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ABSTRACT

Motivation: Alzheimer’s Disease (AD) is a highly prevalent, neurodegenerative

disease which causes gradual cognitive decline. As documented in the literature, evi-

dence has recently mounted for the role of metabolic dysfunction in AD. Metabolomic

data has therefore been increasingly used in AD studies. Metabolomic disease studies

often suffer from small sample sizes and inflated false discovery rates. It is therefore

of great importance to identify algorithms best suited for the inference of metabolic

networks from small cohort disease studies. For future benchmarking, and for the

development of new metabolic network inference methods, it is similarly important

to identify appropriate performance measures for small sample sizes.

Results: The performances of 13 different network inference algorithms, includ-

ing correlation-based, regression-based, information theoretic, and hybrid methods,

were assessed through benchmarking and structural network analyses. Benchmark-

ing was performed on simulated data with known structures across six sample sizes

using three different summative performance measures: area under the Receiver Op-

erating Characteristic Curve, area under the Precision Recall Curve, and Matthews

Correlation Coefficient. Structural analyses (commonly applied in disease studies),

including betweenness, closeness, and eigenvector centrality were applied to simu-

lated data. Differential network analysis was additionally applied to experimental

AD data. Based on the performance measure benchmarking and network analysis

results, I identified Probabilistic Context Likelihood Relatedness of Correlation with

Biweight Midcorrelation (PCLRCb) (a novel variation of the PCLRC algorithm)

to be best suited for the prediction of metabolic networks from small-cohort disease

studies. Additionally, I identified Matthews Correlation Coefficient as the best mea-

sure with which to evaluate the performance of metabolic network inference methods

across small sample sizes.
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Chapter 1

Introduction

1.1 Alzheimer’s Disease

Alzheimer’s Disease (AD) is a slowly progressive neurodegenerative disease that typ-

ically presents as a loss of episodic memory and gradual cognitive decline [85]. AD

is the most common cause of dementia and is best characterized by neuronal loss

and accumulation of β-amyloid (Aβ) and twisted strands of tau protein in the brain

[33]. Tau protein is the major component of neurofibrillary tangles [17, 116] while

Aβ has been shown to be the major component of senile plaques [32, 76]. It has been

speculated that these plaques and tangles impair neural-network activity and damage

the synapses between neurons that form and maintain microcircuits that support a

variety of cognitive functions [85]. For an in-depth review of the evidence implicating

Aβ and tau protein in neurodegeneration, see [33].

AD can be broadly classified as either sporadic AD (sAD) or early-onset AD

(EOAD). EOAD is defined as beginning before age 65 and comprises about 5-6% of

all AD cases [82]. EOAD is more aggressive than sAD and arises from a mutation

in the amyloid precursor protein (APP), or the PSEN-1 or PSEN-2 genes. Each of

these mutations results in increased production of Aβ [16, 64]. No explicit genetic

link has been established as the cause of sAD, though individuals carrying the ϵ4

allele of apolipoprotein E have increased risk of developing AD at a younger age [66].

Current studies predominantly support the Amyloid hypothesis, which proposes that

sAD is determined by genetic instability and is initiated by the accumulation of Aβ

[96].

For both sAD and EOAD, age is the greatest risk factor [30]. It is believed that
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neurodegeneration begins up to 20 years before clinical onset [85]. Even in the case

of transgenic mice specifically engineered to develop EOAD, ageing is required to

observe pathology [38]. This indicates that some mechanism of ageing is required

for neurodegeneration and that the expression of tau protein and Aβ alone are not

sufficient cause for disease [1].

Evidence has recently been mounting for the importance of metabolic decline in

AD pathology [11, 10, 59], with some studies suggesting that AD should be classified

as a metabolic disease [54, 22, 19]. Metabolism is the set of chemical reactions in which

metabolites (small molecules) act as substrates or products. These enzyme-catalyzed

reactions allow organisms to grow, reproduce, and respond to their environments.

Metabolism is known to alter with age, and such alterations are now being considered

potential causes of AD [54, 5]. The ageing process can be characterized metabolically

by insulin resistance, changes in body composition, and physiological decline of growth

hormones, insulin-like growth factor-1 (IGF-1), and sex steroids [5]. Through review

of the role of metabolism in AD, Kang et al. suggested that metabolites such as insulin

and reactive oxygen species could be therapeutic targets for developing effective AD

treatments [54]. For a more in-depth review of the role of metabolism in ageing, AD,

and other neurodegenerative diseases, see [54, 11, 107, 5].

1.2 Metabolomics and Lipidomics

The ability to accurately measure multiple metabolites directly from complex biolog-

ical systems has brought forth metabolomics as a promising lens through which to

study AD and other human diseases [27]. The metabolome can be defined as the set

of all small molecule metabolites found in a specific cell, organ, or organism [117].

Metabolomics detects changes in the metabolome, which represents an accurate bio-

chemical profile of the organism in healthy and diseased states [108]. Metabolite

profiling, which quantifies the levels of metabolites in a sample, is an application of

metabolomics that has routinely been used on biological fluids (biofluids) as a way

to characterize the health state of a patient [98]. The availability of biorepositories,

which contain biofluids and tissue samples from control and AD patients, provide an

outstanding opportunity to advance the understanding of sex- and disease-specific

metabolic signatures and mechanisms [115]. Additionally, with blood as a readily

available biofluid for recurrent measures, longitudinal studies using metabolomics

could significantly enhance the precision of individualized medicine [115].
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Lipidomics is a sub-discipline of metabolomics that focuses on the study of cel-

lular lipids (water-insoluble metabolites), which comprise the lipidome. Lipids are

highly dynamic small molecules that play many essential roles in cellular function,

including cellular barriers, membrane matrices, signaling, and energy depots [121, 41].

Given the strong association between lipids and metabolic dysfunction-related dis-

eases, lipidomics can be an important tool for mechanistic studies, risk prediction,

and therapeutic monitoring [79].

Metabolic and lipidomic pathways are largely conserved between species. Mice

share 99% of genes with humans, and mouse models have therefore become a use-

ful tool with which to study AD and other human diseases [90]. Though EOAD

accounts for a small number of cases, mouse models that have been genetically al-

tered to express APP, PS1, and PS2 transgenes have advanced the ability to study

AD mechanisms [115, 56]. Though no existing mouse model perfectly recreates the

complexity of AD as observed in humans, they have substantially aided the study of

AD and AD drug discovery [3]. Together, metabolomic and lipidomic profiling has

provided strong evidence that multiple factors are involved in the pathology of AD

[115].

Meaningful results can be extracted from metabolic and lipidomic data through

the use of network theory [51, 63]. However, previous work has suggested that animal

studies of neurological disorders are often underpowered as a result of small sample

size and a large number of features, among other factors [26, 97, 110]. Underpowered

studies are at greater risk for false positive findings. It is therefore of great impor-

tance to evaluate the performance of network inference algorithms for the specific

application of predicting networks from small sample size metabolic data. If no ex-

isting algorithms are determined to perform well, it would indicate the need for the

development of a new algorithm for this specific application.

1.3 Thesis Objective

The overall objective of this thesis is to contribute to existing literature by iden-

tifying the methods best suited for the inference of metabolic networks from small

sample sizes. In order to identify such algorithms, I first review existing network

inference methods commonly applied to biological studies (see Chapter 2). Of these

reviewed methods, I select those which have either previously been shown to out-

perform other algorithms of a similar type, or have not yet been benchmarked on
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metabolic data for inclusion in performance analyses (see Section 3.2.1). Three main

analyses are conducted to investigate network inference algorithm performance. The

first consists of benchmarking all selected algorithms using three different summa-

tive performance measures against a simulated data set with known structures (see

Section 3.1.1). The second consists of comparing the structural characteristics of pre-

dicted networks against a simulated reference network. The third analysis consists

of comparing the results of Differential Connectivity Analysis (see Section 2.2) when

applied to Alzheimer’s disease networks inferred using different algorithms. Based

on results from benchmarking and the two structural analyses, I identify the algo-

rithm best suited for the inference of metabolic networks from small-cohort disease

studies (PCLRCb, as defined in Section 2.1.5). I also identify the performance mea-

sure best suited for the evaluation of metabolic network inference algorithms across

small sample sizes (MCC, as defined in Section 2.1.1). Identification of this perfor-

mance measure will improve the validity of future benchmarking efforts and aid in the

development of new algorithms specifically for the inference of metabolic networks.

1.4 Thesis Contributions

Through completion of the this thesis, I made the following contributions:

1. I simulated a metabolic data set from a dynamic metabolism model [48].

2. Using this simulated data set with known structures, I benchmarked the per-

formance of 13 network inference algorithms across six sample sizes for three

different summative performance measures.

3. Using both the simulated data and experimental Alzheimer’s data [35, 36], I

examined the effects of selected algorithms on three different node centrality

measures, as well as on Differential Connectivity Analysis (see Section 2.2 for

definitions).

4. I present two novel variations, of the highly regarded Probabilistic Context

Likelihood of Relatedness of Correlation algorithm, PCLRCk and PCLRCb

(see Section 2.1.5 for the definition of PCLRC), for the inference of metabolic

networks. Both variations were found to outperform the original implementa-

tion based on the aforementioned analyses.
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5. Based on benchmarking and structural analysis results, I identified PCLRCb as

the algorithm best suited overall for the prediction of metabolic networks from

small sample sizes for disease studies.

6. Through examination of predicted networks and their structural properties, I

identified Matthews Correlation Coefficient (see Section 2.1.1 for definition) to

be the performance measure best suited for the assessment of metabolic network

inference methods across small sample sizes.

7. I identify the need for a new metabolic network inference algorithm that pre-

serves structural properties.

8. I identify the need for a new summative performance measure that considered

the structural characteristics of predicted networks.
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Chapter 2

Background

In this chapter, I provide background information for a wide variety of network in-

ference algorithms and network analyses. Section 2.1.1 begins with a review of the

measures commonly used to assess the performance of network inference methods.

The terms defined in this section will be referenced throughout the chapter in refer-

ence to previous studies. In following Sections 2.1.2 – 2.1.5, I review network inference

methods that are well-regarded for the inference of biological networks. The reviewed

algorithms are grouped into four method types: correlation-based, information theo-

retic, regression-based, and hybrid. The chapter concludes with Section 2.2, in which

I review several analyses commonly used to investigate the properties of biological

networks in the study of human diseases.
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2.1 Biological Networks

In recent decades, network science has been increasingly recognized as a fundamen-

tal tool for the investigation of complex biological systems [89]. The inference and

subsequent analysis of biological networks has contributed to discoveries in several

fields including neuroscience [29], proteomics [109, 75], transcriptomics [71], and

metabolomics [102, 34]. Biological networks are abstractions of molecular entities

and their interactions, which are represented as nodes and edges, respectively. Edges

are established based on some measure of similarity between biological entities.

In metabolic networks, nodes represent individual metabolites measured in biolog-

ical samples and edges are established between metabolites based on some measure

of similarity. The similarity between two metabolites x and y is calculated from

a paired collection of concentrations. A given metabolite x can be represented as

x = [x1, x2, ..., xn], where instances 1, 2, .....n represent different biological samples

from which the concentration of x was measured. Inference of metabolic association

networks requires paired data of the form: (x1, y1),...,(xn, yn), where xn and yn are the

concentrations of metabolites x and y, respectively, measured from biological sample

n. This data format is assumed for all method descriptions unless otherwise speci-

fied. In its simplest form, the adjacency matrix A of a weighted metabolic association

network can be defined as follows:

Ax,y = S(x, y) (2.1)

where for each entry Ax,y of A, x and y represent a given pair of metabolites, and

S represents a similarity measure produced by a given network inference algorithm.

