
ABSTRACT

PADMANABHAN, KANCHANA. Hierarchical Modularity-driven Discovery and Characterization
of Network Biomarkers: Application to Bioenergy Production and Prognostics of Neurological
Disorders.(Under the direction of Dr. Nagiza F. Samatova.)

Biomarkers, short for biological markers are ubiquitous and help distinguish organisms that

exhibit certain characteristics. Characteristics could refer to bioenergy related processes such as

bioethanol production or biohydrogen production by microorganisms, or could refer to neurolog-

ical disorders such as Alzheimer’s or schizophrenia. These characteristics are termed phenotypes

in biological literature.

Biomarker discovery and characterization have gained a lot of attention in the recent past

and have many uses including improving the efficiency of bioengineering processes or increasing

the skill of disease prognostics. Traditionally, these biomarkers are defined as individual genes

or sets of genes correlated with the presence of a phenotype. However, genes do not function

individually but cooperate with other genes to carry out various functions in an organism. These

inter-gene relationships are captured using a network structure, where the nodes are genes and

the edges represent some functional associations between the genes (e.g., genetic interaction

networks). Recently, the focus has been shifting towards utilizing these biological networks for

unearthing biomarkers. Such biomarkers are coined as network biomarkers.

In this thesis, we argue that the performance of biomarker identification could be improved

by explicit consideration of hierarchical modularity—the inherent design and organization prin-

ciple of cellular systems. According to this principle, individual genes combine in a hierarchical

manner into larger, functionally less cohesive subsystems. The hierarchy can be broadly di-

vided into three major levels: (1) the gene level, (2) the subsystem level, and (3) the subsystem

crosstalk level.

The subsystem crosstalk level captures the interactions between the subsystems. The area

of identifying phenotype-related network biomarker crosstalks is in its infancy. To the best of

our knowledge, this thesis is the first systematic approach to identify crosstalk biomarkers by

utilizing the power of multiple existing clues. The method has been empirically validated using

Alzheimer’s disease as a use-case. The method not only verified previously known Alzheimer’s

related crosstalks but also suggested hypothesis for further investigation. In addition, the iden-

tified crosstalks improve the accuracy of Alzheimer’s prognosis by 15.9% in comparison to the

current state-of-the-art methodologies.

At the subsystem level, our in silico identification of phenotype-related network biomarker

subsystems offers an efficient solution to the contrast-based comparative analysis of multiple

biological networks. The method is robust to noise in and incompleteness of biological data, and



is also parameter free. It has been validated against subsystem biomarkers reported in literature

for phenotypes such as biohydrogen production, motility, respiration, and gram stain.

At the gene level, the information about the functional roles of individual genes is utilized

to assess significance of the network biomarkers in a biological context. Ignoring hierarchical

modularity leads to high false negative rates, namely biologically significant results are termed

insignificant. By explicitly incorporating the hierarchical modularity principle into evaluation

of the biological significance of network biomarkers improved the accuracy by 15% on average

when compared to state-of-the-art methods.
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Chapter 1

Introduction

Biomarker discovery and characterization have been an important area of research in the re-

cent past. Biomarkers help differentiate organisms that possess certain characteristics from the

organisms that do not exhibit the characteristics. Examples of characteristics include bioenergy

related characteristics, such as bioethanol production, biohydrogen production, and acid toler-

ance. Examples of characteristics also include human diseases, such as Alzheimer’s, cancer, or

diabetes. The term for these biological characteristics is phenotypes.

Biomarker discovery is extremely important in many areas of research. Biomarkers related to

phenotypes such as bioethanol production and biohydrogen production are useful in improving

the efficiency of many industrial processes. Similarly, biomarkers related to uranium reduction

phenotype can assist in uranium decontamination of soil and water, because uranium takes

hundreds of millions of years to decay radioactively. Biomarkers can also improve the accuracy

of disease prognostics and support development of more effective drugs.

Traditionally, biomarker discovery has revolved around searching for individual genes or

gene sets that are linked to phenotype presence [46, 72, 89, 163, 172] (see also [4], our review

of biomarker discovery for neurological disorder phenotypes). However, genes do not function

individually but work together with other genes to carry out various functions in an organism.

Biological networks (e.g., genetic interaction networks) capture inter-gene relationships,

where the nodes are genes (or gene sets) and the edges represent some functional associa-

tion between the genes (or gene sets). Hence, the biomarker discovery space is moving towards

utilizing these networks for unearthing biomarkers. These biomarkers are known as network

biomarkers.

Network biomarkers are discovered in an unsupervised fashion, where the problem is to

discover discriminatory subnetworks between biological networks for organisms that exhibit the

target phenotype and those biological networks for organisms that do not exhibit the phenotype

[26, 46, 47, 60, 61, 72, 89, 97, 152, 153, 163, 172, 198]. Such signature subnetworks are assumed
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to be functionally coherent, or forming functional modules, with respect to the function that

is critical to the target phenotype. Moreover, these functionally coherent modules combine in

a hierarchical manner into larger, less cohesive subsystems, thus revealing one of the essential

design principles of system-level cellular organization and function—hierarchical modularity

[58, 108, 140, 164].

Figure 1.1 illustrates this concept of hierarchical modularity in cellular systems, using three

major levels of abstraction: (1) the gene level, (2) the subsystem level, and (3) the subsystem

crosstalk level. Such hierarchical modularity of complex systems has several benefits especially

from the evolutionary adaptation point of view [108]. Examples of such hierarchical organization

with respect to biohydrogen production phenotype include functionally coherent modules de-

rived from transcriptome data related to electron transport (fixX, fixC, fixB, fixA, ferN, fer1 ),

co-factor synthesis (nifB, nifV, nifQ, nifN, nifE, nifX ), assembly or stability (nifW, nifS2,

nifU ), and regulation (nifA) in Rhodopseudomonas palustris [142]. Likewise, the CD4+ T-cell

modules involved in human immune protection and regulation are hierarchically organized and

are made up of polarizing cues, lineage-specifying transcription factors, homing receptors, and

effector molecules [148].
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Figure 1.1: Hierarchical modularity of phenotype-related network biomarkers

With this perspective of phenotype-centric hierarchical modularity, the central hypothesis of

this thesis is the following:

Phenotype-centric hierarchical-modularity driven network biomarker discovery and analysis

will enhance the performance of phenotype-related biomarker identification and improve

phenotype diagnostics and prognostics using such biomarkers
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Motivated by this hypothesis we focus each component of this thesis towards one level of the

hierarchical modularity, depicted in Fig 1.1.

1.1 Crosstalk Level: Systematic Identification of

Network Biomarker Crosstalks

Phenotype-expression in an organism is extremely complex and it is likely that not a single

cellular subsystem such as the ones identified at the subsystem level, but a group of subsystems

interact to help express a particular phenotype. This inter-subsystem interaction has been

coined as subsystem crosstalk. Crosstalks useful in improving our understanding of phenotype

expression are termed crosstalk biomarkers. For example, the human neurological disorders are

complex and characterized by crosstalks among multiple molecular pathways contributing to

disease initiation and progression. One example is the crosstalk among AD pathway, oxidative

phosphorylation, p53 signaling pathway, and apoptosis [7, 93, 156]. Drug developers are now

focusing on understanding the interactions between the multiple key pathways that are affected

as a result of these diseases [101], because the previous one-target, one-drug approach is not

successful for diseases, such as Alzheimer’s and cancer.

To the best of our knowledge, there has been no systematic computational study of crosstalk

biomarkers. There are several different “clues” for crosstalk prediction including synthetic lethal-

ity, phosphorylation, genetic interaction, genes common between subsystems, etc. Incorporating

different clues will likely improve the confidence of crosstalk predictions. However, the computa-

tional methodologies developed so far [102, 122] make use of only one kind of “clue” to identify

crosstalks between phenotype related subsystems identified at the subsystem level. A method-

ology that includes multiple clues simultaneously will likely help identify crosstalks that are

biologically more meaningful.

Besides contributing to mechanistic understanding, crosstalks could likely be important

features for phenotype prediction as well. However, to the best of our knowledge, crosstalk

biomarkers as features for phenotype prediction, especially, for disease prognosis has not be

investigated in-depth.

Approach

We propose a methodology to identify subsystem crosstalk biomarkers and show their utility in

phenotype prediction. Given biological networks that represent evidences such as protein inter-

action and genetic interaction, and a set of biological subsystems, the method first constructs

an evidence-specific subsystem crosstalk network for each evidence. These individual evidence-

specific crosstalk networks are then combined into a single weighted crosstalk reference map
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that represents the plethora of all possible subsystem crosstalks captured by the combined

evidence information.

In order to identify phenotype related crosstalks, these reference maps have to be analyzed in

the context of some organism specific information. This is done by choosing a target phenotype

and a set of organisms and instantiating the crosstalk reference map with information specific

to each organism (e.g., gene expression datasets, single nucleotide polymorphism datasets).

These instantiated organism-specific crosstalk maps are then comparatively analyzed to identify

crosstalk network biomarkers. These biomarkers are then further utlized as additional features

in phenotype prediction or disease prognosis.

Results and Impact

In this study, we utilize biological subsystems that model biological pathways, i.e., the nodes of

the crosstalk reference map are pathways. We have developed a methodology to build a pathway

crosstalk reference map using the combined power of several protein/gene level evidences. We

also identified pathway crosstalks that are potential features for phenotype prediction.

Our methodology was tested on the human disease phenotype, Alzheimer’s disease. Specif-

ically, the problem of interest is to predict which of the patients with condition known as mild

cognitive impairement (MCI) will progress to Alzheimer’s disease (AD).

The method captured the well documented crosstalks associated with oxidative damage and

insulin resistance cause metabolic dysfunction in AD. A temporal three-part sequence occurs

with changes in glycolysis, the tricarboxylic acid cycle (TCA) and oxidative phosphorylation

pathways [160]. The method also found several neural cell adhesion pathways supported by

previous research indicating that these pathways might be involved in this disease process [139].

Since AD is a neurodegenerative disease, we also observed nervous system related pathways; in

particular, enrichment of long-term potentiation and depression and neurotransmitter signaling

pathways all support our process given that these pathways have been previously associated

with cognitive impairment and AD [24, 37, 96, 171].

Pathway crosstalks incorporated as additional features for MCI to AD conversion prediction,

improved the accuracy by 15.9% in comparison to the best predictive model of the current state-

of-the-art [158].

1.2 Subsystem Level: Discovery of Network Biomarker Subsys-

tems

Information about the cellular system of an organism can be represented as a network. For

example, gene functional association networks model the cellular system using genes as nodes
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and edges representing a functional association between the genes. These organismal networks

are comparatively analyzed to identify subsystems that could be potentially associated with a

phenotype, also known as subsystem network biomarkers or simply subsystem biomarkers.

The current state of the art α, β−motif finder [152] algorithm identifies subsystem biomark-

ers modeled as cliques (completely connected subgraphs) that are present in at least α-phenotype

expressing organisms and no more than β phenotype non-expressing organisms (where α is cho-

sen to be greater than β). However, due to the noise and missing information inherent to real

world networks, cellular subsystems are not always cliques (cliques have a density of 1.0—

where density ratio of the number of edges in the subnetwork to the total number of edges the

subnetwork would have if every pair of vertices in the subnetwork were connected)[54].

Additionally, selecting α and β parameters that will produce biologically meaningful results

could be a hard problem to solve. Hence, several runs of the algorithm with varying parameters

would be required to identify all the potential phenotype-related subsystem biomarkers.

Comparative analysis methods to identify phenotype-related subsystem biomarkers typically

work under the assumption that subsystems more likely to be present in phenotype-expressing

organisms are responsible for phenotype-expression. However, it is possible that the absence

of a subsystem causes the phenotype. For example, it was shown that the “couched potato”

syndrome could be potentially caused by the result of a person missing some key genes related

to the MP-activated protein kinase (AMPK) [179]. For α, β-motif finder to identify this kind of

information would require reruns of the algorithms by reversing the phenotype-expressing and

non-expressing organisms and once again the choice of parameters would come into play.

A straightforward approach of enumerating subsystem biomarkers of all densities (0.1−1.0)

present in all subsets of organisms and determining which of those are specifically present or ab-

sent in the networks of phenotype-expressing organisms would be computationally intractable

due to the potential number of subsystems in each network. The goal of this study is to enu-

merate phenotype-related subsystem biomarkers placing no restriction on the density or size of

the enumerated subgraphs. The method also does not place any restriction on the number of

networks the resulting biomarker should be present in.

Approach

Given functional association networks of the target organisms for the phenotype of interest,

our method first combines these networks into the proposed orthologous group-pair, organism

bi-partite network. This network model is utilized for enumerating the phenotype-related net-

work biomarkers at the subsystem level. Unlike our earlier work, the current-state-of-the-art

α, β-motif finder that needs the α and β parameters to identify the subsystem level network

biomarkers, our method is parameter free. In addition, the method can identify biomarkers
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biased towards both phenotype-expressing organisms and phenotype non-expressing organisms

using a single run of the method in contrast to the existing method that requires two passes.

Moreover, an identified network biomarkers corresponds to a more relaxed representation of a

cellular subsystem in comparison to the highly rigid clique representation used by α, β-motif

finder. These subsystems, as subgraphs, have topological density ranging from 0.1 to 1.0, unlike

cliques. Hence, the method is more robust at handling the inherent noise and missing infor-

mation in the input networks. We use a statistical method to calculate for each biomarker a

p−value quantifying its bias towards both the phenotype-expressing organisms and phenotype

non-expressing organisms.

Results and Impact

We developed a method to enumerate phenotype-related subsystem biomarkers taking into

consideration lessons learned from our earlier α, β-motif finder method, which is the current-

state-of-the-art. The methodology was tested on data for a number of phenotypes including

hydrogen production, gram stain, motility, and respiration. The results show that in each case

the method identified subsystems associated with the phenotypes that can be verified by lit-

erature. For example, for dark fermentation, we identified literature verified subsystems either

directly or indirectly responsible for the uptake or production of hydrogen; subsystems that in-

clude proteins associated with to the synthesis or expression of [NiFe]-hydrogenase, an enzyme

that catalyzes the reversible oxidation of molecular hydrogen, and plays a vital role in anaer-

obic metabolism [159]; the others are involved in nitrogen and iron metabolic pathways that

include proteins like nitrogenase, iron uptake proteins, ammonia assimilation proteins, such as

glutamine synthetase, and proteins involved in electron transfer.

The methodology is not confined to the biology domain alone but has applications in other

areas. For example, we adopted this methodology for anomaly detection is time-evolving climate

networks [25].

This work is published in [129].

1.3 Gene Level: Functional Annotation of Hierarchical Modu-

larity of Network Biomarkers

Computationally enumerated phenotype-related network biomarkers are further evaluated for

biological significance. This analysis helps identify results that are biologically meaningful. Bi-

ological significance analysis includes assigning a functional coherence score to quantify the

significance and a functional annotation denoting the biological function of the gene set con-

stituent of the network biomarker. Functional annotation methods assign a set of functional
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terms to the gene set. The terms come from a semantic functional taxonomy that documents all

possible functions of genes in a cell. Arguably, hierarchical modularity has not been explicitly

taken into consideration by most, if not all, current methodologies. As a result, the existing

methods would often fail to assign a statistically significant coherence score to biologically

relevant molecular machines. The goal of this study is to develop a methodology to analyze

gene sets for functional coherence and assign functional annotation by explicitly taking into

consideration the hierarchical modularity principle.

Approach

Given the hierarchical taxonomy of functional concepts (e.g., Gene Ontology) and the associa-

tion of individual genes to these concepts (e.g., GO terms), our method will assign a proposed

Hierarchical Modularity Score (HMS) to each node in the hierarchical structure of the gene set;

the HMS score and its p−value measure functional coherence. While existing methods annotate

each network biomarker with a set of “enriched” functional terms in a bag of genes, our com-

plementary method provides the hierarchical functional annotation of the modules and their

hierarchically organized components. A hierarchical organization of the gene set often comes as

a bi-product of cluster analysis of gene expression data or protein interaction data. Otherwise,

our method will automatically build such a hierarchy by directly incorporating the functional

taxonomy information into the hierarchy search process and by allowing multi-functional genes

to be part of more than one component in the hierarchy. In addition, the underlying HMS scoring

metric ensures that functional specificity of the terms across different levels of the hierarchical

taxonomy is properly treated.

Results and Impact

We developed a method to assess biological significance (functional coherence and annotation)

of gene sets taking into consideration their hierarchical modularity. The method shows an

improved performance (on average 15%) in comparison to the current state-of-the-art functional

coherence and annotation analysis methods when evaluated on known functionally coherent

gene sets from KEGG [75, 76, 77] and MIPS [52] and several other computationally derived

and curated datasets [22, 41, 62, 91, 137]. The use of this methodology is not confined to

the biology domain alone but is useful in other areas where such hierarchical annotations are

required. For example, semantic text analysis uses hierarchical taxonomies (e.g., WordNet) to

annotate and analyze text for topical similarity of its components.

This work has been published in [128].
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Chapter 2

Crosstalk Level: Systematic

Identification of Network Biomarker

Crosstalks

Given its complex nature, phenotype-expression is likely the result of interactions among several

cellular subsystems and not a function of a single subsystem. This inter-subsystem interaction

is known as subsystem crosstalk. Subsystem crosstalks have been observed across different or-

ganisms. A classic example of microbial crosstalk is the regulation of tricarboxylic acid (TCA)

cycle. Fuel enters the TCA cycle primarily as acetyl-CoA (Acetyl coenzyme A). The generation

of acetyl-CoA is therefore a major control point of the cycle. Several pathways involved in syn-

thesis of Acetyl-CoA may be rate limiting and thus regulate TCA. These subsystems could be

part of carbohydrates metabolism, amino acids metabolism, or fatty acids metabolism. Simi-

larly cellular mechanisms underlying human neurological disorders are complex with crosstalks

between multiple molecular pathways contributing to disease initiation and progression. One

example is the crosstalk among oxidative phosphorylation, p53 signaling pathway, and apopto-

sis [7, 93, 156]. Another example is the crosstalk among MAPK signaling, insulin signaling, and

calcium signaling pathways [102]. The same study also provided evidence of crosstalk among

the pathways involved in the regulation of glycolysis metabolism, the regulation of the actin

cytoskeleton, and apoptosis [102]. The latter crosstalk was also associated with other neurode-

generative disorders such as Huntington disease and amyotrophic lateral sclerosis [102].

The importance of subsystem crosstalks has been previously articulated in scientific liter-

ature. Crosstalks improve robustness of the cellular system through mutual function compen-

sation [11]. For example, there are existing studies that show that the plastidial mevalonate-

independent pathway can compensate the reduced flux through the cytosolic mevalonate path-

way in Arabidopsis thaliana [11]. Certain crosstalks help boost the performance of certain sub-
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systems. The Mitogen-activated protein kinase (MAPK) pathway enhances the signaling in the

Integrin pathway by increasing the activation rate of key proteins in the Integrin pathway [155].

MAPK also alters transcription of genes that are important to other metabolic pathways by

altering the levels and activities of transcription factors.

There is no universal categorization of biological mechanisms that are responsible for crosstalks

but some attempts have been made to model certain pathway crosstalks. Mathematical mod-

els have been developed to study signaling pathway crosstalks [32]. The different models are

the signal flow, substrate availability, receptor function, gene expression, and intracellular com-

munication. Signal flow crosstalk between two pathways occurs when the molecules of one

pathway affect the rate of protein activation in another pathway. For example, MAPK pathway

enhances the signaling in the Integrin pathway by increasing the activation rate of key pro-

teins in the Integrin pathway [155]. Substrate availability crosstalk occurs when two pathways

compete for proteins that perform the same function. For example, the hyperosmolar pathway

and pheromone mitogen-activated protein (MAP) kinase pathway in Saccharomyces cerevisiae

share the STE11 protein [111]. Receptor function crosstalk occurs when the pathway receptor

can be activated by factors other than its target ligands. For example, in the absence of the es-

trogen ligand, other signaling pathways can activate the estrogen receptor [80]. Gene expression

crosstalk occurs when a transcription factor (TF) contained in one pathway represses another

TF activated through a second pathway. For example, the transcription factor NR3C1 relocates

to the nucleus upon activation and represses the transcription factor NF-kB that is present in

multiple pathways. Intracellular communication crosstalk occurs when a ligand released by a

pathway activates another pathway. For example, the Bone morphogenetic proteins (BMP) and

WNT pathways reciprocally regulate the production of their ligands [12]. There has also been

a study on the interactions between different biological processes defined by the Gene Ontology

taxonomy in Saccharomyces cerevisiae [33].

Crosstalks can also be potential biomarkers for phenotype prediction or disease prognosis,

also called network biomarker crosstalks. Diseases such as cancer, diabetes, obesity, and asthma

are caused by defects in multiple pathways [69, 23, 99]. Drug developers are focusing on the

interactions between multiple key pathways that are affected as a result of these diseases [102],

because the previous one-target, one-drug approach has not been particularly successful for

diseases such as cancer.

For phenotypes such as Alzheimers disease (AD), a variety of features have been tested for

disease prognosis: imaging data such as structural magnetic resonance imaging (MRI), fluorine

18 flurodeoxyglucose positron emission tomography (PET), and bio-specimen samples such

as cerebrospinal fluid (CSF). Clinical parameters including neurological cognitive tests such

as the Alzheimer’s disease Assessment Scale-Cognitive subscale with 70-point scale (ADAS-

cog) and age, gender, education, etc., have been tested as well. However, to the best of our
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knowledge, utilizing biomarker crosstalks as potential features for disease prognostics has not

be investigated in-depth. (In the following sections the MRI, PET, and CSF features may also

be referred together as AD biomarkers.)

From the computational methodology standpoint we find that the area of network biomarker

crosstalks is still in its infancy. Molecular level interactions (functional associations between

genes or interactions between proteins) can act as “clues” to predict potential crosstalks [33].

