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Gene networks capture the interactions between different biological entities. These gene

networks have many applications in modern day biology. In particular, gene networks can

help to shed light on the underlying mechanisms of diseases. Advances in biotechnology

have led to the generation of different types of genome-wide data, profiling the activity

levels across the entire genome. In this thesis, we generated informative and accurate gene

networks by integrating multiple types of big biomedical data.

Many algorithms have been proposed in the literature to infer gene networks from

genome-wide data. However, it is non-trivial to distinguish direct edges between two nodes

from indirect edges represented by a path connecting two nodes using these genome-wide

data. In this thesis, I constructed compact and accurate gene networks by using an improved

Bayesian Modeling Averaging based gene network inference algorithm which includes a post-

processing step of removing indirect redundant edges. I applied this improved method to

synthetic data in which the ground truth was already known and to real data in which

external data sources were used to help assess and analyze the resulting gene networks. The



assessment results were presented in two different forms, graphs and tables. In general,

the results showed that the new gene network inference algorithm produced more accurate

networks and the implementation is more efficient.
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GLOSSARY

DNA: deoxyribonucleic acid; the molecule that encodes genetic information.

GENE: a segment of DNA which normally specifies a functional unit.

GENE EXPRESSION: the process by which a gene’s coded information is converted to

the structures present and operating in the cell.

LINCS: library of integrated network-based cellular signatures.

BD2K: the Big Data to Knowledge

NIH: National Institutes of Health

CELL LINE: a population of cells descended from a single cell and containing the same

genetic makeup.

TRANSCRIPTOME: is the full range of messenger ribonucleic acid (RNA), or mRNA,

molecules expressed by an organism.
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Chapter 1

INTRODUCTION

1.1 Introduction

Big data is ubiquitous in modern day biology. The European Bioinformatics Institute (EBI)

is one of the world’s largest biology data repositories which currently stores 20 petabytes

data of molecules, proteins and genes [1]. Most importantly, the rate of increment of data

stored each year is rising. The complexity when dealing with biological big data is very

high [2]. Advances in biotechnology allow the generation of multiple types of genome-wide

data. These genome-wide data profiling measurements across biological entities across the

entire genome provide a global view of molecular systems. Examples of these genome-

wide technology include microarrays [3, 4, 5], sequencing [6] and mass spectrometry [7].

Integrating multiple sources of genome-wide data to extract biological meanings from these

abundant sources of data is a major challenge in bioinformatics [8].

Systems biology studies the interactions between different components of biological

systems and how these interactions affect the behaviors within that biological system.

These interactions (or gene networks) are typically represented as graphs, in which the

nodes represent genes and the edges (directed or undirected) represent relationships be-

tween genes.

Gene networks are important in the development, differentiation and responding to

environmental cues [9]. Also, they facilitate the understanding of the biological functioning

of cells. Identifying the interactions between genes can aid biologists to understand how

the cell functions both in reaction to external stimuli and steady state [10]. Modern day

biological research is driven by the desire of coming up with new treatments to cure diseases.
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Studying disease patterns is a key step to tentatively solve this problem. Gene networks

represent complex relationships between biological entities which help us to identify putative

driver and passenger genes in various diseases [11].

Gene networks have many applications in biomedical sciences. In particular, gene net-

works capture molecular interactions. We can statistically compare gene networks from

different physiological and disease conditions which allows us to learn more about the inter-

action changes across different physiological or disease conditions [12, 13, 14, 15]. Usually,

the large-scale generation and integration of genomic, proteomic, signalling and metabolomic

data are increasingly allowing the construction of complex networks that provide a new

framework for understanding the molecular basis of physiological or pathophysiological

states. Network-based drug discovery aims to harness this knowledge to investigate and

understand the impact of interventions, such as candidate drugs, on the molecular networks

that define these states. Subsequently, these advances could lead to improved therapies

[16, 17].

Visualizing and analyzing gene networks have become important tasks to accomplish.

Personalized medicine is an important application of gene networks [17]. Specifically, com-

mon human diseases originate from complex interplay between constellations of changes in

Deoxyribonucleic acid (DNA) (both rare and common variations) and a broad range of fac-

tors such as diet, age, gender and exposure to environmental toxins. These complex arrays

of interacting factors are thought to affect entire network states that in turn increase or

decrease the risk of disease or affect disease severity. The disease states can be considered

emergent properties of molecular networks [18]. If we advance our knowledge in molecular

networks, then we can in turn reduce the risk of disease more significantly [19].

With the application of systems biology approaches to big biological data derived from

various diseased states, a new research area called systems medicine has been developed.

Systems medicine unites genomics and genetics to identify disease genes. P4 medicine,

which stands for predictive, preventive, personalized, and participatory, is the product of the

convergence of patient-activated social networks, big data and their analytics, and systems
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medicine [20]. In the context of bioinformatics, molecular networks play an important role.

Molecular networks reflect DNA and environmental perturbations and, as a result, drive

variations in physiological states associated with diseases [18]. Molecular networks capture

the relationships between biological entities (such as genes and proteins) under different

experimental conditions (such as drug perturbations). Therefore, researchers could use

molecular networks in P4 medicine to define the downstream effect of drugs as the genes

related to the known drug targets in gene networks.

Many software have been developed to help answer systems biology research questions.

In particular, Cytoscape is a publicly available bioinformatics software tool for the integra-

tion, visualization, and exploration of biological networks. Cytoscape provides functionality

for data import and export, integration of molecular states with molecular interactions, net-

work and integrated data visualization, and data filtering and query tools [21, 22].

In addition, machine learning and data science techniques have been used in the analy-

ses and construction of gene networks using big biological data. Machine learning methods

that have been applied to these applications, include supervised classification, unsuper-

vised clustering, linear regression, logistic regression and probabilistic graphical models and

networks for knowledge discovery, as well as deterministic and stochastic heuristics for op-

timization [23, 24].

In this thesis, I experimented and assessed gene network construction algorithms called

fast Bayesian Model Averaging (fastBMA) that combines machine learning and graph theory

techniques to construct accurate and compact gene networks. In particular, fastBMA ex-

tended the regression-based gene network inference methods developed by Drs. Ka Yee Ye-

ung, Dr. Adrian Raftery, Dr. Ling-Hong Hung and Mr. William Chad Young [25, 26, 27, 28]

by providing an efficient and optimized algorithm as well as removing redundant edges us-

ing transitive reduction. My empirical experiments use both time series and static (no time

point) gene expression data.
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1.2 Related Work

In this subsection, we review methods for the inference of gene networks in the litera-

ture.