When some threshold τ is applied to the entries of A, a binary (un-weighted) network

B can be obtained:

Bx,y =

1 if S(x, y) > τ

0 otherwise
(2.2)

Metabolic association patterns are known to change upon perturbation of the sys-

tem, which could be induced experimentally or result from the onset of pathological

conditions [106, 62, 100]. As such, reconstruction of metabolite interactions through

network inference can facilitate investigation of the interactions between different

metabolites in response to disease. The majority of algorithms currently used to infer
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metabolic association networks were originally developed for the prediction of gene

regulatory networks. However, since the focus of this thesis is metabolomics, the

descriptions of all algorithms included in the following subsections will be formulated

with respect to the inference of metabolic networks (i.e., x and y will denote metabo-

lites rather than genes). For a more general review of biological network inference

methods, see [48, 89].

2.1.1 Performance Measures

A variety of measures exist in the literature for the evaluation and comparison of

network inference methods. Within this chapter I discuss previous studies which

compare the performance of various network inference algorithms. I will therefore

provide context and definitions for all referenced measures in the following section.

It should be noted that several of algorithms discussed were previously assessed in

network inference challenges from the Dialogue for Reverse Engineering Assessments

and Methods (DREAM) project [103]. Specifically, the fourth and fifth set of DREAM

systems biology challenges, DREAM4 and DREAM5, which both asked participants

to predict gene regulatory networks from a variety of data sources. Both of these

challenges rely on some combination of the following measures to evaluate algorithm

performance.

Confusion Matrix

When a reference network containing ‘true‘ interactions is available, binary networks

(see Equation 2.1 above) can be assessed as binary classifications. Four results can

occur when comparing predicted classifications to a reference: True Positive (TP),

True Negative (TN), False Positive (FP), and False Negative (FN). These results can

be represented as a confusion matrix (see Figure 2.1).

A variety of measures can be derived from the confusion matrix for the assess-

ment of binary classifications. The following subsections describe a number of these

measures that have been selected for later benchmarking. Each subsection provides a

description of the given measure, as well as justification for its inclusion in this study.

All uses of P, N, PP, PN, TP, FP, TN, and FN in subsequent formulas and definitions

correspond to their meanings within the Confusion Matrix shown in Figure 2.1.
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Figure 2.1: Confusion Matrix illustrating all possible results of binary classification.
A 1 classification refers to a 1 entry in the binary network adjacency matrix (present
edge) and 0 classification indicates a 0 entry in the binary network adjacency matrix
(absent edge). TP is a correctly predicted positive condition, FP is a falsely predicted
positive condition, TN is a correctly predicted negative condition, and FN is a falsely
predicted negative condition.

False Discovery Rate and Positive Predictive Value

One issue plaguing existing network inference methods is the inability to distinguish

between direct and indirect relationships, resulting in a large number of false positive

classifications. It is therefore desirable to minimize the number of false positives

produced by these methods. The false discovery rate (FDR) can be defined as the

likelihood that a predicted positive will be false. FDR is calculated as:

FDR =
FP

PP
=

FP

FP + TP
(2.3)

The positive predictive value (PPV) is the complement of FDR, and can be defined

as the likelihood that predictive positives will be true. PPV can be calculated as:

PPV =
TP

PP
=

TP

TP + FP
(2.4)

Receiver Operating Characteristic Curve

The ROC curve is a plot depicting the trade-off between True Positive Rate (TPR)

and False Positive Rate (FPR), explicit formulas for which are provided below:
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TPR =
TP

P
=

TP

TP + FN
(2.5)

FPR =
FP

N
=

FP

FP + TN
(2.6)

TPR defines how many correct positive classifications are captured in the predicted

network, while the FPR defines how many positive classifications are falsely captured

in the predicted network. The best achievable value for TPR is 1, while the best

achievable value for FPR is 0.

To construct the ROC curve for a given network inference method, TPR and FPR

(Equations 2.5 and 2.6) are calculated for a range of thresholds applied to a weighted

adjacency matrix. The lower limit of this range is the minimum value present in

the (weighted) network, while the upper limit is the maximum value present in the

network. Once calculations have been performed for all thresholds in the range, paired

TPR and FPR observations can be plotted against one another (with TPR along the

y axis and FPR along the x axis, as shown in Figure 2.2).

Area under the ROC curve (AUROC) is a widely used measure of classification

performance that has often been applied to diagnostic tests [74, 120, 8, 61, 39]. It

has been previously shown that while AUROC can discriminate well between ‘bad’

and ‘good’ models, it does not discriminate well between different ‘good’ models [74].

AUROC has also been shown to perform poorly on imbalanced data (i.e., sparse

binary networks, which are common in metabolomics) [7, 123, 40].

Precision-Recall Curve

The precision-recall (PR) curve is a popular alternative to the ROC curve for the

assessment of binary classifiers [18]. The PR curve is a plot depicting the trade off

between PPV (also known as precision, see Equation 2.4) and TPR (also known as

recall, see Equation 2.5). The PR curve can be constructed in the same manner as a

ROC curve, with PPV and TPR calculated in place of TPR and FPR, respectively.

Paired PPV and TPR observations can then be plotted against each other as shown

in Figure 2.3.

Similar to AUROC, area under the PR curve (AUPR) can be calculated to obtain a

summative statistic for the performance of a binary classifier. Due to the imbalanced

nature of binary biological networks, AUPR is becoming increasingly favored over

AUROC as a network inference performance measure in bioinformatics [94].
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Figure 2.2: Example of a ROC curve. A range of thresholds, indicated by the color
bar, are applied to a weighted network. For each binary network produced, TPR
and FPR are calculated against a reference binary network. The paired TPR and
FPR values are then plotted against one another. Area under the ROC curve can be
used as a summative measure of performance. This figure was produced using the R
package PRROC [37].
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Figure 2.3: Example of a PR curve. A range of thresholds, indicated by the color
bar, are applied to a weighted network. For each binary network produced, precision
(PPV) and recall (TPR) are calculated against a reference binary network. The
paired precision and recall values are then plotted against one another. Area under
the ROC curve can be used as a summative measure of performance. This figure was
produced using the R package PRROC [37].
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Matthews Correlation Coefficient

Matthews Correlation Coefficient (MCC) [77] is a widely used performance metric

in binary classification[13, 7, 14]. MCC has been shown to outperform AUROC in

the assessment of network inference methods on imbalanced data [7, 123, 40]. MCC

measures the correlation between the reference and predicted conditions (i.e., P and

N , 1 and 0) [14, 13]:

MCC =
TP ∗ TN − FP ∗ FN√

(TP + FP )(TP + FN)(TN + FP )(TN + FN)
(2.7)

MCC can range in value from [-1,1], with -1 indicating poor performance and +1

indicating strong performance. An MCC of 0 indicates that the algorithm performs

as a random classifier.

2.1.2 Correlation-based Methods

Correlation is one of the simplest and most commonly used measures for quantifying

the level of association between a pair of metabolites. Correlation-based methods are

generally computationally inexpensive and therefore scalable for large data sets [93].

Weighted metabolic association networks can be obtained by applying a correlation

measure (CORR) to each possible pairing of metabolites in a data set, resulting in

an adjacency matrix of correlation coefficients. Binary networks can be obtained by

applying a threshold τ to the correlation coefficients CORR(x, y) and/or a threshold

α to the corresponding p-values to select edges, resulting in the binary adjacency

matrix A wherein:

Ax,y =

1 if |CORR(x, y)| > τ and/or px,y < α,

0 otherwise
(2.8)

A variety of correlations have been applied to the inference of biological networks;

predominantly Pearson’s and Spearman’s correlations (CORRp and CORRs, respec-

tively). These, along with Kendall’s correlation (CORRk), Biweight Midcorrelation

(bicor) and partial correlation (pcor) are discussed in the following subsections. Ca-

macho et al. indicated that when used in metabolomic studies, correlations should

be determined with large samples (e.g., larger than 10 times the number of vari-

ables present in the data) using CORRs [12]. When fewer samples are available, it

is recommended that CORRp be used with a high significance threshold [12]. In a
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study conducted by Santos et al., the strengths of several correlation methods were

evaluated on simulated and experimental gene expression data. Their results suggest

that if linearity or monotonicity can be assumed, CORRs or CORRk may be more

useful than CORRp, because of their ability to identify both linear and non-linear

monotonic relationships with high power [21].

Pearson’s Correlation

Pearson’s correlation (CORRp) assumes a normal data distribution and can be used to

identify linear relationships [86]. Given paired data, Pearson’s correlation coefficient

CORRp(x, y) can be calculated for a given pair of metabolites x and y as:

CORRp(x, y) =

∑n
i=1(xi − x̄)(yi − ȳ)√∑n

i=1(xi − x̄)2
√∑n

i=1(yi − ȳ)2
(2.9)

where n is the sample size, xi and yi are individual paired samples, and x̄ and

ȳ are the sample means of x and y, respectively. When perfect linear dependence

is observed, CORRp(x, y) = ±1. When complete linear independence is observed,

CORRp(x, y) = 0.

Spearman’s Correlation

Spearman’s correlation (CORRs) is a non-parametric test used to measure the de-

gree of association between two variables [101]. CORRs can be considered an ex-

tension of CORRp wherein the data is converted to ranks before calculating the

coefficient. Spearman’s correlation makes no assumptions of the underlying data

distribution and can detect monotonic relationships. The Spearman’s correlation

coefficient CORRs(x, y) for a given pair of metabolites x and y can be calculated as:

CORRs(x, y) = 1− 6
∑n

i=1 d
2
i

n(n2 − 1)
(2.10)

Where n is the sample size and di is the distance between the ranks of individual

paired samples xi and yi. Similar to Pearson’s correlation coefficient, a value of

CORRs(x, y) = ±1 indicates a perfect monotonic relationship between x and y while

CORRs(x, y) = 0 indicates monotonic independence.
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Kendall’s Correlation

Similar to Spearman’s correlation, Kendall’s correlation (CORRk) is a ranked cor-

relation test that can be used to identify monotonic relationships [55]. Kendall’s

correlation is less sensitive to error in the data than Spearman’s and has better p-

values with smaller sample sizes. For a given pair of metabolites x and y, Kendall’s

correlation coefficient CORRk(x, y) can be calculated as:

CORRk(x, y) =

{
(# concordant pairs)− (# discordant pairs)

}
0.5n(n− 1)

(2.11)

For a given data pair (xi, yi) and (xj, yj), the pair is concordant if either both

xi > xj and yi > yj or if both xi < xj and yi < yj. The pair is discordant if either

xi > xj and yi < yj or if xi < xj and yi > yj.

