combinatorial markers each with weak effect on the corresponding samples. Most of

the multi-variate integrative models such as canonical correlation analysis (CCA) and

parallel ICA [228] are full-space models, i.e., they consider all samples to find combi-

natorial biomarkers. Therefore, they do not aim to find heterogeneous sample groups

pertinent to a group of biomarkers directly. Some recent studies also tried to lever-

age the heterogeneous sample issue for integrating diverse data sources. For example,

Obulkasim et. al. 2011 [286] developed a step-wise predictive model which determines

automatically which samples will benefit the most by including molecular data in ad-

dition to the clinical data. First, they build two classifiers separately on clinical and

molecular training data. Second, they determine the subgroup of test samples (using a

re-classification score) that either lie in the decision boundary of the classifier built upon

clinical variables (assuming that clinical variables are inexpensive and well-validated)

or may improve the classification accuracy if molecular data is included. In particular,

they project a test sample into the clinical space of training data and then, estimate the

re-classification score based on how many training samples were correctly and wrongly

classified in that local neighborhood. Finally, the samples with low score were reclassi-

fied using molecular data. However, this study aims at building a classification model

rather than finding combinatorial biomarkers from diverse datasets as shown in Figure

5.2.
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5.3 Generic Challenges

There are three main challenges for handling disease heterogeneity in integrative stud-

ies. First, finding biomarkers containing multiple types of features require searching the

exponential number of combinations of features, which by itself is a computationally

hard problem. The heterogeneous population groups corresponding to those combina-

tions of features can also consist of any size and thus, finding such groups also requires

exponential search on the sample space. This increases the computational complexity

further. For example, in figure 5.2, the discriminative pattern D is more interesting than

pattern C. Although pattern C is more discriminative than pattern D, the coverage of

the pattern C is shared by the pattern F. On the other hand, pattern D covers new

samples and thus is more interesting. Second, there may be both generic and specific

characteristics pertinent to a subgroup. For example, knowing the overall risk factors

for a particular subgroup is important for clinical decision making. On the other hand,

the specific (local) characteristics that are only applicable to that particular subgroup

can also be useful to understand the specific characteristics of that group, which are

not applicable for other groups. Finding such types of global and local patterns pose

further issues for developing computational methods. Third, each sample might belong

to multiple homogeneous subgroups because of some shared phenomenon. This is very

common in healthcare domain. For example, a few co-morbid patients can belong to

multiple disease groups, sometime even containing diseases that are not related among

themselves at all. This requires further adjustment of the methods for allowing samples

to belong to multiple subgroups. Fourth, the number of samples available in each of

the subgroup becomes much less than the original number of samples in the datasets.

This may create a problem for the model development especially when datasets are

high-dimensional. In one recent study, Karpatne et al. [287] imposed a regularized con-

strain on the parameters of generalized linear models (GLM) of two subgroups based

on the similarity of the two subgroups computed by a cluster hierarchy. However, many

times such cluster hierarchy may not be available or samples may belong to multiple

subgroups simultaneously due to the co-morbidity of the patients. Note that this proce-

dure is similar to risk adjusting variables such as mobility in a logistic regression model;

however, logistic regression, even after adjustment for confounders, will provide a set of
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global variables that apply to all patients, rather than finding variables that are specific

only to one particular patient subgroup.

Figure 5.3: Schematic diagram for subspace models where clinical data is used first to
identify the subspace. Steps for subspace models where clinical data is used first to
identify the subspaces: use clinical data to stratify samples, use genomic or other left
out clinical variables for each subgroups if required, and finally build a predictive model.

5.4 The Generic Framework

We propose a generic framework that can find both combinatorial markers and their

corresponding sample groups directly from the data. Conceptually, given the two types

of datasets, we use a two-step framework (Figure 5.3): we first identify the most domi-

nating subgroups of samples using clinical data and then analyze each patient subgroup

separately. Note that some studies reversed the order of these two steps. For example,

a framework proposed by Schwarz et al. [284] first found the biomarkers from multiple

datasets and then looked for the corresponding subgroups. However, such approach

mainly focuses on finding the corresponding subsamples of the obtained markers, rather

than finding all possible subgroups. Thus, they might miss the patterns (e.g. pattern D

in Figure 5.2), which are marginally related to outcome, but which cover an interesting

set of samples that are not covered by any other patterns. We aim to find all possible

subgroups of patients and their corresponding factors from the data. These two steps

are described below in detail.

Finding Subgroups of Patients: In this step, we aim to find all possible homoge-

neous subgroups of samples. The main idea is to use the putative confounding factors for
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finding such confounding factors. The best option for selecting the features is to choose

the features from domain knowledge. The multi-source datasets coming from rich EHRs

provide a unique opportunity to obtain information about confounding factors such as

age, ethnicity and gender. Note that in these cases, confounding factors are measured

and selected by domain experts. Therefore, such domain information can be utilized

for dividing the population into multiple groups. Although most of the clinicogenomic

studies used only clinical information as the confounding factor, genomic data can also

be used for subgrouping patients that have different degree of genetic predisposition

towards disease.

Building Models on the Obtained Subgroups of Patients: Once patients have

been assigned into multiple subgroups, each subgroup of samples can further be analyzed

to find the potential biomarkers. Note that both predictive models and descriptive

models for biomarker discovery can be designed for this purpose depending on the goal

of the study. In the context of healthcare analytics, interpretability of the models is a

much desired property and therefore we need to consider computational methods that

are not only predictive of an outcome, but also interpretable enough to infer domain

knowledge. In this chapter, we consider pattern mining techniques to achieve these

goals. Moreover, we propose pattern mining methods to find both generic and specific

characteristics pertinent to a subgroup.

In rest of the chapter, we will demonstrate the overall framework in the context of

the large-scale Home Healthcare EHR data described earlier in Chapter 4. In particular,

we will describe the problem definition, the specific details about the implementation of

the methods, the obtained results and useful discussion regarding the obtained patterns.

5.5 Background and Problem Definition in Home Health-

care Application

In the context of Home Healthcare (HHC), Mobility, that is the ability to walk or use a

wheelchair, is a strong determinant of an elderly individual’s overall functional health

status and ability to safely manage the home environment and personal health [288].

Mobility was defined as the ability to safely walk, once in a standing position (INDP),

or with help of a device (DEVICE), or with supervision of others (SUPERV), or to
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Score Description

0 (INDP)* Able to independently walk on even and uneven
surfaces and climb stairs with or without rail-
ings (i.e., needs no human assistance or assistive
device).

1 (DEVICE) Requires use of a device (e.g., cane, walker) to
walk alone or requires human supervision or as-
sistance to negotiate stairs or steps or uneven
surfaces.

2 (SUPERV) Able to walk only with the supervision or assis-
tance of another person at all times.

3 (CHAIR I) Chairfast, unable to ambulate but is able to
wheel self independently.

4 (CHAIR NI) Chairfast, unable to ambulate and [not indepen-
dent] to wheel self.

5 (BED) Bedfast, unable to ambulate or be up in a chair.

Table 5.1: Mobility (M0700 Ambulation/ Locomotion) Score and Description and In-
clusion for Outcome. The abbreviation in parenthesis will be used for referring them in
rest of the paper. *INDP group does not have chance to improve, so was not used for
analysis.

use a wheelchair either independently (CHAIR I) or not independently (CHAIR NI)

[289]. Mobility was measured at admission and discharge using the OASIS question

M0700: Ambulation/locomotion scored on a 6-point scale covering the aforementioned

five categories and bedfast (BED) as shown in Table 5.1.

Mobility directly impacts fundamental performance of activities of daily living (ADLs),

such as transferring, toileting, and bathing, as well as instrumental activities of daily

living (IADLs) [290]. In 2010, 4.9 million Americans living in the community required

another person in order to complete ADLs and 9.1 million Americans were unable to

complete IADLs without assistance [291]. Impaired mobility may perpetuate a cycle of

reduced activity, fear of falling, and social isolation [288]. Additionally, impaired mo-

bility increases the risk of falls in the home which can result in hospitalization, periods

of disability, and potential loss of independence [288, 292]. Hospitalization in itself is

costly; moreover less than one-third of hospitalized older adults recover to pre-hospital

function [293, 294, 295]. During home health care (HHC), only half the adults showed

(46.9%) improved mobility (Agency for Healthcare Research and Quality, 2012); thus
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there is a need to determine better ways to improve mobility. Improvement in mobility

is a publicly reported outcome for comparing HHC quality by the Centers for Medicare

and Medicaid Services (CMS) [296].