1.2.1 Correlation-based

Correlation-based methods are the most intuitive. In a correlation or co-expressed network,

nodes represent genes and nodes are connected if the corresponding genes are significantly

correlated across appropriately chosen tissue samples [29]. Co-expression networks aim to

find regulatory relationships between genes using correlation. They are typically generated

using correlation statistics as pairwise similarity measures. An advantage of correlation-

based methods is that they are extremely useful in order to determine whether two genes

have a strong global similarity over all conditions from the data set.

1.2.2 Bayesian networks

Bayesian networks are a class of graphical probabilistic models. A Bayesian network con-

sists of an annotated directed acyclic graph (DAG), where the nodes are random variables

representing genes’ expressions and the edges indicate the dependencies between the nodes.

Friedman et al. used Bayesian networks to establish regulatory relationships between genes

in yeast using time-series gene expression data [30]. The same group of authors also applied

Bayesian networks to perturbation gene expression data to identify regulatory relationships

and in addition, to predict their nature of activation or inhibition [31]. Bayesian networks

offer an probabilistic and intuitive framework in which to model and reason about qual-

itative properties of gene networks. The problem with Bayesian networks is if the graph

model is not known then the space of all graph models has to be explored. However, this

space is super exponential even for directed acyclic graphs and exploring it completely is

impossible even with the fastest heuristics [32]. Subsequently, Bayesian networks are highly
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computationally intensive, and hence, they can be applied only when the network size is

small.

A key constraint with Bayesian networks is that a DAG is assumed, hence cycles are

not allowed. We need to accommodate cycles due to potential feedback loops in networks

inferred from time series data. Dynamic Bayesian networks (DBN) have been applied to

time series gene expression data [33]. Given the time series data, DBN works by estimating

a probabilistic graphical model. DBN works well in terms of the precision of the generated

gene regulatory networks. However, it works well only when the network size is small. In

another way of saying, it is limited to large network size due to its computational cost.

The difference between Bayesian networks and DBN is that DBN also captures temporal

relationships between variables Xt which is the vector for variables X at time point t [34].

Therefore, in DBN with time points, DAG can’t be used since there are cycles in the graphs.

However, Bayesian networks can have DAGs.

1.2.3 Ordinary Differential Equations (ODE)

Ordinary differential equations (ODE) could also be combined with statistical methods

[35]. As an example, Network identification by multiple regression (NIR) uses wild-type

gene expression data and does not require prior information about each gene’s function or

network structure, but only the information of which genes are directly perturbed in each

experiment. The most significant advantage of NIR is that it performs with high accuracy in

sparse gene networks, though the resulting networks usually lack directionality [36].

1.2.4 Graph Theoretical Models

Graph theoretical models (GTMs) are used mainly to describe the topology, or architecture,

of a gene network. Inferring gene networks under GTMs amounts to identify the edges and

their parameters from given expression data. Using both time-series measurements and

perturbation measurements of gene expression are feasible choices of data types. GTMs
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are very useful for knowledge representations but not simulation. Existing gene network

inference methods use parsimonious assumptions about the nature of the networks to reduce

the solution space and yield a single solution [32].

1.2.5 Regression-based method for inferring gene networks

In regression-based approaches, parent nodes (regulators) are inferred for each target gene

using a regression framework. In the case of time series data, the expression level at the

previous time point to predict the expression levels at the current time point. Without prior

knowledge, every gene is a potential regulator of ever other gene. Since there are usually

lots of potential regulators, prior probabilities are computed using other data sources to

constrain the search space to the most likely regulators. Also, regression-based methods

can account for multiple data sources through the use of prior information in a Bayesian

statistical framework.

The regression framework can be formulated as a statistical variable selection or model

selection problem. Vector auto-regressive models have been proposed for inferring causal

links between genes. Least Absolute Shrinkage and Selection Operator (LASSO) [37], elastic

net [38], and Bayesian Model Averaging (BMA) [39, 40] are some of the algorithms in this

regression-based gene inferring category. BMA will be explained in details in Chapter

2.

1.3 Overview of chapters

Chapter 2 gives detailed explanations of Bayesian Model Averaging (BMA) gene network

inference methods (including iterative BMA (iBMA), Scan BMA (ScanBMA), and fast

BMA (fastBMA)). We will also introduce the concepts of transitive reduction (TR) and

how to integrate transitive reduction to work with BMA. Also, Chapter 2 demonstrates the

application of fastBMA on simulated Dialogue for Reverse Engineering Assessments and

Methods (DREAM) time series data and yeast real time series data. Chapter 3 discusses the
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Library of Integrated Network-based Cellular Signatures (LINCS) L1000 data, and explains

how to adapt Bayes Factor to fastBMA. Chapter 3 also demonstrates the application of

fastBMA on different types of LINCS perturbation data without time points. Finally,

Chapter 4 is the conclusion of this thesis project.
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Chapter 2

GENE NETWORK INFERENCE USING TIME SERIES DATA

This chapter focuses on the inference of gene networks using time series gene expression

data. Also, this chapter covers concepts that will be used throughout this thesis, includ-

ing detailed descriptions of the Bayesian Model Averaging (BMA) gene network inference

methods (iterative BMA (iBMA), Scan BMA (ScanBMA), and fast BMA (fastBMA)), and

a graph theoretical concept that removes direct spurious relations. Both simulated and

real gene expression data sets were used to assess our methods. We will also introduce

assessment criteria and statistics.

2.1 Background

Time series data usually consists of successive measurements made over multiple time points.

These temporal data allow us to observe the pattern of changes from one time point to the

next time point for each gene. Time series expression experiments have been used to study

a wide range of biological systems. One of the unique features of time series experiments

is the ability to infer the relationship “If A changes, then B will change”. Yeung et al.

aimed to generate testable hypotheses of gene-to-gene influences and subsequently design

bench experiments to confirm these network predictions [26]. Time-series data and genetics

data were used to infer the directionality of edges in regulatory networks. Time-series data

contain information about the chronological order of regulatory events. Another example of

using time-series data to infer gene networks is Bansal et al., who inferred the local network

of gene-gene interactions by perturbing a gene of interest and subsequently measuring the

gene expression profiles at multiple time points. Bansal et al. showed that it is possible

to recover the gene regulatory gene networks from a time-series data of gene expression
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following a perturbation to the cell [36].