Biweight Midcorrelation

Biweight Midcorrelation (bicor) is considered to be an alternative to CORRp that is

more robust against outliers [114]. bicor has previously been successfully applied to

the inference of gene regulatory networks and the investigation of differential coex-

pression [122]. The coefficient bicor(x, y) for metabolites x and y can be calculated

as follows [114]:

Two vectors u = [u1, u2, ...un] and v = [v1, v2, ...vn] are first defined where for each

vector element i = 1, ..., n:

ui =
xi −med (x)

9 ·mad (x)
(2.12)

vi =
yi −med (y)

9 ·mad (y)
(2.13)

wheremed(∗) is the median andmad(∗) is the absolute deviation of the metabolite

concentrations. This leads to definition of the weights w
(x)
i for xi and w

(y)
i for yi:

w
(x)
i =

(
1− u2

i

)2
I (1− |ui|) (2.14)

w
(y)
i =

(
1− v2i

)2
I (1− |vi|) (2.15)
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where I is an indicator function that takes on the following values:

I(1− |ui|) =

1, if (1− |ui|) > 0

0 otherwise
(2.16)

I(1− |vi|) =

1, if (1− |vi|) > 0

0 otherwise
(2.17)

Therefore, the value of weights w
(x)
i and w

(y)
i range from 0 to 1. Based on these

weights, the Biweight Midcorrelation of metabolites x and y can be calculated as:

bicor(x, y) =

∑m
i=1 (xi −med(x))w

(x)
i (yi −med(y))w

(y)
i√∑m

j=1[(xj −med(x))w
(x)
j ]2

√∑m
k=1[(xk −med(x))w

(x)
k ]2

(2.18)

Partial Correlation

Generally, correlations observed between metabolites result from a combination of all

reactions and regulatory processes in the network. Metabolic networks contain fast

biochemical reactions in an open mass-flow system, giving way to indirect, system-

wide correlations between distantly connected metabolites [58]. One limitation of

correlation-based network inference is the inability to distinguish between direct and

indirect interactions. Several studies have investigated the use of partial correlation

(pcor) to mitigate these spurious associations. Partial correlation measures the cor-

relation between two variables after their linear dependence upon other variables is

removed, thus allowing distinction between direct and indirect associations [2]. Kum-

siek et al. used Gaussian graphical models (GGMs), which can be interpreted as

partial correlation coefficients, to infer a metabolic network from a large human pop-

ulation cohort and found that high pcor coefficients generally correspond to known

metabolic reactions [58]. However, partial correlations are far more computationally

expensive and thus may be impractical as a base measure of association for methods

that incorporate resampling.
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2.1.3 Information Theoretic Methods

The framework of information theory, first developed by Claude Shannon in 1948,

provides a general measure of dependency between variables. Information theoretic

methods most often use mutual information (MI), an information theory concept,

as a base measure of similarity for network inference. Similar to CORR methods,

MI can be used on its own to produce weighted networks, with thresholding applied

to produce binary networks. The following section further describes MI and several

information theoretic network inference algorithms, which combine MI and other

information theory concepts, including Context Likelihood of Relatedness (CLR),

The Multicast Reduction NETwork (MRNET ) algorithm, and the Algorithm for

the Reconstruction of Accurate Cellular Networks (ARACNE).

Mutual Information

Mutual Information (MI) provides a measure of mutual dependence between two

random variables. The mutual information MI(x, y) between two metabolites x and

y can be calculated as follows [60]:

MI(x, y) =
n∑
i,j

p(xi, yj) log
p(xi, yj)

p(xi)p(yj)
(2.19)

where p(xi, yj) is the joint probability distribution function of xi and yj and p(xi)

and p(yj) are the probabilities that x = xi and y = yi, respectively. Entries of

a weighted adjacency matrix generated using MI can have values in the range of

[0,+∞].

MI presents the advantage of capturing non-linear relationships, which are known

to be present in biological systems [49]. A wide range of MI-based methods have

been developed for the inference of biological networks, including ARACNE [73],

MRNET [83], and CLR [28]. For additional discussion and evaluation of MI-based

methods see [48, 91].

CLR

The context likelihood of relatedness (CLR) algorithm uses MI as a base similarity

measure between biological entities. The CLR algorithm estimates the likelihood of

theMI score for a given pair of metabolites by testing that score against a background

MI distribution, thus minimizing the effects of indirect interactions [28]. For a given
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pair of metabolites x and y, MI(x, y) is compared to a joint background distribution

constructed from the set of all MI scores for x and the set of all MI scores for y

(MIy). The final form of the likelihood estimate is [28]:

CLR(x, y) = f(zx, zy) =
√

z2x + z2y (2.20)

where

zi = max

{
0,

MI(i, k)− µi

σi

}
(2.21)

and µi and σi are the mean and the standard deviation of the empirical distribution

of MI(ik), with k = 1, ..., n, where n is the total number of metabolites. CLR results

in a weighted adjacency matrix wherein each entry gives a measure of probability of

association between variables. Zero entries indicate that MI(x, y) was not found to

be greater than the background distribution mean.

The CLR algorithm was originally developed for the inference of gene regulatory

networks using MI, but has since been adapted to accept other measures of similarity

as input. In an effort to increase robustness against levels of error and noise that often

accompany metabolic data and small sample sizes, Saccenti et al. extended the CLR

algorithm by replacing MI with correlation and introducing resampling procedures

[92] (see Section 2.1.5).

MRNET

The Multicast Reduction NETwork (MRNET ) algorithm is an information theo-

retic method originally developed for the inference of gene regulatory networks from

microarray data [83]. MRNET evaluates an MI adjacency matrix based on the

maximum relevance/minimum redundancy (MRMR) algorithm [24], a feature selec-

tion technique that has been successfully applied to disease biomarker identification

[52, 70]. The MRMR algorithm iteratively selects the feature that has maximum

relevance with respect to the target variable and minimum redundancy relative to

the features that have been selected in previous iterations [24, 87].

Each metabolite in the set of metabolites m is treated as the target variable mx

in turn, and all other metabolites are then treated as candidate features. The MI

score for mx and the candidate metabolite mi are calculated, and the candidate mi

with the largest MI with the target mx is added to the set S. In each subsequent
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step, candidate metabolites mi are selected and added to S through maximization of

Equation 2.22:

si = ui − ri (2.22)

where

ui = MI(mi,mx) (2.23)

ri =
1

|S|
∑
mk∈S

MI(mi,mk) (2.24)

In Equations 2.22–2.24 above, ui represents the relevance between mi and mx, and

ri measures the redundancy between mx and previously selected candidates. For each

pair of metabolitesmi andmk, two scores si and sj are returned. MRNET selects the

maximum of these two scores to score the interaction between the two metabolites.

In its original publication, MRNET was shown to perform competitively against

CLR and ARACNE on 30 simulated microarray data sets [83]. Song et al. later

included MRNET in a benchmarking study comparing the performance of several

MI-based network inference algorithms on eight empirical data sets [99]. MRNET

was found to perform comparably to ARACNE and CLR, outperforming both in

only one application.

ARACNE

The Algorithm for the Reconstruction of Accurate Cellular Networks (ARACNE)

is a network inference method originally developed to infer regulatory networks in

mammalian cells from gene expression data [73]. Given a weighted MI adjacency

matrix, ARACNE excludes indirect interactions by considering edge triplets in the

network. For each triplet, the edge with the weakest weight (lowest MI score) is

pruned (set to 0 in the adjacency matrix) if the difference between the two lowest

scores is above a cutoff value ϵ. For a given triplet of edges xy, xz, and yz between

nodes x, y, and z, the edge xy is pruned if:

MI(x, y) ≤ min (MI(x, z),MI(y, z)) (2.25)

The performance of ARACNE has previously been assessed on simulated data for
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what were defined to be a large sample size of 500 and a small sample size of 50 [104].

Benchmarked against CLR, CORR, and PCLRC, it was shown that ARACNE

is not suitable for the inference of metabolite-metabolite association networks from

small sample sizes [104].

2.1.4 Regression-based Methods

Regression-based methods seek to quantify the relationship between a given pair of

metabolites by solving a regression problem in order to predict one from the other.

This method presents the advantage of predicting causal relationships, but may fail

to detect non-linear interactions due to the assumptions of linearity made by some

algorithms [93]. Two notably popular regression-based algorithms, GENIE3 [45]

and TIGRESS [43], are described in this section.

GENIE3

GENIE3 (GEne Network Inference with Ensemble of trees) is a network inference

algorithm based on variable selection with ensembles of regression trees. Because

GENIE3 uses tree-ensemble-based methods, it has the potential to detect non-linear

relationships. The GENIE3 framework can be outlined in terms of metabolic net-

work prediction as follows [45]:

A multifactoral learning sample from which to infer a network as a sample of n

measurements can be defined as:

LS = x1,x2, ...,xn

where xk ∈ Rp for k = 1, ..., n is a vector of concentration values of all pmetabolites

in the kth biological sample:

xk = (x1
k, x

2
k, ..., x

p
k)

T

The vector x−j
k containing the concentration values in the kth biological sample

for all metabolites except metabolite j can be written as:

x−j
k = (x1

k, ..., x
j−1
k , xj+1

k , ..., xp
k)

T

It then follows that:

xj
k = fj(x

−j
k ) + εk,∀k
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where εk is a random noise with zero mean, conditionally to x−j
k . The assumption

is made that the function fj only exploits the concentration in x−j of the metabolites

that directly regulate metabolite j.

1. For each metabolite j = 1, ..., p, a learning sample LSj is generated, where the

learning sample of input-output pairs for metabolite j is denoted:

LSj = (x−j
k , xj

k), k = 1, ....N

2. A function fj is learned from LSj and a local ranking of all genes except j is

computed. The function fj minimizes the following error:

∑N
k=1 (x

j
k − fj(x

−j
k ))2

which is solved using regression by developing tree structured models.

3. The p local rankings are aggregated to get a global ranking of all regulatory

links.

GENIE3 was developed for the inference of directed gene regulatory networks,

and was the overall top performer based on AUPR in the DREAM4 In Silico Multi-

factoral challenge for the reconstruction of the Escherichia coli network [45, 72].

TIGRESS

The Trustful Inference of Gene REgulation using Stability Selection (TIGRESS) al-

gorithm employs a similar framework as GENIE3 , formulating network inference

as a collection of feature selection problems for each target variable [43]. The main

difference between TIGRESS and GENIE3 is the aggregation of feature selection.

Where GENIE3 uses decision tress, TIGRESS uses a combination of least angle

regression (LARS) [25] (a popular multivariate feature selection method) and stabil-

ity selection [43]. Stability selection consists of repeatedly running LARS, resampling

the samples and variables at each run, and computing the frequency with which each

variable is selected across all runs [80]. TIGRESS was among the top performing

gene regulatory network prediction algorithms included in the DREAM5 challenge,

and was determined to be the best overall linear regression-based method [72]. In its

original publication, the performance of TIGRESS was evaluated via AUPR and AU-

ROC against several other network inference algorithms, including CLR, ARACNE,
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and GENIE3, on nine gene expression benchmark data sets (consisting of both sim-

ulated and experimental data). In this study, TIGRESS did not achieve overall

better performance than GENIE3 [45].

2.1.5 Hybrid Algorithms

Many network inference methods have been proposed that combine several different

approaches. Based on results of the DREAM5 challenge, in which over 30 network

inference algorithms were assessed on Escherichia coli, Staphylococcus aureus, and

in silico microarray data, Marbach et al. presented a community-based method for

gene regulatory network inference [72]. Observing that different methods have com-

plementary advantages and limitations under different contexts, they integrated the

predictions of all assessed algorithms. Though hybrid methods performed more ro-

bustly across data sets than other categories of methods, they did not match the

robustness and performance of the community predictions [72]. For the purpose of

this thesis, only stand-alone algorithms are of interest. However, it should be noted

that the community-based predictor was the overall best performing method in the

DREAM5 challenge [72].

The DREAM5 challenge, though specific to gene regulatory networks, made a

strong case for the utility of hybrid predictors for the inference of biological net-

works. One hybrid network inference algorithm specifically designed for the inference

of metabolite-metabolite association networks, PCLRC [92], has found growing pop-

ularity in recent years. The details of this algorithm and its previous applications are

discussed in the following section.

PCLRC

The Probabilistic Context Likelihood of Relatedness of Correlation (PCLRC) algo-

rithm combines techniques from correlation-based and information theoretic methods.

The PCLRC algorithm is an extension of CLR that was developed for the inference

of metabolic association networks [92, 28]. It extends CLR by substituting MI(x, y)

with CORRp(x, y) and by introducing resampling. MI, CORRp, and CORRs have all

been assessed as the similarity measure in PCLRC, with multiple studies indicating

Pearson’s correlation performs best [92, 48].

Pearson’s correlation is used in the original presentation of the algorithm [92].

In each iteration of PCLRC, 75% of the data samples are randomly selected from
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which to generate a CORRp matrix. CLR is then performed on the correlation matrix

to generate a probabilistic measure of likelihood for each correlation coefficient. A

dynamic threshold is then applied to the CLR matrix that retains the top Q% most

likely interactions (pruning all others). This process is repeated for k iterations, with

the resulting edge weights indicating the proportion of iterations for which each edge

was retained. To obtain a binary network, a final threshold is imposed to include

only those edges that were retained in at least 95% of iterations. Pseudo-code for

this algorithm is shown below using default values for Q and k from the original

implementation [92].