Mobility Total No Improvement Improvement

Score Mobility Score=0 Mobility Score=1

(n = 262,035) (n = 128,920) (n = 132,115)

1 144,615 55.4% 99,119 68.5% 45,496 31.5%

2 89,860 34.4% 18,129 20.2% 71,731 79.8%

3 12,669 4.9% 5,322 42.0% 7,347 58.0%

4 11,339 4.3% 5,163 45.5% 6,176 54.5%

5 2,552 1.0% 1,187 46.5% 1,365 53.5%

All 261,035 100.0 128,920 49.4% 132,115 50.6%

Table 5.2: Number and Percent Patients by Mobility Score at Admission.

5.5.1 Selection of confounding factors based on domain knowledge

Although various studies found many factors related to mobility improvement in HHC

patients [297, 298], the initial mobility status of patients at admission to HHC has
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been the largest significant factor of improvement in mobility using Outcome Assess-

ment Information Set (OASIS version B1) (OR = 5.96) [297]. However, mobility status

alone only partially predicts mobility outcomes. Previous studies that included Omaha

System interventions provide a unique contribution to understanding HHC outcomes

[299, 300], but most HHC agencies do not use standardized intervention data. This

observation also holds for our datasets as well. Indeed, the mobility score at admission

was observed to be the strongest factor associated with improvement of mobility. Sub-

stantial heterogeneity in the outcome by subgroup was also observed: almost 80% of

patients of in the SUPERV subgroup improved; a mere 31% of patients in the DEVICE

subgroup improved; and, only 50-60% of the patients in other subgroups improved. Ta-

ble 5.2 shows the distributions of the number of patients with improvement (mobility

outcome = 1) vs. no improvement (mobility outcome = 0) across the five mobility

scores at admission.

However, it is unknown if subgroups of patients based on their mobility score at

admission vary in factors related with improvement and therefore it is not known if the

types of interventions to improve mobility might vary by subgroup. Analyzing subgroups

of patients and the variables associated with improvement of mobility outcome can help

clinicians tailor interventions more effectively for improving outcomes.

Indeed, subgroup analysis of HHC patients by mobility status at admission may

provide new insights for tailoring interventions or modifying the CMS risk adjustment

models for more accurate comparison of outcomes across HHC agencies. Previous inves-

tigators identified differences in intervention effectiveness for community-dwelling older

adults; however, there were conflicting results for types of interventions that were effec-

tive for frail elderly patients [301]. These studies support the need to examine subgroups

of patients to better understand factors associated with mobility improvement.

Therefore, we use the initial mobility score as the confounding factor during grouping

patient population. For this study, we took a straightforward approach of grouping all

patients into five different subgroups based on the initial score of mobility at admission

from 1-5. Samples with initial mobility score 0 were discarded since those patients had

no chance of improvement. This stratified analysis allowed control for the strong effect

of the admission mobility status and other confounding differences between subgroups.

Outcome Measure: The outcome of improvement in mobility was evaluated as
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a change in mobility status from admission to discharge from HHC for patients with

a score > 0 at admission (all except INDP subgroup). Improvement in mobility was

measured as a binary variable of 1 for improvement or 0 for no improvement and was used

as the only outcome of interest in rest of our paper. Figure 5.4 shows the distribution

of improvement and no improvement outcome for each of the six groups of current

ambulation score.

Figure 5.4: Number of samples for improvement and no improvement of mobility out-
come belonging to each subgroup defined by cur ambulation score (0-5)

Potential variables associated with outcomes: OASIS data on the admission

assessment includes agency information (pseudo identifier and geographical location

from the previous study); demographic and patient history information (e.g., prior con-

ditions, medical diagnoses, prognosis and life expectancy, and high risk factors affecting

health, i.e., prior smoker; support systems (living arrangements and caregiver sup-

port); health status (e.g., sensory, integument, respiratory, emotional, cognitive, and

behavioral); activities of daily living (ADLs) and instrumental activities of daily living

(IADLs); medication and equipment management; and service utilization such as the

need for therapy, emergent care, and discharge status. The complete OASIS assessment

form and manual can be found on CMS’s website (http://www.cms.hhs.gov/HomeHealthQualityInits/;

last accessed 01/25/14). The OASIS data set was developed through 15 years of suc-

cessive studies for reliable and valid data collection and outcome measurement in home

care [302].
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5.5.2 Analyzing each subgroup of patients

Since our goal of this study was understanding the disease mechanism better, inter-

pretability of the obtained model was a much desired property. Therefore, we relied on

finding patterns that are not only predictive of the mobility outcome, but also easily

interpretable to domain experts. Another nice property of the pattern mining is that

they can search for potential combinations of multiple variables and their correspond-

ing samples simultaneously and efficiently. Most existing studies of mobility outcome

assess single variables independently rather than analyzing the influence of multiple

variables together. Often multiple variables are important to a particular subset of pa-

tients due to the heterogeneity of health and functional problems experienced by HHC

patients. For example, two variables together, such as ability to dress and groom, may

have different effects in a particular subset of patients than the overall effect for all

patients. Thus, there may be several subsets of patients with different sets of variables

(patterns) associated with outcomes. Finding these different patterns that are perti-

nent to different patient subsets may provide further knowledge about the relationships

among the individual variables, and thus can potentially enhance clinical insights rel-

evant for improving mobility. Therefore, we mainly considered a recent discriminative

pattern mining based framework [305], since it is very effective to find the combinatorial

patterns and the patterns are also easily interpretable.

Moreover, understanding the generic and specific patterns associated with mobil-

ity improvement for HHC patients (local patterns) within stratified subgroups using

their mobility score at admission may infer new knowledge. In particular, the research

questions addressed in this study are: 1) What are the patient and support system

characteristics (generic pattern) associated with mobility improvement within the five

subgroups of patients defined by their mobility score during admission (scores of 1 - 5)?,

2) Are there any local patterns specific to each of the five different subgroups, when

contrasted with other subgroups?
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Figure 5.5: Coherence of any two variables out of 99 variables for the SUPERV group
(mobility at admission = 2) is shown in the bottom panel, where x and y axes are OASIS
variables. Each cell of this matrix represents the similarity between the corresponding
two variables (represented by a row and a column), with red being highest similarity
and blue being lowest. The top panel of the figure represents the association of each
individual variable with mobility (red = improvement, blue = no improvement, and
green = not significantly associated with OR close to 1).

5.5.3 Methods for Finding Generic Patterns

The pattern mining was performed in several steps for each of the five subgroups based

on initial ambulation score for finding the generic patterns. First, the data were exam-

ined for variables associated with mobility improvement within each subgroup, and also

evaluated for the consistency of those variables across the patient subgroups. Note that

the variables associated with the improvement in mobility with odds ratios (ORs) < 1

were also analyzed in later steps and referred to as variables associated with no im-

provement of mobility outcome in rest of the paper. Second, the individual variables

with significant ORs were grouped together into clusters (patterns) in order to expose
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higher level, more interpretable relationships among individual factors.

Single-variables analysis: For each subgroup, the set of significantly predictive

variables were identified using OR as a measure of discrimination (effect size). When

the OR for a predictive variable associated with improvement was< 1.0, 1/OR was re-

ported as an association with no improvement. Statistical significance was established

by using a false discovery rate (FDR) of < 0.05 (FDR was computed to adjust for mul-

tiple hypothesis testing). In each patient subgroup, some sets of variables predictive of

the outcome applied to roughly the same set of patients. We refer to this characteristic

as coherence. (See Figure 5.5 which shows coherence of any two variables with each

other based on whether they represent a common subset of patients as measured by

the Jaccard coefficient. This coherence illustrates the existence of clusters (patterns)

among the variables. For example, clustering the rows and columns resulted in nine

clusters (variable numbers 1-3, 6-9, 24-26, 33-37, 55-56, 59-61, 64-78, 79-99).) As a re-

sult, grouping the individual variables can enhance clinical interpretability, since many

of the variables represent a broader view of the patient’s health and functional status.