Molecular level interactions are better studied in comparison to inter-subsystem crosstalks that

are ubiquitous, yet poorly understood. There are several documented mechanisms for molec-

ular interactions. These mechanisms (clues) include physical evidences such as direct binding,

biochemical evidences such as phosphorylation, and functional evidences such as transcrip-

tional regulation [101]. However, we find that existing computational methods that attempt to

predict crosstalks do not take advantage of the different “clues” available. Existing methods

predicts crosstalk between known metabolic pathways using physical protein interaction data

[102, 122, 192]. Besides improving mechanistic understanding, biomarker crosstalks are likely

to worth investigating as features for phenotype diagnostics and prognostics.

In this chapter, we provide a three-part methodology for network biomarker crosstalks dis-

covery. The methodology (see Figure 2.1) performs the following steps; (A) Given biological

networks that represent evidences and a set of biological subsystems, the method first con-

structs an evidence-specific subsystem crosstalk network for each evidence, (B) These individ-

ual evidence-specific crosstalk networks are further combined into a single weighted crosstalk

reference map that represents the plethora of all possible subsystem crosstalks captured by the

combined evidence information, and (C) The reference map is analyzed in the context of some

organism specific information to identify phenotype-related network biomarker crosstalks that

are further incorporated in prognostic models.

2.1 Approach

In this study, we utilize cellular subsystems that model biological pathways. Henceforth in

this chapter we will refer to a cellular subsystem as a pathway. We utilize the human disease

phenotype Alzheimer’s disease, as our use-case. The pipeline specific to our use-case are shown

in Figures 2.2 and 2.3.

Specifically, our methodology consists of the following steps: (A) identify the potential path-

way crosstalks by using existing gene/protein level data (see Figure 2.2), (B) identify per-patient

pathway crosstalks via SNP information (see Figure 2.3), and (C) identify the significant path-

way crosstalks that will be combined with other imaging (MRI, PET) and bio-specimen (CSF)

biomarkers and clinical parameters for AD prognosis.
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2.1.1 Identification of Potential Pathway Crosstalks

We quantify via scores how likely it is that a pair of pathways will crosstalk based on each

biological dataset (including physical interaction, genetic interaction, and transcription factors)

that provides evidence for possible crosstalks. We then combine these scores to build one generic

pathway crosstalk reference map analogous to the KEGG pathway reference map [75, 76, 77].

The likelihood of a pathway pair crosstalking can be scored based on two different methods.

One method is based on the presence of “common elements” such as kinases, transcription

factors, and enzymes. The other scoring method is based on the presence of interacting elements

such as physically interacting proteins. In the following sections, we will discuss the different

evidences and the scoring methods used for each of those evidences.

Scoring pathway crosstalks based on common elements

� Shared enzymes and metabolites: The number of enzymes and metabolites shared

by a pair of pathways is utilized as one of the evidences to identify potential pathway

crosstalks. This is reasonable as evidence for possible crosstalks, because a variation in

the concentration of common enzymes or metabolites will affect both pathways.

� Transcriptional regulation: Genes with common transcription factors are likely co-

regulated. Co-regulated genes in different pathways provide an avenue for the pathways
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hsa0030 – gene1, gene2 
hsa0040 – gene2, gene3 
hsa0050 – gene3, gene4, gene5 Gene Start and End  

 &  
SNP Locations 

hsa0030 – snp1, snp2 
hsa0040 – snp2, snp3, snp7 
hsa0050 – snp3, snp4, snp5, snp6 

patient1 – (snp1,1), (snp2,0),(snp3,1) 
patient2 – (snp1,1), (snp2,2),(snp3,0),(snp4,1) 
patient3 – (snp1,0), (snp2,2),(snp3,1),(snp5,2) 

Pathway-gene mapping 

Pathway-SNP mapping 

Patient-SNP Allele Information 

SNP ID Minor Allele Count 

Calculate SNP-Enrichment of 
Pathways using Patient-SNP 

information 

patient1 – (hsa0030, 0.04), (hsa0040,0.05) 
patient2 – (hsa0030,0.5), (hsa0040,0.06) 

Patient-pathway enrichment scores 

gene1 – snp1, snp2 
gene2 – snp2, snp3, snp7 
gene3 –  snp5, snp6 

Gene-SNP mapping 

  Homozygous minor (recessive) 

Genetic model 

Instantiated  Patient 1  
Pathway Crosstalk Reference 

Map 

Patient 1 

Crosstalk 
Pathway Pairs 

Edge Presence 

hsa0030-has0040 1 

hsa0030-has0050 1 

hsa0030-hsa0060 1 

hsa0060-hsa0070 0 

Figure 2.3: The pipeline to identify SNP enriched pathways and pathway crosstalks. The
methodology has three steps: (1) the SNPs are mapped to genes and in turn to pathways
using the SNP and gene location information, (2) a genetic model is chosen and a patient spe-
cific pathway SNP enrichment score is calculated using SNPs mapped to pathways and using
patient allele information, and (3) the pathway enrichment scores are overlaid on the reference
crosstalk map to build patient-specific crosstalk maps

to crosstalk. For each pathway pair, we find the group of transcription factors that regulate

genes in both pathways.

� Phosphorylation: Phosphorylation, performed by protein kinases, is the addition of

a phosphate group to a protein that results in a change of the protein function. Co-

phosphorylated proteins in different pathways suggest potential pathway crosstalks.

� “Common element” score: The pathway pairs were scored for how likely they are to

crosstalk using each of the above evidences. For each pair of pathways, Pi and Pj , we

define the scoring function as the overlap similarity score.

Overlapscore (Pi, Pj) =
|Υ (Pi)∩Υ (Pj)|

min (|Υ (Pi)| , |Υ (Pj)|)
(2.1)

where Υ(Pi) is the set of proteins (enzymes or metabolites, transcription factors, or ki-

nases) associated with pathway Pi.
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Scoring pathway crosstalks based on interacting elements

� Physical interaction: Protein interaction has previously been used to identify crosstalks

[102, 101] in yeast. The physical interaction between the proteins belonging to different

pathways provides a way for pathways to crosstalk.

� Genetic interactions: The use of genetic interactions for identifying pathway crosstalk

stems from the concept of “between-pathway” interactions. This essentially states that if

there is a genetic interaction between pathways, one pathway covers for the defects in the

other pathway.

� Protein domain: Protein function is closely related to fundamental units of protein

structure called “domains.” In the domain interaction network, a pair of proteins has an

edge if they are associated with the same set of protein domains. These edges are taken

into consideration to assess for potential pathway crosstalks.

� Synthetically lethal gene pairs: Gene pairs whose simultaneous low- or non-expression

can cause the organism to die are called synthetically lethal pairs [57, 168]. The presence

of synthetically lethal pairs of genes across two pathways is a possible sign of pathway

crosstalk.

� “Interaction-based” score: For each pair of pathways, Pi and Pj , we define the scoring

function as follows

Interactionscore (Pi, Pj) =
Ninter (Pi, Pj)

|Υ (Pi)| ∗ |Υ (Pj)|
(2.2)

where Ninter(Pi, Pj) is the number of interactions (genetic, physical, domain, syntheti-

cally lethal) that exist among the proteins associated with pathway Pi and the proteins

associated with pathway Pj .

Significance estimation of pathway crosstalk scores

We use Monte Carlo p−value estimation to normalize and assess the significance of the scores

obtained for the pathway crosstalks using different evidences. The Monte Carlo method [125] is

a robust statistical significance assessment method. Each pathway is randomized by replacing

a protein from that pathway with a randomly chosen protein from the set of all proteins in

the organism. This pathway randomization step is repeated W times (W ≈ 1000), i.e., we

obtain W sets of randomized pathways. For each of the evidences and each set of randomized

pathways, the evidence-specific score is recalculated for all distinct pathway pairs. We estimate

an empirical evidence-specific p−value as R/W for each pathway pair, where R is the number
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of randomized versions of the pathway pair that produce an evidence-specific score greater than

or equal to the original score obtained.

Combining the scores for each pathway crosstalk

For each pathway pair, we combine the p−values obtained from each of the individual evidences.

This gives us a combined estimation for crosstalk likelihood between the pathway pair. To

combine the p−values, we use the q−fast information fusion methodology derived by Bailey

and Gribskov[6], which is based on a theorem defined by Feller [36]. q−fast uses the product

of the individual p−values as a test statistic to calculate the combined p−value. Usage of the

product of p−values as a test statistic has been shown to be a desirable method for information

fusion [6]. One issue to consider is that some pathway pairs may not be scored by some of

the evidences due to missing data. For those cases, we assign a p−value of 1 to denote that

that particular evidence offers no information about those pathways crosstalking. The q−fast

formula to calculate the combined p−value for the n evidences is(
n∏
i=1

pi

)
n−1∑
i=0

− ln (
∏n
i=1 pi)

i!
(2.3)

where pi is the p-value obtained for evidence i. This combined p-value is obtained for each

pathway pair. The generic pathway crosstalk reference map is built with nodes as pathways and

edges representing a statistically significant (threshold α = 0.01) crosstalk between a pathway

pair.

2.1.2 Identification of Patient-specific Pathway Crosstalks

The crosstalks identified so far are generic, however, in order to analyze their effect on a specific

phenotype, in this case our use-case of Alzheimers, we need to identify those crosstalks that are

active in individual patients. For that purpose, we make use of an additional data source called

the SNP (Single nucleotide polymorphism) data. SNPs are variations in the DNA sequence at

particular locations. SNPs can generate biological variation between people by causing differ-

ences in the genetic codes for proteins that are written in genes. These variations can in turn

influence phenotypes such as disease proneness or reaction to different drugs. DNA is inherited

by a child from both parents and this leads to inheriting SNP versions from your parents. Ini-

tiatives such as the Alzheimer’s disease Neuroimaging Initiative (ADNI) collect patient specific

information for a large number of SNPs (620901 SNPs) and this information is incorporated

to transform the generic pathway crosstalk signatures into patient specific pathway crosstalk

signatures.

The pathway-crosstalks for a patient are obtained using the following four steps.
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1. Obtain a mapping of SNPs to pathways using genes.

2. Identify the list of SNPs that are active (or present) in a patient.

3. Use the mapping obtained in Step 1 and the patient-specific SNP list in Step 2 to obtain

the pathways that are “SNP-enriched” in the patient.

4. Utilize the “SNP-enriched” pathways from Step 3 to obtain patient-specific pathway

crosstalks.

Obtain a mapping of SNPs to pathways

Every SNP is assigned a chromosome number and a location on the genome, which can be used

to map SNPs to genes and in turn to pathways. Starting with a list of all genes that map to at

least one pathway, we assign a SNP to a gene if it is present within 10 kilo base pairs distance

of that gene. This method has been previously used by Silver et al [160, 161]. Note that since

SNPs are mapped to all genes within a range of 10 kbp, the same SNP may map to more than

one gene. The set of SNPs assigned to a pathway is the union of all SNPs assigned to the genes

in the pathway.

Identify patient-specific lists of SNPs that are active

A genetic model decides the minor allele count required for a SNP to be active (or present) in

a person. In the current study we fix our genetic model to be the homozygous minor (recessive)

model. This genetic model requires a minor allele count of 2 for a SNP to be considered active,

i.e., the minor allele is inherited from both parents. For each patient, we decide whether each

SNP is active or not. This gives us a per-patient list of SNPs that are active.

Identify patient-specific SNP-enriched pathways

We define the notion of SNP-enriched pathways based on a new scoring function. We first

identify a set of SNPs of interest, SNP interest. SNP interest can be the union of all SNPs found

on the human genome or a list of SNPs from other sources such as scientific literature. Given

the set of SNPs assigned to a pathway, SNP pathway, and the set of SNPs active (or present) in a

patient, SNP patient, the enrichment score for this pathway and patient taking into consideration

the SNPs of interest is calculated as

Enrichment(patient, pathway) =
SNP patient ∩ SNP pathway ∩ SNP interest

SNPinterest
(2.4)
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A p-value for the enrichment is calculated using the Monte Carlo method discussed previ-

ously. The pathways with a p-value below a certain threshold for a patient are referred to as

“SNP-enriched” for that patient.

Identify patient-specific pathway crosstalks that are active

A crosstalking pathway pair is considered active in a patient if both pathways are SNP-enriched,

i.e. they both have a significant SNP-enrichment score with respect to the patient. The stringent

condition is to ensure we do not incorporate noise. Identifying the crosstalking pathway pairs

that are active is equal to identifying those edges of the pathway crosstalk reference map that

are present in this patient. This translates to creating a patient-specific pathway crosstalk map

from the generic pathway crosstalk reference map, synonymous with obtaining an organism-

specific pathway map from the KEGG pathway reference map.

2.1.3 Identification of Significant Pathway Crosstalks

We calculate the bias for each SNP-enriched pathway and for each active pathway crosstalk to-

wards AD converters and non-converters. A SNP-enriched pathway or active pathway crosstalk

is considered statistically significant if its bias is below 0.01. The significant pathways and

significant pathway crosstalks are incorporated as features for disease prognosis. The bias is

quantified by using the hypergeometric test. The bias of an active pathway crosstalk towards

converters is calculated as:

φ (n, x, v, w) =

∑v
i=w

(
v

w

)(
n− v
x− w

)
(
n

x

) (2.5)

where we define

� Population: n is the total number of patients

� Success in population: x is the total number of converters and y is the number non-

converters

� Sample: v is the total number of patients (both converters and non-converters) a pathway

crosstalk is enriched in

� Success in sample: w is the number of converters and z is the number of non-converters

the pathway crosstalk is enriched in
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Similarly, the bias of an active pathway crosstalk towards non-converters can be calculated via

φ (n, y, v, z) .

2.2 Results

2.2.1 Datasets

Datasets used were primarily obtained from the Alzheimer’s Disease (AD) Neuroimaging Ini-

tiative (ADNI) database [187] (adni.loni.ucla.edu, www.adni-info.org). ADNI launched in 2004

as a multi-site study with the goal of collecting a wide range of longitudinal data in 200 healthy

elderly control subjects, 400 subjects with MCI, and 200 subjects with AD. The data included a

wide array of neuropsychological tests, genetic data (including SNPs), CSF biomarkers, MRIs,

and PET scans, and subjects were followed up every 6 months for up to 4 years. The measured

outcome of the ADNI study was whether or not a patient converted to AD during this time

period.

In this retrospective study, we look into the specific prognosis problem of patients progressing

from Mild Cognitive Impairment to Alzheimer’s disease. Patients with the specific condition

called Mild Cognitive Impairment (MCI) have an increased risk of progressing to Alzheimer’s

disease (AD). Thus, it is important to establish the predictive power of conversion to AD once

MCI is detected. Thus we look into the prognosis problem of MCI to AD conversion.

We utilized the dataset from an earlier study [158] based on ADNI. That particular study

identified 97 MCI patients and predicted conversion to AD based on their clinical parameters,

MRI results, PET scans, CSF markers (tau, p-tau181P, and -amyloid1-42), apolipoprotein E

(ApoE) genotype, and results from at least one follow-up clinical examination as of October

19, 2010. The data preprocessing has been detailed in the publication[158] pertaining to this

previous study. Out of the 97 patients from the earlier study, only 91 patients have corresponding

SNP data in the ADNI database. Hence, for the current study we only utilized these 91 patients.

However, this reduction in the number of patients did not much affect the ratio of converters

to non-converters. The original study had 43 converters and 54 non-converters and the reduced

dataset has 41 converters and 50 non-converters. Thus, there is still sufficient representation of

the two classes of patients. According to the Shaffer et al [158] paper, the Four MR imaging and

nine FDG PET components were extracted using ICA analysis from the raw imaging dataset.

Notably, the components were not extracted on the basis of the known outcome of the study;

rather, they were extracted to account for variance across the entire MCI study population

without regard to future conversion status. The MRI and PET components from the [158] were

not recalculated on the basis of each fold of cross-validation. Due to the lack of the original

data, we were unable to perform ICA for each fold. We suggest the results that include these
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components are interpreted with caution. As future work, we plan to analyze the effect of

per-fold re-computation of ICA components on the performance of the corresponding models.

The pathway subsystems were downloaded from the Kyoto Encyclopedia of Genes and

Genomes database (KEGG) [75, 76, 77]. We obtained evidences for human physical interaction,

genetic interaction, and synthetic lethal gene pairs from BioGRID [165], domain interaction

from GeneMania [186], transcription factors from FANTOM database [81, 82], and protein phos-

phorylation [100]. We obtained SNPs associated with genes manually curated to Alzheimer’s

disease in the Comparative Toxicogenomics Database [30] and a compilation of genes from lit-

erature that have been identified as likely risk factors for Alzheimer’s from SNPedia [20]. This

information was utilized as our biologically meaningful knowledge priors (Table 2.1).

Table 2.1: Subset of genes from CTD [30] and their association to Alzheimer’s disease

Gene Evidence

APP Mutations in this gene have been implicated
in autosomal dominant Alzheimer’s disease and
cerebroarterial amyloidosis (NCBI Entrez Gene)

amyloid beta (A4) precursor protein

IL1-B Four new genetic studies underscore the rele-
vance of IL-1 to Alzheimer pathogenesis, show-
ing that homozygosity of a specific polymor-
phism in the IL-1A gene at least triples
Alzheimer risk, especially for an earlier age of
onset and in combination with homozygosity for
another polymorphism in the IL-1B gene [118]

interleukin 1, beta

SOD2 A polymorphism in SOD2 is associated with de-
velopment of Alzheimer’s disease [189]

superoxide dismutase 2

NOS3 NOS3 may be a new genetic risk factor for late
onset AD [27]

nitric oxide synthase 3

2.2.2 Sample Characteristics

The mean age for all 91 MCI patients was 74.96±7.32 (standard deviation). Male-to-female

ratio was 2.37, and 96.7% of subjects were white. A total of 36.26% of subjects had a family

history of AD, and 54.94% had a positive finding for the ApoE4 genotype. The mean follow-up

duration for all subjects was 31.6 months±10.6. Of these, 41 progressed to AD during follow-up
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(converters) and 50 did not (non-converters), with converters tending to have longer follow-up

times by about 4.5 months. Statistically, converters did not differ from non-converters in mean

age, sex ratio, education, race, ethnicity, family history of AD, or ApoE prevalence. See Table

2.2 for details. In the table, unless otherwise indicated, data was written as mean± standard

deviation. In the table, unless otherwise indicated p−values were calculated using t-test. They

symbol ∗ indicates that the data in parentheses are number of patients. The symbol + indicates

p−values obtained using χ2-tests.

Table 2.2: Baseline characteristics of MCI study sample

Subjects with MCI (n = 91) Converters Non-converters p-value#
(n = 41) (n = 50)

Age (years) 75.17±7.30 74.78±7.44 0.8011
Male-to-female-ratio*,+ 2.42 (29/12) 2.33 (35/15) 0.9394
Education (years) 16.40±2.55 15.48±3.23 0.1169
Percentage with known family his-
tory of AD*,+

36.39 (15/41) 36.00 (18/50) 0.9539

Percentage with ApoE4*,+ 60.98 (25/41) 50.00 (25/50) 0.4036
Average follow-up time (months) 34.10±9.70 29.64±10.94 0.0426

2.2.3 SNP-enriched Pathways

Our analysis identified SNP-enriched pathways representing six of the seven KEGG pathway

categories. The pie chart (Figure 2.4) shows the breakdown the number of enriched pathways in

each KEGG category identified in the study (left) compared to the total number of pathways in

each KEGG category (right). These pathways represent potential disease mechanisms in AD;

the variety of pathway categories support the complicated nature of the disease, which has

been attributed to many different biological mechanisms from amyloid toxicity to metabolic

dysfunction to immune deregulation.

It should also be noted that there is overlap between processes, as a gene can be involved in

more than one pathway. For example, the NF-kappa B signaling pathway is categorized under

Signal Transduction, in Environmental Information Processing; however, the NF-kappa B gene

is listed in many other KEGG pathways, including MAPK signaling, osteoclast differentiation,

apoptosis, infectious diseases such as Tuberculosis and Hepatitis C, several types of cancer,

and inflammatory bowel disease. This may explain some of the discrepancy in the number of

pathways involved in Cellular Processes, Metabolism, and Information Processing, compared to

Human Diseases and Organismal Systems, both of which are likely to involve genes represented
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Figure 2.4: Pie chart showing the distribution of types of SNP-enriched pathways identified in
the study and comparison to KEGG pathway distribution
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in other categories as well.

Compared to the percent of pathways categorized as metabolic in KEGG (45%), our study

contains a much smaller percentage of enriched metabolic pathways. While this does not yield

any information on the importance of these pathways, it does indicate that out of the many

human metabolic processes cataloged in KEGG only a small number of specific metabolic

pathways may be important in AD. Importantly, the Human Diseases category is a much larger

percentage of the total in our study (31%) compared to the distribution of KEGG pathways

(18%); this suggests that individuals with MCI do have an increased genetic load in disease-

predisposing pathways.

Table 2.3 lists some of the pathways identified and the following section provides some details

on SNP-enriched pathways from this study that were also associated with memory impairment

in another study by Ramanan et al [139].

Table 2.3: List of literature verified the pathways found in the study [139]

KEGG ID Name

hsa04510 Focal adhesion
hsa04020 Calcium signaling pathway
hsa04940 Type I diabetes mellitus
hsa04730 Long-term depression
hsa04720 Long-term potentiation
hsa05330 Allograft rejection
hsa05416 Viral myocarditis
hsa04360 Axon guidance

Broadly, these pathways fit into several different KEGG categories, including Cellular Pro-

cesses, Environmental Information Processing, Human Diseases, and Organismal Systems, and

represent some of the risk factors and disease mechanisms that have been widely postulated for

AD, including metabolic and immune dysfunction, impaired memory consolidation processes,

and neural cell development, outgrowth, and adhesion. While these topics are addressed in

more depth in the following section, it is important to note that this study supports our re-

sults, and suggests that a number of different processes may contribute to AD susceptibility

and disease-associated memory impairment.