Many statistical methods have been developed for time series data analysis, and these

methods could be adapted to infer gene networks from time series data. For example,

Wichert et al. proposed a method for signal detection and gene selection in gene expression

time series data [41]. Another example is Short Time-series Expression Miner (STEM) [42]

which was designed for the analysis of short time series microarray gene expression data

consisting of relatively few time points. STEM implements statistical methods to cluster,

compare, and visualize such data. STEM also supports efficient and statistically rigorous

biological interpretations of short time series data through its integration with the Gene

Ontology annotations [42].

An auto regressive model is when a value from a time series is regressed on previous

values from that same time series. For example, considering a problem in which we have a

y-variable measured as a time series. Y is a measure of gene expression, with measurements

observed each hour. We use t as a subscript to emphasize that we have measured gene

expression over time. So, yt means y measured in time period t. An auto regressive model

of this example could be yt on yt−1:

yt = β0 + β1yt−1 + εt

. In this regression model, the response variable in the previous time period has become the

predictor and the errors have the usual normal assumptions about errors in a simple linear

regression model. With this model, we could predict (yt) using time series data [43].

2.2 Regression-based methods to infer gene networks from time series data

Given time series gene expression data across multiple time points, the regression-based

approach used the gene expression level at the previous time point (t − 1) to predict the

expression level at the current time point t in the same experiment. Without prior knowl-

edge, every gene is a potential regulator of every other gene, Yeung and colleagues used

prior probabilities computed from other data sources to constrain the search to the most
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likely regulators. This regression approach is illustrated in Figure 2.1 [26], in which there

are many potential regulators R in the previous time point (t − 1) that can regulate the

expression level of gene g at the current time point t. We aim to identify potential regu-

lators R that regulate gene g. Mathematically, the expression of each gene is predicted by

a linear combination of the expression of candidate regulators at the previous time point

[25, 26, 28]:

Xi,t = β0,i +
∑
hεH

βh,iXh,t−1 + εi,t

where Xi,t is the expression of gene i at time t, H is the group of regulators for gene i in a

candidate model, β’s are the regression coefficients, and εi,t is the error term for gene i =

1...n and time t = 2, ...T .

Figure 2.1: Regression-based approach on time series data

2.2.1 Bayesian Model Averaging

Bayesian Model Averaging (BMA) is a variable selection and network inference algorithm

that takes model uncertainty into account by averaging over the posterior distribution of a

quantity of interest based on multiple models, weighted by their posterior model probabili-

ties [40, 44].

BMA used the leaps and bounds algorithm [45] to efficiently identify a small group of

promising models out of all possible models. Specifically, it returns the nbest models for

each number of variables (regulators) and Occam’s window was used to discard models with
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much lower posterior model probabilities than the best one [46]. The Bayesian Information

Criterion (BIC) [47] was used to approximate each model’s integrated likelihood, from which

its posterior model probability could be determined. BIC corrects for over-fitting with a

penalty term for the number of parameters in the model.

This version of BMA cannot be applied to high-dimensional data that contain more

variables than samples. Additionally, the leaps and bounds algorithm scaled poorly and was

limited in practice to fewer than 50 variables. In order to fix this high dimensionality issue,

Yeung et al. developed the iterative Bayesian Model Averaging (iBMA) algorithm [26, 48]

which iteratively called BMA. In iBMA, a pre-processing step was used to rank all variables

using a univariate measure. Then, the original BMA was iteratively applied to the top w

variables (where w is the window size and is typically set to 30). Predictor variables with

low posterior probabilities are discarded, and replaced by new variables from the ranked

list. This process of repeatedly applying BMA and swapping variables was continued until

the specified p top ranked variables are processed [26, 48].

2.2.2 Scan Bayesian Model Averaging

Scan Bayesian Model Averaging (ScanBMA) is an improved algorithm for gene network

inference using time series expression data [28]. There are three major differences between

ScanBMA and iterative Bayesian Model Averaging (iBMA). The first difference is that

ScanBMA removed the pre-processing step in which variables are ranked using a univariate

measure. ScanBMA is a greedy algorithm in which a single variable is considered to be

added or removed to improve the best models found so far. Occam’s window was used

to determine whether the new model should be kept. The process repeated until no new

models were added or removed from the best set of models. The second difference between

ScanBMA and iBMA is that ScanBMA allowed the use of Zellner’s g-prior [49], which

replaced the Bayesian Information Criterion (BIC) for scoring the models. Zellner’s g-prior

was more flexible than BIC and could be either specified or estimated using the Expectation-

Maximization (EM) algorithm. The third difference is that there is no upper limit on the



12

maximum size of the models inferred by ScanBMA since the fixed window size is removed.

In contrast to iBMA, in which the number of maximum variables was limited by the BMA

window size w.

2.3 Fast Bayesian Model Averaging

Fast Bayesian Model Averaging (fastBMA) constructed accurate and compact gene networks

by using a combination of statistical and graph theory techniques. It is a distributed, parallel

and scalable Bayesian type inference method that uses Zellner’s g-prior [49] to guide the

search in model space [50]. The first phase of fastBMA used the BMA regression-based gene

network inference framework [25, 26, 28, 51]. The second post-processing phase used the

idea of transitive reduction (TR) to remove indirect influence edges. fastBMA reduced the

time complexity and was implemented in C++ [50]. We showed that our fastBMA method

out-performed previous methods using both simulated and real time series gene expression

data. In particular, fastBMA improved upon its fast predecessor Scan Bayesian Model

Averaging (ScanBMA) [28] by increasing the speed by more than 500-fold and supported

multiple threads. A 100 gene network was obtained in 0.1s and a complete 10,000 gene

network could be obtained in hours [50]. When using a single thread, fastBMA is 30x faster

than ScanBMA [28] and 10x-1000x faster than the Least Absolute Shrinkage and Selection

Operator (LASSO) [37] with increased accuracy.

2.3.1 Optimized algorithm and implementation

The first step formulated gene network inference as a variable selection problem in which

parent nodes were selected for each target gene. fastBMA implemented a more scalable

and optimized version of the ScanBMA algorithm. fastBMA took advantage of the fact

that new models were always based upon existing models where the regression coefficients

have already been calculated. fastBMA updated the models rather than calculating the

entire regression de novo. The gain of speed came from a more efficient linear regression
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algorithm, faster optimized Open Basic Linear Algebra Subprogram (OpenBLAS) which is

a linear algebra library routine [52], and replacing all the R routines with C++ code [50].