For example, behavioral problems, cognitive skills, and memory deficiency may be rep-

resentative of a more general cognitive or psychological disorder in a patient. Thus, we

further sought to group individual variables into patterns within each mobility subgroup

based on their cohesiveness (whether they co-occur in the same patients) and whether

they are predictive of the mobility outcome.

Multivariate pattern analysis. Grouping variables into patterns that are as-

sociated with improvement in mobility simultaneously is very challenging due to the

exponential number of possible variable combinations that needs to be evaluated. Tra-

ditional clustering techniques [303] can group variables into patterns directly, however,

they fail to discover all meaningful patterns and they also report incorrect patterns as

they cannot take the outcome variable into account. In what follows, a technique for

discovering such patterns efficiently is described.

Association analysis [304] was applied to identify sets of variables (patterns) asso-

ciated with each other and also with the mobility outcome in each subgroup. More

formally, a pattern is defined as a set of variables (characteristics) that have certain

properties of interest. The most common property that any pattern should have is that

if each binary variable represents the presence of a characteristic, e.g., memory deficit or
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urinary incontinence, then all the variables in a pattern should co-occur in a sufficiently

large number of patients. While exponentially many patterns can potentially be discov-

ered, the choice of an association rule mining algorithm can often make the computation

tractable by eliminating patterns that occurred in too few patients. Additionally, these

patterns can be tested for further properties; cohesiveness and discriminative power. In

this study, we were also interested in finding patterns that not only occur in a large num-

ber of patients (cohesiveness), but also can discriminate between improvement (mobility

outcome =1) versus no improvement (mobility outcome =0) using a recent extension

of association rule mining techniques called discriminative pattern mining [242, 305].

Patterns can be constructed using one or more variable(s), however, for brevity, in this

paper we only report results for patterns consisting of at least two variables.

Has Pattern (P=1) Lacks Pattern (P=0)

Improved n11 n12

Not Improved n21 n22

Table 5.3: Contingency Table of a Pattern in relation to the mobility outcome. The
second column represents the number of patients where all the variables of the pattern
are present (has a value 1) and the second columns represents number of patients where
at least one of the variables of the pattern is absent (value 0).

Discriminative pattern analysis was conducted within each subgroup of patients

separately. The discovered patterns were evaluated based on two properties: their

discriminative power and the cohesiveness of the two variables belonging to the pattern.

The discriminative power of the patterns was assessed using the odds ratio (OR), which

is calculated as n11 ∗ n22/n12/n21 , where nij is defined by the 2x2 contingency table

shown in Table 5.3. Specifically, n11 (and n21) denote the number of patients who

exhibit the pattern and had improvement or no improvement, respectively, in their

mobility score. Analogously, n12 and n22 denote the number of patients who do not

exhibit the pattern and had improvement or no improvement, respectively. High OR

signifies high odds of improvement in mobility.

The cohesiveness of the patterns was measured by Jaccard similarity. It is defined as

f11/(N − f00), where f11 is the number of patients where both variables in the pattern

have a value of 1, f00 is the number of patients where both variables have a value

of 0, and N is the total number of patients. Thus, the Jaccard coefficient indicates
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how consistent the co-occurrences of the two variables are across the patients: a high

value signals that the variables frequently co-occur, potentially suggesting that they

may be related. Coincident absences of the variables are ignored. Moreover, we put an

additional constraint on the cohesiveness of discriminative power of the variables such

that the individual discriminative powers (ORs) of the constituent variables of a pattern

are within a range.

An ideal pattern is highly discriminative (very predictive of improvement as mea-

sured by the OR) and highly cohesive (the two variables in the pattern frequently

co-occur together within a subset of patients as measured by Jaccard). Discriminative

pattern mining aims to discover patterns with precisely these properties. To visually

study the relationships and to identify patterns of related variables, a graph was con-

structed. A graph is a mathematical construct consisting of nodes representing variables

and edges that connect the nodes. An edge was drawn between two nodes (variables) if

they co-occurred in a discriminative pattern and had odds ratio and Jaccard coefficient

that exceeded predefined thresholds. The resultant graph was analyzed through the Cy-

toscape graph visualization software [306]. Of particular interest within a graph are the

connected components. A connected component is a subset of nodes that are densely

connected by edges but are not connected to any node outside the component. Con-

nected components represent larger patterns where the constituent variables that are

strongly pairwise related to each other and can therefore represent underlying patient

conditions. These components are similar to clusters, but also take the discrimination

power of the patterns into account. Note that these grouping in terms of patterns were

performed among variables, not among patients; therefore there are patients who can

belong to multiple patterns and there may be patients who do not belong to any pattern.

5.5.4 Finding local patterns that are specific to a particular subgroup

We also aimed to find all possible local patterns that are only pertinent to a specific

subgroup of patients. Therefore, discriminative pattern mining not only has to consider

the particular subgroup under consideration, but also contrast that subgroup with all

other subgroups in the study so that the obtained patterns become applicable only to

the subgroup under consideration. The motivation for finding such local pattern can be

illustrated by Figure 5.6. In this figure, the blue pattern contains more specific local
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Figure 5.6: The schematic diagram containing the local patterns

information than red one, since the discrimination power increases substantially from

global to local patterns.

In this section, we will describe methodologies to find such discriminative local

patterns which are predictive of outcome for a particular subgroup, but distinct enough

from other subgroups as well.

An association analysis based measure: Local discriminative patterns have to

have two properties: 1) they are predictive of the disease outcome and 2) the local

patterns are distinct enough from the other groups. For measuring the predictive power

of a pattern, we used diffsup [305] because of its nice property of anti-monotonicity. The

anti-monotonicity property guarantees that if a pattern is not discriminative enough

then none of its superpatterns (i.e., patterns containing all the features of the original

patterns and some additional features as well) is. The diffsup measure is defined below:

DiffSupP = Sup+p − Sup−p

To measure the the second criterion of locality of a pattern to a particular subgroup

in contrast to other subgroups (global signal), we propose the following measure as

shown below:

LocalGainOriginalP = DiffSupLp −DiffSupGp = (SupL+p + SupG−
p ) − (SupL−p +

SupG+
p )

Here, DiffSupLp measures the discrimination power of the local pattern for the
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corresponding subgroup under consideration and the DiffSupGp measures the discrim-

ination power of the same pattern P on other subgroups besides the one under consid-

eration.

Note that this original formulation of LocalGainOriginal is not anti-monotonic, since

the Diffsup of the local and global patterns can both increase and decrease from sub-

patterns to superpatterns. We used a simple trick to make this measure anti-monotonic

as described below.

LocalGainP = (SupL+p + SupG−
p )−maxα⊆P (Sup

L−
α + SupG+

α )

Lemma: The measure LocalGain is anti-monotonic.

Proof: Let Q be a subpattern of P . Then, the second term of the equation for a

pattern P can only increase from its subpatterns Q, given the anti-monotonicity of the

Sup measure. Now, the first term of P can only decrease from that of its subpattern Q.

Therefore the LocalGain of P can only decrease from that of its subpattern Q.

This anti-monotonicity property will guarantee to find all possible local patterns if

they are used in the apriori framework. However, note that this LocalGain measure is

an approximation of the original LocalGainOriginal measure. We aim to explore the

difference between the sets of patterns discovered by these two measures.

5.6 Results

Demographics of the sample and reasons for HHC are shown in Table 5.4. Patients were

predominately white, older adults, with more females. Medicare was the most frequent

payor and about half the patients were admitted to HHC following a hospitalization.