The first and most obviously enriched pathway category to discuss is Human Diseases; in

addition to AD and other neurodegenerative disorders, this KEGG category encompasses can-

cers and infectious, immune, cardiovascular, and endocrine and metabolic diseases. Diabetes,

obesity and heart diseases are well-established risk factors for AD, so much so that AD has
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been referred to as type 3 diabetes; so finding SNP-enriched pathways for cardiovascular and

endocrine and metabolic diseases in individuals with MCI is not unexpected [181]. Evidence

has supported an inverse association of the development of cancer and AD, and it is postu-

lated that this may be due to differential regulation of common signaling pathways [63, 144].

Autoimmune pathways have also previously been implicated in AD, particularly the idea that

a compromised blood brain barrier may allow entry of serum proteins, which lead to neuronal

death via autoimmune mechanisms [28, 149]. Chronic infection with pathogens including herpes

simplex virus type 1, Chlamydia pneumonia, Helicobacter pylori, and spirochete [64] has been

implicated in AD and cognitive change, and mouse model research suggests that Toxoplasma

gondii infection may be neuroprotective [74], further linking immune and inflammatory pro-

cesses to AD. Finally, certain molecular markers such as alpha-synuclein protein have linked

AD to other neurodegenerative diseases including Parkinson disease and dementia with Lewy

bodies [2]. These disparate pieces of evidence support the identification in this study of enriched

pathways in human diseases in patients with MCI.

Enriched metabolic pathways in this population include metabolism of carbohydrates, lipids,

amino acids, cofactors and vitamins, energy, and xenobiotics. Glycolysis and gluconeogenesis

are pathways involved in glucose metabolism. One of the hallmarks of early AD is deficits in

glucose metabolism in the brain, which can be clinically detected using FDG-PET. One theory

is that this simply reflects neuronal injury and loss, whereas another theory proposes that there

is a primary metabolic energy deficit in the AD brain. The AD brain has been also called “the

starving brain.” The pentose phosphate pathway generates NADH which is an anti-oxidant,

and oxidative stress is one of the postulated neurodegenerative mechanisms in AD; pentose

phosphate activity is increased in the brains of AD patients in response to oxidative stress.

The pentose phosphate pathway is also involved as an alternate to glycolysis. It has been well

documented that oxidative damage and insulin resistance cause metabolic dysfunction in AD;

a temporal three-part sequence occurs with changes in glycolysis, the tricarboxylic acid cycle

(TCA) and oxidative phosphorylation pathways[160]. Given that apolipoprotein E is the largest

genetic risk factor for AD identified to date, we would expect to find an enrichment of lipid

metabolic pathways. Finally, the xenobiotic cytochrome-P450 gene pathway identified, while

most commonly tied to drug metabolism, has also been implicated in neurodegeneration. For

example, variations in CYP17 P450 gene have been linked to increased AD risk. Studies have

also found alterations in constituent cytochrome enzymes in mouse models of AD. Lastly, NADH

CYP450 reductase is induced by the amyloid peptide, which has been identified as mutated in

familial AD, and such a response could be a possible mechanism whereby amyloid beta causes

oxidative stress. Thus, the identification of enriched metabolic pathways in patients with MCI

is also logical.

Organismal systems enriched in this population include the endocrine, excretory, digestive,
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immune, nervous, and sensory systems, as well as development processes. The first and most

obvious link here is the identification of the insulin and adipocytokine signaling pathways, which

are logical given that diabetes is a risk factor for AD. Other pathways in the endocrine system

include the PPAR signaling pathway [110], which is known to interact with the apolipoprotein E

functional pathway, as well as several hormone signaling pathways including the gonadotropin-

releasing hormone signaling pathway, which has been shown to play a potential role in diabetes

[9]. As previously discussed, metabolism has been shown to play an important role in AD, so it

is unsurprising that we observe enrichment in digestive and excretory pathways, as malfunction

could presumably result in unbalanced energy metabolism and compromised metabolic function.

Both up and downregulation of inflammatory processes have been associated with AD, and some

research has suggested that a combination of inflammation and aging, or inflammaging, may

be a prodromal stage of AD, potentially accompanied by age-related immune dysregulation.

This supports the identification of SNP-enriched immune and inflammatory pathways [45, 106,

112]. Since AD is a neurodegenerative disease, we would expect to observe nervous system

pathway enrichment; in particular, enrichment of long-term potentiation and depression and

neurotransmitter signaling pathways all support our process given that these pathways have

been previously associated with cognitive impairment and AD [24, 37, 96, 171].

Cell processes include a number of pathways linked to neurodegeneration via their involve-

ment in cell growth and death, including p53 signaling, autophagy, apoptosis, and cell cycle

regulation. There are also several neural cell adhesion pathways that are enriched in individuals

with MCI, which is supported by previous research indicating that these pathways might be

involved in this disease process [139]. Interestingly, there were also a number of enriched ge-

netic information processing pathways, including DNA replication, transcription, translation,

and protein processing. Enriched pathways in cell cycle regulation and DNA replication are

particularly interesting given that previous research has found that neurons in the brains of AD

patients exhibit markers indicating reentry into the cell cycle, and that neuronal cell death may

be preceded by DNA replication [117, 194, 197]. It has been proposed that DNA replication

resulting in tetraploid cells that do not undergo mitosis may be resulting in neuronal cell death.

Furthermore, there is some evidence that cells from AD patients have a DNA repair deficiency

after treatment with alkylating agents [14]. Genetic variants increasing risk for cell cycle and/or

transcription/translation misregulation could thus play an important part in AD pathology.

The final category of enriched pathways identified in our study is Environmental Information

Processing; all of these pathways involve signal transduction or cell trafficking, and most could

be predicted based on pathways identified in other categories. For example, the TGF-beta,

NF-kappa B, VEGF, HIF-1, PI3K-Akt, Wnt, Notch, mTOR, MAPK, and Hedgehog signaling

pathways are all annotated in the KEGG Pathways in Cancer, as well as their normal functions

in growth and development. Notch is known to interact with the presenilin genes, in which
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mutations have been identified in individuals with familial AD, linking this signaling pathway

to the disease. Calcium signaling is important in a number of mechanisms that have been

discussed as important in AD, including long-term potentiation and depression, as well as

apoptosis and metabolism. Several cell receptor interaction pathways are also enriched, which

might be expected given that AD has been posited to have an environmental risk component

[44]. These common signaling pathways are responsible for normal growth and development,

and many have previously been linked to abnormal processes in disease, so it is not surprising

that differential genetic load in these pathways could impact risk of development of AD as well.

All six categories of enriched pathways identified in our study can be linked to AD through

various mechanisms, and support the complex etiology behind this disease. This systematic

investigation of pathways in individuals with MCI provides evidence that many risk factors and

biological mechanisms are potentially important for disease development; the identification of

many pathways that could be impacted by environment, such as memory processes that could

be impacted by education and occupation, also help to explain the incomplete penetrance of

disease.

2.2.4 SNP-enriched Pathway Crosstalks

The categories with the greatest numbers of crosstalks are Human Diseases and Organismal

Systems, which we would expect given that these categories also contain the greatest numbers of

pathways; however, it is interesting to note that although the two categories contain an approxi-

mately equal percentage of the total number of pathways tested (31% for Human Diseases, 29%

for Organismal Systems), Human Diseases generated almost twice as many crosstalks as Organ-

ismal Systems. This is most likely attributable to the complex etiology of many diseases within

this category, which could potentially involve many different pathways, but also demonstrates

the potential utility of this type of analysis for prioritizing pathways.

The largest category of interactions appear to be Human Diseases with Environmental In-

formation Processing, other Human Diseases, and Organismal Systems, most likely indicating

process interactions for disease risk and development (Environmental Information Processing),

risk factors predisposing to multiple disease (Human Disease crosstalks such as AD and dia-

betes), and disease development, immunity, and pathology (Organismal Systems). Interestingly,

Organismal Systems crosstalks form primarily between Environmental Information Processing

and other Organismal Systems, perhaps representing less pathological genetic factors and mech-

anisms.

Metabolism and Genetic Information Processing show an unexpected dearth of crosstalks

compared to that expected based strictly on percentage of total enriched pathways in the cohort,

suggesting that genetic load in these processes may be less important or have less overall impact
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than other types of biological mechanisms in this particular cohort. All but one of the enriched

pathways had at least one significant crosstalk; the one carbon pool by folate pathway did not

have any significant crosstalks. This maybe because the pathway is small and specific; it is only

linked to rare, serious diseases in KEGG, including several metabolic disorders and spina bifida.

Because our aim was to investigate the genetic load specifically in regards to AD, we also

examined enriched pathway crosstalk specifically relating to this disease process. Sorting out

interactions involving the KEGG AD pathway, we identified 97 AD-related crosstalks. Identified

pathways were grouped according to category; all six KEGG categories were represented (Figure

2.4).

Given the overall findings of crosstalk enrichment, it is not surprising that the largest cat-

egories are once again Human Diseases and Organismal Systems. These categories are equally

represented in AD crosstalk, echoing the percentage of enriched pathways in these categories

and supporting the importance of both processes in AD genetic load. Interestingly, although

the crosstalks in the broad search did not match the percentages of enriched pathways, for

AD-specific crosstalks the percentages do largely reflect the percentages of enriched pathways;

Human Diseases and Organismal Systems are the largest categories (33% each), followed by

Environmental Information Processing (19%), Cellular Processes (10%), Metabolism (3%), and

Genetic Information Processing (2%). As seen in the broad crosstalk analysis, Metabolism and

Genetic Information Processing have fewer crosstalks than might be expected given the per-

centage of pathways involved, suggesting that genetic load in these processes is not as important

to the disease process, at least in this particular cohort.

Investigation of pathway crosstalk revealed the presence of a large number of SNP-enriched

pathway interactions. These pathway crosstalks were observed to be particularly common for

human disease and organismal system KEGG pathways, which makes sense given that these

pathways are known to involve many biological mechanisms. Interestingly, the large number

of enriched disease and organismal system pathway crosstalks present in the dataset might

suggest a core set of biological mechanisms are central to many different disorders including

infectious diseases, nervous disorders, and cancer. One example of this is the calcium signaling

pathway; this SNP-enriched pathway shows crosstalk with AD, as expected given the method

of identification, but also crosstalks with other nervous system disorders including Huntington’s

disease and Amyotrophic lateral sclerosis (ALS), infectious disease pathways and a number of

different types of cancers among others indicating that this pathway is an important signaling

hub, and that increased SNP load in this pathway could have wide-ranging systemic effects.

Focal cell adhesion is another interesting example of a signaling pathway with wide-ranging

effects; in addition to AD, this pathway shows crosstalk with immune pathways and infectious,

immune, and cardiomyopathic diseases, many types of cancer, nervous system pathways and

diseases such as ALS, diabetes and insulin signaling, and cell growth, development, and signal
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Figure 2.5: Alzheimer’s disease pathway crosstalk: pathways found to have significant crosstalk
with the AD pathway fall into KEGG categories including Human Diseases, Environmental
Information Processing, Genetic Information Processing, Cellular Processes, Metabolism, and
Organismal Systems. Specific KEGG pathway types are listed below each category, and the
number of occurrences is listed in parentheses.

transduction pathways.

Focusing in on the AD pathway, we observe significant crosstalk in all other pathway cat-

egories previous mentioned, including Human Diseases, Organismal Systems, Environmental

Information Processing, Cellular Processes, Metabolism, and Genetic Information Processing,

supporting the complex etiology of this disease (Figure 2.5). These interactions further sup-

port previous research linking many other disease processes and mechanisms to this disease, as

previously discussed. The enriched interactions of immune, inflammatory, cell growth, death,

and signaling, and metabolic pathways in this relatively small cohort suggest that rather than

focusing on one specific biological mechanism, AD is more likely to result from risk factors and

environmental cues impacting many different biological pathways. Given the interactive nature

of many of these pathways, as demonstrated by the current study, future therapeutic efforts

should concentrate on developing methods to target multiple biological mechanisms.

2.2.5 Prognosis of MCI to AD Conversion

We analyzed the additive power of significant pathways and significant pathway crosstalks by

comparing the performance of prediction models using the all imaging (MRI, PET) and bio-

specimen (CSF) biomarkers, and clinical parameters alone with models that also included the
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SNP-enriched pathways or active pathway crosstalks. We used a support vector machine (SVM)

with a linear kernel to build the classification models that predict conversion from MCI to AD.

We used linear SVMs as our classification model, because they have been used previously to

classify AD and other types of dementia [29, 87]. SVMs also allow for straightforward data inte-

gration of several data types [98]. The validation was performed using 10-fold cross-validation.

The 10-fold cross-validation was repeated 100 times to remove the bias of choosing a good or

bad cross-validation by chance. We reported mean and standard deviation for test accuracy

and percentage of support vectors for each model. For models that incorporated significant

pathways or significant pathway crosstalks, we utilized the bias function to perform feature

selection at each fold.

The current state-of-art method by Shaffer et al [158] utilized a combination of PET, CSF,

and MRI biomarkers to produce an accuracy of 71.6%. The clinical parameters in Shaffer et

al [158] included age, education, ADAS-Cog, and ApoE genotype. MRI, PET, and CSF were

defined as AD biomarkers. In this section we will refer to age, education, and ADAS-Cog as

baseline clinical parameters and explicitly mention whenever ApoE is included in the model.

We specify this distinction, because the ApoE4 allele is traditionally an important genetic

biomarker for AD. Hence, we wanted to compare models that included and excluded ApoE to

understand its impact on the 91 patients.

As a reminder, we defined significant pathways as SNP-enriched pathways with a bias below

0.01. Significant pathway crosstalks were defined as active pathway crosstalks with a bias below

0.01.

As a brief summary, we point out that including significant pathways in the model in-

creased the model accuracy and reduced the number of support vectors used in nearly all cases.

Moreover, incorporating significant pathway crosstalks instead of significant pathways further

improved the accuracy and reduced the number of support vectors in most models.

The overall best performance was achieved by the model built with baseline clinical pa-

rameters (age, education, and ADAS-Cog), PET, CSF biomarkers, and significant pathway

crosstalks, which had an accuracy of 82.72%±2.82% (mean ± standard deviation) and

33.42%±0.57% (mean ± standard deviation) of training data points as support vectors. Our sec-

ond best model is based on the best model and further included ApoE. It achieved 82.00%±2.69%

accuracy and 33.43%±0.61% support vectors. The detailed results are discussed in the following

subsections.

SNP-enriched features with baseline clinical parameters

In this section we discuss the results of the models built using baseline clinical parameters

(age, education, and ADAS-Cog, but not ApoE), significant pathways, and significant pathway
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crosstalks. The best accuracy was achieved for the model using baseline clinical parameters and

significant pathway crosstalks. See Table 2.4 for all results.

The model with the baseline clinical parameters age, education, and ADAS-Cog produced

an accuracy of 59.17%±2.28% (mean ± standard deviation) with 83.69%±0.25% of training

data points as support vectors. The model built with significant pathways only produced an

accuracy of 56.86%±3.20% with 68.15%±1.85% support vectors. Typically, we expect that a

random guessing model would get 50% of the predictions correct; both of these models only

perform moderately above a random model.

A high percentage of support vectors indicate a model that is overfitted and unlikely to

generalize well. Thus, if we have two models that produce the same accuracy, then we pick the

model that has the lower percentage of support vectors. 68% or more of the training data points

were used as support vectors and this indicates highly overfitted models, which is shown by the

poor cross-validation accuracy.

The model that included both baseline clinical parameters and significant pathways pro-

duced an accuracy of 64.48%±3.39% with 63.11%±1.14% support vectors. This combined model

results in approximately 5.31% increase (calculated as the difference between the mean accu-

racies of two models, in this case, 64.48% - 59.17% = 5.31%) in accuracy compared to the

model that uses baseline clinical parameters alone and approximately 7.62% increase in accu-

racy compared to the model that uses significant pathways alone. Additionally, the combined

model selected fewer support vectors. Specifically, compared to the model with baseline clinical

parameters, the combined model reduced the percentage of data points as support vectors by

approximately 20.58% (calculated as the difference between the mean percentages of training

data points as support vectors of two models). Likewise, compared to the model using only sig-

nificant pathways, the combined model reduced the percentage of data points as support vectors

by approximately 5.04%. Thus, the model that included both baseline parameters and signif-

icant pathways is likely to generalize better that models built using either clinical parameters

alone or significant pathways alone.

Similarly, the combined model that included both baseline clinical parameters and signifi-

cant pathway crosstalks produced an accuracy of 71.06%±3.23% with 54.37%±0.59% support

vectors whereas the model using only significant pathway crosstalks produced an accuracy of

60.88%±3.03% with 50.68%± 5.01% support vectors. The combined model resulted in approx-

imately 11.89% increase in accuracy compared to the model with baseline clinical parameters

alone and approximately 10.18% increase in accuracy compared to the model that uses signifi-

cant pathway crosstalks alone. Again, the combined model used 29.32% fewer support vectors

compared to the model that used baseline clinical parameters alone. The combined model had

3.69% more support vectors compared to the model that uses significant pathway crosstalks

alone. Also, this combined model resulted in a 6.58% increase in accuracy and a 8.74% decrease
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in support vectors when compared to the model that uses both baseline parameters and signif-

icant pathways. Thus, including significant pathway crosstalks, instead of significant pathways,

in a model that also contains baseline clinical parameters produced an improved model.

In all tables of the Results section, unless otherwise noted, support vector machines with

linear kernel functions were used as classification method for MCI to AD conversion; mean and

standard deviation of 100 iterations of 10-fold cross-validation results are shown.
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Table 2.4: Performance of models with baseline clinical parameters

Metrics Clinical: Clinical + Clinical + Significant Significant
Age, significant significant pathways pathway

Education, and pathways pathway (only) crosstalks
ADAS-Cog crosstalks (only)

Accuracy in % 59.17±2.28 64.48±3.39 71.06±3.23 56.86±3.20 60.88±3.03
Support Vectors in % 83.69±0.25 63.11±1.14 54.37±0.59 68.15±1.85 50.68±5.01
True Positives 30.66±1.63 33.85±2.57 38.04±1.87 31.02±3.73 39.84±3.54
False Negatives 19.34±1.63 16.15±2.57 11.96±1.87 18.98±3.73 10.16±3.54
False Positives 17.84±1.24 16.19±2.03 14.39±1.84 20.29±2.63 25.48±4.35
True Negatives 23.16±1.24 24.81±2.03 26.61±1.84 20.71±2.63 15.52±4.35
Sensitivity 0.61±0.03 0.68±0.05 0.76±0.04 0.62±0.07 0.80±0.07
Specificity 0.56±0.03 0.61±0.05 0.65±0.04 0.51±0.06 0.38±0.11
Precision 0.63±0.02 0.68±0.03 0.73±0.03 0.60±0.03 0.61±0.03
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SNP-enriched features with baseline clinical parameters and ApoE

This section contains a discussion of the results of the models built using baseline clinical

parameters and ApoE, significant pathways and significant pathway crosstalks. The models

exhibit the same trend as the models in the previous section (see Table 2.5 for details). Again, we

found the addition of SNP-enriched data (significant pathways or significant pathway crosstalks)

improves the accuracy and also considerably brings down the number of support vectors in

models using baseline clinical parameters and ApoE (the better model of the two used significant

pathway crosstalks).

The model with baseline clinical parameters and ApoE produced an accuracy of 56.9%±2.64%

with 83.52%±0.31% support vectors. The model only performed marginally better than a ran-

dom guess. Similar to models that used baseline parameters alone, the model that included

ApoE also had a high percentage of training data points used as support vectors and hence

the model is likely to have overfitted the data. However, there was no noteworthy difference

between the model that used baseline parameters alone and the one that additionally included

ApoE (2.27% difference in accuracy and 0.17% difference in support vectors).

The combined model that included baseline clinical parameters, ApoE, and significant path-

ways gave an accuracy of 63.33%±3.63% with 63.04%±1.14% support vectors. Compared to the

model that uses baseline clinical parameters and ApoE alone, this combined model increased

accuracy by 6.43% and reduced support vectors by 20.48%. Compared to the model that used

significant pathways alone, the combined model had a 6.47% higher accuracy and 5.11% fewer

support vectors. Thus, the model that included baseline parameters, ApoE, and significant

pathways is likely to generalize better that models built using either just significant pathways

or baseline clinical parameters and ApoE.

We found little difference between the model that used baseline parameters and significant

pathways alone and the one that additionally includes ApoE4 (1.15% difference in accuracy

and 0.07% difference in support vectors).

The model that included baseline clinical parameters, ApoE, and significant pathway crosstalks

produced an accuracy of 69.81%±3.13% with 53.78%±0.65% support vectors. It is likely to gen-

eralize better than models built using either just clinical parameters and ApoE or just significant

pathway crosstalks alone, because there was a 29.74% decrease in support vectors (and a 12.91%

increase in accuracy) compared to the model that used baseline clinical parameters and ApoE

alone and a 3.10% decrease in support vectors (and an 8.93 % increase in accuracy) compared

to the model that used significant pathway crosstalks alone.

Including significant pathway crosstalks instead of significant pathways produced an im-

proved model, because we found a 6.48% increase in accuracy and 9.26% decrease of support

vectors when compared to the model that used baseline parameters, ApoE, and significant
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Table 2.5: Performance of models with baseline clinical parameters with ApoE

Metrics Clinical + Clinical + Clinical +
ApoE + ApoE + ApoE +

significant significant
pathways pathway

crosstalks

Accuracy in % 56.90±2.64 63.33±3.63 69.81±3.13
Support Vectors in % 83.52±0.31 63.04±1.14 53.78±0.65
True Positives 32.12±1.89 33.86±2.51 37.71±2.02
False Negatives 17.88±1.89 16.14±2.51 12.29±2.02
False Positives 21.34±1.41 17.24±2.19 15.20±1.68
True Negatives 19.66±1.41 23.76±2.19 25.80±1.68
Sensitivity 0.64±0.04 0.68±0.05 0.75±0.04
Specificity 0.48±0.03 0.58±0.05 0.63±0.04
Precision 0.60±0.02 0.66±0.03 0.71±0.03

pathways.