Algorithm 1 PCLRC

Input: n×m data matrix with n samples and m variables

edgeCounts← m×m matrix
k ← 105

Q← 0.30
sampleSize← 0.75

for i=1 to k do
sampleMatrix← randomSample(data matrix, sampleSize)
corrMatrix← CORR(sampleMatrix)
clrMatrix← CLR(corrMatrix)

thresh← getThreshold(clrMatrix,Q) {get threshold value for the top Q%}
clrMatrix[ clrMatrix < thresh ]← 0
clrMatrix[ clrMatrix ≥ thresh ]← 1

edgeCounts = edgeCounts+ clrMatrix
end for

Return: edgeCounts÷ k

PCLRC has been used in several metabolomic studies. When presenting the al-

gorithm, Saccenti et al. used PCLRC to investigate latent cardiovascular risk in a

cohort of relatively healthy and young blood donors [92]. Vignoli et al. later used

PCLRC to successfully identify metabolic determinants associated with mortality

in Acute Myocardial Infraction patients by predicting networks associated with dif-

ferent patient risk factors [111]. The introduction of iterative sampling in PCLRC

minimizes the number of spurious edges and increases robustness of the predicted

interactions.
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2.2 Network Analysis

A biological network can be defined as a graph G = (V,E) where V is the set of

nodes (i.e., biological entities) and E is the set of edges (i.e., interactions between

entities). Once constructed, biological networks can be analyzed using algorithms

from graph theory. Metabolic association networks can be represented as undirected

graphs wherein an edge between metabolites i and j is defined as E = {(i, j)| i, j ∈
V }. For a weighted network, this set of edges E is associated with a weight function

w : E −→ R where the weight wij of an edge between nodes i and j indicates the

strength of association. The measures and algorithms for network analysis discussed

in this section include only those directly relevant to the subject matter of this thesis

(i.e., can be applied to undirected metabolic networks or gene regulatory networks).

2.2.1 Network Structure

In network analysis, node centrality can be used to answer questions such as: which

node is the most ’important’, which node behaves as a hub, or which node acts as a

bridge between different communities [57]. Different measures of centrality have been

used to address such questions.

The degree of a node vi, also known as degree centrality, can be defined as the

number of edges connected to vi. Many biological networks, including metabolic

networks, are known to exhibit a scale-free characteristic where node degrees follow

a power-law distribution. This distribution results in a structure containing many

weakly connected nodes and few highly connected nodes. Scale-free networks are

known to be very robust to perturbations [4].

One centrality measure that has often been applied to biological networks is be-

tweenness. The betweenness centrality quantifies the influence a given node has over

the flow of communication between other nodes. Nodes with a high betweenness and

a low degree have been known to support network modularity in other contexts such

as protein interaction networks [67]. The betweenness of a given node vi is defined as

[31]:

BC(i) =
∑

i,j,k∈V,j ̸=k

δj,k(i)

δj,k
(2.26)

where δj,k is the number of the shortest paths from node j to node k and δj,k(i)

is the number of these shortest paths that pass through node vi.
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Another measure of centrality, known as closeness, is used to detect important

nodes which can communicate quickly with other nodes in a network. The closeness

centrality of a given node vi can be calculated as the mean value of the inverse of the

distance from vi to other nodes [67]:

CC(i) =
1

N − 1

∑
i,j∈V,j ̸=i

1

dij
(2.27)

where N is the number of nodes in the graph, and the distance between two

nodes dij is defined as the shortest path (minimum number edges to be traversed)

between them. If no path exists between i and j, dij = 0. Nodes with larger closeness

centralities will be more central within the network and therefore should exchange

information more efficiently with other nodes. Closeness has previously been used to

identify important metabolites in the glycolysis and citrate acid cycle pathways in

E.coli [69].

Both betweenness and closeness have been applied to metabolic networks to in-

vestigate changes in network structure that arise from environmental changes as well

as the evolution of network organization across different species [78].

Where degree-based centralities are only based on the number of a node’s neigh-

bors, eigenvector-based centralities measure the influence of a node by considering

the influence of a node’s neighbors. The eigenvector centrality of a node vi can be

calculated as the sum of it’s neighbors’ centralities [6]:

EC(i) =
1

λ

n∑
j=1

Ai,jEC(j) (2.28)

where Ai,j is an entry in the network adjacency matrix A and λ is the largest

eigenvalue of A. Eigenvector centrality has been successfully applied in a variety of

areas including as a tool for mapping the brain network in various states [68]. All

measures of centrality suffer from different sensitivities and a single centrality measure

is not sufficient to accurately identify essential nodes in biological networks.

2.2.2 Differential Network Analysis

Multiple networks can be constructed to represent the same biological systems under

various conditions (i.e., disease and control). Differential network analysis explores

differences in the structural characteristics of two or more networks. This analysis
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can be applied to reveal affected molecular mechanisms between different conditions

[50, 46]. The general procedure for differential network analysis can be outlined as

follows:

1. Construct two networks G1 and G2, from data sets D1 and D2, that contain

the same set of metabolites and represent two distinct network states to (e.g.,

control and disease).

2. Compute the desired structural measure Θ (e.g., degree, betweenness, etc.) for

all nodes in G1 and G2, resulting in two vectors, Θ1 and Θ2, of length n, where

n is the total number of nodes.

3. Compute the difference between the measures calculated for each network: D0 =

|Θ1 −Θ2|. The resulting vector D0 is of length n.

4. Conduct a permutation test to assess the statistical significance of each entry

in D0.

where the procedure for a permutation test with P permutations can be outlined

as follows:

Initialize a count vector C of length n. Then for P permutations:

1. Obtain two new permuted data sets D1p and D2p by resampling the rows of D1

and D2 without replacement.

2. Construct networks G1p and G2p from D1p and D2p, respectively.

3. Compute Θ1p and Θ2p from G1p and G2p, respectively.

4. Compute the difference between the measures calculated for the nodes of each

permuted network: Dp = |Θ1p −Θ2p|.

5. For each node ni, if Dp[ni] > D0[ni], add 1 to C[ni].

where p-values corresponding to the observed differences between networks can be

obtained by dividing each entry of the count vector C by the number of permutations

performed, P . These p-values indicate the proportion of permuted differences that

were found to be larger than the actual difference. A smaller p-value indicates that

the observed difference is not likely to have occurred by random chance.
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Changes in centrality measures between networks may indicate changes in the

network ‘importance’ of specific biological entities was altered by the change in con-

dition. Differential connectivity analysis (DCA) is a variation of differential network

analysis commonly applied to metabolic networks that tests for differences in node

degree between states [47, 111, 91]. For example, Vignoli et al. used DCA to success-

fully identify metabolic determinants associated with mortality in Acute Myocardial

Infarction patients [111]. DCA has been shown to be a useful tool for the analysis of

biological networks in human disease studies.



28

Chapter 3

Materials and Methods

In this chapter I describe the various data sets and measures used to evaluate the

performance of selected network inference algorithms. The chapter begins with the

description of a data set simulated from a dynamic model in Section 3.1, upon which

all benchmarking was performed. Also described in Section 3.1 is the experimental

mouse model Alzheimer’s data set used to further explore the structure of predicted

networks. Section 3.2 follows with a detailed overview of the benchmarking proce-

dure used to compare the performance of selected algorithms. Details regarding the

comparison of structural analyses are also provided in this section. The chapter con-

cludes with a list of all software and packages used to simulate data samples, process

experimental data, infer networks, and calculate performance measures.

3.1 Materials

This section details the characteristics of two distinct data sets. The first data set

was simulated from a dynamic metabolism model following a procedure presented by

Jahagirdar et al. [48]. Section 3.1.1 provides a biological overview of the dynamic

model used to simulate these data samples, followed by a description of the data

simulation process. This simulated data was used for all benchmarking calculations.

The second data set, described in Section 3.1.2, contains lipid panels obtained from a

mouse-model Alzheimer’s experiment presented by Granger et al. [35, 36] . This ex-

perimental data set is used for the inference and comparison of networks representing

different disease states.
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3.1.1 Simulated Data

Previous studies have highlighted the utility of simulated data with known structures

for the evaluation of network inference algorithm performance [48, 92, 72]. Based

on the results of their study on the reconstruction of metabolic association networks,

Jahagirdar et al. advocated for the use of dynamic models to generate simulated data

over standard multivariate approaches [48]. In order to compare the performance of

several algorithms for the inference of small sample size metabolic networks, data

samples were simulated from the Arachadonich Acid (AA) dynamic model presented

in [48]. A detailed account of construction of the dynamic model, optimization of

parameters, and simulation of metabolite concentration profiles are provided in the

aforementioned study. For the sake of completeness, those details relevant to this

thesis are recounted below.

Dynamic Model of Arachidonic Acid Metabolism

AA and its derivatives (eicosanoids) have been extensively studied in recent decades

due to their activity as signalling molecules and their role in a vast number of in-

flammatory conditions [9, 113, 42]. Jahagirdar et al. developed a dynamic model

of AA degradation [48] by retrieving information about metabolites and eiconasoids

(lipids) involved in AA metabolism, as well as associated reactions from the follow-

ing databases: Recon2.2 [105], The Human Metabolome Database (HMDB) [117],

the Kyoto Encyclopedia of Genes and Genomes (KEGG) [53] and the Chemical En-

tities of Biological Interest database (ChEBI) [20]. Kinetic data, such as reaction

and equilibrium constants, was collected from BRENDA [95] and SABIO-RK [118].

The constructed AA metabolic model includes 83 metabolites and 131 reactions. An

ordinary differential equation was written for each metabolite in the model, with

enzymatic reactions described using Michaelis-Menten kinetics [84, 48]:

v =
Vmax × [S]

Km + [S]
(3.1)

where v is the reaction rate, Vmax is the maximum reaction rate achieved by the

system, [S] is the substrate concentration, and Km is the Michaelis-Menten constant.

Non-enzymatic reactions are described by simple mass action laws [48]:

v = ki × [S] (3.2)
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where ki, a proportionality constant, is the equilibrium constant of the reaction.

A reference network was obtained using the stoichiometric matrix of the AA

metabolism model, which indicates what reaction each metabolite participates in.

This reference network is represented as a binary adjacency matrix of primary re-

actions, where entries of value 1 indicate direct interaction and entries of value 0

indicate no interaction or indirect interaction. The resulting reference network Nref

is shown in Figure 3.1.

Figure 3.1: Reference network (Nref ) representing primary interactions of the dy-
namic model of AA metabolism. Nodes represent metabolites. Each node is labeled
with the corresponding metabolite Connections between nodes indicate a direct reac-
tionary interaction.

Simulation of Metabolite Concentration Profiles

Data samples were simulated from the dynamic AA model using the COmplex PAth-

way SImulator (COPASI). COPASI is a singular application for simulation and anal-

ysis of biochemical pathways and their dynamics [81, 44]. COPASI has been widely

used in research modeling of biological systems and in the development of theory and

computational methods (See https://copasi.org/Research).
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Using COPASI 4.34 (build 251), n = 500 data samples (rows) were simulated from

the AA model, where each sample contains a concentration (nmol/L) for each of the

83 metabolites (columns). Each individual sample was produced by running a single

time course simulation on the AA model, during which metabolite concentrations

were sampled at 90h after induction of AA conversion. This time point within the

simulation was selected to achieve a steady state condition. Experimental results have

previously reported that a period of 70h after induction of AA conversion is required

to achieve steady state [23, 88]. Variation between profiles was achieved by slightly

perturbing the model parameters (constants defined in Equations 3.1 and 3.2). Before

running each time course, values for these parameters were randomly sampled from

a uniform distribution with limits of +/- 10% of the parameters’ optimized values.

