1

3.7 Chapter 3 Figures

Figure 3.1: Biotic and abiotic stresses both directly and indirectly influence target gene expression
patterns. Genes found to be differentially expressed may be influenced by (I) only direct treatment
influences, (Il) only indirect circadian-clock disruption influences, or (lll) both direct treatment response

and indirect clock influences.
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Chapter 4: Knowledge-based optimal timepoint sampling in high-throughput temporal experiments
This chapter has very recently been submitted for publication review:
Rosa, B.A,, Zhang, J., Major, I.T., Qin, W., Chen, J. (2012b) Knowledge-based optimal timepoint sampling

in high-throughput temporal experiments. Manuscript Submitted for Publication to Bioinformatics.

4.1 Abstract

Determining the best sampling rates (which maximize information yield and minimize cost) for
time-series high-throughput gene expression experiments is a challenging optimization problem.
Existing approaches infer timepoints using low-throughput technology or the uncertainty in the
sparsely-sampled expression curves. The knowledge in existing relevant gene expression experiments is
extremely valuable, but it is a difficult problem to utilize it for timepoint selection. Here, we present a
new data-integrative model, Optimal Timepoint Selection (OTS), to address the sampling rate problem
by integrating existing datasets with a novel optimization approach, and identifying the maximal
disagreement between the current dataset (to which timepoints will be added) and the integrated
dataset. Two experimental settings were used to test the performance of OTS. In “iterative-online”
sampling, timepoints were added iteratively, starting from the first and the last timepoints. OTS selected
early timepoints containing the strongest upregulation peaks of the target genes, reducing the
interpolation error rate by 50% (or 72%) after adding one (or seven) suggested timepoint(s) to an
Arabidopsis coronatine-response dataset, compared with 32% when adding one uniformly-distributed
timepoint (or 69% for seven timepoints with “active learning”, the most recent approach). In a similarly
designed experiment studying yeast cell-cycle genes, OTS reduced the error rate by 35% (or 56%) after
adding one (or seven) timepoints, compared with uniform distribution (5%) and active learning (51%). In

the “top-up” sampling test, several timepoints were added at once to a uniformly-sampled time series.
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OTS reduced the error rate by 26% (14% in active learning) in the same yeast dataset by capturing early
(G, phase) timepoints with strong differential regulation events. In conclusion, OTS performed
consistently better across these experiments, showing that by integrating existing datasets, it can
optimize the distribution of a limited number of timepoints, leading to better biological insights about

the regulation patterns of treatment/condition-response genes.

4.2 Introduction

High-throughput gene expression experiments are capable of measuring the expression levels of
tens of thousands of genes in a biological sample. Time-series high-throughput gene expression datasets
in particular can provide dynamic information about gene regulation patterns, and can be used to
construct regulatory networks and infer regulatory relationships among genes (Wang et al., 2008). As of
February 2012, there are 644 time-series datasets (representing approximately 23% of the total
datasets) on the Gene Expression Omnibus (GEO) online database (Edgar et al., 2002). We build our
approach based on three observations: 1) Gene expression experiments can be sampled in an online
fashion, as outlined in Singh et al (Singh et al., 2005); i.e., biological samples can be treated and
collected at a very high rate and then stored at a relatively low cost, and researchers can measure gene
expression in particular samples at a later time after deciding which timepoint will be optimal (Singh et
al., 2005). 2) A researcher is usually interested in capturing the expression patterns of a subset of genes
(which may be grouped into several clusters with similar expression patterns) associated with a given
treatment/condition; and 3) Treatment-response gene expression patterns from different experiments
performed under similar treatments/conditions can provide differential regulation information that
could be valuable for defining an optimal timepoint for sampling, even if the sampling rates are different

from the new experiment.
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Based on these observations, a straightforward approach to choosing the best timepoint to add
to a sparsely sampled (current) dataset is to learn information from other existing (training) datasets,
and then find unsampled timepoints at which there are significant upregulation or downregulation
events for the genes of interest in the training datasets. This approach is based on the assumption that
the differential expression patterns for the genes of interest in the training data are similar to each
other and are similar to the dataset to which a timepoint will be added. However, in practice, this
assumption may be violated in most of cases due to 1) large differences in the dynamic ranges between
platforms (e.g., RNA-seq technology has a dynamic range several orders of magnitude higher than
microarray technology (Marioni et al., 2008)), 2) inconsistency among different datasets, either due to
slightly different growing conditions, different treatments, or “lab signatures”, which result in
differences in gene expression patterns among different labs even after attempts to reproduce
conditions exactly (Massonnet et al., 2010), 3) high noise rates in expression values (particularly for

microarray datasets (Marioni et al., 2008)), and 4) sparse sampling rates in existing data.

To tackle the data-integration challenges mentioned above, we have developed OTS to address
the sampling-rate problem by utilizing a novel method of combining differential gene expression data
from training datasets based on their similarity to the experiment to which timepoints will be added (the
“current” experiment). OTS then identifies the timepoints with the maximal difference between the
current and the integrated training data, leading to the identification of the timepoint(s) that may result
in the most significant information gain in the current dataset. Comparing to the existing algorithms,

OTS is novel in the following ways:

e Gene expression values are projected to threshold space. In contrast to existing gene expression
prediction algorithms (Chikina et al., 2009; Gustafsson and Hornquist, 2010; Ruan, 2010), the
goal of our method is to predict the best timepoints to add to a high-throughput experiment.
Therefore, rather than focusing on specific expression patterns, we are instead interested in
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how many genes are significantly differentially expressed at each timepoint, and how significant
the overall expression values are (in a categorized fashion). Consequently, we project the gene
expression values to threshold space to better capture important regulatory timepoints
(explained in section 4.3.5).