SNP-enriched features with baseline clinical parameters and all imaging (MRI,

PET) and bio-specimen (CSF) biomarkers

Shaffer et al [158] built 8 models using logistic regression with clinical parameters and different

subsets of the imaging (MRI, PET) and bio-specimen (CSF) biomarkers to test the predictive

ability of the variables. In this section, we set up their top three models in SVMs instead of

regression models and show the additional value of SNP-enriched features to these models.

Our method enhanced the performance of all top three model features (clinical parameters,

biomarkers). Adding significant pathway crosstalks gives a higher accuracy, even higher than

adding significant pathways. For each of the three models, adding significant pathway crosstalks

increased their average accuracy by at least 7.96%.

Once again we divided our analysis into models that did not directly incorporate ApoE

explicitly and models that incorporated ApoE explicitly. This section discusses the former

models and the subsequent section discusses the latter.

The three models that Shafferet al [158] found to have the best performance were (1) model

with clinical parameters and all imaging (MRI, PET) and bio-specimen (CSF) biomarkers, (2)

model with clinical parameters and PET biomarkers, and (3) model with clinical parameters,

PET, and CSF biomarkers. The performance of other combinations of baseline parameters and

all imaging (MRI, PET) and bio-specimen (CSF) biomarkers can be found in the supplemental

files.
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Model performance with baseline clinical parameters and all imaging (MRI,

PET) and bio-specimen (CSF) biomarkers: We analyzed the model that included all

imaging (MRI, PET) and bio-specimen (CSF) biomarkers along with baseline clinical parame-

ters. The model had an accuracy of 65.48%±2.40% with 54.85%±0.45% support vectors. This

model resulted in a 6.31% increase in accuracy and a 28.84% reduction in support vectors in

comparison to the model that used only the baseline clinical parameters alone.

The model that included significant pathways along with all imaging (MRI, PET), bio-

specimen (CSF) biomarkers and baseline clinical parameters (Table 2.6) resulted in an accuracy

of 72.66%±4.04% with 41.17%±0.72% support vectors. Dropping either all imaging (MRI,

PET) and bio-specimen (CSF) biomarkers or significant pathways from this model gave a worse

performance (8.18% decrease in accuracy and 21.94% increase in support vectors when removing

all imaging (MRI, PET) and bio-specimen (CSF) biomarkers; 7.18% decrease in accuracy and

13.68% more support vectors when removing significant pathways).

Similarly, the model built on all imaging (MRI, PET), bio-specimen (CSF) biomarkers and

baseline clinical parameters along with significant pathway crosstalks led to 81.38%±2.79%

accuracy with 35.31%±0.62% support vectors. Removing either all imaging (MRI, PET)and

bio-specimen (CSF) biomarkers or significant pathway crosstalks from the model decreased

performance (10.32% less accuracy and 19.06% more support vectors when dropping all imaging

(MRI, PET) and bio-specimen (CSF) biomarkers; 15.90% less accurate and 19.54% increase in

support vectors when dropping significant pathway crosstalks).

Including significant pathway crosstalks, instead of significant pathways, in a model that also

contained baseline clinical parameters and all imaging (MRI, PET) and bio-specimen (CSF)

biomarkers improved model accuracy by 8.72% and reduced the support vectors by 5.86%.

Model performance with baseline clinical parameters and PET biomarkers: The

model built using PET biomarkers and baseline clinical parameters (Table 2.7) had

68.58%±2.32% accuracy and 57.59%±0.42% support vectors, which was 9.41% more accurate

and had 25.93% fewer support vectors than the model that used only baseline clinical parame-

ters.

The model that included significant pathways along with PET biomarkers and baseline clin-

ical parameters gave an accuracy of 74.26%±2.71% with 43.91%±0.79% support vectors. Elim-

inating either the PET biomarkers or the significant pathways decreased performance (9.78%

less accurate and 19.13% more support vectors in the model without PET biomarkers; 5.68%

decrease in accuracy and 13.68% more support vectors when removing significant pathways

from our model instead).

The model based on significant pathway crosstalks, PET biomarkers, and baseline clinical

parameters reported an accuracy of 76.54%±2.76% with 38.99%±0.56% support vectors. When

we exclude either PET biomarkers or significant pathway crosstalks, the performance dropped
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Table 2.6: Performance of models with baseline clinical parameters and all imaging (MRI,
PET) and bio-specimen (CSF) biomarkers

Metrics Clinical + Clinical + Clinical +
MRI,PET,CSF MRI,PET,CSF MRI,PET,CSF

+significant + significant
pathways pathway

crosstalks

Accuracy in % 65.48±2.40 72.66±2.05 81.38±2.79
Support Vectors in % 54.85±0.45 41.17±0.72 35.31±0.62
True Positives 33.59±1.77 37.22±2.33 41.66±1.63
False Negatives 16.41±1.77 12.78±2.33 8.34±1.63
False Positives 14.98±1.41 12.01±2.15 8.60±1.76
True Negatives 26.02±1.41 28.99±2.15 32.40±1.76
Sensitivity 0.67±0.04 0.74±0.05 0.83±0.03
Specificity 0.63±0.03 0.71±0.05 0.79±0.04
Precision 0.69±0.04 0.76±0.04 0.83±0.03

(the accuracy was reduced by 5.48% and the support vectors increased by 14.79% when elimi-

nating PET biomarkers; the accuracy was reduced by 7.96% and the support vectors increased

by 18.6% when disregarding significant pathway crosstalks).

Comparing to the model that used baseline clinical parameters, PET biomarkers, and sig-

nificant pathways, substituting significant pathways for significant pathway crosstalks resulted

in a 2.28% increase in accuracy and a 4.92% reduction of support vectors.

Table 2.7: Performance of models with baseline clinical parameters and PET biomarkers

Metrics Clinical + PET Clinical + PET Clinical + PET
+ significant + significant

pathways pathway crosstalks

Accuracy in % 68.58±2.32 74.26±2.71 76.54±2.76
Support Vectors in % 57.59±0.42 43.91±0.79 38.99±0.56
True Positives 34.14±1.43 36.99±1.73 38.70±1.84
False Negatives 15.86±1.43 13.01±1.73 11.30±1.84
False Positives 12.73±1.53 10.41±1.93 10.02±2.03
True Negatives 28.27±1.53 30.59±1.93 30.98±2.03
Sensitivity 0.68±0.03 0.74±0.03 0.77±0.04
Specificity 0.69±0.04 0.75±0.05 0.76±0.05
Precision 0.73±0.03 0.78±0.03 0.80±0.03
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Model performance with baseline clinical parameters, PET, and CSF biomark-

ers: The model based on baseline clinical parameters, PET, and CSF biomarkers (Table 2.8)

yielded an accuracy of 67.19%±2.75% with 56.19%±0.47% support vectors. This model had a

slightly lower (1.30%) accuracy but a 27.33% reduction of support vectors in comparison to the

model that used only the baseline clinical parameters and PET. Moreover, this model yielded

10.74% more accuracy and 25.02% fewer support vectors in comparison to the model that used

only the baseline clinical parameters and CSF.

The model incorporating significant pathways along with PET and CSF biomarkers and

baseline clinical parameters resulted in 75.27%±2.82% accuracy and 41.06%±0.76% support

vectors. Comparing to models without either CSF biomarkers or PET biomarkers we were

better off keeping both in the model (1.01% decrease in accuracy and 21.98% increase in support

vectors for the model without CSF biomarkers; 11.96% decrease in accuracy and 19.33% more

support vectors for the model excluding PET biomarkers).

Similarly, the model that included significant pathway crosstalks, baseline clinical param-

eters, PET, and CSF biomarkers gave us an accuracy of 82.72%±2.82% and 33.42%±0.57%

support vectors. Omitting either CSF biomarkers or PET biomarkers gave worse results (6.18%

less accurate and 5.57% more support vectors when dropping CSF biomarkers; 10.61% reduction

in accuracy and 15.49% increase of support vectors when omitting PET biomarkers).

Including significant pathway crosstalks instead of significant pathways in a model that also

contained baseline clinical parameters, PET, and CSF biomarkers produced an improved model

(7.45% increase in accuracy and 7.64% decrease in support vectors).

SNP-enriched features with baseline clinical parameters, ApoE, and all imaging

(MRI, PET) and bio-specimen (CSF) biomarkers

This section contains the top three models from the previous section, extended by ApoE. Again,

we contrast and compare those models with models that also include significant pathways or

significant pathway crosstalks.

Model performance with baseline clinical parameters, ApoE, and all imaging

(MRI, PET) and bio-specimen (CSF) biomarkers: The model built using baseline clinical

parameters, ApoE, and all imaging (MRI, PET) and bio-specimen (CSF) biomarkers (Table

2.9), produced an accuracy of 67.08%±2.78% with 54.05%±0.48% support vectors. This model

had only a slightly higher (1.60%) accuracy and just 0.80% fewer support vectors compared to

dropping ApoE from the model. The addition of significant pathway crosstalks produced the

best accuracy (see Table 2.9 for details).

Similarly, the model containing significant pathways, all imaging (MRI, PET) and bio-

specimen (CSF) biomarkers, baseline clinical parameters, and ApoE yielded an accuracy of
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Table 2.8: Performance of models with baseline clinical parameters, PET, and CSF biomarkers

Metrics Clinical +PET Clinical +PET + Clinical +PET +
+ CSF + CSF + CSF

significant significant
pathways pathway crosstalks

Accuracy in % 67.19±2.75 75.27±2.82 82.72±2.82
Support 56.19±0.47 41.06±0.76 33.42±0.57
Vectors in %
True 36.34±2.08 38.68±2.11 42.52±1.54
Positives
False 13.66±2.08 11.32±2.11 7.48±1.54
Negatives
False 16.19±1.35 11.17±1.84 8.25±1.86
Positives
True 24.81±1.35 29.83±1.84 32.75±1.86
Negatives
Sensitivity 0.73±0.04 0.77±0.04 0.85±0.03
Specificity 0.61±0.03 0.73±0.04 0.80±0.05
Precision 0.69±0.02 0.78±0.03 0.84±0.03

73.93%±3.06% with 41.52%±0.69% support vectors. This model gave us a small increase

(1.27%) in accuracy along with a small increase (0.35%) in support vectors in comparison

to the model without ApoE.

The model based on significant pathway crosstalks, all imaging (MRI, PET) and bio-

specimen (CSF) biomarkers, baseline clinical parameters, and ApoE parameters had 80.58%

±2.97%accuracy and 35.60%±0.74% support vectors. Removing ApoE caused the performance 
to increase a little (0.80% more accurate and 0.29% fewer support vectors in the model without

ApoE). This was the only result where the addition of ApoE to a model resulted in a
marginally better model.

In a model based on all imaging (MRI, PET) and bio-specimen (CSF) biomarkers, baseline

clinical parameters, and ApoE, the additional inclusion of significant pathway crosstalks was

more beneficial than the inclusion of significant pathways (6.54% better accuracy and 5.92%

fewer support vectors).

Model performance with baseline clinical parameters, ApoE, and PET biomark-

ers: The model with baseline clinical parameters, ApoE, and PET biomarkers yielded an accu-

racy of 69.76%±1.94% with 55.79%±0.38% support vectors (see Table 2.10 for details). Again,

incorporating significant pathways improved the accuracy and reduced the number of sup-

port vectors. Including significant pathway crosstalks instead further increased the accuracy to
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Table 2.9: Performance of models with baseline clinical parameters and ApoE with all imaging
(MRI, PET) and bio-specimen (CSF) biomarkers

Metrics Clinical + ApoE Clinical + ApoE Clinical + ApoE +
MRI,PET,CSF MRI,PET,CSF MRI,PET,CSF

+ significant +significant
pathways pathway crosstalks

Accuracy in % 67.08±2.78 73.93±3.06 80.58±2.97
Support Vectors in % 54.05±0.48 41.52±0.69 35.60±0.74
True Positives 34.53±2.10 37.87±2.18 41.82±1.76
False Negatives 15.47±2.10 12.13±2.18 8.18±1.76
False Positives 14.47±1.54 11.60±1.81 9.50±1.90
True Negatives 26.53±1.54 29.40±1.81 31.50±1.90
Sensitivity 0.69±0.04 0.76±0.04 0.84±0.04
Specificity 0.65±0.04 0.72±0.04 0.77±0.05
Precision 0.70±0.03 0.77±0.03 0.82±0.03

79.53%±2.63% and reduced the number of support vectors to 37.13%±0.57%.

Model performance with baseline clinical parameters, ApoE, PET, and CSF

biomarkers: Using clinical parameters, ApoE, PET, and CSF biomarkers in a model resulted

in 68.10%±2.35% accuracy and 55.69%±0.45% support vectors (see Table 2.11 for details).

The additional inclusion of significant pathways was beneficial (6.10% better accuracy and

14.35% fewer support vectors), even more so was the inclusion of significant pathway crosstalks

(accuracy of 82.00%±2.69% and 33.43%±0.61% support vectors).

Comparison of model performances of Shaffer et al [158] with our SNP-enriched

features

We compared the logistic regression model of Shaffer et al [158] with our SVM models (see

Tables 2.12 and Table 2.13). Our models also contained the SNP-enriched features (significant

pathways or significant pathway crosstalks) we built. We noticed that the average accuracy of

the logistic regression model slightly decreased (from 71.56% to 68.55%±2.61%) when we re-

peatedly created random 10-folds instead of using the 10 original folds from Shaffer et al [158].

It decreased further (to 67.57%±2.63%) when we removed the 6 patients that did not have cor-

responding SNP data in the ADNI database. Our method, when incorporating either significant

pathways or significant pathway crosstalks, had a higher average accuracy on 100 randomly gen-

erated 10-folds than Shafferet al’s [158] method. Especially the combination of baseline clinical

parameters, ApoE, all all imaging (MRI, PET) and bio-specimen (CSF) biomarkers, and sig-

nificant pathway crosstalks in our model yielded a remarkably high accuracy of 80.58%±2.97%
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Table 2.10: Performance of models with clinical parameters and ApoE with PET biomarker

Metrics Clinical Clinical Clinical
+ ApoE + ApoE + ApoE
+ PET + PET + PET

+ significant + significant
pathways pathway

crosstalks

Accuracy in % 69.76±1.94 73.01±2.95 79.53±2.63
Support Vectors in % 55.79±0.38 43.24±0.76 37.13±0.57
True Positives 35.61±1.29 37.36±1.78 41.36±1.70
False Negatives 14.39±1.29 12.64±1.78 8.64±1.70
False Positives 13.12±1.17 11.91±2.04 9.96±1.50
True Negatives 27.88±1.17 29.09±2.04 31.04±1.50
Sensitivity 0.71±0.03 0.75±0.04 0.83±0.03
Specificity 0.68±0.03 0.71±0.05 0.76±0.04
Precision 0.73±0.02 0.76±0.03 0.81±0.03

Table 2.11: Performance of models with clinical parameters and ApoE with PET and CSF
biomarkers

Metrics Clinical Clinical Clinical
+ ApoE + ApoE + ApoE
+ PET + PET + PET
+ CSF + CSF + CSF

+ significant + significant
pathways pathway

crosstalks

Accuracy in % 68.10±2.35 74.20±2.73 82.00±2.69
Support Vectors in % 55.69±0.45 41.34±0.72 33.43±0.61
True Positives 36.22±1.65 38.32±2.09 42.73±1.46
False Negatives 13.78±1.65 11.68±2.09 7.27±1.46
False Positives 15.23±1.38 11.79±1.78 9.11±1.90
True Negatives 25.77±1.38 29.21±1.78 31.89±1.90
Sensitivity 0.72±0.03 0.77±0.04 0.86±0.03
Specificity 0.63±0.03 0.71±0.04 0.78±0.05
Precision 0.70±0.02 0.77±0.03 0.83±0.03
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with 35.60%±0.74% support vectors. The original data set of 97 patients from the logistic re-

gression by Shaffer et al [158] was obtained. Table 2.12 provides the result details for. The

results of the original 10-fold cross-validation on 97 patients are shown in column 2. The mean

and standard deviation of 100 iterations of random 10-fold cross-validation on 97 patients are

shown in column 3. Columns 4-5 show mean and standard deviation of 100 iterations of 10-fold

cross-validation on 91 patients, performed with our method. Table 2.13 provides the result de-

tails for the reduced 91 patient dataset. The mean and standard deviation of 100 iterations of

random 10-fold cross-validation on 91 patients are shown in column 2. Columns 3-4 show mean

and standard deviation of 100 iterations of 10-fold cross-validation on 91 patients, performed

with our method.
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Table 2.12: Performance of Shaffer et al [158] model in comparison with 97 patients in comparison to our model with 91 patients

Shaffer et al paper [158] Our method
(logistic regression)

97 patients 91 patients

Metrics original 10-fold 100 iterations of 100 iterations of 100 iterations of
cross-validation random 10-fold random 10-fold random 10-fold

cross-validation cross-validation cross-validation
Clinical + ApoE Clinical + ApoE Clinical + ApoE Clinical + ApoE
+ MRI,PET,CSF + MRI,PET,CSF + MRI,PET,CSF + MRI,PET,CSF

+ significant + significant
pathways pathway

crosstalks

Accuracy in % 71.56 68.55±2.61 73.93±3.06 80.58±2.97
Support Vectors in % N/A N/A 41.52±0.69 35.60±0.74
True Positives 39 36.43±2.19 37.87±2.18 41.82±1.76
False Negatives 14 16.57±2.19 12.13±2.18 8.18±1.76
False Positives 13 12.95±1.29 11.60±1.81 9.50±1.90
True Negatives 30 30.05±1.29 29.40±1.81 31.50±1.90
Sensitivity 0.74 0.69±0.04 0.76±0.04 0.84±0.04
Specificity 0.7 0.70±0.03 0.72±0.04 0.77±0.05
Precision 0.75 0.74±0.02 0.77±0.03 0.82±0.03
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Table 2.13: Performance of Shaffer et al [158] model in comparison with 91 patients in comparison to our model with 91 patients

Shaffer et al paper[158] Our method
(logistic regression)

Metrics 100 iterations of 100 iterations of 100 iterations of
random 10-fold random 10-fold random 10-fold
cross-validation cross-validation cross-validation
Clinical + ApoE Clinical + ApoE Clinical + ApoE
+MRI,PET,CSF + MRI,PET,CSF + MRI,PET,CSF

+ significant + significant
pathways pathway

crosstalks

Accuracy in % 67.57±2.63 73.93±3.06 80.58±2.97
Support Vectors in % N/A 41.52±0.69 35.60±0.74
True Positives 33.17±1.69 37.87±2.18 41.82±1.76
False Negatives 16.83±1.69 12.13±2.18 8.18±1.76
False Positives 12.66±1.57 11.60±1.81 9.50±1.90
True Negatives 28.34±1.57 29.40±1.81 31.50±1.90
Sensitivity 0.66±0.03 0.76±0.04 0.84±0.04
Specificity 0.69±0.04 0.72±0.04 0.77±0.05
Precision 0.72±0.02 0.77±0.03 0.82±0.03
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Randomized SNP-enriched features

We wanted to ensure that the choice of knowledge priors utilized in this study has true additive

power and the results are not a random occurrence. To do so, we generated 25 random samples

knowledge priors with no prior association to Alzheimer’s. This translates to creating random-

ized significant pathway crosstalks. We performed 100 iterations of 10-fold cross-validation for

each of the 25 samples and reported mean and standard deviation. The results clearly show that

the knowledge priors are truly effective in building better models for MCI to AD conversion

(see Table 2.14).

We analyzed models based on this randomized SNP-enriched data and: (1) baseline clinical

parameters, and (2) baseline clinical parameters and all imaging (MRI, PET) and bio-specimen

(CSF) biomarkers.

The model with baseline clinical parameters and randomized significant pathway crosstalks

gave an accuracy of 59.27%±3.66% with 83.47%±1.84% support vectors. This model yields 12%

less accuracy and 29.1% increase in support vectors, in comparison to the original model that

uses baseline parameters and significant pathway crosstalks (instead of randomized significant

pathway crosstalks). As expected, our randomly generated knowledge priors (randomized sig-

nificant pathway crosstalks) give us worse performance than significant pathway crosstalks. The

model accuracy is still moderately above a random guessing model, only due to the presence of

the clinical parameters.

Similarly, the model with baseline clinical parameters, all imaging (MRI, PET) and bio-

specimen (CSF) biomarkers, and randomized significant pathway crosstalks gave an accuracy

of 65.62%±3.53% with 54.73%±1.46% support vectors. This model yields nearly 15% less accu-

racy and almost 19% increase in support vectors, in comparison to the original model that uses

baseline parameters, all imaging (MRI, PET) and bio-specimen (CSF) biomarkers, and signif-

icant pathway crosstalks (instead of randomized significant pathway crosstalks). As expected,

our randomly generated knowledge priors (randomized significant pathway crosstalks) give us

worse performance than significant pathway crosstalks. The model accuracy is still above a

random guessing model, only due to the presence of the clinical parameters and all imaging

(MRI, PET) and bio-specimen (CSF) biomarkers. Again, for models using pathway crosstalks

only, no features were being selected as significant to build the model and hence the runs could

not be completed.