An explicit procedure for the generation of n data samples from the AA model in

COPASI can be outlined as follows:

To simulate n data samples in COPASI:

1. Configure the Time Course Task such that output occurs at 90h.

2. Configure the Parameter Scan Task to repeat n times.

3. In the Parameter Scan Task, add new scan item: Time Course.

4. In the Parameter Scan Task, add new scan item: Random Distribution for all

Reactions present in the model, and select uniform as the distribution type.

5. Set the lower and upper Random Distribution limits to 0.9 × optimized value

and 1.1× optimized value, respectively, for each reaction parameter.

6. Execute the Parameter Scan Task

3.1.2 Experimental Data

In addition to the simulated data, the effects of different network inference methods

were compared on experimental data obtained from a mouse model Alzheimer’s study

[35, 36]. This experimental data was included to further demonstrate the character-

istic differences between networks predicted using different inference methods.
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TgCRND8 Mouse Model

The amyloid cascade (see Section 1.1) has been modeled in transgenic mice express-

ing the human familial mutant (AβPP ) and/or PS1 genes linked to EOAD. The

TgCRND8 (Tg) line is an aggressive EOAD mouse model that encodes a double mu-

tant form of AβPP 695 under the control of the Prp gene promoter [15]. This model

has previously been used to study the sexual dimorphisms of AD [35] and AD-linked

changes in glycerophosphocholine metabolism [36].

The TgCRND8 data set used in this study contains lipid panels (235 lipids) ex-

tracted from sibling male and female mice. Out of 20 male mice, 7 have a Tg genotype.

Out of 20 female mice, 10 have a Tg genotype, for a total of 17 Tg mice and 23 non-Tg

mice. To obtain the lipid panels, blood was drawn from the animals between 343 and

366 days of age. Samples were collected from each animal in fasted and non-fasted

states, for a total of 80 samples from 40 animals.

The great genetic similarity between animals in this study allows for greater confi-

dence in results obtained from small sample sizes. Though the conclusions drawn from

mouse model studies do not directly translate into conclusions in human pathology, a

much larger sample size of human data would be needed to account for confounding

factors such as genetic diversity, medications, or diet.

Data Pre-processing

Lipids found in levels too small to quantify in the TgCRND8 data set resulted in

missing (NA) entries. Lipids found to be NA in more than 60% of samples were

removed, leaving 199 lipids in the data set. Any remaining NA entries were then

replaced with five-fold less than the minimum value recorded for the corresponding

lipids.

Following the removal and replacement of NA entries, Z-score standardization

and log-transformation were applied across all entries. This achieves lipid-wise zero-

mean and unit-variance, which ensures all lipids are equally weighted in downstream

analyses and corrects skew, respectively. An explicit procedure for this data pre-

processing can be written as follows:
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1. Remove lipids with NA entries in > 60% of samples.

2. Replace remaining NA entries with 0.2× (observed minimum lipid level).

3. Apply log-transformation.

4. Apply Z-score standardization .

For the purpose of this study, two subsets were extracted from the full data set

for network prediction:

1. Fasted, Tg mice (fTg): Mice with the Tg genotype whose lipid panels were

collected while in a fasted state

2. Fasted, Non-Tg mice (fnTg): Mice with a non-Tg (control) genotype whose

lipid panels were collected while in a fasted state

These subsets were selected to facilitate investigation of the effects of different

network inference algorithms on DCA (see Section 2.2.2).

3.2 Methods

The following section details all analyses used to evaluate the performance of selected

network inference algorithms on simulated and experimental data. This includes

benchmarking conducted using three different summative performance measures on

simulated, and structural analyses performed on experimental data.

3.2.1 Benchmarking

Selected network inference algorithms were benchmarked using three different mea-

sures across six different sample sizes:

n = [5, 10, 20, 50, 100, 200]

Network inference algorithms were included in benchmarking based on their per-

formance against other algorithms in previous studies, as well as potential suitability

for small sample size network inference (as discussed in Section 2.1). Methods pre-

viously demonstrated to perform poorly on small sample sizes were excluded from

consideration.
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The algorithms included in benchmarking can be grouped as follows. From

correlation-based methods: Pearson’s Correlation CORRp, Spearman’s Correlation

CORRs, Kendall’s Correlation CORRk, Biweight Midcorrelation (bicor), and par-

tial correlation estimated from GGMs (pcor). All correlation-based methods were

included for benchmarking because CORRp and CORRs remain popular and widely

used methods for the inference of biological networks, and to the best of my knowl-

edge, the other aforementioned methods have not previously been evaluated against

one another for this application.

From information theoretic methods: MI, CLR, and MRNET were included

in benchmarking. ARACNE was not included as it has previously been shown to

perform poorly on small sample sizes (see Section 2.1.3).

From regression-based methods, only GENIE3 was included. TIGRESS was

exclueded from benchmarking because GENIE3 has been shown to outperform

TIGRESS in multiple studies according to multiple performance measures (see Sec-

tion 2.1.4).

Lastly, for hybrid methods, four variations of PCLRC were included, each vari-

ation using a different base correlation measure: Pearson’s (PCLRCp), Spearman’s

(PCLRCs), Kendall’s (PCLRCk), and Biweight Midcorrelation (PCLRCb). To the

best of my knowledge, variations of PCLRC using bicor and CORRk have not pre-

viously been presented or assessed for this application. A pcor variation of PCLRC

was not considered in this study due to the combined computational complexity of

both algorithms. In total, 13 methods were included in benchmarking.

The performance of each selected network inference algorithm was evaluated for

sample sizes: n = [5, 10, 20, 50, 100, 200]. For the purpose of this study, ‘small’ sample

sizes refer to sample sizes smaller than the number of variables present in the data

set. In reference to the simulated data set (which includes 83 variables), small sample

sizes are considered to be: 5, 10, 20, and 50. Similarly, ‘large’ sample sizes are those

greater than or equal to the number of variables present in the data set. Varied sample

sizes were generated by randomly sampling rows (samples) from the full 500-sample

simulated data set.

For each algorithm, AUORC, AUPR, MCC, FDR, and PPV were calculated us-

ing predicted networks and Nref (see Section 3.1.1) for each sample size. Of these

measures, AUC and AUPR do not require thresholding. To calculate measures re-

quiring a threshold to produce binary adjacency matrices, an ‘optimal’ threshold was

determined based on the corresponding ROC curve.
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The ‘optimal’ threshold (τ) was considered to be the threshold that resulted in

maximized TPR and minimized FPR on each algorithm’s ROC curve. In other words,

the selected threshold optimized the proportion of the AA reference network correctly

classified in the predicted networks. A threshold was extracted specific to each al-

gorithm and applied to obtain binary networks from which MCC, FDR, and PPV

could be calculated. All calculations were repeated and averaged over 100 runs. The

overall benchmarking procedure can be outlined as follows:

1. For each sample size s:

(a) Obtain a data set Ds of sample size s by randomly sampling s rows from

simulated data set D.

(b) For each network inference method M :

i. Construct a ROC curve for M using Ds and network Nref , calculate

the AUROC, and determine an optimal threshold τ .

ii. Construct PR curve for M using Ds and Nref , calculate the AUPR.

iii. Infer weighted network NW from Ds using M . Apply τ to NW obtain

binary network NB.

iv. Calculate MCC, FDR, and PPV from NB and Nref

2. Repeat step 1 for 100 iterations and average the results.

Based on within-group scores, the ‘best’ performing algorithm was defined as

the algorithm achieving the highest average performance measure score across the

majority of small sample sizes: 5, 10, 20, and 50 (regardless of calculated statistical

significance). Should no algorithm be distinguished by this criteria, the same criteria

was extended to large sample sizes of 100 and 200. The top performing algorithms

from each group (along with GENIE3, as the only regression-based method) were

then directly compared. Of these top performers, the algorithm that showed the

most statistically significant improvement over other methods across small sample

sizes was determined to be the overall top performing algorithm.

3.2.2 Permutation Test

To determine whether the differences in performance measure (Θ) observed between

benchmarking results for a given pair of algorithms A1 and A2, a permutation test

was conducted as outlined below:
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1. Calculate the difference between the performance measures ΘA1 and ΘA2 for

algorithms A1 and A2: δref = |ΘA1 −ΘA2|

2. For n = 1000 iterations:

(a) Randomly rearrange the rows (samples) for each column (metabolite) of

the data set D, with which benchmarking was conducted, producing per-

muted data set DP .

(b) Infer networks NA1 and NA2 using algorithms A1 and A2, respectively,

from DP

(c) For permuted networks NA1 and NA2, calculate measures ΘPA1 and ΘPA2,

and the difference between them: δP = |ΘPA1 −ΘPA2|

3. calculate the proportion p of n iterations for which δp > δref

The proportion p returned from the end of the permutation test acts as a p-value

upon which a threshold can be placed to determine significance. For this study, a

threshold of p < 0.05 was used to determine statistically significant difference between

calculated metrics for different network inference methods.

3.2.3 Structural Analysis

To further investigate the effects of top performing algorithms on network reconstruc-

tion, structural analyses were applied to networks inferred from both simulated and

experimental data. To illustrate the effects of these algorithms at small sample sizes,

a small subset (sample size n = 20) was randomly sampled from the full simulated

data set. Networks were predicted from this subset using the top two performing al-

gorithms (as determined through benchmarking), resulting in two weighted networks:

NA1 and NA2. Three different node centralities, betweenness, closeness, and eigenvec-

tor centrality (described in Section 2.2.1) were calculated for NA1, NA2, and the AA

metabolism reference network Nref . Visualizations of each network were produced for

each different centrality measure. Within these network visualizations, nodes were

colored based on their magnitude of centrality score, allowing for direct visual com-

parisons between the node centralities of NA1, NA2, and Nref . For each network, the

20 nodes with the highest of each centrality measure were also extracted fora more ex-

plicit direct comparison, since large centrality scores have previously been associated

with biological significance (see Section 2.2.1)
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A comparative structural analysis, DCA, was performed on experimental data.

For each of the subsets extracted from the TgCRND8 data set (see Section 3.1.2)

a weighted network was predicted using each of the top performing algorithms A1

and A2, resulting in four networks (two fTg and two fnTg). Following the proce-

dure described in Section 2.2.2, DCA was performed on each pair of fTg and nfTg

networks.

3.3 Software

COPASI 4.34 (build 251) was used to simulate all test case metabolic profiles, fol-

lowing the procedure described in Section 3.1.1. R version 4.1.0 (see https://www.

r-project.org) was used to perform all network inference, performance metric calcu-

lations, and network analyses. Correlation algorithms CORRp, CORRs, and CORRk

were performed using the R package stats (version 3.6.2). The bicor algorithm was

performed using the bicor() function from the R package WGCNA (version 1.70-3).

The pcor method was performed using the ggm.estimate.pcor() function from the R

package GeneNet (version 1.2.16). All PCLRC algorithm variations were performed

using a modified version of an R implementation from [91]. This implementation

was modified to allow for substitution between base correlation measures used in the

algorithm (CORRp, CORRs, CORRk, and bicor). MI was calculated using mutual-

InfoAdjacency() from theR packageWGCNA. Information theoretic algorithms CLR

and MRNET were performed using the functions clr() and mrnet() from the R pack-

age minet (version 3.30.0). Finally, regression-based method GENIE3 was performed

using the R implementation from Bioconductor (version 3.14). Benchmarking was

performed by calculating all measures for each algorithm in parallel using an 8-node

Azure Batch pool with Standard D1 v2 sized virtual machines.
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Chapter 4

Results

In this chapter I present my findings on the evaluation of network inference algorithm

performance for the inference of small sample size metabolic networks. In Section 4.1

I compare the differences in performance presented by different assessment measures

AUROC, AUPR, and MCC (for definitions, see Section 2.1.1). I primarily focus on

the implications of the observed results for small sample sizes (defined in Section 3.2),

which are common in mouse-model Alzheimer’s studies and clinical studies. Section

4.1 concludes with a discussion of the suitability of AUROC, AUPR, and MCC as

summative performance measures for this application. Topological effects of the two

best overall performing algorithms (identified in Section 4.1) are further explored in

Section 4.2. Networks were predicted for structural analysis from both experimental

and simulated data. For all networks predicted from simulated data, the structural

properties of betweenness, closeness, and eigenvector-centrality ( defined in Section

2.2.1) were calculated. The results of DCA (see Section 2.2.2), performed on networks

predicted from the experimental data, are discussed in Section 4.2.2. This chapter

concludes with a final comparison of the networks predicted using different network

inference algorithms and recommendations for which algorithms and measures should

be used for this application.