The majority received home care for less than 60 days and about a third had care

for less than 30 days. About two-thirds had a good prognosis and were expected to

regain full or nearly full recovery and functionality. Many had chronic health conditions

with the category of ”Symptoms, Signs, and Ill-Defined Conditions” indicating that

physical therapy and rehabilitation are the primary reasons for HHC. Overall, 49.4% of

patients improved in mobility; while 50.6% did not improve. The percent of patients

who improved or did not improve within each level of mobility status at admission is

shown in Table 5.2

Results for Single Variables Associated with Outcomes: Single variables
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Figure 5.7: Patterns associated with IMPROVEMENT in the SUPERV group.

significantly associated with improvement (mobility outcome = 1) vs. no improvement

(mobility outcome = 0) in mobility for all patients by the admission score are shown

in Appendix Figure A.6 (with Odds Ratios (OR) for all Single Variables Significantly

Associated with All Patients within each subgroup defined by the Admission Score for

Mobility). There were no significant variables for patients in the BED subgroup, and

therefore, these patients were dropped from further analysis. Many significant variables

were found and the number of variables varied by patient subgroups (n = 27 - 60). In

the DEVICE subgroup, the odds of improvement were highest for younger, post-surgical

healthy patients needing infrequent help, who had adequate support. In contrast to this

subgroup, the highest odds for no improvement represented frail chronically elderly with

poor health, psychosocial, and functional status that needed considerable help. In the

SUPERV subgroup, patients likely to improve were similar to DEVICE subgroup except

they were slightly older and the ORs were more strongly associated with improvement if

they had little or no problems with cognition. Patients in the SUPERV subgroup were
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not likely to improve if they were chronically ill, very old with moderate to severe health,

functional status, and psychosocial problems, and needed frequent help. In both the

CHAIR I and CHAIR NI subgroups, the highest ORs included older age, chronic health

problems, and difficulties with ADLs and IADLs. They differed in behavior problems.

The highest ORs with no improvement for both CHAIR I and CHAIR NI subgroups

were younger, chronically ill patients with ADL and IADL difficulties.

Significant variables that were common across at least 3 of 4 subgroups for mobility

improvement include age 65 - 74, source of admission (hospital); prognosis (good); lives

in own home; infrequent help needed; little or no problem with hearing, speech, bowel

incontinence, behaviors, or confusion; and little or no problem with almost all ADLs and

IADLs. Significant variables for no improvement in mobility common across at least 3

of 4 mobility levels include having paid help; needing help from primary caregiver for

ADLs, power of attorney (financial, legal, and medical), and medical support; moderate

to severe problems with vision, speech, urinary and bowel incontinence; poor cognitive

functioning; having a pressure or decubitus ulcer or surgical wound not healing; cognitive

and behavior problems; and moderate to severe problems with most ADLs and IADLs.

The pattern for patients in the CHAIR I subgroup was distinctly different than the

DEVICE, SUPERV and CHAIR NI subgroups.

Results for Patterns of Variables Associated with Outcomes: While pa-

tients in the CHAIR I subgroup were the most different for both improvement and no

improvement in mobility, further analysis was focused on the SUPERV subgroup be-

cause these patients had the most improvement. Figure 5.7 and 5.8 shows the patterns

with ORs > 1.4, Jaccardsimilarity ≥ 0.4, and with a range of ORs of the constituent

variables of the patterns within 0.7 for patients in the SUPERV subgroup resulting from

discriminative pattern mining analysis. Patterns 1 - 4 represent improvement (red cir-

cular nodes) vs. Patterns 5 - 9 represent no improvement in mobility (blue hexagonal

nodes).

Patterns can be interpreted by visualizing both the circles and edges. The size of

the circles represents the magnitude of individual ORs of each variable present in the

patterns. The larger the circle / node in the pattern, the more likely the variable is

associated with the outcome. The width of the edge represents the OR between two

variables (nodes); the wider edge indicates a higher OR. Note that the joint OR of two
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Figure 5.8: Patterns associated with NO IMPROVEMENT in the SUPERV group.

variables in a pattern may be different from the OR in SDC2 for individual variables.

The notation after a variable name in the cluster is 0 = little or no problem and 1 =

moderate to severe problems. A variable without a 0 or 1 indicates the presence of that

variable such as High Therapy Need. There are four patterns for improvement and five

for no improvement. Improvement patterns are associated with little or no problems,

whereas no improvement problems are associated with moderate to severe problems,

except for no pain in one of the patterns. The number of variables in a pattern is shown

in parentheses and descriptions for improvement are as follows:

• Pattern 1: (p = 11) Independent with recent treatment change and good prognosis,

as well as good functional and psychosocial status

• Pattern 2: (p= 2) Little or no problem with dressing upper body and grooming

• Pattern 3: (p = 2) Little or no problem with laundry and housekeeping
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• Pattern 4: (p = 3) Little or no problem with confusion, feeding and bowel incon-

tinence

Figure 5.9: Local patterns associated with IMPROVEMENT and NO IMPROVEMENT
in the SUPERV group. Patterns are interpreted by visualizing both the circles and
edges.

Descriptions for patterns with no improvement in mobility are:

• Pattern 5: (p = 17) Frail requiring considerable help

• Pattern 6: (p = 5) Psychosocial impairment.

• Pattern 7: (p = 3) Requires paid help

• Pattern 8: (p = 2) Requires help with complex decision-making

• Pattern 9: (p = 2) Impaired mobility related ADLs

Other subgroups were also analyzed and many variables are consistent across sub-

groups. (Appendix Figures A.7 A.8, A.9, A.10,A.11, A.12 demonstrating the similarities

and differences in patterns for patients by admission score for variables associated with

improvement vs no improvement.). Examples of similar variables in all four subgroup

patterns are functional and cognitive status, and the type and amount of help required.
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The combination of variables within a pattern represents unique characteristics as-

sociated with improvement vs no improvement within each mobility level at admission;

however, variables found in the CHAIR I subgroup were quite different than those found

in other subgroups. There were only six variables similar in the CHAIR I subgroup pat-

terns and with variables in any other subgroup for mobility improvement: Caucasian;

female; and, little or no problem with speech, bowel incontinence, cognitive function,

and use of a phone. Healing of a surgical wound was the only variable associated with

no mobility improvement that was both in a cluster for CHAIR subgroup and other

subgroups. Additionally, there were variables that uniquely appeared in the clusters

of subgroup CHAIR I. For improvement in mobility, these include: Medicare, needs

frequent help, has a high need for therapy, and difficulty with dressing upper body,

bathing, transferring, housekeeping, and shopping. In other subgroups, functional sta-

tus variables were opposite with values of little or no problem when associated with

mobility improvement. For no mobility improvement in the CHAIR I subgroup, unique

variables were admitted from the community (rather than the hospital or other facil-

ity) and needs assistance from a health care agent or medical power of attorney and a

financial/ legal, power of attorney.

The local patterns: We also look for the patterns that are specific to a particu-

lar subgroup. To find such local specific patterns, we applied the proposed framework

with multiple thresholds for diffsup (measuring the discrimination power) and Local-

Gain (measuring the local information for that particular group). Furthermore, we also

validated the local patterns similar to the generic patterns as described earlier using

the random permutation of the class label. Table 5.5 contains the number of patterns

obtained for various thresholds of Diffsup and LocalGain. It was evident from the table

that subgroup 2 (SUPERV) has the highest number of patterns. We also visualized

these patterns to compare with the generic patterns obtained from the same group as

shown in Figure 5.9. When compared with those obtained from generic pattern sets, the

local patterns provided a few new insights. For example, confusion, medication man-

agement and phone use was not discovered in the generic patterns, and thus represents

the special phenomenon that is only pertinent to this group SUPERV.
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5.7 Significant Discoveries and Discussion

The obtained patterns resulted in a few interesting discovery from domain perspectives

as well. Where recommendations with respect to home health care occur in the following

section, they are recommendations from my collaborator, Bonnie Westra (Associate

Professor and Director, Center for Nursing Informatics, University of Minnesota), which

were based on the data mining results I generated. They are included here to show the

potential usefulness of the data mining results.

This study confirms the high prevalence of mobility limitations in primarily older

HHC patients, their low rate of improvement by discharge, and provides new information

on the factors associated with both those who do or do not improve in mobility by level

of mobility at admission. In this study, 97% of patients had at least some difficulty

with mobility at the time they were admitted to HHC. In other studies, problems with

functional status for older adults in the community were high; however, no studies were

found specifically reporting the rate of difficulty with mobility and in particular for

patients receiving HHC [291]. This study confirmed previous findings that about half

the patients improve in mobility; AHRQ identified 46.9% of patients improved while this

study found that 49.4% improved [307]. About three-fourths of patients were discharged

in less than two months, with one-third receiving care for 30 days or less. In addition,

more than 80% were age 65 or older.