A similar trend was seen when investigating models with baseline clinical parameters and all

imaging (MRI, PET) and bio-specimen (CSF) biomarkers to determine the effects of randomized

pathways.
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Table 2.14: Performance of models with randomized pathway crosstalk features

Metrics Clinical + Clinical + Clinical + Clinical +
MRI,PET, MRI,PET,
and CSF and CSF

+ randomized + significant + randomized + significant
pathway pathway pathway pathway

crosstalks crosstalks crosstalks crosstalks

Accuracy in % 59.27±3.66 71.06±3.23 65.62±3.53 81.38±2.79
Support 83.47±1.84 54.37±0.59 54.73±1.46 35.31±0.62
Vectors in %
True 30.86±1.98 38.04±1.87 33.68±2.14 41.66±1.63
Positives
False 19.14±1.97 11.96±1.87 16.32±2.09 8.34±1.63
Negatives
False 17.95±1.59 14.39±1.84 14.95±1.80 8.60±1.76
Positives
True 23.05±1.56 26.61±1.84 26.05±1.79 32.40±1.76
Negatives
Sensitivity 0.62±0.97 0.76±0.04 0.67±1.07 0.83±0.03
Specificity 0.56±1.45 0.65±0.04 0.64±1.21 0.79±0.04
Precision 0.63±0.02 0.73±0.03 0.69±0.02 0.81±2.79

2.3 Conclusion

We have developed a three step methodology to discover network biomarker crosstalks that uti-

lizes the combined power of several protein/gene level evidences. To the best of our knowledge,

this is the first systematic study of crosstalk biomarkers. Utilizing crosstalks as additional fea-

tures phenotype prediction significantly improved the prediction accuracy for our Alzheimer’s

disease use-case.
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Chapter 3

Subsystem Level: Discovery of

Network Biomarker Subsystems

At the subsystem level, the phenotype-related subsytem biomarkers are discovered and char-

acterized. Biological relationships (e.g., protein functional associations) between proteins are

often modeled as networks (protein functional association networks [70]), where each node is

a protein and every pair of functionally associated proteins is connected with an edge. Func-

tional association between proteins is derived from a number of clues like experimental data [5],

gene-fusion [167], co-occurrence of the corresponding genes on the same operon [31], etc. The

subgraphs of these networks can model the cellular subsystems.

Evolutionary conservation of cellular subsystems across multiple organisms with similar

phenotype can be used as one clue to identify the phenotype-related cellular subsystems [152].

Namely, the cellular subsystems associated with a phenotype are more likely to be conserved

across phenotype-expressing organisms and are less likely to be conserved across phenotype

non-expressing organisms [152].

Our earlier work, the α, β-motif finder [152] algorithm, which is the current state-of-the-art,

identifies phenotype-related subsystems that are modeled as cliques in the organismal functional

association networks. A clique is a subgraph with an edge between every pair of vertices in the

subgraph, i.e., every pair of proteins in the subsystem has to be functionally associated. Density,

the ratio of the number of edges in the subgraph to the total number of possible edges in the

subgraph is 1.0 for subgraphs modeled as cliques.

The clique model is too stringent to model all potential phenotype-related cellular subsys-

tems. There are existing studies that show that cellular subsystems can have different topolo-

gies [54]. A detailed study of the densities of existing protein complexes from various sources

[40, 41, 62, 91, 165] has revealed that the density of complexes varies from 0.1 to 1.0 [54]. This is

likely due to the fact that real world biological networks are prone to noise and missing informa-
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tion (like missing edges) [127, 193]. Other studies [61, 164] have shown that non-clique clusters

form biologically relevant cellular subsystems. An example of a non-clique subsystem is the

cell-cycle regulation consisting of cyclins (CLB1-4 and CLN2), cyclin-dependent kinases (CKS1

and CDC28), and a nuclear import protein NIP29 identified from Saccharomyces cerevisiae

network [164]. Additionally, Hwang et al [68] showed that maximal clique enumeration based

methods discard over 90% of network nodes when applied to the protein interaction network of

Saccharomyces cerevisiae. Hence, α, β-motif finder method may not cover the entire spectrum

of phenotype-related cellular subsystems.

As a post processing step, each subsystem identified by the α, β-motif finder can be fed into

methods like our DENSE algorithm [61], a knowledge prior-driven quasi clique enumeration

algorithm to identify the subsystems missed by α, β-motif finder. However, DENSE can extract

subsystems from only a single organismal network and these subsystems may or may not be

related towards the target phenotype. DENSE also requires an input parameter to fix the density

of the subgraphs to be identified. This post processing amounts to running a compute-intensive

quasi-clique enumeration algorithm for every subsystem identified by the α, β-motif finder.

Our previous α, β-motif finder method requires two inputs: the parameter α−the least num-

ber of phenotype-expressing organisms the identified clique has to be present in and the pa-

rameter β−the number of phenotype non-expressing organisms the identified clique can be

present in. These parameters may be hard to estimate beforehand and, hence, multiple runs

with different parameter values may be required.

The α, β-motif finder works under the assumption that a subsystem’s presence can alone

cause a phenotype. Hence, the method only aims to identify the subsystems that are more

prevalent in phenotype-expressing organismal networks and less prevalent in phenotype non-

expressing organismal networks. However, a subsystem’s absence could also cause a phenotype-

expression. It was shown that the “couched potato” syndrome could be potentially caused

by the result of a person missing some key genes related to the MP-activated protein kinase

(AMPK) [179]. It was also shown that one out of every 4 cases of breast cancer is associated

with the absence of the NF1, a gene that negatively regulates an oncogene called RAS. RAS,

when mutated or highly expressed, contributes to a normal cell turning cancerous [183].

We propose to develop a methodology to enumerate phenotype-related cellular subsystems

(functional modules) placing no restriction on the density or size of the enumerated subgraphs.

The method also does not place any restriction on the number of networks the resulting sub-

graph should be present in. Additionally, the method identifies subsystems biased towards the

phenotype expressing organisms and towards phenotype non-expressing organisms from the

results of a single run of the methodology.
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3.1 Approach

Figure 3.1 gives the overview of the methodology that will be explained in the subsequent

sections of the thesis.

     

Gene-gene  
Functional Coherence

Networks 

Orthologous-group, 
 Organism Bipartite Network

Model 

Enumerate Conserved Edge-
sets 

Extract  Conserved
Subsystems 

Hydrogen 
Production 

Motility 
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Gram staining 

Evaluation Stage 

Network Model Construction 

Enumeration Stage

Application to Phenotypes 

Figure 3.1: Methdology overview to identify and evaluate phenotype-related network biomarker
subsystems

3.1.1 Network Model Construction

Background

Functional Association Networks

A functional association network of an organism is a graph G = (V,E), where V is the set of all

genes in the organism and E represents the set of existing functional associations between pairs

of genes in the organism. A pair of genes is said to be functionally associated if there is evidence

to show that the genes encode proteins that take part together in some biological cellular

function. The evidences include gene neighborhood, gene fusion events, published results, data
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from experiments, etc.

Orthologous groups

Orthologs, or orthologous genes, are genes from different species that originated by vertical

descent from a single ancestral gene in the last common ancestor of the compared species [88].

In other words, when a species diverges into two separate species, the copies of a single gene in

the two resulting species are said to be orthologous. Orthologs retain the same function in the

course of evolution. Orthologous group is a cluster of orthologous genes. Mapping each gene in

each input organism to its corresponding orthologous group allows for a uniform representation

across all input organismal networks. This mapping can be obtained from several existing data

sources [113, 135, 176, 175].

Orthologous Group-pair, Organism Bipartite Network

In order to identify phenotype-related network subsystems from a given set of organismal func-

tional association networks, we need a representation that would help us enumerate the sub-

systems efficiently. In this thesis, we propose the orthologous group-pair, organism bipartite

network that combines the information present in all of the individual organismal protein func-

tional association networks into one single network. This network model is built in three steps.

In the first step, we transform each input organismal network into a representation that would

help us understand the commonalty and differences among the networks. One such transfor-

mation is replacing each gene in every organismal network with its corresponding orthologous

group (see Figure 3.2.1). The most commoly used dataset to obtain the gene-orthologous group

mapping is the manually curated Clusters of Orthologous Groups (COG) [175, 176]. In Clusters

of Orthologous Groups dataset, a COG ID (simply referred to as a COG) is assigned to each

cluster of orthologous genes.

In the second step, we construct two sets, O and C (see Figure 3.2.2). In C, each element is

a pair (u, v), where both u and v are COGs. In O, each element represents an organism. These

two sets become the two partites of the graph that we will construct in the next step.

In the final step, we construct the orthologous group-pair, organism bipartite network (see

Figure 3.2.3), N = (O,C,E). An edge (a, b) ∈ E, where a ∈ O and b = (u, v) ∈ C, exists if and

only if the COG pair (u, v) is functionally associated in the organism a, i.e., in the organismal

functional association network Ga = (Va, Ea) corresponding to organism a, ∃x, y ∈ Va : gene x

and gene y belong to orthologous cluster groups u and v, respectively, and (x, y) ∈ Ea. As we

make use of COGs, the network N will henceforth be referred to as the COG-pair, organism

bipartite network .
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Figure 3.2: Three step building of the orthologous-group organism bipartite network

3.1.2 Enumeration Stage

The COG-pair, organism bipartite network model is utilized to enumerate the phenotype-related

subsystems. The methodology consists of two phases. The first phase involves obtaining the

COG edges common to every subset of organisms and the second phase involves enumerating

the potential phenotype-related cellular subsystems from the edge set.
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Enumeration of Conserved Edge-sets

In the first phase, we identify for each subset of organisms, the set of COG edges that are

conserved across that subset of organisms. In the COG-pair, organism bipartite network model,

the nodes of one partite of the network model represent the COG edges and the nodes in the

other partite represent organisms and hence, bicliques (see Figure 3.3.A) of the network model

represent the set of edges conserved across a subset of organisms. We aim to enumerate only

the maximal bicliques (see Figure 3.3.B) to identify the largest subset of organisms an edge set

can be conserved in. This allows us to get the correct estimate of subsystem-bias towards both

phenotype-expressing and phenotype non-expressing organisms.

Biclique Maximal Biclique 
Each biclique is 

disintegrated to obtain 
edge-sets conserved 

across different  
subsets of organisms 

Org #1,
Org #2,
Org #4 

A B C 

Figure 3.3: Enumeration of conserved edge-sets using maximal biclique subgraph model

Definition 3.1.1 Given a bipartite graph N = (O,C,E), a subgraph S = (Os, Cs, Es) of N is

a biclique if ∀a ∈ Os and b ∈ Cs, (a, b) ∈ Es.

Definition 3.1.2 A biclique S of N is also maximal if there is no S
′

= (O
′
s, C

′
s, E

′
s) such that

Os ⊂ O′s and Cs ⊂ C
′
s and S

′
forms a biclique in N .

The problem of identifying maximal bicliques using the binary matrix representation trans-

lates to identifying the maximal biclusters in the matrix. For our preliminary results, we chose

Prelic et al.’s Bimax biclustering algorithm [136]. There are two reasons for this choice: (1) Bi-

max performs on par with the best biclustering techniques [136], and (2) It has also been shown

that Bimax is able to output all the optimal (maximal) biclusters in the given binary matrix
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[136]. The algorithm uses a divide-and-conquer approach to enumerate maximal biclusters in

the COG-pair, organism bipartite network.

However, the methodology should be scalable for large number of organisms because, as we

increase the size of the organism set (O), the corresponding number of COG-edges (vertices

of partite C) could increase, and a significant number of edges will be added to the edge set

E. Thus, the underlying algorithm to mine the bicliques should be scalable and complete its

execution in a practical amount of time.To meet this goal, we consider another representation

of the problem—enumerating maximal bicliques in bipartite graphs.

Most existing methods solve the biclique mining problem by introducing restrictions to im-

prove algorithm efficiency. These include bounding the maximum input degree [174], bounding

the maximum biclique degree [51], bounding the minimum biclique size [103, 114, 184], bound-

ing an inputs arboricity [35], solving the problem for graphs that satisfy certain conditions

[126], even assigning weights to the vertices of the graph and identifying the “high confidence”

bicliques [123]. However, algorithms that depend for its efficiency on such restrictions cannot

solve arbitrary bipartite instances. Additionally, if we do utilize existing methods, we would

have to then perform a seperate analysis to determine the right parameter values. An existing

algorithm to solving the general bipartite biclique problem is serial [200]. The existing parallel

algorithm for the biclique mining in general graphs [147] places restrictions on the bicliques

mined.

Another approach relies on graph inflation. It is easily observed (see, for example, [109]) that

maximal biclique enumeration on bipartite graphs can be turned into a maximal clique enu-

meration on general graphs, by adding edges between all pairs of vertices belonging to the same

partite. This approach is neither practical nor scalable due to the enormous number of edges

that may be needed and the accompanying increase in problem difficulty that is incurred. How-

ever, it has been suggested in literature [1], that it is worthwhile adapting existing algorithms

for the general clique problem to mine bicliques.

We developed a parallel parameter-free heuristic algorithm to generate all maximal bicliques

in bipartite graphs. The algorithm is a modified version from the widely-used, efficient, back-

tacking method of enumerating maximal cliques of Bron and Kerbosch (BK) [17]. The parallel

framework from our earlier work on maximal clique enumeration [154] has been adopted and

modified to provide a parallel implementation our algorithm.

The main difference between a clique mining in a general graph and biclique mining in a

bipartite graph is the relationship that can exist between a pair of vertices (a, b). In general

graphs, a and b, can either be connected or disconnected and that condition can be checked to

decide if a vertex can be added to a current clique to form a larger clique. A pair of discon-

nected vertices cannot be part of the same clique. In case of bipartite graphs, the concept of

disconnection is more profound. A pair of vertices can be disconnected and belong to the same
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clique, if they are part of the same partite. This means, that checking a pair of vertices from

the same partite to tell if they can or cannot be part of the same clique without additional

information cannot be done. This extremely basic but important concept was kept in mind

while developing the algorithm.

In generic BK, for every clique three lists get maintained, the compsub—the vertices cur-

rently part of the clique, the cand—vertices that are connected to all vertices in compsub, and

not—the set of vertices connected to all vertices in compsub, but would form cliques that have

been previously enumerated. The basic idea is that, a vertex a is selected from cand and added

to the set compsub and subsequently the sets cand and not are updated to only contain vertices

adjacent to a. However, in the modified algorithm, we not only keep vertices adjacent to a but

also vertices in the same partite as a (see Algorithm 3.2 - Line 10 and Line 11), since these

vertices could also be potentially added to the current clique.

The modified definitions of cand and not require a more sophisticated approach when it

comes to selecting a vertex to be added to the clique. In the general BK algorithm, any vertex

from the set cand could be selected, but for a bipartite graph, we need to make sure that the

selected vertex is connected to every vertex that is in compsub and not in the same partite

as a. The brute force way would for every vertex in cand, loop through the vertices in the

compsub to check for a’s connectivity. This solution would be an significant addition to the

clique enumeration time as the clique sizes increase and would defy the purpose of utilizing an

algorithm like the BK.

Thus, we introduce the concept of partite-representatives. Partite-representatives (partc and

parto) are elements that belong to compsub that belong to different partites. A potential candi-

date a is added to compsub if it is connected to either one of the representatives (see Algorithm

3.2 - Line 6 ). Each time a vertex x is added to compsub, the cand is updated to only con-

tain vertices that are connected or in the same partite as x. The update at the current step

is performed over the updates performed the previous steps, hence, if the current candidate a

is connected to a vertex x from compsub, we know that a is also connected to every vertex in

the same partite as x, and all other vertices in compsub would belong to the same partite as

a. The first candidate added to an empty compsub becomes the first representative, and the

second representative is the second candidate chosen because it will have to satisfy the criteria

of being connected the one existing representative.

In the generic BK algorithm, once the selected candidate a was added to compsub, the

algorithm looks for other vertices in cand that is not connected to a and this would signify

a new branch being added to the search tree. We modify the search condition to check that

vertices that are not connected to a are also not in the same partite as a (see Algorithm 3.2

- Line 16). The BK algorithm with all the modifications is shown in Algorithm 3.2 and an

example is shown in Figure 3.4. The algorithm had been fitted into the parallel framework from
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our earlier work [154].

Figure 3.4: Parameter-free biclique enumerator. (A) An example graph, (B) Representative
selection, and (C) The search tree for the example graph

Mining cliques in k-partite graphs

An interesting and useful generalization of the problem is mining all cliques from a k-partite

graph, i.e., every pair of vertices in the clique should either be part of the same partite or be

connected. The serial algorithm above can be extended to mine cliques in k-partite graphs and
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Algorithm 3.1: Main Function

Input: Bipartite Graph N=(O,C,E) where O and C are the two disjoint vertex sets and
E is the set of edges

1 compsub ← ∅;
2 cand ← C ∪O;
3 not ← ∅;
4 part c ← NULL;
5 part o ← NULL;
6 BiCliqueEnumerate(compsub,cand ,not ,part c,part o)

by extension, a parallel clique mining graph for k-partite graphs. In the algorithm described, a

candidate a should be connected to one of the representatives in order to be added to the current

compsub set, because connection to one representative means that a is in the same partite as

the other representative. In case of a k-partite graph, this condition alone cannot work because,

a candidate a can belong to a partite different from both representatives. However, that being

the case, we know that a has to be connected to both representatives in order to be added to

compsub. The two partite representatives can be any pair of vertices from compsub that do not

belong to the same partite, i.e., from any distinct pair from the k partites.

Thus, if we modify the condition, a has to be connected to one representative and belong to

the same partite as the other representative or has to be connected to both representatives. No

matter how large the value of k is, this modified condition will select the appropriate candidate

to be added to compsub.

Such a generic parallel parameter free clique mining algorithm on k-partite graphs would

have its uses in several areas, such as analysis of multiple phenotypes simultaneously. One

partite can represent the COG-edges, and each of the other partites can represent organisms

expressing a different phenotype. The cliques from this graph will help identify subsystems

common to different subsets of phenotypes.

Extracting Conserved Cellular Subsystems

Each maximal biclique identified in the previous section represents the set of COG edges con-

served across a specific subset of organisms. However, we cannot consider the COG edge set as

a subsystem as is. A subsystem has to be a connected subgraph of an organismal network as

opposed to a collection of edges.

A connected component is a subgraph with path between every pair of nodes in the subgraph.

There is no density constraint on the subgraph, and we can model subsystems with varying

topologies (density from 0.1 to 1.0). The connected component subgraphs from the COG edge set
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of each maximal bicluster are enumerated (see Figure 3.5). The enumeration can be performed

using depth-or-breadth-first-search, both of which are linear time algorithms in terms of the

number of edges.

Algorithm 3.2: Parameter-free biclique enumerator

1 BiCliqueEnumerate(compsub,cand ,not ,part c,part o)

2 if cand = ∅ then
3 if not = ∅ then
4 Output compsub;

5 else
6 fixp ← The vertex in cand that is connected to the greatest number of other vertices

in cand and connected to either part c or part o;
7 cur v ← fixp;
8 if cur v 6= NULL then
9 while cur v 6= NULL do

10 new not ← All vertices in not that are connected to cur v or in the same
partite as cur v ;

11 new cand ← All vertices in cand that are connected to or in the same partite
as cur v ;

12 new cs ← compsub + cur v ;
13 BiCliqueEnumerate(new cs, new cand , new not ,part o,part c);
14 not ← not + cur v ;
15 cand ← cand − cur v ;
16 if there is a vertex v in cand that is not connected to fixp and not in the

same partite as fixp then
17 cur v ← v;

18 else
19 cur v ← NULL;

20 return

3.1.3 Evaluation Stage

Statistical Significance Assessment

The results of the method only guarantee that the subgraphs output are connected components

but there is no clear indication whether the subgraphs could represent subsystems or if their

occurrence was purely random. To determine this statistical significance the topological density

of each subgraph is compared with a density of randomly obtained subgraphs with the same

number of nodes.
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Figure 3.5: Extracting the potential phenotype-related modules from the enumerated maximal
bicliques

The Monte Carlo method [125, 199], a robust statistical significance assessment method, is

utilized. For every connected component subgraph S = (V,E) identified in a subset of organisms

O, we calculate the density γ(S). We randomly sample subsets of |V | COGs each from the set

of all possible COGs. For each random subset of COGs Sr, we calculate the density (γ) of the

subgraph that will be formed by the nodes. To calculate the density, we first need to determine

the number of edges that occurs between the nodes taking into consideration the networks of

the organisms in O. An edge is placed between a pair of nodes (u, v), where u, v ∈ Sr, if and

only if an edge between u and v occurs in θ percentage of networks corresponding to organisms

in O.

We estimate an empirical p-value (pr) as R/W , where W is the total number of random

subsets generated (W ∼ 1000) and R is the number of random subsets that produce a test

statistics γ() greater than or equal to that of γ(S). We then use a cutoff (say 0.05) to identify

the statistically significant components.

Phenotype-relatedness Assessment

Cellular subsystem S conserved across a set of organisms O is further analyzed to determine

the strength of its relatedness and relevance to the target phenotype. As discussed in the intro-

duction section of this chapter, the presence or the absence of a subsystem can cause a pheno-
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type, hence phenotype-relatedness would refer to quantifying both the subsystem’s bias towards

phenotype expressing and phenotype non-expressing organisms. The phenotype-relatedness is

determined by a pair of p-values determined using the hypergeometric statistical test and a set

of rules defined over the p-values. The bias is quantified by using the hypergeometric statisti-

cal test. Let n be the total number of organisms (both phenotype-expressing and phenotype

non-expressing). Let x be the total number of phenotype expressing organisms and y be the

number of phenotype non-expressing organisms. Let v be the total number of organisms (both

phenotype-expressing and phenotype non-expressing) the subgraph S is conserved in. Let w be

the number of phenotype expressing and z be the number of phenotype non-expressing organ-

isms the subgraph S is conserved in. The bias towards phenotype expressing (pe) organisms

and phenotype non-expressing (pne) organisms is calculated as follows:

pe =
1(
n
v

) × v∑
i=w

(
x

i

)(
n− x
v − i

)
(3.1)

pne =
1(
n
v

) × v∑
i=z

(
y

i

)(
n− y
v − i

)
(3.2)

To determine if the subgraph S is phenotype-related given a significance threshold τ , we

apply the following rules.