4.1 Network Inference Algorithm Performance

As described in Section 3.2, the performances of 13 different network inference al-

gorithms were assessed on simulated metabolic data (for details, see Section 3.1.1).

The algorithms selected for assessment can be broken into four groups: correlation-
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based methods, information theoretic methods, regression-based methods, and hybrid

methods. The benchmarking results for AUROC, AUPR, and MCC are summarized

in Figures 4.1, 4.2, and 4.3, respectively. In each of these figures, Subfigure a vi-

sualizes the results for correlation-based methods, Subfigure b visualizes the results

for PCLRC variations, Subfigure c visualizes the results for information theoretic

methods, and Subfigure d compares the results of top performers across groups. See

Section 3.2.1 for details regarding the identification of top performing algorithms.

Within these figures, labels placed above bars that do not share letters indicates sta-

tistically significant difference between scores, as determined by permutation test (for

details, see Section 3.2.2). An asterisk placed above a label indicates that algorithm

has performed statistically significantly better than all other algorithms in that group.

4.1.1 AUROC

With respect to AUROC, bicor achieved the highest average score for the majority

of sample sizes, statistically significantly outperforming all other correlation-based

algorithms for the small sample size 50, and large sample sizes of 100 and 200 (shown

in Figure 4.1a). To the best of my knowledge, bicor has not been benchmarked against

other correlation-based methods (or any other type of method) for this application.

CORRp and CORRs methods have previously been benchmarked for sample sizes

of 50 and 500 on simulated data generated from the same AA metabolism dynamic

model [48]. The AUROC results presented here for CORRp and CORRs for the

sample size of 50 agree with the results of this previous study.

Of the PCLRC variations, PCLRCb achieved the highest average AUROC for the

majority of sample sizes, statistically significantly outperforming all other variations

for the small sample size of 50, and large sample sizes of 100 and 200 (see Figure

4.1b). Although PCLRCb achieved the highest average AUROC score for small

sample size 20, no statistically significant difference was found between PCLRCb,

PCLRCk, and PCLRCs scores. Notably, the original PCLRC algorithm, denoted

PCLRCp, achieved the lowest average AUROC across almost all sample sizes.

Amongst the information theoretic methods, CLR achieved the highest AUROC

across all sample sizes other than 5 (see Figure 4.1c). However, no statistically

significant difference was observed between CLR, MI, and MRNET at any sample

size other than 20, where CLR and MI are both shown to statistically significantly

outperform MRNET.
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Directly comparing the top performing algorithms from each group (see Figure

4.1d), all methods performed comparably for the small sample size of 50, and large

sample sizes of 100 and 200. Only PCLRCb showed statistically significant improve-

ment over any method, performing better than CLR at sample size 20. PCLRCb

also achieved the highest average AUROC score across sample sizes of 10, 20, 50 and

100, indicating PCLRCb as the top performing method across small sample sizes.

It should be noted that of all algorithms included in benchmarking, PCLRCb is the

only method specifically developed for the inference of metabolic networks, rather

than gene regulatory networks [92].

The similarity and lack of statistical separation between top performing algorithms

supports the prior observation that AUROC does not effectively distinguish between

well-performing methods [74]. Within correlation-based and information theoretic

groups (shown in Figures 4.1a and 4.1b), differences in performance become more

pronounced as sample size increases. In Figure 4.1d however, performance differ-

ences become more pronounced as sample size decreases. Though little statistically

significant difference was observed, this may suggest that AUROC more effectively

distinguishes between ‘good’ methods at smaller sample sizes.

4.1.2 AUPR

Amongst correlation-based methods, AUPR indicates that CORRk is the top per-

forming algorithm across small sample sizes (see Figure 4.2). Although CORRs pro-

duced lower average AUPR than CORRk across all sample sizes, no statistically

significant difference was found between their AUPR. For large sample sizes of 100

and 200, the AUPR results closely resemble those based on AUROC (see Figure 4.1a),

with bicor indicated as the top performing algorithm.

In contrast to the AUROC results observed for PCLRC variations, which showed

all algorithms receiving high AUROC scores (see Figure 4.1b), all PCLRC variations

are shown to perform poorly based on AUPR. The AUPR results shown in Figure 4.2b

suggest that the performance of PCLRC improves somewhat with decreasing sample

size. In particular, PCLRCb was shown to statistically significantly outperform all

other variations for small sample sizes 20 and 50. While the overall patterns and

magnitude of scores observed across sample sizes differ between AUROC and AUPR,

both measures indicate PCLRCb as the overall top performing algorithm of PCLRC

variations across small sample sizes.
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The AUPR results for information theoretic algorithms (see Figure 4.2c) closely

resemble those based on AUROC (see Figure 4.1c), but indicate greater distinction

between CLR and other algorithms. Based on AUPR, CLR is statistically significantly

outperforms both MI and MRNET for and small sample sizes of 20 and 50, and large

sample sizes of 100 and 200.

Directly comparing the top performing algorithms from each group (see Figure

4.2d) further highlights the difference in conclusions that can be drawn from AUROC

and AUPR. AUPR scores clearly indicate CORRk as the top performing algorithm

overall, while AUROC scores indicate almost no statistically significant differences

across all sample sizes. These results suggest that AUPR may provide better discrim-

ination between algorithm performances across small sample sizes.

4.1.3 MCC

In contrast to the AUROC results shown in Figure 4.1a, the MCC scores shown in

Figure 4.3a indicate that CORRs and CORRk are the best performing correlation-

based methods across all sample sizes. These results agree with those based on AUPR

for small sample sizes of 10, 20, and 50 (see Figure 4.2a). Based on MCC, CORRk

was found to statistically significantly outperform pcor and CORRp for small sample

sizes of 10, 20, and 50, and large sample sizes of 100 and 200. CORRk also showed

statistically significant improvement over bicor for sample sizes of 50, 100, and 200.

CORRs statistically significantly outperformed CORRp and pcor for large sample

sizes of 100 and 200, but not for small sample sizes. The statistically significant

difference in performance observed between CORRs and CORRp contradicts previous

results comparing the two algorithms based on AUROC and AUPR [48].

Similar to the AUROC and AUPR PCLRC variation results (shown in Figures

4.1b and 4.2b, respectively) MCC scores indicate PCLRCb as the overall top per-

forming algorithm. PCLRCb achieved statistically significantly greater MCC scores

than all other PCLRC variations for the small sample size of 50 and large sample

sizes 100 and 200. In contrast to AUROC results, PCLRCp statistically significantly

outperforms PCLRCs and PCLRCk for large sample sizes of 100 and 200. The pat-

tern seen across PCLRC variations for sample sizes 50, 100, and 200, is inverse to

that observed for correlation methods. Specifically, the correlation methods showing

the worst performance at those sample sizes achieved the best performance when used

as the base similarity measure within the PCLRC algorithm.



44

F
ig
u
re

4.
3:

M
C
C

va
lu
es

av
er
ag
ed

ov
er

10
0
ru
n
s
fo
r
va
ri
ou

s
n
et
w
or
k
in
fe
re
n
ce

m
et
h
o
d
s.

P
er
fo
rm

an
ce

w
as

ev
al
u
at
ed

ag
ai
n
st

si
m
u
la
te
d
d
at
a
w
it
h
k
n
ow

n
st
ru
ct
u
re
s
fo
r
a
ra
n
ge

of
sa
m
p
le
si
ze
s.

D
iff
er
en
t
le
tt
er
s
d
en
ot
e
a
st
at
is
ti
ca
ll
y
si
gn

ifi
ca
n
t
d
iff
er
en
ce

(p
<

0.
05
)
am

on
g
av
er
ag
es

at
ea
ch

sa
m
p
le
si
ze

ac
co
rd
in
g
to

a
tw

o-
si
d
ed

p
er
m
u
ta
ti
on

te
st
.
A
st
er
is
k
s
in
d
ic
at
e
m
et
h
o
d
s
w
h
ic
h

p
er
fo
rm

ed
st
at
is
ti
ca
ll
y
si
gn

ifi
ca
n
tl
y
b
et
te
r
th
an

al
l
ot
h
er

m
et
h
o
d
s
fo
r
a
gi
ve
n
sa
m
p
le

si
ze
.
S
u
b
fi
gu

re
a
co
m
p
ar
es

M
C
C

va
lu
es

fo
r
co
rr
el
at
io
n
-b
as
ed

m
et
h
o
d
s.

S
u
b
fi
gu

re
b

co
m
p
ar
es

M
C
C

va
lu
es

fo
r
P
C
L
R
C

va
ri
at
io
n
s.

S
u
b
fi
gu

re
c
co
m
p
ar
es

M
C
C

va
lu
es

fo
r
In
fo
rm

at
io
n
T
h
eo
re
ti
c
m
et
h
o
d
s.

S
u
b
fi
gu

re
d
co
m
p
ar
es

M
C
C

va
lu
es

fo
r
th
e
to
p
p
er
fo
rm

in
g
m
et
h
o
d
s
fr
om

S
u
b
fi
gu

re
s
a
-c



45

Similarities can be observed between the MCC (Figure 4.3c) and AUROC (Fig-

ure 4.1c) results for information theoretic algorithms. No statistically significant

differences were found between any MCC scores for any sample size other than 20.

However, CLR does achieve the overall highest average MCC score for sample sizes

of 10 through 200.

Directly comparing top performing algorithms in Figure 4.3d, the differences in

MCC scores contrasts the similarity of AUROC scores shown in Figure 4.1d. PCLRCb

and CORRk statistically significantly outperformed both CLR and GENIE3 across

small sample sizes of 20 and 50, and large sample sizes of 100 and 200. The MCC

scores for PCLRCb and CORRk are comparable across all sample sizes.

4.1.4 FDR and PPV

For the goal of identifying direct network interactions, minimal FDR (and therefore

maximal PPV) is desirable when comparing inferred networks to the primary inter-

action network, Nref (see Section 2.1.1 for definitions of FDR and PPV). Generally,

lower FDRs (shown in Figure 4.4) appear to correspond with higher MCC and AU-

ROC scores. Although visualizations of the average PPVs for each algorithm are

included for reference (see Figure 4.5), only FDRs will be discussed in detail, since

FDR and PPV comprise parts of the same whole.

Differences between the average FDRs of correlation-based algorithms (shown in

Figure 4.4a) align more closely with patterns observed in the corresponding MCC

scores, rather than AUROC scores. CORRs and CORRk achieve statistically signif-

icantly lower FDRs for small sample sizes of 20 and 50 and large sample sizes of 100

and 200. CORRk additionally achieved a statistically significantly lower FDR than

CORRs for a large sample size of 200.

Differences between the average FDRs for PCLRC variations (shown in Figure

4.4b) similarly reflect differences observed between MCC scores (shown in Figure

4.3b). PCLRCp and PCLRCb achieve statistically significantly lower FDRs than

PCLRCs and PCLRCk for the small sample size of 50, and large sample sizes of 100

and 200.

No statistically significant differences in the FDRs of different information theo-

retic methods were observed across any sample sizes (see Figure 4.4c). The lack of dis-

tinction between scores are consistent with those observed for the MCC and AUROC

scores (see Figures 4.1c and 4.3c). However unlike PCLRC and correlation-based
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algorithms, CLR (which achieved the highest average MCC and AUROC scores for

sample sizes 10 through 200) also produced the highest average FDR for those same

sample sizes.