The faster speed allowed fastBMA to sample the model space in a more comprehensive

fashion, hence increasing the accuracy of inferred models.

2.3.2 Transitive reduction

Transitive reduction (TR) removes such spurious relations if they can be explained by an

indirect path [53]. A gene network usually contains edges that represent either direct or

indirect interactions. TR can also be defined as the process of removing indirect influences.

The resulting networks are more compact and intuitive. Therefore, it is desirable to remove

edges between nodes where the regulation is indirect. fastBMA used TR to post-process

the inferred gene networks from step 1 [50].

TR compared the measured influence strengths (uncertainty) between the direct and

indirect interactions. The direct interaction is removed if its uncertainty is greater than the

largest uncertainty of the indirect path [53]. The result of TR is that a direct interaction

is removed only if there exists an indirect interaction path between the same nodes which

is more certain than the direct one. In other words, the largest uncertainty of the indirect

path is smaller than the uncertainty of the direct interaction. Figure 2.2 shows a small

graph example of TR.
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Figure 2.2: In panel (a), the uncertainty value of the direct edge from R2 to G is 0.5. There

is also an indirect path from R2 to G which is R2 to R3 to G with the largest uncertainty

equals to 0.4. Since 0.5 is greater than 0.4 which means the direct edge is more uncertain

than the indirect path, the direct edge from R2 to G is removed which is shown in panel

(b). In panel (c), the uncertainty of the direct edge from R2 to G is still 0.5. However, the

indirect path from R2 to G which is R2 to R3 to G with the largest uncertainty equals to

0.6. Since 0.6 is greater than 0.5 which means the indirect path is more uncertain than the

direct edge, the direct edge is remained which is shown in panel (d).

In BMA, iBMA, ScanBMA and fastBMA, the linear regression step evaluates correla-

tions between the observation and the variable and is agnostic to whether the correlation

is due to a direct interaction or an indirect interaction. However, the Bayesian framework

allows for the specification of prior probabilities that indicates the likelihood of a direct
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interaction between the parent node and the child node. This biases the formation of edges

that represent direct interactions. A direct edge may still be inferred between two genes

even when the actual regulatory path between these two genes is an indirect path [50]. Re-

searchers could calculate the joint probability of any path by multiplying the probabilities

together assuming all the probabilities along the path are independent.

Hung et al. extended the TR idea and added this as a post-processing step in fastBMA.

Instead of using measured influence strength (uncertainty) to represent each edge, posterior

probability resulted from BMA was used the to represent each edge in gene networks. In

addition, instead of comparing the uncertainties in indirect paths and direct paths to decide

whether a direct edge should be removed or preserved, the logarithmic transformation was

applied to these posterior probabilities so that one could simply add the probabilities of all

the edges in a path to get the probability of the entire path since multiplication is generally

more expensive than addition in terms of running time. Subsequently, the exponentiation

was applied to the sum of all the log transformed probabilities to compute the probability

of the entire path. This exponentiation step could be skipped at the end if one just wants

to know which path is more certain. Determining whether a better indirect path exists

between two connected nodes (i.e. lower negative log sum) was formulated as the shortest

path problem which has known efficient solutions. For example, Dijkstra’s algorithm [54]

that solves the shortest path problem in O(n log n + E log n) time which E is the number

of edges and n is the number of nodes in the gene network.

2.3.3 Input parameters in fastBMA

We tuned the following parameters when testing the fastBMA method. Number of variables

means how many variables (genes) are selected from a model. w/prior means that external

priors files are been used with fastBMA. w/oprior means that we did not use any priors

files when generating networks using fastBMA. w/TR means that transitive reduction has

been applied to the gene networks generated by fastBMA. w/oTR means that transitive

reduction has not been applied to the gene networks generated by fastBMA. In other words,
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we did not try to prune redundant edges in the networks.

2.4 Data

I applied the fastBMA algorithm to both simulated and real time series gene expression

data. Simulated time series gene expression data have the advantage that the ground truth

is known. The real time series gene expression data consist of a higher number of variables

(genes), contain noise from the experimental measurements, and hence, are closer to the

intended use cases for fastBMA. However, we were uncertain with the ground truth of

regulatory relationships due to incomplete knowledge.

2.4.1 Simulated Data from the Dialogue for Reverse Engineering Assessments and Methods

(DREAM) Challenge

For simulated data sets, we used the in-silico 10-gene and 100-gene time-series data over 21

time points and the corresponding reference networks from the DREAM4 challenge which

many different teams participated to infer gene networks [55, 56, 57, 58, 59].

2.4.2 Real Yeast Data

For real time series data sets, we used a subset of the yeast time-series gene expression

data consisting of 3556 genes over 6 time points [26] and the literature-curated regulatory

relationships from the Yeast Search for Transcriptional Regulators And Consensus Tracking

(YEASTRACT) database [60] as our assessment criteria. In this thesis, we use the terms

“assessment criteria” and “gold standard” interchangeably. This yeast time series expression

data measure the response to a drug perturbation over 6 time points at 10-minute intervals

in 95 yeast segregants and 2 parental strains. The full data sets are publicly available from

the ArrayExpress database at http://www.ebi.ac.uk/arrayexpress/experiments/E-MTAB-

412/.
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2.5 Assessment

2.5.1 Assessment measures

We used a number of measures to evaluate the quality of the inferred gene networks from

fastBMA. We defined a true positive (TP) as an edge in the inferred gene network that was

also present in the gold standard. A false positive (FP) was an edge in the inferred gene

network that was missing in the gold standard. A false negative (FN) was an missing edge

in the inferred gene network that was present in the gold standard, and a true negative

(TN) was an missing edge that was also missing in the gold standard. True positive rate

(TPR) was calculated by dividing the number of TP by the sum of TP and FN, i.e.,

(TP/(TP+FN)). Precision was calculated by dividing the number of TP by the total number

of edges in the inferred gene network, i.e., (TP/(TP+FP)). Recall was calculated by dividing

the number of TP by the sum of TP and FN, i.e., (TP/(TP+FN)). Both precision and recall

were useful measures of the positive predictive value and sensitivity of the methodology.

However, TP, FP, FN and TN are all computed by thresholding the resulting posterior

probabilities of edges in the gene network, and hence, precision and recall are dependent on

the threshold as well. Plots of precision versus recall over different values for the posterior

probability threshold give a more complete picture of the accuracy of the network inference.