This study also confirmed that mobility status at admission has the highest associ-

ation for likelihood of mobility improvement by discharge from HHC. Using OASIS B1

data, CMS identified that the odds of improving in mobility increase by 5.96 for each

increment of 1 point on the ambulation/ locomotion assessment question. Compared to

CMS, this study showed the OR differed between each level of ambulation/ locomotion

based on the admission score. Patients with a score of 1 at admission were less likely

to improve (OR = 6.3) and those with a score of 2 were more likely to improve (OR =

7.3). Patients with a score of 3, 4, or 5 for mobility at admission had an OR of 1.28.

Therefore, there is not a consistency in the odds of mobility improvement predicted

across all mobility scores at admission.

Risk Adjustment: CMS calculates and reports risk-adjusted outcomes to HHC

agencies to conduct outcome-based quality improvement and publicly compares home
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care agencies on outcomes [297]. This study did not use the CMS risk adjustment

methodology; however, it is interesting to note that many of the variables associated

with mobility outcomes in this study differed from those found by CMS for OASIS B1.

These differences may be due to the way in which variables were used (such as binary

variables) as well as the rules applied when different data-driven methodologies were

used. The findings in this study are novel in that significant factors associated with

mobility outcomes were found that differed by the admission score. Therefore, it may

be more accurate to report risk adjusted outcomes by subgroups of patients to HHC

agencies and the public.

Global Outcomes: Overall, patients with a score of 1 (DEVICE subgroup) for

mobility at admission (N=144,615) were less likely to improve (69%). In comparison to

the DEVICE subgroup of patients, there were 89, 860 patients of SUPERV subgroup

with 20% who did not improve; patients in CHAIR I, CHAIR NI and BED subgroups

had approximately 45% of patients not improving. Therefore, it is likely there is a ceiling

effect for measuring improvement using OASIS. This finding is consistent with other

measures of ADL, such as the Katz ADL Scale [308]. In a previous study, methods were

compared to determine an adverse event for functional decline. A floor effect was found;

as a result a recommendation to CMS was made to change how to best calculate adverse

events for functional status [309]. A similar analysis might be useful for improvement

outcomes.

Patterns for Patients of SUPERV Subgroup: In the SUPERV subgroup, pa-

tients were most likely to improve in ambulation. Patterns of variables associated within

this subgroup were further analyzed to better understand their risk for not improving.

Furthermore, we also analyzed whether the obtained patterns are novel beyond the

existing literature and whether this would provide actionable information. Tailoring

of interventions for subgroups of patients could increase the percent of patients with

improvement in mobility at discharge from home care.

Improvement in Mobility: Patients with mobility improvement were associated

with four patterns representing overall patients who were healthier and had little or no

functional impairment. Pattern 1 is consistent with results from other studies; healthier

patients are more likely to improve in outcomes and regain their ability to function safely

at home [310]. Pattern 2 included two ADL items and Pattern 3 included two IADL
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items. Fortinsky et. al applied Rasch modeling to OASIS data to determine if ADL and

IADL items represented a uni-dimensional scale and the order items in terms of difficulty

[311]. ADL items were found to be easier and IADL more difficult. Our findings did not

support a uni-dimensional relationship between functional status variables and mobility

improvement; rather our study found unique patterns of functional status variables

represented distinct patient subsets related to mobility improvement.

No Improvement in Mobility: There were five patterns associated with no im-

provement in mobility. Pattern 5 represents patients who might be considered ”frail”

and who are less likely to improve compared with non-frail patients. In previous studies

frailty, poor life expectancy, or disease burden and chronic conditions that affect am-

bulation were associated with overall poorer functional status [312]. In another study,

frail elderly patients were less likely to improve their mobility status with strength and

balance exercises compared with less frail patients [310]. However, in our study, we

observed novel patterns of poor ADL and IADLs requiring frequent help. It may be

that an occupational therapist would be helpful since many variables for this pattern

are related to ADLs and IADLs. Learning to use adaptive equipment may increase

confidence and decrease fear of falling, thus improving mobility. Pattern 7 is composed

of patients with paid services, including assisted living and lack of family to support

their ongoing needs. Patients who can no longer live at home and have no or insufficient

family help are on a functional decline and at risk for nursing home placement. While

not surprising, this is a unique pattern requiring different strategies for supporting mo-

bility and planning for the future. Nursing should consider a referral to social workers to

determine additional financial resources to assure the adequacy of paid services. While

patients in this clustering analysis received a score of 2 for mobility at admission to

HHC, the poor score on additional functional status items, particularly those requiring

mobility (toileting and transferring represented by pattern 9), places them at risk for

falls as well as their ability to perform more difficult functions.

Two patterns focus more on cognitive rather than physical functioning. Pattern 8

demonstrates some challenges with requiring assistance with decisions about finances

and healthcare and may reflect minimal to moderate cognitive impairment, which is

distinctly different than pattern 6 which represents considerable cognitive ability that

could influence daily living to remain safely at home. Cognitive decline is associated with
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poor mobility in previous studies and risk of falling. When patients perceive they are

at risk of falling, it further impairs their ability to improve in mobility [313]. Cognition

can be improved through fitness, which in turns improves mobility [314]. Nurses should

consider various ways of engaging HHC patients in fitness programs, beginning with

therapy in the home and use of TV or video exercise programs, followed by engagement

in community fitness programs after HHC discharge.

5.8 Future Work

Further research is needed both in domain side and computational method development.

Domain related future work: There were several limitations in this study. Pa-

tient care episodes were drawn from a convenience sample of HHC agencies. Data

used for this study were collected for clinical documentation and not research; there-

fore, it is likely that there are inconsistencies in the way the data were recorded. The

lack of information about interventions performed during HHC limits this study; the

OASIS assessment data provided consistency, but which interventions were provided

remain unclear. We did not analyze the degree of change, but rather the outcome was

a binary variable of either improvement or no improvement. If the degree of change

were represented in the outcome, it could change the patterns discovered. Furthermore,

the patterns obtained for each subgroups need to be validated. This study further

demonstrated the effective reuse of OASIS data from EHR across multiple agencies and

software vendors to gain new insights. However, the addition of standardized terminol-

ogy for nursing and other clinician interventions would increase the value of the EHR

data for knowledge discovery in the future.

Future studies need to include process measures or interventions to understand

the impact of clinical care in addition to patient and support characteristics that

influence outcomes. OASIS C is the current version used by HHC agencies since

January 1, 2010 which includes process measures. These process measures may ex-

plain more variance in outcomes. Additionally, state (http://www.health.state.mn.us/e-

health/advcommittee/index.html) and national efforts are in process to have sharable/
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comparable nursing data in every healthcare setting (http://www.nursing.umn.edu/about/calendar-

of-events/2014-events/big-data-2014/Agenda/index.htm). Standardization of interven-

tion terms would facilitate the ability to better understand of the influence of care

provided on patient outcomes.

Method related future work: In this context of OASIS data, several future

directions can be pursued both steps of the generic framework, i.e., finding patient

subgroups and developing models within each subgroup.

Often time the confounding factors are not measured properly, i.e., they cannot be

determined from the domain knowledge completely. For example, patient’s diagnosis

codes can be a big confounding factor exhibiting different disease characteristics for

different disease. In these cases of unmeasured confounding factors, we aim to find

such groups by clustering the samples based on the features of interest. Note that the

details about the clustering and the features on which the clustering will be performed

depend on the particular applications. Since specific domain information about the

confounding factors are not available here, we suggest using as many features as possible

for clustering the patients. Also, overlapping clusters should be considered because some

sample may belong to multiple clusters. Co-clustering based approaches can be more

useful, since each possible subgroup is affected by only a subset of features. However,

this poses computational challenge for integrative studies. Since the properties, types

and formats of each of the datasets being integrated are very different, co-clustering

techniques have to handle such disparate properties. An easier way will be to compute

a separate distance metric for each type of datasets and then combine them to get

the final distance metrics between samples. This co-clustering approach will also have

the additional benefit of making the discovered subgroups more interpretable, i.e., each

subgroup of sample can be characterized by the corresponding feature sets it belong to.