� if pne ≤ τ and pe ≤ τ , then S is not phenotype-related;

� if pne ≤ τ and pe > τ , then S is phenotype-related and biased towards phenotype non-

expressing organisms;

� if pne > τ and pe ≤ τ , then S is phenotype-related and biased towards phenotype ex-

pressing organisms; and

� if pne > τ and pe > τ , then S is not phenotype-related.

We apply a p-value cutoff of τ = 0.05 to identify all the phenotype-biased biclusters.

3.2 Results

3.2.1 Experimental Setup

We set up experiments with four different phenotypes, hydrogen production (dark and light

fermentation), respiration, gram-stain, and motility. The organisms for each phenotype were

identified using literature search [79, 163]. The functional association network for each organism

was obtained from the STRING [70] database and the edge score cutoff used was 700 (termed

as high confidence[70]).
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3.2.2 Hydrogen Production

Biological hydrogen production is being looked at as a source of alternate energy and there are

a number of microorganisms that can utilize different organic substrates to produce hydrogen.

This makes it a useful alternative energy option to explore [15, 78, 124]. Identifying cellular

subsystems related to hydrogen production will be extremely useful to genetic engineers aiming

to make the process of biological hydrogen production more efficient. The light and dark fer-

mentation are two important sub-phenotypes of hydrogen production, and experiments based

on these phenotypes will be discussed in this section.

Light fermentation

Initial review of the light fermentation clusters shows the presence of a set of 13 identical COGs

found across all 8 COG clusters. These “core” COGs include genes necessary for synthesis of

hydrogenase complex(es).

Nitrogen-fixation is the process, in which nitrogenase catalyzes the conversion of nitrogen

gas to ammonia and inadvertently results in the production of hydrogen gas as a byproduct

[142, 143]. Two COGs (COG2710 and COG1348), which are associated with the expression

of two key proteins, nitrogenase iron protein (NifH) and molybdenum iron protein [142], were

present across all the clusters. Although, the presence of these two proteins is essential for

nitrogen-fixation to be carried out by light fermenting microorganisms, expression of various

genes in other metabolic pathways plays important roles in either directly or indirectly regulat-

ing the expression of genes encoding NifH proteins. These proteins include ferric iron regulation

proteins (sigK, clpB, and fur-related), ammonia ligase (glnA), and nitrogenase [94]. In this

study, glutamate ammonia ligase (glnA), a key gene for nitrogenase (NifH), and genes encoding

proteins for iron uptake, are assembled in the same cluster. In Anabaena, iron uptake proteins

and some nitrogen proteins (e.g., Ntc) have been shown to regulate genes encoding glutamate

synthetase (glnA) [107]. Review of the role of glutamine synthetase in Anabaena indicates that

this enzyme is responsible for regulating nitrogenase activity, thus impacting hydrogen produc-

tion [107]. The indirect regulation of nitrogenase by iron uptake proteins provides an example

of crosstalk between iron and nitrogen-related metabolic pathways.

In addition to nitrogenase, proteins associated with the synthesis of uptake or expression

of hydrogenase, were identified in 11 of the 19 COGs present in Table 3.1. Hydrogen uptake

proteins help with removing excess hydrogen to maintain the reducing environment in cells [90].

We also identified a number of proteins (e.g., Hyd and Hyp) involved in formation of [NiFe]-

uptake hydrogenases. The presence of maturation hydrogenase factors (COG0068, COG0298,

COG0309) and accessory proteins for uptake of nickel (COG0378) are consistent with literature

reports describing the structure of hydrogenase complexes. Inclusion of hydrogenase proteins
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in Table 1 is likely due to the relationship of hydrogenase proteins with iron uptake genes.

To function properly, iron is needed to form the NiFe center present in the large hydroge-

nase subunit (HupL) [180]. As such, hydrogenase maturation is dependent on crosstalks with

iron uptake. In previous studies by Lopez-Gollomon [107], the nitrogen regulator protein NtcA

Table 3.1: Subsystem associated with light fermentation

COG ID COG Description

COG0068 Hydrogenase maturation factor
COG0298 Hydrogenase maturation factor
COG0309 Hydrogenase maturation factor
COG0374 Ni,Fe-hydrogenase I large subunit
COG0375 Zn finger protein HypA/HybF

(possibly regulating hydrogenase expression)
COG0378 Ni2+-binding GTPase involved in regulation

of expression and maturation of urease and hydrogenase1
COG0409 Hydrogenase maturation factor
COG0680 Ni,Fe-hydrogenase maturation factor
COG1740 Ni,Fe-hydrogenase I small subunit
COG0174 Glutamine synthetase
COG0535 Predicted Fe-S oxidoreductases
COG0716 Flavodoxins
COG1348 Nitrogenase subunit NifH (ATPase)
COG2082 Precorrin isomerase
COG2710 Nitrogenase molybdenum-iron protein,

alpha and beta chains

COG2370 Hydrogenase/urease accessory protein
COG1941 Coenzyme F420-reducing hydrogenase, gamma subunit
COG3259 Coenzyme F420-reducing hydrogenase, alpha subunit
COG0735 Fe2+Zn2+ uptake regulation proteins

was found to work together with the iron-uptake protein, Fur, to co-regulate genes involved

in various metabolic functions. Metabolic functions co-regulated include the transcriptional

regulation protein and glutamine synthesis [116]. In this study, genes encoding iron uptake reg-

ulator proteins (COG0735) were clustered together with genes encoding glutamine synthetase

(COG0174). The co-appearance of these two COGs suggests the possible crosstalk between iron

uptake and ammonia assimilation networks. In addition, there is indication that hydrogenase

proteins, such as HupUV, are involved in regulating the glutamine synthetase gene, glnAII, in

some organisms [142, 159].
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Dark fermentation

Unlike light fermentation, we did not observe a large set of COGs present across all clusters.

For this set of organisms, only two COGs were identified as present across all clusters. This may

be partially due to the following two reasons. First, the selection of species and species diversity

have some impact on the types of clusters generated. Second, dark fermentation organisms

tend to utilize a greater variety of fermentation pathways, such as acetate fermentation and

butyrate fermentation pathways [188]. Greater variation in fermentation routes will not produce

as large of a “core” set of COGs across all clusters. An example of COG clusters identified in

Table 3.2: Subsystem associated with dark fermentation

COG ID COG Description

COG0298 Hydrogenase maturation factor
COG0309 Hydrogenase maturation factor
COG0374 Ni,Fe-hydrogenase I large subunit
COG0409 Hydrogenase maturation factor
COG0680 Ni,Fe-hydrogenase maturation factor
COG1740 Ni,Fe-hydrogenase I small subunit
COG0535 Predicted Fe-S oxidoreductases
COG1348 Nitrogenase subunit NifH (ATPase)
COG2710 Nitrogenase molybdenum-iron protein,

alpha and beta chains
COG0716 Flavodoxins
COG0735 Fe2+/Zn2+ uptake regulation proteins
COG2082 Precorrin isomerase
COG3968 Uncharacterized protein related to

glutamine synthetase

dark fermentative bacteria is present in Table 3.2. In this cluster, 13 different COGs consisting

of proteins that are either directly or indirectly responsible for the uptake or production of

hydrogen, are present. Of these COGs, 7 are related to the synthesis or expression of [NiFe]-

hydrogenase, an enzyme that catalyses the reversible oxidation of molecular hydrogen, and

plays a vital role in anaerobic metabolism [159]; the others are involved in nitrogen and iron

metabolic pathways that include proteins like nitrogenase, iron uptake proteins, such as Fur

(COG0735), ammonia assimilation proteins, such as glutamine synthetase (COG3968), and

proteins involved in electron transfer. Previous findings by Butland et al. [19] show that the

presence of proteins (e.g., HypE, HypD, HupS, HupD) is typically associated with hydrogen

uptake [50, 180]. Based on the other genes (e.g., hybG, hupS) present in the cluster, we can
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predict that [NiFe]-hydrogenase is associated with hydrogen uptake in this group of organisms.

In addition to hydrogenase maturation and expression proteins, Fe-S oxidoreductases were

identified. As part of the structure of [NiFe]-hydrogenase, Fe-S metal centers are located on

the small subunit of the hydrogenase complex [159, 180]. Thus, it is expected that iron uptake

pathway would crosstalk with hydrogenase-related pathways. Furthermore, the iron uptake

pathway also crosstalks with nitrogen metabolism, in a sense that iron uptake proteins can be

involved indirectly in nitrogen metabolism through regulation of nitrogenase and maintaining

the reducing environment in the cell through hydrogen uptake (hydrogenase) [116, 195].

It has been shown that crosstalk between iron uptake and nitrogen metabolism enables reg-

ulation of ammonia assimilation [143]; it may be possible that the uncharacterized glutamine

synthetase protein in Table 2 is subject to such regulation. In our results, the gene encoding

the uncharacterized glutamine synthetase proteins was only present in a few species, includ-

ing Clostridium acetobutylicum and Clostridium beijerinckii, which both contained nitrogenase

and hydrogenase enzymes. It has been demonstrated that, in light fermenting organisms, such

as Rhodopseudomonas palustris, glutamine synthetase is regulated by hydrogenase accessory

proteins (HupUV) [143]. However, to the best of our knowledge, this relationship has not been

described in dark fermentation organisms. This knowledge increases the probability that the

uncharacterized glutamine synthetase protein maybe present in the COG cluster oweing to its

association with nitrogenase proteins, which may further indicate a possible crosstalk between

ammonia assimilation and nitrogen metabolism.

3.2.3 Motility

The motility experiment was set up with a set of 85 motile and 56 non-motile organisms chosen

from Slonim et al [163]. The method identified clusters that contained COG1360, COG1558,

COG1157, COG1684, and COG1536 (Table 3.3). All these COGS are related to flagella pro-

teins. The flagella proteins are those that enable the organisms to move. The method also found

COG0643, COG0835, and COG0784 that are related to bacterial chemotaxis. It is well known

that chemotaxis controls an organism’s movement with respect to the chemical composition

of its environment. For example, it helps the organism moves to the areas where there is very

high concentration of food [177]. COGS related to the Type III secretion system (COG1766,

COG1684, COG1987, COG1338, and COG1886) were also identified. It has been shown that

Type III secretion proteins share similarities with flagella proteins in structure and func-

tion [105]. Additionally, we identified COG0835, COG0643, COG1344, COG1291,COG0784,

COG1508, and COG1191 associated with the two-component systems. This is a signaling path-

way that regulates motility [48].
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Table 3.3: Subsystem associated with motility

COG ID COG Description

COG1843 Flagellar hook capping protein
COG1291 Flagellar motor component
COG1344 Flagellin and related hook-associated proteins
COG1256 Flagellar hook-associated protein
COG1338 Flagellar biosynthesis pathway, component FliP
COG4786 Flagellar basal body rod protein
COG1360 Flagellar motor protein
COG1558 Flagellar basal body rod protein
COG1157 Flagellar biosynthesis,

type III secretory pathway ATPase
COG1684 Flagellar biosynthesis pathway, component FliR
COG1536 Flagellar motor switch protein
COG1766 Flagellar biosynthesis/

type III secretory pathway lipoprotein
COG1684 Flagellar biosynthesis pathway,

component FliR
COG1987 Flagellar biosynthesis pathway,

component FliQ
COG1338 Flagellar biosynthesis pathway,

component FliP
COG1886 Flagellar motor switch/

type III secretory pathway protein
COG0643 Chemotaxis protein histidine kinase

and related kinases
COG0835 Chemotaxis signal transduction protein
COG0784 FOG: CheY-like receiver
COG0643 Chemotaxis protein histidine kinase and related kinases
COG1508 DNA-directed RNA polymerase specialized sigma subunit, sigma54 ho-

molog
COG1191 DNA-directed RNA polymerase specialized sigma subunit

3.2.4 Respiration

This experiment was set up with a set of 77 aerobic organisms and 57 anaerobic organisms.

For aerobic respiration, COGs related to the enzymes present in the TCA cycle were identified.

They are COGs related to citrate synthase (COG0372), acitonase (COG1048), and Malate

dehydrogenases (COG0039) (Table 3.4). Some COGs such as the malate synthase (COG2225),

isocitrate synthase (COG2224), glyoxylate bypass were also found. The entire list of TCA-

related COGs identified can be found in Table 3.4. There were also other literature verified COGs
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(COG0843, COG0109,COG1048, COG1622, COG1845, and COG0372) found by the method

described in [172]. For anaerobic experiment, we found COG1924, COG1592, COG2221, and

Table 3.4: Subsystem associated with aerobic respiration

COG ID COG Description

COG0372 Citrate synthase
COG1048 Aconitase A
COG0045 Succinyl-CoA synthetase, beta subunit
COG0074 Succinyl-CoA synthetase, alpha subunit
COG0479 Succinate dehydrogenase/

fumarate reductase,
Fe-S protein subunit

COG1053 Succinate dehydrogenase/
fumarate reductase,
flavoprotein subunit

COG2142 Succinate dehydrogenase,
hydrophobic anchor subunit

COG0039 Malate/lactate dehydrogenases
COG2224 Isocitrate lyase
COG2225 Malate synthase
COG2084 3-hydroxyisobutyrate dehydrogenase

and related beta-hydroxyacid dehydrogenases
COG2379 Putative glycerate kinase

COG2033. The COG1924 is related to oxygen sensitive proteins [173] (Table 3.5). The other

COGs were pulled out computationally by another genotype-phenotype methods [173, 172]

applied to the anaerobic phenotype. We also identified COGs from the Arginine and proline

metabolism, the reason for this could be attributed to the L-argnine which could serve as an

energy source for anaerobes.

Table 3.5: Subsystem associated with anaerobic respiration

COG ID COG Description

COG1924 Activator of 2-hydroxyglutaryl-CoA dehydratase
(HSP70-class ATPase domain)

COG1592 Rubrerythrin
COG2221 Dissimilatory sulfite reductase

(desulfoviridin), alpha and beta subunits
COG2033 Desulfoferrodoxin
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Table 3.6: Subsystem associated with gram-negativity

COG ID COG Description

COG2877 3-deoxy-D-manno-octulosonic acid
(KDO) 8-phosphate synthase

COG2885 Outer membrane protein and
related peptidoglycan-associated (lipo)proteins

COG1044 UDP-3-O-[3-hydroxymyristoyl]
glucosamine N-acyltransferase

COG1519 3-deoxy-D-manno-octulosonic-acid transferase
COG0763 Lipid A disaccharide synthetase
COG0838 NADH:ubiquinone oxidoreductase subunit 3 (chain A)
COG0337 3-dehydroquinate synthetase
COG0852 NADH:ubiquinone oxidoreductase 27 kD subunit
COG1143 Formate hydrogenlyase subunit 6/NADH:

ubiquinone oxidoreductase 23 kD subunit (chain I)
COG0713 NADH:ubiquinone oxidoreductase subunit 11 or 4L (chain K)
COG0649 NADH:ubiquinone oxidoreductase 49 kD subunit 7
COG0382 4-hydroxybenzoate polyprenyltransferase

and related prenyltransferases
COG0043 3-polyprenyl-4-hydroxybenzoate decarboxylase

and related decarboxylases
COG0163 3-polyprenyl-4-hydroxybenzoate decarboxylase
COG2227 2-polyprenyl-3-methyl-5-hydroxy

-6-metoxy-1,4-benzoquinol methylase
COG1008 NADH:ubiquinone oxidoreductase subunit 4 (chain M)
COG1005 NADH:ubiquinone oxidoreductase subunit 1 (chain H)
COG1663 Tetraacyldisaccharide-1-P 4’-kinase
COG0774 UDP-3-O-acyl-N-acetylglucosamine deacetylase
COG1212 CMP-2-keto-3-deoxyoctulosonic acid synthetase
COG0859 ADP-heptose:LPS heptosyltransferase
COG2908 Uncharacterized protein conserved in bacteria
COG2870 ADP-heptose synthase, bifunctional

sugar kinase/adenylyltransferase
COG3307 Lipid A core - O-antigen ligase and related enzymes
COG0445 NAD/FAD-utilizing enzyme

apparently involved in cell division
COG0848 Biopolymer transport protein
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3.2.5 Gram-positive and Gram-negative

This experiment was set up with a set of 61 gram positive bacteria and 109 gram negative bac-

teria. For gram negativity, COG2877, COG2885, COG1044, COG1519, COG0763, and others

related to the Lipopolysaccharide biosynthesis were found (Table 3.6). This pathway has been

shown to be related to gram-negativity [105]. Another set consisting of COG0043, COG0163,

COG2227, COG1008, and COG1005 were found. These are associated with the ubiquinone

pathway that is also shown to be associated with gram-negativity [105]. The COG0848 found

by the method has been shown to be associated with the target phenotype [46].

Table 3.7: Subsystem associated with gram-positivity

COG ID COG Description

COG3764 Sortase
COG3773 Cell wall hydrolyses involved in spore germination
COG0619 ABC-type cobalt transport system, permease compo-

nent CbiQ and related transporters
COG1122 ABC-type cobalt transport system, ATPase compo-

nent

From gram-positive bacteria (Table 3.7), the method identified COG3764 and COG3773.

COG3674 relates to plasma membrane proteins and was identified by previous research as

related to gram-positivity [46]. The COG3773 is associated with endospore formation that

usually occurs in gram-positive bacteria when there is a lack of nutrients . We also found

COG0619 and COG1122 as single connected component; these COGs are associated with uptake

of MET/or MET-precursors, which are associated with regulation of genes involved in amino

acid metabolism in gram-positive bacteria [182].

3.3 Conclusion

We have developed a method to identify phenotype-related network biomarkers by address-

ing some of the issues with the current state-of-the art method. Method relaxes constraints of

subsystem density and size and is also parameter free. The method was evaluated on pheno-

types such as hydrogen production, gram stain, motility and respiration. The method identified

subsystem biomarkers that are consistent with many known phenotype-related cellular systems.
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Chapter 4

Gene Level: Functional Annotation

of Hierarchical Modularity of

Network Biomarkers

The identified network biomarkers are analyzed for biological significance. Biological significance

analysis identifies gene sets that are meaningful in a biological context. Biological significance

can be computationally determined by analyzing the gene set for functional coherence and as-

signing functional annotations. Functional coherence analysis assigns a score quantifying the

gene set’s biological significance. Functional annotation methods identify the possible biolog-

ical functions of the gene set. Biological significance analysis should take into consideration

the principle of hierarchical modularity, i.e., consider the gene set as hierarchically organized

entities.

Hierarchical modularity as a generic principle of system-level cellular organization and func-

tion is supported by existing literature [22, 140, 148, 201]. Hierarchical taxonomies of functional

terms manifested by GO ontology or by KEGG knowledgebase further suggest a possible hier-

archical functional organization of the gene set. This kind of functional organization could help

with understanding the functioning of the gene set at various levels of functional specificity. For

example, the overall function of the target gene set could be chromosome segregation, but at

lower level of the hierarchy, we could find a subset of genes responsible for proper alignment and

attachment of chromosomes and another subset responsible for translating the force generated

by microtubule depolarization into movement to facilitate chromosome segregation [22].

Arguably, hierarchical modularity has not been explicitly taken into consideration by most, if

not all, functional annotation systems [3, 145]. As a result, the existing methods would often fail

to assign a statistically significant functional coherence score to biologically relevant molecular

machines (see Table 4.1).
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Table 4.1: Statistical significance of protein pairs’ functional coherence in Saccharomyces
cerevisiae

Protein pair p-value (pair/ module/ module size) Ref.

ID Description ID Description HMS [130,

131]

[13] [8] [66,

67]

SNU13 RNA binding

protein

DIB1 17-kDa com-

ponent of the

U4/ U6aU5

tri-snRNP

0.0/
0.0/
2

0.23 0.01/
0.01/
2

0.1/
0.1/
2

0.42/
0.42/
2

[166]

HAP1
Zinc finger

transcription

factor involved

in the complex

regulation of

gene expression

in response to

levels of heme

and oxygen

RPM2 Protein

subunit of

mitochondrial

RNase P

0.0/
0.01/
3

0.214 0.1/
0.337/
3

0.02/
1.0/
3

0.51/
1.0∗/
3

[55]

SRB2 Subunit of

the RNA

polymerase

II mediator

complex

RPB9 RNA poly-

merase II

subunit B12.6

0.0/
0.01/
58

0.48 0.12/
1.0∗/
58

0.333/
1.0/
58

0.98/
1.0∗/
58

[121]

NSR1 Nucleolar

protein that

binds nuclear

localization

sequences

DBP2 Essential ATP-

dependent

RNA helicase

of the DEAD-

box protein

family

0.0/
0.0/
2

0.44 0.1/
0.1/
2

0.13/
0.13/
2

0.74/
0.74/
2

[170]

∗assigned a p-value of 1 because the tool was unable to find a score for the entire module

To address this gap, we developed a methodology for hierarchical functional annotation of

gene sets. Given the hierarchical taxonomy of functional concepts (e.g., Gene Ontology) and the

association of individual genes or proteins with these concepts (e.g., GO terms), our method

will assign a Hierarchical Modularity Score (HMS); the HMS score and its p−value measure

functional coherence of the gene set. While existing methods annotate the gene set with a set

of “enriched” functional terms, our complementary method provides the hierarchical functional

annotation of the gene set.

A hierarchical organization of gene set often comes as a bi-product of cluster analysis of gene

expression data or protein interaction data. Otherwise, our method will automatically build such

a hierarchy by directly incorporating the functional taxonomy information into the hierarchy

search process and by allowing multi-functional genes to be part of more than one component in
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Figure 4.1: Overview of the methodology to assess functional coherence and assign annotation
to hierarchical functional modules

the hierarchy. In addition, its underlying HMS scoring metric ensures that functional specificity

of the terms across different levels of the hierarchical taxonomy is properly treated.