4.1.5 Comparison of Performance Measures

Across AUROC, AUPR, and MCC scores, the number of statistically significant dif-

ferences observed decreases as sample sizes decreases, with no significant differences

observed between any algorithms for the sample size of 5, and very few for the sample

size of 10. Only correlation-based methods achieved statistically significant distinc-

tion in performance for sample size 10. The comparable performance of all algorithms

in these cases suggest that sample sizes of 5 and 10 (approximately 0.06 and 0.12 times

the number of variables in the simulated data set, respectively) may be insufficient

for the prediction of statistically significant interactions in network reconstructions.

However, since this observation can only be made for the set number of variables

included in the simulated data set, additional benchmarking against a wider variety

of data set dimensions would need to be considered to validate this hypothesis.

4.2 Structural Analyses

In network analysis, different measures of centrality can be used to answer questions

of biological and/or clinical significance (see Section 2.2.1). It is therefore important

to investigate the effect that different network inference algorithms have on the con-

clusions that can be drawn from such analyses. In the following section I present the

results of several node centrality analyses performed on networks predicted using the

top performing algorithms, as determined in Section 4.1.

Based on AUROC, AUPR, and MCC measures, PCLRCb and CORRk were de-

termined to be the overall top performing algorithms for the inference of metabolic

association networks from small sample sizes. Weighted CORRk and PCLRCb net-

works, upon which centrality analyses can be performed, were predicted from both

simulated and experimental data. For networks inferred from simulated data, differ-

ent node centrality measures for the AA reference network (Nref ), CORRk predicted

network (Nk), and PCLRCb predicted network (Nb) are compared in Figures 4.7–4.9

in Section 4.2.1. In addition to the aforementioned analyses performed on networks

predicted from simulated data, DCA was performed on experimental data. The effects
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of PCLRCb and CORRk on DCA results are discussed in Section 4.2.2 to highlight

the effects that choice of network inference algorithm can have on biomarker identi-

fication, disease diagnostics, and metabolic regulation studies.

4.2.1 Centrality Measures

The reference AAmetabolism network (Nref ) consists of 83 nodes and 83 edges (shown

in Figure 4.6). Predicting Nref from simulated data, CORRk produced a network Nk

consisting of 71 nodes, indicating that 12 metabolites were not predicted to interact

with any others, and 425 edges (shown in subfigure a of Figures 4.7 - 4.9). Predicting

Nref from the same data, PCLRCb produced a network Nb consisting of 83 nodes and

503 edges (shown in subfigure c of Figures 4.7 - 4.9). Note that while CORRk achieves

fewer FPs than PCLRCb, CORRk did not predictX.AA, an undeniably crucial player

in AA metabolism, to interact with any other metabolite. The large number of FPs

present in Nb obscure any visually identifiable community structures. In contrast,

within Nk (containing notably fewer FPs) two distinct clusters are observable.

Within the AA metabolism reference network (Nref ), the greatest betweenness

centralities are belong to nodes X.LTA4, X.15 HpETE, X.AA, and X.PGH2. This

can be observed in Figure 4.6b and Table 4.1. It can be visually observed that

each of these nodes are the only intermediate point of access for a large number of

other low-degree nodes. When looking at the corresponding networks predicted using

PCLRCb and CORRk, this structure is not well defined. Comparing subfigures 4.7d

and 4.6b, while the edges ofNref appear to be correctly predicted, because of the large

number of FPs, the betweenness of nodes was incorrectly captured in Nb. The more

distinct structural characteristics of Nk result in greater variation in betweenness of

the network’s nodes. However, comparing subfigures 4.7b and 4.6b, this variation

does not reflect improvement over PCLRCb in the reconstruction of betweenness

centralities observed in Nref . Looking at the nodes in each network with the highest

betweenness centralities (shown in Table 4.1), seven results are shared between Nk

and Nref , while eight are shared between Nb and Nref . Three results are additionally

shared only between Nk and Nb.

A more distinct difference in the results produced from the CORRk and PCLRCb

networks can be observed for closeness centrality (as shown in Figure 4.8). Through

visual comparison of Figures 4.7 and 4.6c, PCLRCb appears to more closely re-

construct the closeness patterns observed in Nref . The notably decreased closeness
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Table 4.1: The top 20 nodes with the highest betweenness centralities for the AA
metabolism reference network Nref , Nk, Nb. Cells highlighted in green are those
shared between each algorithm and Nref . Cells highlighted in yellow indicate results
shared only between Nk and Nb.

Nref Nk Nb

X.AA. X.d6t 12epi LTB4. X.dhk LXA4.
X.PGH2. X.11dh TXB2. X.AA.
X.15 HpETE. X.LXB4. X.d6t 12epi LTB4.
X.LTA4. X.LTB4. X.5 HpETE.
X.PGD2. X.PGA2. X.PGA2.
X.PGE2. X.15d PGD2. X.PC.
X.LTC4. X.LTA4. X.5 6 EET.
X.LTB4. X.5 HETE. X.12 oxoETE.
X.LTD4. X.6k PGF1a. X.12 oxoLTB4.
X.PGF2a. X.20oh PGF2a. X.epi12LTB4.
X.PGA2. X.d6t LTB4. X.LTA4.
X.TXA2. X.LTD4. X.TXA2.
X.PGI2. X.5 HpETE. X.PGD2.
X.PGJ2. X.LTC4. X.LXB4.
X.LXA4. X.PGI2. X.15 HETE.
X.5 HpETE. X.6k PGE1. X.5 6 DHET.
X.20oh LTB4. X.d12 PGJ2. X.TXB2.
X.EXC4. X.d11t LTC4. X.d11t LTE4.
X.12 HpETE. X.15d PGJ2. X.5 HETE.
X.TXB2. X.PGD2. X.dhk PGD2.
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Table 4.2: The top 20 nodes with the highest closeness centralities for the AA
metabolism reference network Nref , Nk, Nb. Cells highlighted in green are those
shared between each algorithm and Nref . Cells highlighted in yellow indicate results
shared only between Nk and Nb.

Nref Nk Nb

X.AA. X.d6t 12epi LTB4. X.dhk LXA4.
X.15 HpETE. X.11dh TXB2. X.5 HpETE.
X.PGH2. X.LXB4. X.LXB4.
X.LTA4. X.PGA2. X.6k PGE1.
X.12 HpETE. X.LTA4. X.PGA2.
X.8 HpETE. X.6k PGF1a. X.TXB2.
X.HXA3. X.PGI2. X.TXA2.
X.HXB3. X.6k PGE1. X.15 HpETE.
X.5 6 EET. X.15d PGJ2. X.d12 PGJ2.
X.8 9 EET. X.5 HETE. X.15 HETE.
X.11 12 EET. X.d12 PGJ2. X.PGD2.
X.14 15 EET. X.5 HpETE. X.5 6 EET.
X.PC. X.20oh PGF2a. X.6k PGF1a.
X.11 HETE. X.15d PGD2. X.11 HETE.
X.9 HETE. X.LTB4. X.PC.
X.16 HETE. X.12 HHT. X.20cooh LTB4.
X.17 HETE. X.EXC4. X.PGF2a.
X.18 HETE. X.d6t LTB4. X.11dh TXB2.
X.19 HETE. X.15 HpETE. X.5 HETE.
X.20 HETE. X.12 oxoLTB4. X.5 oxoETE.
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Table 4.3: The top 20 nodes with the highest eigenvector centralities for the AA
metabolism reference network Nref , Nk, Nb. Cells highlighted in green are those
shared between each algorithm and Nref . Cells highlighted in yellow indicate results
shared only between Nk and Nb.

Nref Nk Nb

X.AA. X.11dh TXB2. X.dhk LXA4.
X.PGH2. X.6k PGF1a. X.6k PGE1.
X.15 HpETE. X.PGA2. X.15 oxoETE.
X.12 HpETE. X.6k PGE1. X.15 HpETE.
X.8 HpETE. X.PGI2. X.LTA4.
X.HXA3. X.PGH2. X.PGD2.
X.HXB3. X.15d PGJ2. X.5 HpETE.
X.5 6 EET. X.PGJ2. X.LXB4.
X.8 9 EET. X.d12 PGJ2. X.PGA2.
X.11 12 EET. X.TXB2. X.5 oxoETE.
X.14 15 EET. X.PGD2. X.d12 PGJ2.
X.PC. X.15d PGA2. X.PGH2.
X.11 HETE. X.PGB2. X.6k PGF1a.
X.9 HETE. X.TXA2. X.15 HETE.
X.16 HETE. X.20oh PGF2a. X.TXB2.
X.17 HETE. X.PGE2. X.TXA2.
X.19 HETE. X.15k PGE2. X.d6t LTB4.
X.8 isoPGF2a III. X.PGF2a. X.epi12LTB4.
X.5 isoPGF2a IV. X.dhk PGE2. X.PGE2.
X.18 HETE. X.12 HHT. X.d6t 12epi LTB4.
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centralities in Nk is likely due to its lower edge density and distinct clusters (see

Figure 4.8a).

Though the apparent similarity in closeness magnitudes between Nb and Nref

networks may suggest superior reconstruction using the PCLRCb algorithm, this

result is not reflected in Table 4.2. Of the 20 Nref nodes with the greatest closeness

centralities, only two appear in the top 20 nodes of Nk, and four in Nb. The CORRk

and PCLRCb networks share a greater number of top 20 nodes (eight) with each

other than either do with Nref . These results indicate that while the reduced density

of Nk produced distinctly lower closeness centralities than seen in Nb, the overall

structure of closeness centralities are most similar between the Nb and Nk networks.

Therefore, PCLRCb does not better capture closeness centrality than CORRk.

Based on the eigenvector centralities visualized within in Nk and Nb in Figure 4.9,

both networks induced larger eigenvector centralities across more nodes than those

observed in Nref . Of the nodes found to have the greatest eigenvector centralities

in Nref , only one was commonly identified in Nk and two in Nb (shown in Table

4.3). Based on these results, both algorithms failed to identify the majority of highly

influential nodes of the AA metabolism network. However, nine nodes were com-

monly identified as highly influential between Nk and Nb. Similar to betweenness and

closeness centrality results, greater similarity can be observed between the predicted

networks than between either of the predicted networks and the reference Nref .

Identifying nodes of the greatest betweenness, closeness, or eigenvector centralities

is one way to identify metabolites of different functional importance within a network.

Unexpectedly, the difference in network density observed between Nk and Nb had the

greatest effect on closeness, followed by eigenvector centrality, and lastly, between-

ness. Although distinct differences in the centrality patterns of Nk and Nb could be

visually identified, these differences had little consequence on the identification of

nodes with the greatest centrality measures. Across all included measures, CORRk

and PCLRCb captured a similar number of nodes with the greatest centralities in

Nref . Based on the results of these structural analyses, neither algorithm presents

a distinct advantage over the other for the inference of metabolic samples from a

small sample size. However, the exclusion of nodes (metabolites present in the data)

observed in the Nk could significantly impact a variety of network analyses. I would

therefore recommend use of PCLRCb over CORRk for this application, despite the

increased FDR.

The lack of distinction between the ability of the CORRk and PCLRCb algo-
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rithms to capture centrality structure within Nref reflects the similarity observed

between MCC scores (in contrast to AUROC and AUPR measures). Contradictory

to these results, AUROC indicated statistically significantly improved performance

of PCLRCb over CORRk (see Figure 4.1) for sample size 20, while AUPR indicated

the reverse. This suggests that where AUROC suffers from bias towards the reference

rather than the predicted network (over-rewarding TPs and under-penalizing FPs),

AUPR suffers from an opposite bias (over-rewarding TNs and under-penalizing pe-

nalizing FNs). I therefore would recommend use of MCC over AUROC and AUPR

for a more balanced assessment of network prediction performance.