During model development strategy, although we analyzed the global and local pat-

terns for each subgroups, the relationships between the global and local patters were

not investigated directly. Alternatively, a predictive model can also be developed on

each subgroups of patients. Moreover, mixed-effect statistical learning can be used to

model each patient separately within each group. In such modeling the fixed-effect will

measure the overall effects of the covariates and the random-effect models will measure

the effect within each subgroup.
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Finally, the two steps involved in the frameworks (i.e., grouping samples using clus-

tering and building models for each group) can be combined in a single step. For

example, clustering techniques in the first step can utilize the outcome variable espe-

cially in supervised setting to make the samples not only similar to each other within the

same group, but also have similar outcome. This might increase the prediction power

and interpretability of the overall model.
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Demographic Percent

Ethnicity

White 83.2
Non-White 16.8

Gender

Male 35.5
Female 64.5

Payer

Medicare 89.7
Medicaid 5.3
Other 11.9

Location Prior to Admission

Hospitalized in last 14 days 46.8
Admitted from other facility 20.5
Admitted from the community 35.7

Home care length of stay

0 30 days 31.2
31 60 Days 41.0
¿ 60 days 37.8

Primary diagnosis (reason for admission)

Symptom, signs, and ill-defined conditions 23.9
Circulatory system diseases 21.5
Injury and poisoning 10.9
Musculoskeletal system and connective tissue diseases 7.8
Respiratory 6.8
Endocrine, nutritional, and metabolic diseases and immunity disorders 6.2
Diseases of the nervous system and sense organs 6.1
All others 16.9

Table 5.4: Demographics and Reason for Admission to HHC
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Ambulation Diffsup LocalGain Singletons Pairs Triplets

Group 1 (DEVICE) 0.1 0.1 8 12 0

Group 1 (DEVICE) 0.1 0.2 0 0 0

Group 1 (DEVICE) 0.2 0.1 0 0 0

Group 2 (SUPERV) 0.1 0.1 37 272 1202

Group 2 (SUPERV) 0.1 0.2 14 33 42

Group 2 (SUPERV) 0.2 0.1 12 24 23

Group 2 (SUPERV) 0.2 0.2 10 17 12

Group 3 (CHAIR I) 0.1 0.1 2 0 0

Group 3 (CHAIR I) 0.1 0.2 0 0 0

Group 3 (CHAIR NI) 0.1 0.1 16 52 93

Group 3 (CHAIR NI) 0.1 0.2 6 6 2

Group 3 (CHAIR NI) 0.2 0.1 7 9 5

Group 3 (CHAIR NI) 0.2 0.2 6 6 2

Table 5.5: Number of patterns discovered for various threshold of Diffsup and LocalGain



Chapter 6

Conclusion and Future Work

6.1 Contribution

The thesis focused on reviewing and solving some of the key issues in the topic of

integrating multiple biomedical datasets. In particular, it aims to make significant

contributions to both computer science and the healthcare/biomedical domain.

6.1.1 Data Mining Contribution

The thesis developed novel techniques that can solve some of the domain related is-

sues. First, the pattern mining based integration framework is a generic approach for

integrating multiple types of data. In addition, it can handle the disparate dimension-

alities of the data to some extent. Moreover, it can also find higher-order relationships

such as interaction and coherence among diverse factors, unlike most of the prominent

approaches for the integrative biomarker discovery, such as discriminative canonical

correlation discriminative (dCCA) and related multi-variate techniques. Second, the

Sparse Hierarchical Canonical Correlation Analysis (SHCCA), a multivariate integra-

tive model, tries to enhance the interpretability of obtained integrative patterns, so that

they can be evaluated by the domain experts for clinical decision making. Note that

this technique is also a useful framework for incorporating relationships among features

into model development for finding relationships and therefore, can be applied to many

other domains where the relationships among features are known. Third, the thesis
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aimed to find more localized patterns that are only applicable for a particular sub-

group of patients. This kind of subgroup patterns can potentially unravel novel disease

phenomenon, which many of the fullspace models will miss.

6.1.2 Domain Contribution

In the domain of biomedical Informatics, we tried to make also novel contributions. Since

the research is interdisciplinary, I have collaborated with many experts in biomedical

domain to properly understand the domain issues and for better deployment of the

computational approaches in the domain. For example, I worked on a project to ana-

lyze the genetic, functional and structural activity of Schizophrenia patients collected

from three different modalities ofdata such as functional MRI, SNP and structural MRI

collected by the department of psychology, psychiatry, and neuroscience. Also, I ac-

tively worked on several health care projects, where data are collected from large-scale

electronic health records (EHR). The techniques that was developed in this thesis was

heavily applied on the above-mentioned real world datasets, each of which resulted in

some novel discoveries in the domain which was described in the earlier chapters of the

thesis.

6.2 Future Work

Since the topic of integration of diverse biomedical datasets is still in early stage of

research, several future directions can be pursued. In this section, I will describe a few

broad set of techniques to advance the domian of integration of biomedical datasets

further.

6.2.1 Finding Relationships

In many biomedical applications, there may exist wide varieties of relationships between

interaction and coherence, e.g., synergy, moderator, marginally interactive and coher-

ence. Furthermore, finding causal relationship among the diverse factors is very much

of interest to domain experts. Another important issue of integrative study, especially

in mental health, is that often the disease endpoint is measured by several interme-

diate pathogenic phenotypes. Building a global disease progression model containing



129

relationships among diverse clinical and genomic factors leading to such intermediate

phenotypes and finally to disease will be useful.

6.2.2 Handling Disparate Data

Often, the natures of diverse clinical and genomic datasets are very different. In partic-

ular, there are differences in data formats, types, properties, dimensionalities, and the

amount of noise present in these data due to the differences between the experimental

design and data collection protocols. Kernel-based predictive models have been applied

in such cases, where kernels are learnt separately for each dataset respecting the indi-

vidual nature. However, several issues remain unanswered. Examples include: how to

choose kernels appropriately and how to merge them. Since kernels transform the data

into another feature space, interpreting the results of the predictive models for domain

expert can be difficult. These issues require exploring new data mining approaches. For

example, alternative models such as graphical models can be used for this purpose.

6.2.3 Handling Large-scale Data and Dimensionality

As more and more diverse clinical and genomic factors are collected for the same pa-

tients, the overall dimensionality increases quite rapidly, while the number of samples

remains the same. Thus, the issue of finding statistically significant factors from inte-

grative models is even more challenging. Applying sparse machine learning approaches

can be useful for such cases. However, different degree of sparsity may be needed for

each dataset depending on the amount of co-linearity present in each dataset which

requires further research. Moreover, all features are not equally important in the do-

main. Sometimes, there are underlying relations among the features, e.g., among genes

and proteins through pathways. I plan to incorporate this information into the model

development to further constrain the learning process. This will not only increase the

stability of the model but also their interpretability. Moreover, large-scale EHRs are

expected to be generated by 2017 leading to terabytes of patient records. This will in-

crease the statistical power of the models greatly. The advantage of techniques coming

from b́ig dataśolutions such as Hadoop and Spark can be applied on those datasets.
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6.2.4 Temporal Modeling

Much of the large-scale EHR data are longitudinal in nature where diagnosis, lab re-

sults, interventions and the after-care complications are collected over a long period

of time. However, there are challenges unique to longitudinal EHR data, which tradi-

tional temporal models cannot handle. First, the time-stamps are highly irregular in

nature, since the data collection depends on a patients visit to hospital which can vary

randomly. Second, longitudinal EHR data are collected for secondary analysis rather

than in a controlled study to account for experimental bias. Often, medical guidelines

and follow- up treatments are applied to patients throughout their longitudinal history,

which can ultimately alter the health status of the patient, diagnosis and the lab tests.

This makes population cohorts highly heterogeneous in nature at any point of time.

Second, before performing any analysis, it is necessary to find the links among diverse

health factors and handle the heterogeneity of the patients dynamically. Third, patients

admitted to hospital often have different prior risks depending on their genetic mark-up,

age, prior health status. These factors may act as confounding factors when analyzing

the effectiveness of treatment or therapeutics.

In summary, integrating diverse biomedical data provides considerable opportunity

for developing new data mining techniques that can farther advance the state-of-the-art

in data integration topic. Moreover, these techniques can also be applicable to many

other data domains such as image processing, social network and climate science, which

possess issues and challenges similar to biomedical integration.
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[237] K.A. Lê Cao, I. González, and S. Déjean. integromics: an r package to unravel

relationships between two omics datasets. Bioinformatics, 25(21):2855, 2009.