We have evaluated our method using Saccharomyces cerevisiae data from KEGG [75, 76, 77]

and MIPS [52] and several other computationally derived and curated datasets [22, 41, 62, 91,

137]. We compared our method with several biological significance analysis methods [8, 13, 21,

66, 67, 115, 130, 131, 146]. The hierarchical modularity built by our method from a set of genes

in various KEGG pathways produces biologically relevant modules, namely, at various levels of

the hierarchy, the corresponding modules match quite well with the manually-curated hierarchy

of pathways in KEGG. We have obtained similar results for the protein complexes in the MIPS

database.

4.1 Approach

Our method provides two main functionalities:

1. Given a hierarchical module and a hierarchical functional taxonomy, our method can assess

the functional coherence of the module and provide a hierarchical functional annotation.

The overview of this functionality is provided in Figure 4.1.

2. Given a module as a “bag of genes” and a hierarchical functional taxonomy, our method

can build the functional hierarchy of the module, i.e, provide a global functional view of
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Figure 4.2: Overview of fuzzy reconstruction of hierarchical modularity

the module. The overview of this functionality is provided in Figure 4.2.

In the following subsections we discuss the technical details of the two functionalities.

4.1.1 Hierarchical Taxonomy of Functional Terms (HTFA)

Let A={t0, t1, . . . , tn}, n ∈ N, be a set of functional annotation terms. A functional annotation

term (e.g., lyase activity) describes a function that a gene or a protein can carry out in

the cell. A gene g can be annotated with a subset Ag ⊆ A of functional annotation terms. If

|Ag| > 1, then g is multi-functional. If Ag = ∅, then g is called a hypothetical or unannotated

gene. A functional term ti is more specific than a functional term tj , if it is a subtype of tj . For

example, lyase activity is a subtype of catalytic activity. Moreover, the same term can

be a subtype of multiple terms. To capture functional specificity of terms, we will next define

a hierarchical taxonomy of functional terms (HTFA).

A hierarchical taxonomy Tt0 of functional terms A is a directed tree or a directed acyclic

graph (DAG) with the set V of labeled nodes (see Figure 4.4.A), such that

1. The labeling function l : V (Tt0)→ A is a bijection, i.e., every node v ∈ V (Tt0) is labeled

with only one term t ∈ A, and each term t is assigned to only one node v, and

2. Label t0 is assigned to only one node that is called the root node.

Whenever the context is clear, T and Tt0 will be used interchangeably. Likewise, we will simply

use t to refer to the node v with label t (i.e., l(v) = t).

Due to its hierarchical nature, T can be represented as a level set L(T ) = {L0, L1, . . . , LDT
}

(see Figure 4.4.B), where L0 = {t0} and level Ld ⊆ V is a set of nodes visited at distance d

from the root t0 during the depth-first traversal of T , and DT ∈ N is the tree depth. Note that

if T is a DAG (e.g., the Gene Ontology [3]), then Li
⋂
Lj 6= ∅ for some i 6= j. In other words,

the node can occur at different levels in the taxonomy.
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A pair of nodes ti and tj in Tt0 forms an ancestor relationship (ti ≺ tj), if there is a simple

directed path from ti to tj in Tt0 . An ancestor relationship between a pair of nodes ti and tj in

Tt0 represents a functional specificity relationship, namely, a functional term of the child node

is a subtype of the functional term of its parent, grandparent, grandgrandparent, and so on.

This relationship is transitive, i.e, ti ≺ tj and tj ≺ tk imply ti ≺ tk. Also, a child can have

multiple parents, as in a DAG.

Given this fact, we next introduce the functional term specificity score SFTS(t) for a node

t ∈ T as follows:

SFTS(t) =

∑
t∈L SLS(L)∑
L∈L δ(t, L)

, (4.1)

where SLS(L) (see Figure 6.B) is the level specificity score associated with level L ∈ L and

defined as

SLS(Ld) =
d

DT
, (4.2)

and δ() is a term characteristic function that specifies whether the term t occurs at level L:

δ(t, L) =

1, if t ∈ L

0, if t /∈ L
(4.3)

A distinct pair (ti, tj) ∈ A × A of functional terms is called related, if the corresponding

nodes in T form an ancestor relationship, i.e., ti ≺ tj . More generally, a set of terms U ⊆ A is

called an unrelated set, or an unrelated term set in T , if no distinct pair (ti, tj), s.t. ti, tj ∈ U ,

is related in T .

Let U be an unrelated functional term set in T . Then, as defined by Equation 4.4, the

ancestor functional term set U of U is the set of all the functional terms t ∈ T on any simple

path from any node t̂ ∈ U to the root node t0 ∈ T :

U = U ∪ P ∪ {t0},

P = {∀t, t ∈ T : ∃t̂ ∈ U : t̂ ≺ t ≺ t0} (4.4)

For example, consider an unrelated functional term set Au = {t4, t6} in Figure 6. According to

Equation 4.4, its ancestor functional term set is Au = Au ∪ {t0, t2, t3}.

4.1.2 Hierarchical Gene Module (HGM)

Given a set of genesG = {g1, g2, . . . , gm}, a hierarchical gene module (HGM)M is an undirected

tree over the set G of leaf nodes. Given the hierarchical taxonomy T of functional terms A, let

an unrelated term set Ag, Ag ⊂ A, denote the functional annotation of gene g.
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Figure 4.3: Hierarchical functional annotation of a gene module M for a gene set G =
{g1, g2, g3, g4} given the taxonomy T in Figure 4.4. (A) Functional annotation of genes in G by
unrelated term sets in T , (B) A hierarchical gene module M , and (C) The resulting annotation
of the internal (non-leaf) nodes in V (M)

Hierarchical functional annotation

Given an HTFA taxonomy T and an HGM module M with a functional annotation Ag ⊂ A for

each leaf node gene g, hierarchical functional annotation of M is the function h : V (M)→ ℘(A)

that maps each node v in V (M) to the set Av from the power set of A such that:

1. Av is the set of the most specific common functional terms among v’s children, and

2. Av is an unrelated functional term set in T .

Next, we will formally define the first condition, i.e., the set of the most specific common

functional terms among the child nodes of v. Let Cv be the set of child nodes of v. Note that

if Cv = ∅, then v is a leaf node g and Av = Ag. Otherwise, as defined by Equation 4.5, Av is

derived from the intersection of the ancestor functional term sets of v’s children (see Equation

4.4) by maximizing the size of the unrelated functional term set U in the power set of this

intersection:

Av = Û , (4.5)

Û = argmax
U ∈ ℘(ACv) && (U is unrelated)

|U | ,

ACv =
⋂

w ∈ Cv
Aw

For a hierarchical functional module M in Figure 4.3 and a taxonomy T in Figure 6, consider

v ∈ V (M) as an example with Cv = {g1, g2} and ACv = {t0, t1, t2, t3, t4, t5} ∩ {t0, t2, t4, t5} =

{t0, t2, t4, t5}. Then the maximum size unrelated term set in the power set of this intersection

defines the functional annotation set Av = {t4, t5} for the internal node v.
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Figure 4.4: An illustration of a hierarchical taxonomy T over the set of functional annotation
terms A = {t0, t1, t2, t3, t4, t5}. (A) A DAG view and (B) A level set view

Functional Coherence

Existing functional coherence analysis techniques analyze the input functional module in its

entirety without considering its hierarchical structure. Additionally, most methods depend on

a reference set by incorporating its annotation distribution and size into their scoring formula

[21, 130, 131]. A reference set is a group of proteins that forms a superset of the functional

module. Khatri et al. discuss the difficulties with selecting the right reference set [83].

Here, we introduce a method that accounts for the hierarchical structure of the module M

when determining its functional coherence. Additionally, the scoring function does not directly

rely on any reference set. More specifically, given the hierarchical gene module M and its func-

tional annotation, the functional coherence score, called hierarchical modularity score (HMS),

SHMS(M) of M is defined by Equation 4.6:

SHMS(M) =
1

|V (M)|
×

∑
v∈V (M)

[
λ(v)× 1

|Av|
×
∑
t∈Av

SFTS(t)

]
, (4.6)

where the functional term specificity SFTS(t) is defined by Equation 4.1, and the penalization

factor λ(v) is discussed in the following section

Penalization Factor (λ)

Consider a hierarchical gene module M with its hierarchical functional annotation (see Figure

4.5.A), as described in Hierarchical functional annotation section. Let p ∈ V (M) be a parent

node with its children Cp. Given the functional annotation term sets, Ap and Ac, for the parent

p and its child c ∈ Cp, respectively, a dissimilarity score ψ(p, c) between p and c is defined by

Equation 4.7 (see Figure 4.5.B):
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Figure 4.5: llustration of penalization factor calculation. (A) Hierarchical annotation of the
functional module defined in Figure 7 and (B) Dissimilarity score ψ(p, c) for a parent p = v
and a child c = g1

ψ(p, c) =
1

|Ap|
×
∑
t∈Ap

min
t′∈Ac

d(t, t′), (4.7)

where the distance d(t, t′) is the length of the shortest simple path (t′ ≺ t) from node t′ to t in

T , or d(t, t′) =∞, if t′ and t are not related.

Given Equation 4.7, the penalization factor λ(p) for the parent node p ∈ V (M) is then

defined by Equation 4.8:

λ(p) =

[
1 +

1

ωλ
max
c∈Cp

ψ(p, c)

]−1

(4.8)

For the example in Figure 4.5, λ(v) = 0.95 for ωλ = 10, because the dissimilarity scores

between v and its children g1 and g2 are 0.5 and 0, respectively. Also, Figure 4.6 depicts the

behavior of λ(p) for different values of ωλ in Equation 4.8, as the maximum value of ψ(p, c)

varies from zero to its maximum possible value of the tree depth DT in the taxonomy T . If ωλ

increases from one to 100, then node score’s penalty decreases from 50% (even for immediate

neighbors in ψ()) to 13% (for the largest taxonomy depth DT = 15 in the Gene Ontology [3]).

More information on choosing ωλ values can be found i Choosing ωλ value section.

4.1.3 Assessing Statistical Significance

To provide a robust assessment of statistical significance for SHMS(M), we measure an empirical

p−value for SHMS(M) score assigned to each hierarchical module M using the Monte Carlo

procedure described in [125]. Specifically, for hierarchical module M over a set of |G| genes from

organism O, we randomly sample N subsets of size |G| from the entire genome of organism O,

build the hierarchy, and compute the SHMS(). Then, we estimate an empirical p−value for

SHMS(M) as p−value=R/N , where N is the total number of random samples (N ∼ 1000) and
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Figure 4.6: Comparison between the three penalization factor functions considered

R is the number of the samples that produce a test statistics SHMS() greater than or equal to

the SHMS(M).

4.1.4 Fuzzy Reconstruction of Hierarchical Modularity

In Hierarchical gene module section, the hierarchical structure for a gene moduleM was provided

as an input. Based on this structure and the hierarchical taxonomy of functional annotation

terms (Hierarchical taxonomy of functional terms section), we provided means both for infer-

ring M ’s hierarchical functional annotation (Hierarchical functional annotation section) and for

estimating M ’s functional coherency via hierarchical modularity scoring (Functional coherence

section).

In contrast, here we consider a somewhat inverse problem, namely, the reconstruction of a

hierarchical structure of a functional module M defined by its gene set G. G is often referred as

a “bag of genes.” On the one hand, it seems that any hierarchical clustering method could be

used to reconstruct the hierarchical functional modularity from such a “bag of genes.” On the

other hand, the presence of multi-functional genes suggests that the same gene could belong to

multiple subtrees in the hierarchy—the property that is not often guaranteed by any hierarchical

clustering method. Therefore, we will first need to introduce “fuzziness” into the process of

building a functional hierarchy for G. For example, in Figure 5, a bag of genes containing SPC24,
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TID3, NUF2, and FHL1 and a functional annotation taxonomy T are provided as input to the

method. It is known that SPC24, TID3, and NUF2 are functionally related because they are

part of the Ndc80 protein complex but SPC24 is also trnascriptionally regulated by FHL1 [95]

and so SPC24 is part of multiple subtress and, hence, fuzziness is introduced.

Existing fuzzy clustering schemes typically introduce some fuzziness into some known clus-

tering algorithm. C-means [10, 178] is a typical example of this kind. Others are typically

partitional by nature [43, 66, 67]. Agglomerative fuzzy clustering algorithms are not common,

because agglomerative techniques are considered “hard clustering,” i.e., it becomes difficult to

move an element from an existing cluster to a new cluster. Ideally, any fuzziness in a clustering

procedure should be introduced, while the hierarchy is being built and not as a post-processing

step.

To meet these requirements, we propose a taxonomy-based, agglomerative, fuzzy inference

(TAFI) of the hierarchical gene module M from a gene set G, provided each gene g ∈ G

is annotated with an unrelated functional term set Ag ⊂ A in a hierarchical taxonomy T of

functional annotation terms A (see Hierarchical taxonomy of functional terms section). The

overview of this method is provided in Figure 5.

Similar to an agglomerative hierarchical clustering (AHC) process, TAFI starts with assign-

ing each gene to its own cluster and proceeds building the hierarchy in an iterative, bottom-up

manner, but it introduces fuzziness by allowing multiple cluster pairs to merge simultaneously

at each iteration. The two user-defined parameters control this fuzziness process at each itera-

tion: (a) the merging factor µ and (b) the stopping criterion τs. The former defines what cluster

pairs get merged at a given iteration it. Namely, unlike traditional AHC that merge the pair

of clusters with the maximum similarity Smax(it), TAFI allows for clusters with suboptimal

similarity to be merged as well. Suboptimality is defined by the percentage µ of Smax(it). In ad-

dition, TAFI prevents the formation of unrelated clustering modules by stopping the bottom-up

cluster merging process at iteration ît as soon as Smax(ît) value falls below τs.

Note that Horng et al. [65] proposed to merge the cluster pairs whose similarity is greater

than Smax(i) −∆ unlike TAFI’s way of restricting to µ
100 × Smax(i) similarity threshold. The

reason behind our choice of multiplicative factor rather than additive/subtractive factor is the

following. If ∆ = 0.1 and Smax(i) = 0.5, then any cluster pair with inter-cluster similarity

greater than 0.4 would be merged. The value of 0.4 is 80% of 0.5. However, if Smax(i) = 0.2,

then any cluster pair with inter-cluster similarity greater than 0.1 would be merged, but the

value of 0.1 is only 50% of 0.2. The criterion becomes more stringent with a larger value of

Smax() and, conversely, it becomes more lenient, as Smax() gets smaller. In contrast, our choice

of the merging factor allows for resolving this inconsistency issue.

Also, observe that multiple merges at each iteration can sometimes result in the same subtree

being formed repeatedly. This leads to redundancy. Thus, TAFI employs pruning, where a
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merge is allowed only if the merge results in a subtree that has not been already formed.

In addition, we need to make two important decisions in order to apply TAFI: (1) the

inter-cluster similarity measure and (2) the linkage algorithm. For the inter-cluster similarity

measure, we use Equation 4.6 that calculates the hierarchical modularity score SHMS(M) for a

hypothetical module M that could be formed if the two clusters, or hierarchical tree modules M1

and M2, were merged by adding a new root node vnew and making the root nodes v1 ∈ V (M1)

and v2 ∈ V (M2) to be the children of vnew.

It is worth noticing that SHMS(M) is a semi-metric, and this property has direct implications

on our choice of the base clustering algorithm. Since semi-metrics do not adhere to the triangle

inequality principle, we can resort to an average, single, complete, or centroid linkage algorithm

as our base clustering technique. Therefore, the effective clustering techniques, such as Ward’s

method cannot be used in conjunction with semi-metrics [92].

4.2 Results

4.2.1 Benchmark Data and Tools

To evaluate the performance of our method, we first need to define (1) the model organism;

(2) the benchmark data of known functional annotations for this organism; (3) the hierarchical

taxonomy of functional terms, and (4) the state-of-the-art methods that are most suitable for

our comparative analysis.

Saccharomyces cerevisiae is our model organism. The reason is that its genome annotation

is mostly complete and manually curated by human experts [21]. Apart from annotation qual-

ity, the availability of functional module datasets, both manually curated and experimentally

generated, for S. cerevisiae is advantageous for our method validation purposes.

For benchmark data, we plan to use both metabolic pathways from KEGG database [75,

76, 77] and protein complexes in MIPS database [52] including experimental protein-protein

interaction data and protein complexes derived from this data [22, 41, 62, 91, 137].

For the hierarchical taxonomy of functional terms, we will rely on the commonly-used func-

tional annotation taxonomy provided by the Gene Ontology consortium [3]. As such, we will

limit ourselves to the existing methods that are also based on GO ontology. Namely, we will

compare our method with the ones by Pandey et al. [130, 131], Chen et al. [21], and GS2 [146]

methods. The former makes use of the lowest common ancestor principle to score functional

coherence for a protein pair; it is based on Jiang and Conrath’s scoring method [71], which is a

normalized version of the scoring method in Resnik et al. [141]. It has been shown that Jiang

and Conrath’s method is the best measure to capture semantic relatedness [18]. The method by

Chen et al. is based on a widely used cosine similarity measure to assess functional coherence
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Figure 4.7: Functionally coherent modules from the Chen and Yuan [22] study. (A) Module
ID M1 and (B) Module ID M3

for a protein pair and the authors provide a Matlab implementation for the same. The GS2 [146]

uses the overlap similarity measure, and the authors provide a Python implementation for the

same. Additionally, we perform comparisons with methods described in [8, 13, 66, 67, 115, 146].

These methods [13, 66, 67, 115] have web-based implementations. The p-value for our method

is calculated using the Monte Carlo procedure [125] and is discussed in detail in the Methods

section.

We conducted three major types of performance evaluation: (1) at the level of functional co-

herency for protein pairs; (2) at the level of functional coherency for protein functional modules

(with two or more proteins in each); and (3) functional annotation of reconstructed hierarchi-

cal functional modules. Both large-scale comparative analysis and small-scale literature mining

based validation are performed.

4.2.2 Functional Coherency of Protein Functional Modules

Detailed biological analysis of modules from Chen and Yuan [22]

Two functional modules, M1 (Figure 4.7.A) and M3 (Figure 1.B), with the same ID’s as in [22],

have been reported as insignificant by several existing functional enrichment analysis methods

(see Table 4.2). We used the web-based implementations for the functional enrichment analysis

methods. However, the modules were identified as significant by our HMS method. In the

following paragraphs, we provide biological evidence for the subtrees in the functional hierarchy

of the two modules.

In module M1 (see Figure 1.A), GAL1 is the galactose structural gene and GAL3, GAL4,

and GAL80 are transcriptional regulators involved in activation of the GAL genes in response

to galactose; they form a sub-module in the hierarchy. The pair-wise functional associations
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Table 4.2: Functional modules evaluated using existing enrichment analysis tools in comparison
with HMS. The first two rows show two homogeneous functional modules and the next two rows
of the table show heterogeneous functional modules that have coherent submodules. Functional
modules have been obtained from Chen and Yuan [22] of the Saccharomyces cerevisiae PPI
network

p-value
Module ID [13] [66, 67] [8] HMS

M12 1.02E-12 3.4E-19 5.73E-01 0.00

M94 1.05E-07 4.0E-7 6.03E-04 0.00

M3 1.0 0.1 1.0 0.02

M1 1.0 0.18 1.0 0.04

between these genes are well-documented. Transcription of the galactose pathway genes in

Saccharomyces cerevisiae (S. cerevisiae) and Kluyveromyces lactis (K. lactis) is induced by

galactose through the activities of the regulatory proteins, GAL4, GAL80, and GAL3 (S. cere-

visiae) or GAL1 (K. lactis) [73, 150]. GAL4 binds to its binding sites in both the absence

and the presence of galactose [157]; it has the capacity to activate transcription, while GAL80

inhibits GAL4 in the absence of galactose [133]. At the presence of galactose, GAL3 (GAL1 in

K. lactis) binds to GAL80 that alleviates the inhibition effect of GAL80 upon GAL4 [134].

PMA1 and PMA2 form another sub-module that encodes plasma membrane H+-ATPase

(PM-H+-ATPase), an enzyme with critical physiological roles both in the absence or presence

of environmental stress. PMA2, showing 89% identity to PMA1 at the amino acid sequence

level, encodes an H+-ATPase that is functionally interchangeable with the one encoded by

PMA1 [151].

The third sub-module involves DAP1, the damage response protein, and YGP1 induced by

nutrient deprivation-associated growth arrest. DAP1 is required for growth in the presence of

the methylating agent methyl methanesulfonate (MMS). DAP1 is required for cell cycle pro-

gression following damage [56], while YGP1 is induced after exposing cells to nutrient limitation

[56]. It has already been demonstrated that exposure to one kind of stress can activate pro-

tective mechanisms against other different stresses, a phenomenon known as cross-protection

[138]. Since DAP1 and YGP1 act both in the process of stress response, cross-protection might

associate these two genes together.

The same relationship based on cross-protection can be observed in another sub-module that

consists of YBP2 that plays the role in resistance to oxidative stress and HRT1 that is involved

in stress response. The transcription factor YBP2 and its homologue play central roles in the

determination of resistance to oxidative stress [53], while HRT1 forms ubiquitin ligase complex

with other scaffold proteins [84]. The critical stress response factor Nrf2 has been shown to be
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repressed by the ubiquitin-proteasome system under normal, unstressed conditions, with Nrf2

exploiting ubiquitin ligase complexes [86].

The next module is made up of PMA1 and TPO5 that are involved in excretion of putrescine

and spermidine. TPO5 functions as a suppressor of cell growth by excreting polyamines [169].

PMA1 is a polytopic membrane protein, whose essential physiological function is to pump

protons out of the cell. Both the excretion of putrescine by TPO5 and the delivery of PMA1

to cell surface rely on secretory pathway. Furthermore, small portions of TPO5 are co-localized

with PMA1 in plasma membrane, which indicates possible interactions between these two

proteins [184].