Similarly, the receiver operating characteristic (ROC) plots of i.e. (TP/(TP+FN)) versus

i.e. (FP/(FP+TN)) for different thresholds are also useful. We summarized these plots

into a single number by computing the area under the precision recall curve (AUPRC)

and area under the receiver operating curve (AUROC) across different posterior probability

thresholds [50].

2.5.2 Contingency table

A contingency table captures the association of two discrete variables. An example contin-

gency table is shown in Figure 2.3. Note that the sum of the first row in the contingency
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table is the number of edges at the given posterior probability threshold in the generated

gene network. The sum of the first column in the contingency table is the number of edges

in the gold standard.

Figure 2.3: Contingency table used in assessment

2.6 Results

2.6.1 DREAM4 10-gene data

Figure 2.4 shows the result of applying fastBMA and TR to one of the DREAM4 10-gene

data set.
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Figure 2.4: DREAM4-10 gene-set No.4 gold standard with fastBMA and transitive reduction

In Figure 2.4, the gene network inferred was shown in solid lines. The gold lines

indicated the gold standard network. Red solid lines indicated the false positive predictions

and dotted gold lines indicated false negative predictions. The dashed red line from G1 to

G3 was a false positive edge that was eliminated by the transitive reduction process due to

the better indirect path from G1 to G2 to G3.

2.6.2 DREAM4 100-gene data

Figure 2.5 summarized the assessment results for ScanBMA and fastBMA when applied to

the DREAM4 100-gene simulated time series data. Since there are five simulated data sets,

the TP and FP columns shown were the sum across all 5 sets. The number of FP edges

inferred by fastBMA was much smaller than those of ScanBMA, subsequently resulted in

higher precision. The precision of fastBMA either with or without TR was much higher

than ScanBMA. The AUPRC for fastBMA was also higher than those in ScanBMA.
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Figure 2.5: Average performance of ScanBMA and fastBMA at 50% posterior probability

threshold on the DREAM4 100-gene networks. w/TR means that transitive reduction has

been applied to the gene networks generated by fastBMA. w/oTR means that transitive

reduction has not been applied to the gene networks generated by fastBMA.

2.6.3 Yeast time series gene expression data

Figure 2.6 summarized the assessment results of ScanBMA and fastBMA when applied to

the 3556-gene yeast time series gene expression data. fastBMA with number of variables

= 20 had a precision of 0.4429, higher than ScanBMA with the same number of variables.

The AUPRC for fastBMA was also higher than ScanBMA. Additionally, the number of true

positive edges inferred by fastBMA was also higher than that of ScanBMA.



21

Figure 2.6: Assessment of ScanBMA and fastBMA in terms of precision, recall, AUROC

and AUPRC at 50% posterior probability threshold on the yeast data. Numbers in [ ] are

number of variables which means how many variables are selected from a model. w/prior

means that external priors files are been used with fastBMA. w/oprior means that external

priors files are not been used with fastBMA. w/TR means that transitive reduction has

been applied to the gene networks generated by fastBMA. w/oTR means that transitive

reduction has not been applied to the gene networks generated by fastBMA.

2.6.4 Improvement in running time

Figure 2.7 summarized the running time results for applying ScanBMA and fastBMA to

the DREAM4 100-gene simulated time series data. We showed that fastBMA produced a

significant improvement in running time over ScanBMA.
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Figure 2.7: Running time of ScanBMA and fastBMA on the DREAM4 100-gene data.

w/TR means that transitive reduction has been applied to the gene networks generated by

fastBMA. w/oTR means that transitive reduction has not been applied to the gene networks

generated by fastBMA.

Similarly, Figure 2.8 summarized the running time results for applying ScanBMA and

fastBMA to the 3556-gene yeast time series gene expression data. We showed that when

the number of variables = 20, fastBMA ran much faster than ScanBMA. Also, when the

number of variables increased, fastBMA was still more efficient than ScanBMA.
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Figure 2.8: Running time of ScanBMA and fastBMA on the 3556-gene yeast data. Numbers

in [ ] are number of variables which means how many variables are selected from a model.

w/prior means that external priors files are been used with fastBMA. w/oprior means that

external priors files are not been used with fastBMA. w/TR means that transitive reduction

has been applied to the gene networks generated by fastBMA. w/oTR means that transitive

reduction has not been applied to the gene networks generated by fastBMA.

2.7 Summary

I experimented, benchmarked and tested fastBMA, an improved and efficient implemen-

tation of ScanBMA method for inferring gene networks using both simulated and real

time-series gene expression data. fastBMA contains an additional transitive reduction post-

processing step after the regression step to remove spurious paths. We showed that fastBMA
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inferred gene networks with higher precision than ScanBMA. The gene networks generated

from fastBMA were also comparable in size to the gold standard.
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Chapter 3

GENE NETWORK INFERENCE INTEGRATING DIFFERENT
TYPES OF PERTURBATION DATA

In this chapter, I will report the results of applying gene network inference methods to

the gene expression data generated by the Library of Integrated Network-based Cellular Sig-

natures (LINCS) project (http://www.lincsproject.org/), funded by the National Institutes

of Health (NIH) Big Data to Knowledge (BD2K) initiative [61].

3.1 L1000 gene expression data

The NIH LINCS project aims to create a network-based understanding of biology by measur-

ing gene expression changes subject to perturbations (http://www.lincsproject.org/). For

example, data mining on LINCS data which includes clustering, visualization [62] and multi-

way factorization, drug to drug interaction network. There are two types of perturbations in

the LINCS data, including both genetic perturbations and drug perturbations. Genetic per-

turbations include gene deletions, gene over-expression, insertions of other genes, and frame

shift mutations [63]. Drugs bind to their target proteins which interact with downstream

effectors and ultimately perturb the transcriptome of a cell. These drug perturbation data

reveal information about their source, i.e., drugs’ targets [64]. In this thesis, I will focus on

one type of genetic perturbation data called knockdown data, in which the expression level

of a given gene is reduced.

The LINCS L1000 gene expression data measured the expression level of 978 landmark

genes across different perturbations [65]. The L1000 assay uses the Luminex technology,

and is a bead-based, high-throughput assay in which the expression levels of two genes are
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measured on the same bead [66]. The 978 landmark genes are chosen by the LincsCloud

project at the Broad Institute (http://www.lincscloud.org/l1000/). The intuition is that

the expression levels of many genes are highly correlated and that one could measure the

expression levels of selected representative genes and use these measurements to interpolate

the expression levels of other genes [67].