[238] N.M. Correa, Y.O. Li, T. Adali, and V.D. Calhoun. Fusion of fmri, smri, and

eeg data using canonical correlation analysis. In ICASSP, pages 385–388. IEEE,

2009.

[239] H.J. Cordell. Detecting gene–gene interactions that underlie human diseases. Na-

ture Reviews Genetics, 2009.

[240] D. Thomas. Gene–environment-wide association studies: emerging approaches.

Nature Reviews Genetics, 11(4):259–272, 2010.

[241] L.W. Hahn, M.D. Ritchie, and J.H. Moore. Multifactor dimensionality reduction

software for detecting gene–gene and gene–environment interactions. Bioinfor-

matics, 2003.
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[260] M. Gratacòs et al. Brain-derived neurotrophic factor val66met and psychiatric

disorders: meta-analysis of case-control studies confirm association to substance-

related disorders, eating disorders, and schizophrenia. Biological psychiatry,

61(7):911–922, 2007.

[261] M. Dunoyer. Accelerating access to treatments for rare diseases. Nature Reviews

Drug Discovery, 10(7):475–476, 2011.

[262] Daniela M Witten and Robert J Tibshirani. Extensions of sparse canonical cor-

relation analysis with applications to genomic data. Statistical applications in

genetics and molecular biology, 8(1):1–27, 2009.

[263] G. Fang et al. Mining low-support discriminative patterns from dense and high-

dimensional data. IEEE TKDE, 2010.



158

[264] Sean P Keehan, Andrea M Sisko, Christopher J Truffer, John A Poisal, Gigi A

Cuckler, Andrew J Madison, Joseph M Lizonitz, and Sheila D Smith. National

health spending projections through 2020: economic recovery and reform drive

faster spending growth. Health Affairs, 30(8):1594–1605, 2011.

[265] Donald M Berwick and Andrew D Hackbarth. Eliminating waste in us health

care. JAMA: the journal of the American Medical Association, 307(14):1513–

1516, 2012.

[266] Robert Steinbrook. Health care and the american recovery and reinvestment act.

New England Journal of Medicine, 360(11):1057–1060, 2009.

[267] T. Diethe, D. Hardoon, and J. Shawe-Taylor. Constructing nonlinear discrimi-

nants from multiple data views. Machine Learning and Knowledge Discovery in

Databases, pages 328–343, 2010.

[268] M. Gönen and E. Alpaydin. Multiple kernel learning algorithms. Journal of

Machine Learning Research, 12:2211–2268, 2011.

[269] Harold Hotelling. Relations between two sets of variates. Biometrika, 28(3/4):321–

377, 1936.

[270] J.R. Kettenring. Canonical analysis of several sets of variables. Biometrika,

58(3):433–451, 1971.

[271] Kantilal Varichand Mardia, John T Kent, and John M Bibby. Multivariate anal-

ysis. 1980.

[272] Galen Andrew, Raman Arora, Jeff Bilmes, and Karen Livescu. Deep canonical

correlation analysis. Proceedings of the 30th International Conference on Machine

Learning, 2013.

[273] Catia Pesquita, Daniel Faria, Andre O Falcao, Phillip Lord, and Francisco M

Couto. Semantic similarity in biomedical ontologies. PLoS computational biology,

5(7):e1000443, 2009.



159

[274] Elena Parkhomenko, David Tritchler, and Joseph Beyene. Sparse canonical cor-

relation analysis with application to genomic data integration. Statistical Appli-

cations in Genetics and Molecular Biology, 8(1):1–34, 2009.

[275] http://www.nlm.nih.gov/research/umls/sourcereleasedocs/current/ccs/.

[276] Pang-Ning Tan et al. Introduction to data mining. Pearson Education India, 2007.

[277] Robert Tibshirani. Regression shrinkage and selection via the lasso. Journal of

the Royal Statistical Society. Series B (Methodological), pages 267–288, 1996.

[278] Hui Zou. The adaptive lasso and its oracle properties. Journal of the American

statistical association, 101(476):1418–1429, 2006.

[279] http://www.ncbi.nlm.nih.gov/pubmed/advanced.

[280] J. McClellan and M.C. King. Genetic heterogeneity in human disease. Cell,

141(2):210–217, 2010.

[281] Gyorgy J Simon, John Schrom, M Regina Castro, Peter W Li, and Pedro J Cara-

ballo. Survival association rule mining towards type 2 diabetes risk assessment. In

AMIA Annual Symposium Proceedings, volume 2013, page 1293. American Medi-

cal Informatics Association, 2013.

[282] B. Di Camillo, T. Sanavia, M. Martini, G. Jurman, F. Sambo, A. Barla, M. Squil-

lario, C. Furlanello, G. Toffolo, and C. Cobelli. Effect of size and heterogeneity of

samples on biomarker discovery: Synthetic and real data assessment. PloS one,

7(3):e32200, 2012.

[283] D. Repsilber, S. Kern, A. Telaar, G. Walzl, G.F. Black, J. Selbig, S.K. Parida,

S.H.E. Kaufmann, and M. Jacobsen. Biomarker discovery in heterogeneous tis-

sue samples-taking the in-silico deconfounding approach. BMC bioinformatics,

11(1):27, 2010.

[284] E. Schwarz, F.M. Leweke, S. Bahn, and P. Liò. Clinical bioinformatics for complex
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Appendix A

Glossary and Acronyms

A.1 Supplementary Figures and Tables

Figure A.1: Odds Ratios for Single Variables Significantly Associated with All Patients
and by Admission Score for Mobility (Continued)
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Figure A.2: Odds Ratios for Single Variables Significantly Associated with All Patients
and by Admission Score for Mobility(Continued)

Figure A.3: Odds Ratios for Single Variables Significantly Associated with All Patients
and by Admission Score for Mobility(Continued)
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Figure A.4: Odds Ratios for Single Variables Significantly Associated with All Patients
and by Admission Score for Mobility(Continued)

Figure A.5: Odds Ratios for Single Variables Significantly Associated with All Patients
and by Admission Score for Mobility(Continued)
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Figure A.6: Odds Ratios for Single Variables Significantly Associated with All Patients
and by Admission Score for Mobility(End)

Figure A.7: Patterns associated with IMPROVEMENT in the DEVICE group.
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Figure A.8: Patterns associated with NO IMPROVEMENT in the DEVICE group.

Figure A.9: Patterns associated with IMPROVEMENT in the CHAIR I group.
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Figure A.10: Patterns associated with NO IMPROVEMENT in the CHAIR I group.

Figure A.11: Patterns associated with IMPROVEMENT in the CHAIR NI group.

Figure A.12: Patterns associated with NO IMPROVEMENT in the CHAIR NI group.
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Table A.1: A summary of predictive models
Clinico-
genomic
Study

Stage
of
in-
te-
gra-
tion

Stage
of
di-
men-
sion-
ality
re-
duc-
tion

Full-
space/
Sub
model

Dimens-
ionality
reduc-
tion
tech-
nique

Methods Clinical
Endpoint

Disease
Phe-
no-
type

Goal
of the
study

Li 2006
[65]

Early 2-
step

Full Two-
step
feature
extrac-
tion:
PCA,
SIR

Cox
hazard
model

Survival
time
after
chemother-
apy

large-
B-Cell
lym-
phoma
(DL-
BCL)

Generic
Pre-
dictive
Model-
ing

Stephenson
et al. 2005
[58]

Early 2-
step

Full Ranking
using
statis-
tical
test

Logistic
regres-
sion

Recurrance
after
Radical
Prostate-
ctomy

Prostate
cancer

Generic
Pre-
dictive
Model-
ing

Sun et al.,
2007 [67]

Early 2-
step

Full Wrapper
Model

Linear
Dis-
crim-
inant
analy-
sis

Survival
pre-
diction
(Two
class)

Breast
cancer

Generic
Pre-
dictive
Model-
ing

Li et al,
2005 [68]

Early 2-
step

Full Gene
selec-
tion
based
on
t-test

SVM Response
to
platinum-
based
based
Chemother-
apy (Sur-
vival)

Ovarian
cancer

Generic
Pre-
dictive
Model-
ing

Beane et
al. 2008
[69]