PMA1 also forms a sub-module together with RVS161 that regulates polarization of the

actin cytoskeleton. RVS161 regulates secretory vesicle trafficking [16] as well as cell polarity

[34], actin cytoskeleton polarization [162], and endocytosis [119]. It is already known that the

efficient delivery of PMA1 to cell surface relies on secretory pathway[184]. Thus, RVS161 has

a regulatory effect upon PMA1.

Genes in this module have coherent functions, namely more than half of the proteins in this

module are related to stress response, five out of 20 total have regulatory roles in cell cycle,

four out of 20 total are evolved in endocytosis. Stress conditions are likely to cause cell cycle

arrest, as well as endocytosis induction.

For module M3 (see Figure 1.B), the vast majority of the genes in the module enjoy oxidative

stress response as the common theme. SOD2 protects cells against oxygen toxicity and TSA2,

responsible for the removal of reactive oxygen, directly protects cells against oxidative stress,

while PXR1 plays the role in negative regulation of telomerase, and YKU80, a subunit of the

telomeric Ku complex, contributes to the maintenance of telomere stability, since oxidative

stress is likely to induce telomere attrition [104].

Meanwhile, proteolysis could also be the result of oxidative stress: YNL311C is part of

an ubiquitin protease complex, DEF1 enables ubiquitination, DMA1 is involved in ubiquitin

ligation, and DMA2 is involved in ubiquitination [49]. Since proteolysis involves many protein

transportation processes, the signal recognition particles are essential to enable transportation:

SRP14, SRP21, SRP54, SRP68, SRP72, and SEC65 are all part of the signal recognition

particle (SRP) subunit, and appear in module M3.

Furthermore, Wu et al. [190] showed that repression of sulfate assimilation is an adap-

tive response of yeast to the oxidative stress of zinc deficiency, while we notice that MET1,

MET10, MET14, MET16, and YPR003C are basic proteins or protein subunits that are re-

quired for sulfate assimilation. Finally, oxidative phosphorylation produces ATP by utilizing

electron transport trains. As a result, the inhibition of electron transport chain will lead to

oxidative stress [39]. That is probably why ATP3, ATP5, and ATP7 are all part of the enzyme

complex required for ATP synthesis. Also, STI1, ATPase inhibitor activity, and YBT1, ATPase
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Figure 4.8: Functional coherence analysis of protein complexes from MIPS-curated [52], Ho
[62], Gavin [41], and Krogan [91] as well as metabolic pathways from KEGG. Comparison
between our HMS scoring, cosine similarity with different -value methods from [21], Jaccard
similarity with different value methods from [21] and GS2 [146] methods. (A) Significant Mod-
ules (p-value ≤ 0.05 and (B) Highly Significant Modules (p-value≤ 0.001)

activity, coupled to transmembrane movement of substances, are part of the module.

Large-scale Analysis of Protein Functional Modules

Protein functional modules predicted by Chen et al. using their betweenness-based network

partitioning algorithm [22] and protein complexes from CYS2008 database [137] are analyzed

as modules for their functional coherency. Table 4.3 summarizes the results obtained by our

HMS scoring method and GS2 [146] method for both significant (p−value≤ 0.05) and highly

significant (p−value≤ 0.001) cut-offs. HMS predicted 96.7% of the CYS complexes and 63.5%

of the modules from Chen and Yuan study to be significant. GS2 predicted 79.5% of the CYS

complexes and 42.6% of the modules from Chen and Yuan [22] to be significant. The results

can be found in Supplement S1.

HMS comparison with protein-set semantic similarity scoring metric

Protein pairs from the same protein complexes in [41, 52, 62, 91] or the same metabolic pathways

in KEGG [75, 76, 77] are assessed for functional coherency using HMS scoring method, the cosine

similarity metric [21], the Jaccard similarity metric [21], and the GS2 [146] method. We filter

our results as being significant (p−value ≤ 0.05, Figure 4.8.A) and highly significant (p−value

≤ 0.001, Figure 4.8.B).

For MIPS-curated data [52], HMS, cosine, and Jaccard methods predicted nearly 100% of

the protein functional modules as being functionally coherent, while GS2 only predicted 84%

to be significant. For Ho et al. data [62], HMS, on average, provided 30% higher predictions

than other methods. For Krogan et al. data [91], HMS performed 20% better than the other

methods, on average. For KEGG data, our HMS method, on average, performed 8% better than

the other methods. For Gavin et al. data [41], HMS performed about 15% better, on average.

Additionally, Chagoyen et al. [21] mentioned some complexes and pathways that in spite of
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Table 4.3: Percentage of significant (p-value≤ 0.05) and highly significant (p-value≤ 0.001)
functionally coherent modules from Chen and Yuan [22] and CYS2008 [137]

Dataset Method Significant Highly significant

CYS2008 protein complex database [137] HMS 96.7% 82.9%

GS2[146] 79.5% 40.1%

Chen and Yuan [22] HMS 63.5% 46.4%

GS2[146] 42.6% 29.8%

being functionally related were predicted incoherent. We list some of those modules in Table

4.4 and show that our HMS method is able to predict them as functionally related.

Table 4.4: HMS results for some KEGG metabolic pathways and MIPS protein complexes [21]
classified as insignificant by Chagoyen et al. [21]

Chagoyen et al. [21] HMS
Pathway or
Complex Name

Size pv1 pv2 pv3 SHMS p-value

DNA helicases 2 4.12E-01 5.36E-01 5.36E-01 0.21 0.0

Mitochondrial pro-
cessing complexes

4 1.05E-01 1.46E-01 2.73E-01 0.35 0.0

Tryptophan
metabolism

16 7.67E-02 4.12E-01 5.08E-01 0.34 0.0

Lipoic acid
metabolism

3 4.09E-01 4.69E-01 4.69E-01 0.50 0.0

Limonene and
pinene degradation

6 2.59E-01 4.13E-02 1.66E-01 0.30 0.0

4.2.3 Functional Coherency of Protein Pairs

HMS comparison with pair-wise semantic similarity metrics

We also calculated HMS score for 150 functionally-associated protein pairs and compared these

scores with the HMS scores for an equal number of non-functional protein pairs in S. cerevisiae.

The former were obtained from STRING [70] with a strong functional association score of 999

out of 999. The latter were sampled from those pairs that were not scored in STRING (i.e.,

there is no evidence for their functional association). We also performed a similar analysis using

four other pair-wise protein similarity scores, Pandey et al. [130, 131] metric, GS2 [146] metric,

overlap score [115], and cosine similarity [21, 115]. The results of the analysis are summarized in
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Table 4.5. For all methods, the mean score for the functionally-associated pairs is significantly

different from the mean score for the non-functional pairs, but HMS has the lowest p−value.

Additionally, we calculated the percentage of the total number of pairs whose score is lower

than the maximum score of the non-functional pairs but greater than the minimum score of

the functionally-associated pairs. We found that except for HMS and Pandey et al. [130, 131],

all the other methods have an overlap. This is one of the reasons why we selected Pandey et

al. [130, 131] method for comparison in the next section.

Table 4.5: Comparison of pair-wise semantic similarity metrics using functionally-associated
and non-functional protein pairs

Functionally-
associated
Pairs

Non-
functional
Pairs

Method Ref.

Mean Std
Median

Mean Std
Median Overlap

(%)

p-value

HMS 0.56 0.06 0.53 0.02 0.03 0.0 0 3.89E-61

GS2 [146] 0.78 0.18 0.79 0.38 0.13 0.36 63.2 8.42E-74

Pandey [130,

131]

0.71 0.23 0.73 0.07 0.02 0.06 0 6.53E-29

Overlap
Score

[115] 0.91 0.13 1.00 0.41 0.33 0.25 54.8 8.59E-40

Cosine
similar-
ity

[21,

115]

0.78 0.17 0.80 0.20 0.08 0.20 6 3.05E-94

We analyzed some functionally-associated protein pairs from STRING that were classified as
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functionally coherent and thus biologically relevant (p−value ≤ 0.05) by our method, yet were

assessed as incoherent by Pandey’s et al. We found literature support for biological relevance of

these protein pairs. The results are summarized in Table 1. RPB9 and SRB2 proteins are part

of RNA polymerase II holoenzyme in S. cerevisiae [121]. SNU13 and DIB1 proteins have been

shown to be associated with the U4/U6U5 pre-mRNA splicing small nuclear ribonucleoprotein

(snRNP) complex [166]. HAP1 and RPM2 are related by the fact that RPM2 is required for

repression of the heme activator protein HAP2 in the absense of heme [55]. When NSR1 was

used as a bait in the protein-fragment complementation assay (PCA), the experiment pulled

out DBP2 as one of its prey proteins [170].

4.2.4 Inferred Hierarchy of Functional Modules

To assess the quality of the hierarchy of functional modules derived from a given “bag of

genes” using our HMS scoring metric and the hierarchical modularity inference methodology

described in the Methods section, we assess the consistency between the predicted hierarchy

and the hierarchy of known functional concepts in KEGG and MIPS databases. Remind that

HMS, by default, uses GO ontology as its hierarchical taxonomy of functional terms.

Consistency Analysis for KEGG Metabolic Pathways

Note that each metabolic pathway is a functional module. We consider the genes from several

metabolic pathways as one “bag of genes” to build the hierarchy of functional modules. If the

constructed hierarchy of functional modularity is biologically relevant, then the genes in each

pathway should form a subtree in the hierarchy and not be “contaminated” by the genes from

the other pathways. We set the fuzziness to null before running the algorithm in order to be

able to use standard clustering validation metrics like the Heidke Score [59], Gerrity Score [42],

and Peirce Score [132].

Since KEGG is organized into a three level hierarchy, the pathways at the lower levels of

the hierarchy are functionally more coherent. Hence, they should be harder to separate into

different subtrees. This hierarchical specificity of the KEGG knowledgebase provides us with

an opportunity to check both the specificity and the sensitivity of our hierarchical modularity

inference method.

We build contingency tables to provide a mathematically and statistically sound way for

assessing the performance at large-scale. To construct a contingency table, the inferred hierarchy

is first cut at the level that produces s subtrees that are then compared with s pathways used

as input to the algorithm. In the ideal scenario, all the genes in a given pathway (or row in the

contingency table) will end up in the corresponding subtree (or the column in the contingency

table) and vice versa; or the contingency table will form a diagonal matrix with the number
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of pathway genes along the diagonal and zero’s on the off-diagonal elements of the table. By

completing such a contingency table, we could then utilize various skill metrics, such as Heidke

Score [59], Gerrity Score [42], and Peirce Score [132], to measure the goodness of the predicted

hierarchical modularity.

We also performed all the experiments by replacing the SHMS scoring metric with the one

proposed by Pandey et al. [130, 131] and compiled the results in Table 4.6. We found that at

“Level 1” in the KEGG hierarchy, both methods had a perfect score of 1.0 for all three metrics,

but as we moved down the hierarchy, we found that our method performed consistantly better

than Pandey’s et al. [130, 131]. At “Level 2,” we found that our method performed 6%, 7%,

and 8% better in terms of the Heidke score, the Pierce score, the Gerrity score, respectively.

At “Level 3,” which is probably the hardest of the three in terms of pathways seperability, we

performed about 13%, 6%, and 2% better for the same skill metrics.

Table 4.6: Skill metrics for Saccharomyces cerevisiae KEGG experiments

KEGG Heidke Score Pierce Score Gerrity Score

HMS Level 1 1±0 1±0 1±0

[130, 131] 1±0 1±0 1±0

HMS Level 2 0.97±0.04 0.98±0.05 0.98±0.05

[130, 131] 0.91±0.1 0.91±0.12 0.90±0.12

HMS Level 3 0.90±0.03 0.90±0.05 0.90±0.06

[130, 131] 0.77±0.14 0.84±0.10 0.88±0.07

Consistency Analysis for MIPS Protein Complexes

Protein complexes are functionally coherent modules, and hence experiments similar to the

ones preformed using KEGG pathways can be designed. The results can be found in Table 4.7.

We compared the mean score reported for our method and the one proposed by Pandey et al.

We found that at “Level 1” in the MIPS hierarchy, our method performed 12% better than

Pandey’s et al. for both the Heidke and Pierce scores and 13% better for the Gerrity score. At

“Level 2,” our method performed approximately 26% better in terms of the Pierce Score and

35% and 26% better in terms of the Heidke and Gerrity scores, respectively. The results can be

found in Supplement S2.
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Table 4.7: Skill metrics for Saccharomyces cerevisiae MIPS experiments

MPact-MIPS Heidke Score Pierce Score Gerrity Score

HMS Level 1 1±0 1±0 1±0

[130, 131] 0.88±0.25 0.88±0.25 0.87±0.26

HMS Level 2 0.89±0.14 0.90±0.13 0.90±0.13

[130, 131] 0.54±0.37 0.64±0.27 0.64±0.27

4.2.5 Effect of Fuzziness

To evaluate the effect of incorporating fuzziness into the reconstruction of hierarchical mod-

ularity, we selected several KEGG pathways with common genes and then reconstructed the

hierarchy with the fuzziness parameter µ = 0.90. For each pathway, we identified the corre-

sponding cluster with the maximum gene overlap (at least 75%). We analyzed multi-pathway

genes in terms of their membership in the corresponding clusters. Table 4.8 summarizes the

results of the analysis for multi-pathway genes. Except for UGA1 gene, which was missed in the

cluster corresponding to the Valine, leucine and isoleucine degradation pathway, all the other

genes were properly identified in their corresponding clusters.
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Table 4.8: Consistency of multi-pathway genes across clusters that enrich the corressponding pathways

Genes
Pathways ALD4 ALD5 ALD6 ERG10 ERG13 SHM1 SHM2 UGA1 POX1

Propanoate metabolism 1/1 1/1 1/1 1/1 0/0 0/0 0/0 1/1 0/0

Valine, leucine and isoleucine
degradation

1/1 1/1 1/1 1/1 1/1 0/0 0/0 1/0 0/0

Cyanoamino acid metabolism 0/0 0/0 0/0 0/0 0/0 1/1 1/1 0/0 0/0

Methane metabolism 0/0 0/0 0/0 0/0 0/0 1/1 1/1 0/0 0/0

beta-Alanine degradation 1/1 1/1 1/1 0/0 0/0 0/0 0/0 1/1 0/0

Synthesis and degradation of ke-
tone bodies

0/0 0/0 0/0 1/1 1/1 0/0 0/0 0/0 0/0

Lysine degradation 1/1 1/1 1/1 1/1 0/0 0/0 0/0 0/0 0/0

Biosynthesis of unsaturated fatty
acids

0/0 0/0 0/0 0/0 0/0 0/0 0/0 0/0 1/1

Fatty acid metabolism 1/1 1/1 1/1 0/0 0/0 0/0 0/0 0/0 1/1

86



Figure 4.9: Effect of different values of ωλ on the SHMS() score

4.2.6 Choosing ωλ Value

Our ωλ selection strategy aims to optimize the method performance on a validation set of protein

complexes, that are essentially known functional modules (Figure 4.9). This prior knowledge

is derived from manually curated set of complexes from MPact-MIPS [52] database. Starting

with the most conservative value of 1 for the ωλ value, for each ωλ value, we calculate the

accuracy of identifying known protein complexes from the validation set as being statistically

significant. We pick a value that is lenient enough to classify most of the known functional

modules (manually curated protein complexes) as significant, while being stringent enough to

avoid predicting random modules from getting high SHMS scores. Thus, we select the largest ωλ

(in this case (ωλ = 10)) value that ensures that at least 95% of the validation protein complex

set is predicted as being statistically significant. The significance of a protein complex score is

calculated using the Monte Carlo method discussed in the Methods section (using a p−value

threshold of 0.05).

4.3 Conclusion

We developed a method to assess biological significance (functional coherence and annotation)

of gene sets taking into consideration their hierarchical modularity. The method shows an
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improved performance in comparison to the current state-of-the-art functional coherence and

annotation analysis methods when evaluated on several known functionally coherent gene sets.
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Chapter 5

Conclusion and Future Work

The central hypothesis of this thesis is Phenotype-centric hierarchical-modularity driven network

biomarker discovery and analysis will enhance the performance of phenotype-related biomarker

identification and improve phenotype diagnostics and prognostics using such biomarkers. The

thesis proposed three methodologies towards this hypothesis. We have presented empirical re-

sults showing the efficacy and applicability of our methods.

The subsystem crosstalk level methodology is to the best of our knowledge the first to sys-

tematically identify network biomarker crosstalks, taking into account the multiple biological

clues. The method when applied to the Alzheimer’s disease phenotype, identifies crosstalks

that are expected to be found and novel crosstalks that require further investigation. Further-

more, empirical results demonstrate the value of crosstalk biomarkers in Alzheimer’s disease

prognosis—improving prognosis accuracy by 15.9% compared to current state-of-the-art.

The subsystem level methodology analyzes hundreds of organismal networks to enumerate

the phenotype-related network biomarker subsystems avoiding several of the pitfalls of the

current state-of-the art methodology. The method has been applied to microbial phenotypes

such as acid tolerance, motility, gram stain, and biohydrogen production. The method captures

biomarkers verified by existing literature as well as novel subsystems whose relationship with

the phenotype can be biologically explained.

The individual gene level methodology evaluates network biomarkers for functional coher-

ence and assigns a hierarchy functional annotations by considering the constituent gene sets

as hierarchically organized components. The method demonstrates a 15%-30% improvement in

performance compared to the current state-of-the art methods.

However, the thesis does not purport to represent the fully comprehensive closure of all

valid or effective approaches to the problem of hierarchical modularity driven phenotype-related

network biomarker identification and analysis. The following sections describe major directions

for future work.
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5.1 Causative Network Biomarkers

The network biomarkers identified so far have an “associative” relationship with the pheno-

type. Moving towards “causal” relationships is a natural progression. Causal relationships can

be looked at from two perspectives. The first perspective looks into causality between the

biomarker and the phenotype, to decide if the variations in the network biomarker (A) such

as missing edges human brain network biomarker, caused the phenotype (B) such as dementia

or vice versa. The second perspective looks into causal crosstalks to help understand if the

structural and functional variations in a subsystem A caused a variation in subsystem B, A→
B, or vice-versa. The methodology can use the reference map built earlier and evaluate the

edges for directionality, i.e., decide if the undirected associative edges can be converted into

directed causal edges. Causal relationships are of significant value because the (A→B)-type

causal relationship would provide more specific targets for clinical interference.

The existing methods [38, 85] in this space primarily look at causality between genes or gene

sets not taking into consideration the network biomarker structure. There are several computa-

tional challenges in this space. The causality relationships between a pair of biomarkers and be-

tween biomarker-phenotype pairs are likely non-linear. Identifying causal relationships between

overlapping subsystems is non-trivial. Hierarchical-modularity adds a layer of complexity; it is

imperative to understand how causality at one level of the hierarchy (say, at the individual gene

level) can be translated into the next level in the hierarchy (say, at the subsystem level). The

final challenge lies in identifying causal relationships that are conserved across organisms—to

analyze if strategies used for “associative” relationships would suffice for “causal” relationships.

5.2 Dynamic Network Biomarkers

This thesis discussed methods for comparative network analysis of static biological networks,

i.e, networks without a temporal component. However, the trend in the recent past has been to

collect longitudinal patient-specific data (e.g., ADNI Initiative), i.e., to collect patient variables

at regular time intervals, over several years. Dynamic network biomarkers are biomarkers that

are identified at a given timestamp, and then monitored and evaluated at different stages and

time points during development of disease. Dynamic network biomarkers will likely demon-

strate changes at various stages of the disease and improve phenotype specificity of identified

biomarkers[185].

Dynamic biomarkers will help in further understanding not only disease progression but also

identifying certain other factors (e.g., environmental factors) that maybe contributing to faster

(or slower) disease progression. This kind of analysis when performed on normal patients can

help cancel out effects/changes that are not related to a specific-disease but related to normal
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“wear and tear” of the human body. Dynamic network biomarkers can be utilized to compare

patients in different cohorts even if the actual timelines of data collection is different, since the

trajectory of the biomarker rather than the actual measurements are compared.

There are several computational challenges in this space. Matching network biomarkers

across two time stamps is non-trivial. The network could have undergone perturbation across

two timepoints. Tracking all network biomarkers across all timepoints is computationally in-

tensive. In addition, the method should take into consideration that at each time-stamp, new

biomarkers may appear and some existing ones may disappear, several biomarkers may combine

and a single biomarker may split and so on. The methodology should handle updates, i.e., data

collected at future timepoints should not require complete reruns of the method.

5.3 Multi-phenotype Network Biomarkers

The current methodologies look at phenotypes one-at-a-time; however, in the real-world, pheno-

types do not occur independently but as a combination. It is necessary to explore and develop

methodologies that can find network biomarkers that are biased towards two or more traits

simultaneously. For example, diseases such as Alzheimer’s, hypertension, heart problems, and

diabetes often co-occur [120]. These diseases, if analyzed together, may provide useful informa-

tion that can be utilized in effective drug discovery.

5.4 Prediction of Missing Values

Prediction of missing values is an important area of research that will complement all the meth-

ods developed in the network biomarker space. Solutions to this problem will likely improve the

stability, utility, and robustness of methods developed in the research areas discussed previously.

In disease prognostics, missing data often leads to omitting patients from the analysis since the

usual strategies of using the mean or mode values are not sufficient. We need more intelligent

and domain-specific techniques to fill in missing values. The most recent papers [191, 196] on

the topic build different prediction models for different subsets of patients and then use the

features with known values for a patient to predict values of missing variables. However, it

would be worthwhile investigating this problem more systematically by addressing the follow-

ing challenges. Different features follow different patterns and a “one glove fits all” strategy

might not necessarily work. For example, the missing value solution for the PET data would

likely be different from the MRI data. Another challenge is to decide when to use a methodology

to fill in missing values and when to omit the data point. There is also a need to estimate an

error margin for the predicted missing values. This would also help calculate a confidence to

prognosis performed incorporating the predicted missing values.
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