The LincsCloud project generated the L1000 data, and made the L1000 data publicly

available at different levels such that the data at higher levels are more processed than the

data at lower levels. Specifically, level 1 data was the raw unprocessed data. Level 2 data

was the gene expression values per 1000 genes after deconvolution from Luminex beads.

Since the expression levels of two genes are measured on the same bead, it is essential to

deconvolute the data, i.e. to assign the two measurements to the two genes. Level 3 data

was the quantile normalized data. The intuition of quantile normalization is to make sure

that the data distributions from different experiments have similar statistical properties.

Level 4 was the z-scores data. They were profiles of differentially expressed genes computed

by comparing the perturbation experiments to the control experiments.

Dr. Hung developed an alternative data processing pipeline called L1K++ for LINCS

L1000 data. The L1k++ pipeline is a fast pipeline that increases the accuracy of L1000 gene

expression data. It is written in C++ and starts from the raw level 1 data. The main idea of

L1K++ is to combine all data from different replicates in order to increase accuracy. Level

1 data from L1000 data was taken to make a more compact form which is level 1.5 data in

L1K++. Dr. Hung combined data from all control wells in a given cell line, combined data

from replicates treatment wells, used quantile normalization scheme to normalize the data

across wells. After combining the data, the two signals from each bead color are separated

using a modified Gaussian Mixturen Model (GMM) [68] and this generates the level 2.5

ensemble data [69]. Ensemble means that different replicates are combined together.

In our experiments of applying the fast Bayesian Model Averaging (fastBMA) to the

L1000 gene expression data, we used level 3 from LincsCloud and level 2.5 ensemble data

from L1k++ tool. The level 2.5 ensemble data is deconvoluted gene expression values
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which is similar to level 2 data from LincsCloud. It differs from level 2 in that there is

no normalization with the controls (bead types 1-10) and a quantile normalization is done

before de-convolution between the replicates. Also, level 2.5 ensemble differs from level 3

data in LincsCloud which use plate level quantile normalization. Note that in the level 2.5

ensemble data, the replicates have already been combined. These LINCS L1000 data were

downloaded from a browser-based tool written in php by Dr. Hung [70].

3.2 Related work on L1000 gene expression data

A systematic compound signature discovery pipeline covering from raw L1000 data pro-

cessing to drug screening and mechanism generation called constrained sparse non-negative

matrix factorization (csNMF) was developed [71]. csNMF improved upon the original L1000

pipeline by discovering compound signatures of breast cancer that were consistent with the

LINCS data and were clinically relevant. csNMF was optimized using the multiplicative

algorithm [72]. It bridges the gap between the LINCS signature library and clinical and

biomedical research needs.

As another example of work using the L1000 data, Duan et al. developed an interactive

HTML5 web-based software application called LINCS Canvas Browser (LCB) to facilitate

querying, browsing and interrogating of the currently available L1000 data from LincsCloud

[62].

System-wide profiling of genes and proteins produce lists of differentially expressed

genes/proteins. These lists could be used as input for computing enrichment with existing

lists created from prior knowledge. While there are many enrichment analysis tools out

there, Chen et al. presented Enrichr which is an integrative web-based and mobile software

application that includes new gene-set libraries, an alternative approach to rank enriched

terms, and interactive visualization approaches to show enrichment results. It is easy to use

to produce various types of visualization summaries of functions of gene lists and it is open

source and freely available online at http://amp.pharm.mssm.edu/Enrichr/ [73].
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Large corpora of kinase small molecule inhibitor data are available from the LINCS

project and the literature. The question is how applicable these heterogeneous data sets are

in the prediction of kinase activities. Schürer et al. accessed almost 500,000 molecules from

the Kinase Knowledge Base (KKB) and generated over 180 distinct data sets covering all

major groups of the human kinome. Then, Schürer et al. generated hundreds of classification

and regression models. Next, Schürer et al. applied the best classifiers to compounds most

recently profiled in the NIH LINCS program and found satisfying agreement of profiling

results with predicted activities. The results show that although heterogeneous in nature,

the NIH LINCS data sets are valuable to develop accurate predictors for Kinome-wide

virtual screening applications [74].

Reconstructing signaling and regulatory response networks is one of the main goals

of systems biology. There are some successful methods for doing this task, however, these

methods have so far been applied to reconstruct a single response network at a time. In order

to improve this, Jain et al. developed the Multi-Task Signaling and Dynamic Regulatory

Events Miner (MT-SDREM) which is a multi-task learning method which jointly models

networks for several related conditions. Jain et al. applied MT-SDREM to reconstruct

dynamic human response networks for three flu strains. The MT-SDREM method was able

to identify known and novel factors and genes, improving upon previous methods that only

model each condition independently. The networks generated by MT-SDREM were also

better at identifying proteins which indicates that join learning can still lead to condition-

specific and accurate networks [75].

ChIP-seq experiments provide a plethora of data regarding transcription regulation.

Kou et al. collected and expanded a database where results are converted from ChIP-seq

experiments into gene-set libraries. In addition, Kou et al. compiled data from the Encyclo-

pedia of DNA Elements (ENCODE) project [76]. Moreover, Kou et al. processed data from

the NIH Epigenomics Roadmap project. All the data were available as gene-set libraries

which are useful for gene-set enrichment analyses. Also, Kou et al. constructed regulatory

networks to identify groups of regulators from these gene-set libraries. Furthermore, Kou et
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al. created a web-based application software where users can conduct enrichment analyses

or download the combined data set data in various formats. The open source ChIP-seq

Enrichment Analysis 2 (ChEA2) web-based application software and data sets are available

online at http://amp.pharm.mssm.edu/ChEA2 [77].

3.3 Using genetic perturbation in gene network inference

Pinna et al. demonstrated how simulated knockdown data provided key information in

gene network inference [78]. Pinna et al. proposed the winning submission in the Dialogue

for Reverse Engineering Assessments and Methods (DREAM)4 challenge [55, 56, 79]. In

particular, they only used the knockout data to infer gene networks, and ignored the other

data sources provided by the challenge [78].

They presented a two-step approach for reconstructing regulatory gene networks: the

first step was to identify the observed effects induced by directed perturbations were col-

lected in a signed and directed perturbation graph (PG). The second step was to use a

graph algorithm to identify and eliminate those edges in PG that can be explained by paths

that are likely to reflect indirect effects. Therefore, it is necessary to have the capability of

generating perturbation graphs. A perturbation graph was generated from the perturbation

data [80].