Early 2-
step

Full Ranking
using
Statis-
tical
test

Logistic
regres-
sion

Develop-
ment of
metasta-
sis after
pathol-
ogy

Lung
cancer

Generic
Pre-
dictive
Model-
ing
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Table A.2: A summary of predictive models(cont.)
Pittman
et al. 2004
[24]

Early 2-
step

Full Feature
cre-
ation
by
Cluster
and
PCA

Tree Survival
predic-
tion(Two
class
metas-
tasis
develop-
ment)

Breast
Can-
cer

Generic
Pre-
dictive
Model-
ing

Clarke et
al. 2008
[71]

Early 2-
step

Full Clustered
based
meta-
gene

Tree Survival
time
after
primary
chemother-
apy/
disease
relapse

Ovarian
cancer

Generic
Pre-
dictive
Model-
ing

Cao et al.
2010 [72]

Early 2-
step

Full Three
dimen-
sion-
ality
reduc-
tion
meth-
ods

Mixture
of Ex-
perts

Binary
outcome

Breast
can-
cer,
Prostate
can-
cer,
Medul-
loblas-
tomas

Generic
Pre-
dictive
Model-
ing

Binder et
al. 2008
[22]

Early 1-
step

Full Regular-
ization
Tech-
niques

Cox
based
prior
model

Survival
data

DLBCL Generic
Pre-
dictive
Model-
ing

Ma et al.
2007 [83]

Early 1-
step

Full Statistic
test
and
regu-
lariza-
tion

Penalized
logistic
and
Cox
regres-
sion

Binary
class
(metas-
tasis),
Survival
analysis

Breast
can-
cer,
Follic-
ular
lym-
phoma

Generic
Pre-
dictive
Model-
ing

Bovelstad
et al. 2009
[82]

Early 1-
step

Full Regular-
ization
method

Cox
regres-
sion

Survival
predic-
tion

Breast
can-
cer,
DL-
BCL,
Neu-
rob-
las-
toma

Generic
Pre-
dictive
Model-
ing
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Table A.3: A summary of predictive models(cont.)
Berlingerio
et al. 2009
[179]

Early 2-
step

Sub Only
HLA
alleles
corre-
spond-
ing to
six loci
are
consid-
ered

Frequent
Pattern
Mining

Liver
trans-
plant VS.
normal

Liver
dis-
eases
lead-
ing to
liver
trans-
plan-
tation

Generic
Pre-
dictive
Model-
ing

Schwarz et
al. 2009
[176]

Early 2-
step

Sub Domain
guided

Network
based
frame-
work

Case-
control

Schizo-
phre-
nia

Generic
Pre-
dictive
Model-
ing

Jana Sil-
hava et al.
2009[80]

Late 2-
step

Full Filtering Logit,
Biono-
mial
boost-
ing

Recurrance
vs. Not
recur-
rence

Breast
Can-
cer

Generic
Pre-
dictive
Model-
ing

Campone
et al. 2008
[79]

Late 2-
step

Full Filtering
by uni-
variant
cox
regres-
sion+PCA

Multi-
variate
Cox
regres-
sion
analy-
sis

Metastasis
free sur-
vival

Breast
cancer

Generic
Pre-
dictive
Model-
ing

Futschik
et al. 2003
[81]

Late 2-
step

Full Filtering
using
statis-
tical
test

Bayesian
net-
work &
ANN

Two
class
Survival
after
5-yrs.

DLBCL Generic
Pre-
dictive
Model-
ing

Daemen et
al. 2007
[9]

Inte-

rme-
di-
ate

2-
step

Full Ranking
using
statis-
tical
test

SVM Metastasis Breast
cancer

Generic
Pre-
dictive
Model-
ing

Gevaert et
al. 2006
[78]

Inte-

rme-
di-
ate

2-
step

Full Gene
Filter-
ing

Bayesian
net-
work

Metastasis Breast
cancer

Generic
Pre-
dictive
Model-
ing
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Table A.4: A summary of predictive models(cont.)
Noviyanto
et al. 2012
[106]

Inte-

rme-
di-
ate

2-
step

Full Gene
Filter-
ing

LS-
SVM

Two-
class

Breast
cancer

Generic
Pre-
dictive
Model-
ing

Wasito et
al. 2014
[108]

Inte-

rme-
di-
ate

2-
step

Full Kernel
Dimen-
sion-
ality
Reduc-
tion

SVM Two-
class

Lymp-
homa
cancer

Generic
Pre-
dictive
Model-
ing

Irigoien et
al. [112]

Early,
inte-

rme-
di-
ate

2-
step

Full-
space

Distance
metrics

Clusters,
dis-
crim-
inant
analy-
sis

Two-
class

Synthetic
data

Generic
Pre-
dictive
Model-
ing

Kammers
et al.[43]

Early 2-
step

Full-
space

Prior
knowl-
edge
(Path-
way
based)

Cox
Model

Survival Breast
Can-
cer

Generic
Pre-
dictive
Model-
ing

van Vilet
et al.[163]

Early,
Inte-

rme-
di-
ate,
Late

Both
of
them

Full-
space

T-test
or Chi-
squared
test

Many Binary
class

Breast
Can-
cer

Generic
Pre-
dictive
Model-
ing

Zhao et al.
2015 [210]

Early Both Full PCA,
PLS,
LASSO

Cox
Regres-
sion

Survival
analysis

Several
Can-
cer
from
TCGA

Generic
Pre-
dictive
Model

Nevins et
al. 2003
[70]

Early 2-
step

Full Feature
cre-
ation
by
Clus-
tering
and
PCA

Tree Survival
pre-
diction
(Two
class
metas-
tasis
develop-
ment)

Breast
Can-
cer

Generic
Pre-
dictive
Model-
ing
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Table A.5: A summary of predictive models(cont.)
Wang et
al. 2007
[76]

Early 2-
step

Full Stepwise
logistic
regres-
sion for
gene
selec-
tion

SVM,
SLD,
KNN

Recurrent
vs.
Non-
recurrent

Human
Hepa-
tocel-
lular
Carci-
noma

Additional
power of
genes

Tibshirani
et al. 2002
[73]

Early 2-
step

Full Filtering
ap-
proach
based
on p-
value
of fold
change

Logistic
regres-
sion

Binary
class
(metas-
tasis vs.
normal)

Breast
cancer

Additional
power of
genes

Hofling et
al. 2008
[74]

Early 2-
step

Full Filtering
ap-
proach
based
on p-
value
of fold
change

Logistic
regres-
sion

Binary
class
(metas-
tasis vs.
nomral)

Breast
cancer

Additional
power of
genes

Boulesteix
et al. 2008
[11]

Early 2-
step

Full Supervise
feature
extrac-
tion,
PLS

Tree
based
method

Binary
class
(metas-
tasis vs.
nomral)

Breast
and
Col-
orec-
tal
cancer

Additional
power of
genes

Boulesteix
et al. 2010
[84]

Early 1-
step

Full Regular-
ization
based
tech-
nique

Logistic
regres-
sion
with
boost-
ing

Binary
class
(metas-
tasis vs.
normal
& re-
mission
vs. no-
remission)

Breast
can-
cer,
Leuc-
emia

Additional
power of
genes

Oelker et
al. 2013
[171]

Early 1-
step

Full Regular-
ization
based
tech-
nique

Regres-
sion
with
boost-
ing

Binary
class

Breast
can-
cer,
Syn-
thetic
data

Additional
power of
genes
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Table A.6: A summary of predictive models(cont.)
De Bin et
al. 2014a
[167]

Early 2-
step

Full Several
tech-
niques

Cox
Re-
gres-
sion

Survival
analy-
sis

Breast
cancer
and
Neu-
roblas-
toma

Additional
power of
genes

De Bin et
al. 2014b
[23]

Early 2-
step

Full
and
Sub

Any
tech-
nique
to gen-
erate
a ge-
nomic
score

Cox
Re-
gres-
sion

Survival
analy-
sis

Acute
Myeloid
leukemia,
Chronic
lym-
phoid
leukemia

Additional
power of
genes

Dunkler et
al. 2014b
[137]

Early 2-
step

Full Previous
Studies

Cox
Re-
gres-
sion

Survival
analy-
sis

Lymph-
oma,
Breast,
Head
and
Neck
Cancer

Additional
power of
genes
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