4.2.2 Experimental Data and DCA

In addition to centrality measures, I chose to investigate the effects of CORRk and

PCLRCb on the results of DCA, a comparative network analysis commonly applied to

the study of human diseases (see Section 2.2.2). To perform DCA, networks needed

to be predicted for two distinct disease states. Four networks were thus predicted

using both CORRk and PCLRCb from two data sets containing the same set of

metabolites; one containing lipid panels sampled from fasted Tg mice (fTg) and the

other containing lipid panels sampled from fasted non-Tg mice (fnTg) (see Section

3.1.2). The resulting networks are shown as binary heatmaps in Figure 4.10.

Similar to networks predicted from simulated data, the networks predicted by

CORRk from both non-Tg and Tg data are sparser than those predicted by PCLRCb.

The CORRk non-Tg and Tg networks consist of 1253 and 1195 edges, respectively.

The PCLRCb non-Tg and Tg networks consist of 4026 and 4011 edges, respectively.

DCA was performed on the CORRk and PCLRCb networks separately (as described

in Section 3.2.3), the results of which are shown in Figure 4.11.

In contrast to the similarity in centrality structures observed between Nk and

Nb, a stark difference can be observed in the DCA results. Based on networks pre-

dicted using CORRk, 189 metabolites (90% of the 199 present in the networks) were

determined to be statistically significantly differentially connected between Tg and

non-Tg network states. Less than half as many metabolites (80 out of 199) were

determined to be statistically significantly deferentially connected between networks

predicted using PCLRCb. The DCA results produced with the CORRk networks

would provide no meaningful insights to differential centrality-based analyses, and

the lack on non-differentially connected metabolites render the results practically
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Figure 4.11: Abstract representation of the results of DCA performed on networks
inferred using both CORRk and PCLRCb from Alzheimer’s data. Each bar illustrates
the proportion of network metabolites found to be differentially connected between Tg
and non-Tg states for each algorithm. As shown in the CORRk results (left), 90%
of all nodes in the networks inferred using CORRk were found to be differentially
connected between states. As shown in the PCLRCb results (right), 40% of all
network nodes were found to be differentially connected between states.
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useless in biomarker identification studies. Although for small sample sizes CORRk

was shown to outperform PCLRCb based on AUPR, and perform comparably based

on MCC, PCLRCb has proven to provide more interpretable DCA results; a critical

need for the study of disease state networks. As such, I recommend PCLRCb as the

most suitable algorithm for the inference of small sample size metabolic networks for

the study of human diseases.
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Chapter 5

Conclusions and Future Work

Since metabolism is largely conserved between mice and humans, transgenic mouse

models have become an increasingly common model from which to study AD [90].

Studies utilizing such models have significantly aided our understanding of the mech-

anisms of AD [3, 115] and the development of therapeutics. However, previous work

has suggested that animal studies of neurological disorders are often underpowered

as a result of small sample size and a large number of variables, among other factors

[26, 97, 110]. Underpowered studies are at greater risk for false positive findings. It is

therefore of great importance to identify network inference algorithms that perform

high quality network reconstruction given small sample sizes (of fewer samples than

variables).

Working towards improving the quality of network construction from small cohort

disease studies, the aims of this thesis were threefold. First, to assess the performance

of several popular network inference algorithms using multiple performance measures

across a range of sample sizes, and identify top performing methods for small sample

sizes. Cross-referencing AUROC, AUPR, MCC, and FDR benchmarking results in

Section 4.1, I identified CORRk and PCLRCb as the overall top performing algo-

rithms.

The second aim was to investigate the effects of different network inference algo-

rithms (determined to perform comparably well in the aforementioned benchmarking)

on different node centrality measures. Comparing the betweenness, closeness, and

eigenvector centralities within the predicted CORRk, PCLRCb networks against the

AA metabolism reference network (in Section 4.2.1), I found no distinction between

the effects of either algorithm. For all three centralities; there was greater similarity

between the patterns observed in the two predicted networks than either predicted
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network and the reference. However, based on the noteworthy difference DCA results

observed for CORRk and PCLRCb Alzheimer’s disease state networks and impli-

cated effects on disease biomarker or diagnostic studies, I identified PCLRCb as the

preferred metabolic network inference algorithm to be used in small sample size dif-

ferential metabolic studies.

While PCLRCb reconstructed a greater proportion of the reference network than

CORRk, and indicated more discriminatory DCA results, the two algorithms per-

formed comparably in the reconstruction of the reference network’s structural prop-

erties. The noted differences in centrality structures between the PCLRCb network

and Nref (see Section 4.2) call into question whether the results presented by any

centrality-based differential network analysis would accurately reflect structural dif-

ferences between Tg and non-Tg states. In multiple studies, DCA has been applied

to networks inferred using PCLRCp from metabolic data to identify molecular deter-

minants associated with different health states [111, 112, 65]. Each of these studies,

investigating blood pressure and heart rate [112], Acute Ischemic Stroke mortality

[65], and Acute Myocardial Infarction mortality [111], indicated specific metabolites

supported by existing literature as metabolic determinants. Due to the large propor-

tion of metabolites observed to be deferentially connected in the PCLRCb networks,

it is likely that some number of structural differences with biological relevancy are

captured, as indicated by the aforementioned studies. For metabolites that lack

supporting literature to elucidate structural differences observed in DCA, possibly

indicating newfound mechanisms, it is critical that structural properties are accu-

rately captured. This indicates the need for the development of a network inference

algorithm that captures the majority of true network edges, like PCLRC, as well as

network structure.

The final aim of this thesis was to identify the network inference performance mea-

sure best suited for the evaluation of metabolic network reconstruction from small

sample sizes. Based on several observations, I identified MCC as the most suitable

measure. While AUPR clearly indicated CORRk as the top performing methods,

DCA results suggested poor performance of CORRk for the analysis of disease state

network. DCA results along with the absence of critical nodes in the CORRk pre-

dicted AA metabolism network also suggest a bias in the AUPR measure of over-

rewarding TNs and under-penalizing FNs. In comparison to AUROC (previously

shown to be a problematic measure when applied to imbalanced data [74]), MCC

demonstrated better discrimination between the performance of algorithms at small
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sample sizes, and a greater correspondence between large MCC and small FDR. While

I recommend MCC as the best existing performance measure for the assessment of

small sample size metabolic studies, the results of this study indicate the need for

a summative performance measure that also considered the structural properties of

predicted networks.

One limitation of the presented study is the lack of diversity of data included in

benchmarking and structural analyses. This study considered a range of sample sizes

for a set number of variables. In the interest of establishing a recommended sample

size for metabolic studies relative to the number of included metabolites, network

inference algorithm performance should be re-assessed for a wider range of data set

dimensions. Additionally, the observed effects of network inference algorithms on

network structure may be relevant to gene regulatory networks as well as metabolic

association networks. Wolf et al. determined node degree to be one of the most

relevant topological feature for highlighting the mechanisms of gene regulatory net-

works [119]. It would therefore be of interest, to the advancement of small sample

size gene regulatory network reconstruction, to repeat the presented study using gene

expression data.



65

Bibliography

[1] Scott Ayton, Peng Lei, and Ashley I. Bush. Metallostasis in alzheimer’s disease.

Free Radical Biology and Medicine, 62:76–89, 2013.

[2] Kunihiro Baba, Ritei Shibata, and Masaaki Sibuya. Partial correlation and

conditional correlation as measures of conditional independence. Australian

New Zealand Journal of Statistics, 46(4):657–664, 2004.

[3] Kelly Bales. The value and limitations of transgenic mouse models used in

drug discovery for alzheimer’s disease: an update. Expert Opinion on Drug

Discovery, 7(4):281–297, 2012.

[4] Albert-László Barabási and Réka Albert. Emergence of scaling in random net-

works. Science, 1999.

[5] Nir Barzilai, Derek M. Huffman, Radhika H. Muzumdar, and Andrzej Bartke.

The critical role of metabolic pathways in aging. Diabetes, 61(6):1315–1322,

2012.

[6] Phillip Bonacich. Some unique properties of eigenvector centrality. Social Net-

works, 29(4):555–564, 2007.

[7] Sabri Boughorbel, Fethi Jarray, and Mohammed El-Anbari. Optimal classifier

for imbalanced data using matthews correlation coefficient metric. PLOS ONE,

12(6):e0177678, 2017.

[8] Andrew Bradley. The use of the area under the roc curve in the evaluation of

machine learning algorithms. Pattern Recognition, 30(7), 1997.

[9] Matthew Buczynski, Darren Dumlao, and Edward Dennis. Thematic review

series: Proteomics. an integrated omics analysis of eicosanoid biology. Journal

of Lipid Research, 50(6):1015–1038, 2009.



66

[10] Allan Butterfield and Barry Halliwell. Oxidative stress, dysfunctional glucose

metabolism and alzheimer disease. Nature Reviews Neuroscience, 20(3):148–

160, 2019.

[11] Huan Cai, Wei na Cong, Sunggoan Ji, Sarah Rothman, Stuart Maudsley, and

Bronwen Martin. Metabolic dysfunction in alzheimer’s disease and related neu-

rodegenerative disorders. Current Alzheimer research, 9(1):5–17, 2012.

[12] Diogo Camacho, Alberto de la Fuente, and Pedro Mendes. The origin of corre-

lations in metabolomics data. Metabolomics, 1(1), 2005.

[13] Davide Chicco and Giuseppe Jurman. The advantages of the matthews cor-

relation coefficient (mcc) over f1 score and accuracy in binary classification

evaluation. BMC Genomics, 21(1):6, 2020.
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lie, Xianlin Han, Madhav Thambisetty, Jessica Tenenbaum, Karsten Suhre,

Will Thompson, Lisa St. John-Williams, Siamak MahmoudianDehkordi, Daniel

Rotroff, John Jack, Alison Motsinger-Reif, Shannon Risacher, Colette Blach,



77

Joseph Lucas, Tyler Massaro, Gregory Louie, Hongjie Zhu, Guido Dallmann,

Kristaps Klavins, Therese Koal, Sungeun Kim, Kwangsik Nho, Li Shen, Ramon

Casanova, Sudhir Varma, Cristina Legido-Quigley, Arthur Moseley, Kuixi Zhu,

Marc Henrion, Sven van der Lee, Amy Harms, Ayse Demirkan, Thomas Han-

kemeier, Cornelia van Duijn, John Trojanowski, Leslie Shaw, Andrew Saykin,

Michael Weiner, Murali Doraiswamy, and Rima Kaddurah-Daouk. Metabolic

network failures in alzheimer’s disease: A biochemical road map. Alzheimer’s

dementia : the journal of the Alzheimer’s Association, 13(9):965–984, 2017.

[108] Eugenia Trushina and Michelle M. Mielke. Recent advances in the application

of metabolomics to alzheimer’s disease. Biochimica et Biophysica Acta (BBA)

- Molecular Basis of Disease, 1842:1232–1239, 2014.

[109] Peter Uetz, Loic Giot, Gerard Cagney, Traci A. Mansfield, Richard S. Judson,

James R. Knight, Daniel Lockshon, Vaibhav Narayan, Maithreyan Srinivasan,

Pascale Pochart, Alia Qureshi-Emili, and Ying Li Brian Godwin Diana Conover

Theodore Kalbfleisch Govindan Vijayadamodar Meijia Yang Mark Johnston

Stanley Fields Jonathan M. Rothberg. A comprehensive analysis of pro-

tein–protein interactions in saccharomyces cerevisiae. Nature, 403(6770):623–

627, 2000.

[110] Hanna Vesterinen, Emily Sena, Charles ffrench Constant, Anna Williams, Sid-

dharthan Chandran, and Malcolm Macleod. Improving the translational hit of

experimental treatments in multiple sclerosis. Multiple Sclerosis, 16:1044–1055,

2010.

[111] Alessia Vignoli, Leonardo Tenori, Betti Giusti, Serafina Valente, Nazario

Carrabba, Daniela Balzi, Alessandro Barchielli, Niccolò Marchionni,
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