One method called Down-ranking of feed-forward loops (DR-FFL) used a z-score-based

strategy to compute the PG and did not consider edge signs in the post-processing graph

algorithm. In the pre-processing step, a confidence weight was assigned to each possible edge

i→ j of the network by computing the absolute value of the standard z-score Zij . The latter

quantified the difference between the expression Gkoi,j of gene j under knockout/perturbation

of gene i and its mean uj , normalized by the standard deviation σj :

Zij =
Gkoi,j − uj

σj

Mean uj and standard deviation σj were computed on all variable expression measurements

of gene j, including the wild type Gwtj . Then, the PG was obtained by selecting all those
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edges whose |Zij | were larger than a given threshold β. After generating the PG, they

trimmed the perturbation graph using a graph algorithm which removed edges that connect

nodes from different strongly connected components. Specifically, DR-FFL removed an edge

i→ j from the PG if i and j were from different components and if there was an alternative

path connecting i and j without using edge i→ j [78, 80].

3.4 Data

In this thesis, we focused on the A375 cell line which is a human skin melanoma cell line

with over 100,000 experiments in the LINCS data. Among all these experiments, about

11,335 (11.34%) are drug perturbation experiments, about 15,409 (15.41%) are genetic

perturbation experiments and about 13,121 (13.12%) are knockdowns. I experimented with

both the level 3 data from the LincsCloud project of Broad Institute and the level 2.5

ensemble data from the L1K++ tool [69].

3.5 Methods

3.5.1 Posterior probability odds method developed by Young et al.

A key difference between the work presented in this chapter and the previous chapter is

that the L1000 knockdown data do not consist of any time points. Therefore, the methods

described in Chapter 2 of this thesis are not directly applicable. Young et al. developed

a fast, simple method for inferring regulatory relationships from knockdown experiments

using the L1000 gene expression data [10]. In particular, they used Bayes factors to infer

differentially expressed genes when comparing the knockdown experiments to the control

experiments [10]. Bayes factor is the posterior odds of the null hypothesis when the prior

probability on the null is one-half. It is a practical tool of applied statistics, it offers a

way of evaluating evidence in favor of a null hypothesis, it provides a way of incorporating

external information into the evaluation of evidence of a hypothesis, and it doesn’t require

alternative models to be nested [81]. The core step in the newly developed posterior odds
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method by Young et al. was to calculate plate-level z-values for each gene in a knockdown

experiment. In order to compute the z-scores, Young et al. first calculated the plate-level

means and standard deviations. After transferring data this way, Young et al. used a

simple linear regression model to model the change in a target gene t as dependent on the

change in the knockdown gene h. Then, Young et al. estimated this model with a Bayesian

approach using Zellner’s g-prior [49] for the model parameters. Next, the regression model

with the g-prior allowed to calculate the Bayes factor for the chosen model versus the null

model of no dependency of target gene t on knockdown gene h. Young et al. calculated

the correlations between the knockdown gene and each other gene to get the Bayes factor.

Finally, the posterior probability that h regulated t could be calculated given the Bayes

factor [10].

3.5.2 Our contributions

Our goal here was to integrate different types of L1000 gene expression data in gene network

inference. In particular, we integrated the posterior probabilities computed using the L1000

knockdown data into fastBMA. Including external knowledge through the prior edge prob-

ability could provide a significant boost in accuracy and precision [28]. These prior edge

probabilities guide the search of the candidate regulator (parent nodes) in the model space.

The prior edge probabilities were generated from the A375 cell line knockdown data using

the posterior odds method and implementation developed by Young et al. [10]. Young et

al. applied the posterior odds method to the level 3 L1000 data from LincsCloud [10], and

we applied their method and implementation to level 2.5 of the L1K++ processed data.

Figure 3.1 showed an overview of the integration pipeline.
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Figure 3.1: Overview of the data integration pipeline. We integrated the L1000 knockdown

data in the A375 cell line with fastBMA.

Young et al. took the knockdown experiments which target a specific gene to suppress

its expression level. This specific gene is the regulator in these knockdown experiments,

and the remaining genes are potential target genes, by which to infer networks. Young

et al. designed a posterior probability approach using the knockdown data to infer edges.

The first step was to standardize the knockdown data using the untreated experiments on

the same plate to get z-values. The second step was to use a linear regression model to

regress each potential target gene on the knocked down gene. This could be converted into a

posterior probability if there exists an edge from the knocked-down gene to the target gene.

This fast approach also allows the use of prior probabilities. The output of this approach is

a ranked edge list [10].

Building on the approach proposed by Young et al. [10], we applied this approach to

the A375 cell line experiments. First, after we downloaded the level 3 L1000 data for cell

line 375 untreated experiments, we calculated the plate-level means and plate-level variances

for each gene in the A375 cell line untreated data by using both the level 3 gene expression

data and the corresponding meta data. Also, we calculated the standard deviations from

the plate-level means and variances. Second, we calculated the z-scores, Bayes factor and

posterior probabilities for each knockdown experiment in cell line A375 using the methods

and implementation provided by Young et al. [10].
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Figure 3.2 showed part of the table results. However, in order to apply the information

of “postprob” column as priors into fastBMA algorithm, we had to convert the output from

Young et al. (see Figure 3.2) into a matrix where the columns and rows were both 978

landmark genes. Figure 3.3 showed the posterior probability matrix of knockdown data of

the A375 cell line after this conversion. We applied fastBMA was able to run on different

LINCS perturbation data sets using this knockdown data matrix as prior.

Figure 3.2: Partial results of Bayes factor and posterior probability of knockdown data of

the A375 cell line. ‘kdgene’ stands for knocked down gene name, ‘target’ is the target gene

name, ‘cor’ stands for correlation between a knocked down gene and another gene, ‘logodds’

stands for log of the Bayes factor, ‘bf’ stands for Bayes factor, ‘bf.wp’ stands for Bayes factor

includes prior (wp = with prior), ‘postprob’ stands for posterior probability, ‘postprob.wp’

stands for posterior probability includes prior (wp = with prior).
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Figure 3.3: Partial matrix result of posterior probability of knockdown data of the A375 cell

line. The first row and second column have all the gene names. Values in the corresponding

cells are the posterior probabilities from figure 3.2

3.6 Assessment

In order to assess the generated gene networks, we used the same assessment criteria adopted

by Young et al. [10], i.e. the regulatory relationships documented in the TRANSFAC [82]

and JASPAR [83] (T&J) databases. We downloaded the processed versions of these regula-

tory relationships from ENRICHR at http://amp.pharm.mssm.edu/Enrichr/ [73]. TRANS-

FAC is a database on transcription factors, their genomic binding sites and DNA-binding

profiles [82]. JASPAR is an open-access database of high-quality, annotated, matrix-based

transcription factor binding site profiles for multicellular eukaryotes. JASPAR is available

at http://jaspar.genereg.net/ [83]. This T&J assessment criteria included 37 transcription
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factors that overlapped with the LINCS landmark genes. For these 37 transcription factors,

the T&J criteria consist of approximately 4,200 regulation-target pairs among the landmark

genes [10]. We used the measures described in Chapter 2 (precision, recall, area under the

receiver operating curve (AUROC), area under the precision recall curve (AUPRC), true

positive (TP), and false positive (FP)) to evaluate the quality of the inferred gene networks

from fastBMA using LINCS data sets.

3.7 Results

Note that in the figures below, Broad means the Broad Institute. Level 3 data came from

the LincsCloud project, however, the statement of Broad level 3 data is correct as well.

Thus, Broad level 3 data is the same as LincsCloud level 3 data.

3.7.1 Integration of knockdown and untreated data

Figure 3.4 summarized the assessment results using knockdown data as priors and the

untreated data in the regression step. We experimented with both the level 3 data from

Broad and the level 2.5 ensemble data from L1K++ using the A375 cell line. The TP

inferred by L1K++ level 2.5 ensemble data processing was higher than the TP inferred

from Broad level 3 data processing. The FP inferred by L1K++ level 2.5 ensemble data

processing was smaller than the FP inferred from Broad level 3 data processing. These two

statistical phenomenon resulted in higher precision and recall of L1K++ level 2.5 ensemble

data processing. In general, we conclude that when input data was untreated cell line data

and prior was knockdown data, gene networks inferred by L1k++ level 2.5 ensemble were

more accurate than networks inferred from Broad level 3 data processing.
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Figure 3.4: Performance of fastBMA at 95% posterior probability threshold using knock-

down data as priors and the untreated data in the regression step. We experimented with

both the level 3 data from Broad and the level 2.5 ensemble data from L1K++ using the

A375 cell line.

3.7.2 Integration of knockdown and drug perturbation data

Figure 3.5 summarized the assessment results using knockdown data as priors and the drug

perturbation data in the regression step. We experimented with both the level 3 data from

Broad and the level 2.5 ensemble data from L1K++ using the A375 cell line. The TP

inferred from L1K++ level 2.5 ensemble data processing was higher than the TP inferred

by Broad level 3 data processing. Although the AUROC and AUPRC of L1K++ level 2.5

ensemble data processing were smaller than the AUROC and AUPRC in Broad level 3 data

processing, the precision and recall of L1K++ level 2.5 ensemble data processing were higher

than the precision and recall in Broad level 3 data processing. In general, we conclude that

when the drug perturbation data was used as the input data and the prior probabilities

were derived from knockdown data, gene networks inferred by L1k++ level 2.5 ensemble

were more accurate than networks inferred from the Broad level 3 data processing.
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Figure 3.5: Performance of fastBMA at 95% posterior probability threshold using knock-

down data as priors and the drug perturbation data in the regression step. We experimented

with both the level 3 data from Broad and the level 2.5 ensemble data from L1K++ using

the A375 cell line.

3.7.3 Performance of fastBMA with transitive reduction using knockdown data only

Figure 3.6 summarized the assessment results when fastBMA was applied to the knockdown

data only. Specifically, no regression step was involved, and the gene networks were inferred

using the posterior probability odds method by Young et al. [10]. The numbers of TP were

the same in both cases with TR and without TR. However, TR helped remove 10 FP edges

as shown which resulted in higher precision. And the AUROC and AUPRC when applying

fastBMA with TR were higher. In general, we could conclude that for Broad level 3 data,

using knockdown data only, TR helped to generate more accurate networks than without

TR.

Figure 3.6: Performance of fastBMA at 50% posterior probability threshold with transitive

reduction using knockdown data only.



38

3.7.4 Integration of knockdown from different data processings with drug perturbation data

Figure 3.7 summarized the assessment results using knockdown data from two different

data processings (Broad level 3 and L1K++ level 2.5 ensemble) as priors when applying

fastBMA using the drug perturbation data. The first row in Figure 3.7 showed the results

of A375 knockdown data from Broad level 3 and the second row showed the results of A375

knockdown data from L1K++ level 2.5 ensemble. The precision and recall both were higher

when we used knockdown data from L1K++ level 2.5 ensemble as prior. Also, the TP was

increased by a single when we used knockdown data from L1K++ level 2.5 ensemble as

prior. Therefore, we conclude that the knockdown data extracted from L1K++ level 2.5

ensemble was more informative than the knockdown data extracted from Broad level 3.

Thus, outputting more accurate gene networks.

Figure 3.7: Performance of knockdown data from different data processing as priors at 95%

posterior probability threshold on inferring gene networks from the A375 cell line data using

all drug perturbations as input.

3.8 Conclusion

I experiment and tested the fastBMA method for inferring gene networks using different

types of perturbation data from LINCS L1000 gene expression data. We learned that the

knockdown data source was the most informative data source. This observation is consistent

with the observations from Pinna et al.. We also observed that the L1K++ pipeline helped

generate gene networks with higher precision and recall.
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Chapter 4

CONCLUSIONS AND FUTURE WORK

We benchmarked the performance of fastBMA in the inference of gene networks using

simulated data, real time-series data, and the Library of Integrated Network-based Cellu-

lar Signatures (LINCS) perturbation and knockdown data. The fastBMA approach is fast

and has the ability to incorporate prior information when available. It contains transitive

reduction after regression step to remove spurious direct paths and replace them with indi-

rect paths. In general, fastBMA infers networks with higher precision than the previously

developed methods. The networks generated from fastBMA are also similar in size to the

target networks.

My major contribution in this thesis is in systematically benchmarking different meth-

ods using different data sources. Also, I was also responsible in collecting and summarizing

results from the benchmarking experiments. I have learned that benchmarking is not easy

and it often involves multiple rounds in order to achieve the goal. For example, I had to

change the relevant parameters many times to test fastBMA method in order to achieve

satisfying results eventually. Using different data sets was another challenge in this process.

Different data sets came in various formats. I first had to change their formats so that they

could be fitted into the testing method. The interpretation of benchmarking data could

turn out to be a difficult and time consuming task. Also, I learned that there are many

assessment criteria in gene network inference, including computation time, precision, recall

and area under the curve.
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