e A novel integrative measure is utilized for timepoint selection. After projecting gene expression
data to threshold space, we look for the optimal timepoint by developing a novel integrative
measure. Instead of averaging or pooling all of the training data together, we first weight each
training data’s contribution to the overall result based on their similarity to the current dataset.
Then, we adjust the weighted-average values with a shifting function for local fitting (explained
in section 4.3.6).

e Optimal timepoints are selected using multi-objective optimization. By clustering all of the genes
based on their expression patterns, we are able to select the best timepoint for each cluster of
target genes by using the integrative measure. Then, we adopt a multi-objective optimization
(MOO) model to select the overall optimal timepoint for all of the clusters (Coello, 1999). MOO
is superior to the sampling voting method used in (Singh et al., 2005) because timepoints chosen
by MOO benefit all (or the majority) of clusters, while the sampling voting method may be

biased to one or a few clusters (explained in section 4.3.7).

The overall experimental approach of the sampling rate design with OTS is shown in Figure 4.2.
First, a biological experiment is performed, and samples are preserved (typically by freezing) at dense
timepoints. A subset of timepoints (including at least the last timepoint in the range of interest and one
other timepoint) is sampled in order to input an initial dataset into OTS. Then, time-series training
datasets are collected. Note that it is not necessary for the training datasets to be collected using the
same technology (i.e., PCR, microarray or RNA-seq experiments), but they should use treatments or

conditions that are expected to affect target treatment-response genes in the same way as in the
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current dataset. The timepoints in these training datasets can suggest differential expression patterns at
the unsampled timepoints in the current dataset. Finally, OTS produces a ranked list of the optimal
timepoints to be selected next. The optimal timepoint(s) can then be sampled and added to the current
dataset for the identification of the next optimal timepoint. This process can be continued iteratively
until the maximum number of samples is reached i.e., all of the samples or all of the resources available

for sampling are used up.

We have applied OTS to select timepoints in high-throughput time-series experiments for two
different organisms (yeast and Arabidopsis) using different platforms (microarray and RNA-seq), and
used noisy as well as sparse and poorly-matching training data to suggest the optimal timepoints. In

both datasets, our method clearly outperforms active learning (Singh et al., 2005).

4.3 Methods

The goal of this paper is to develop a computational algorithm to design the sampling rate of
time series gene expression experiments such that the real gene expression patterns for genes of
interest are captured as accurately as possible. Specifically, our approach is to generate an estimate
dataset by integrating training data, and to identify the timepoint at which the estimate dataset is the
most different from the current dataset, which may result in the identification of the most significant
differential regulation events in the current dataset (see Figure 4.2 for the overall experimental design
of OTS). Mathematically, given training datasets R;, R,, ..., R, a current dataset U (with gene expression
values available at timepoint set Ts and unmeasured biological samples available at timepoint set Ty),
identify the optimal timepoint to which minimizes the difference between the interpolated and real gene
expression curves for all genes of interest G.

The Methods section is organized as follows: we will review the existing approaches for

93



10

11

12

13

14

15

16

17

18

19

20

21

22

23

determining optimal sampling rates in section 4.3.1, introduce a case study for the better understanding
of OTS in section 4.2.2, and discuss the individual steps in OTS in sections 4.3.3 to 4.3.7 (as outlined in

Algorithm 4.1).

4.3.1 Existing approaches

Before introducing OTS, we will review the existing approaches for determining optimal
sampling rates. One common approach involves observing the expression patterns of a small number of
genes of interest in a separate experiment, sampled using a different platform. For example, real-time
PCR experiments can produce high-resolution time-series gene expression data, and bioluminescent and
fluorescent tags can be added to the genetic sequence of a gene so that protein levels can be measured
over time (Kalir et al., 2001; Vance et al., 2002; Yuan et al., 2006). If there is a time range in which strong
differential expression occurs in a preselected small set of genes, then this may suggest timepoints that
should be sampled in the high-throughput experiment. However, these approaches are very costly and
time consuming, and there is no approach to determine which timepoints to select if the target genes
being studied have very different expression patterns from each other. Also, this approach can only use
a very small number of genes relative to the number of genes typically affected by a given treatment or
condition.

In the field of signal processing, determining effective sampling rates is a well-studied problem
(Orfanidis, 1995). However, most approaches for determining a sampling rate can only be applied to
high-resolution signals (according to the Nyquist sampling theorem (Marks 1, 1991)), while in the case of
high-throughput gene expression datasets, the temporal resolution is usually much lower than the
traditional signals (Edgar et al., 2002). Also, because many genes may be regulated by common
transcription factors or are localized in the same biological pathway, gene expression patterns of

biologically related genes are correlated and dependent on each other, which further complicates
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traditional signal processing methods (Singh et al., 2005).

An active learning algorithm was recently developed for iteratively choosing timepoints to
sample, using the uncertainty in the interpolation of the currently estimated time-dependent curve as
the objective function (Singh et al., 2005). This algorithm used local cross-validation to enable effective
sampling from non-uniform locations along a time-series, and suggests the optimal timepoint to add
based on the existing gene expression patterns in one dataset (Singh et al., 2005). The performance
evaluation in this study (on a yeast dataset) showed that this algorithm can find optimal timepoints such
that majority cycling yeast genes in the dataset can be identified using just 18 out of 24 of the
timepoints in the original dataset (Singh et al., 2005). However, to precisely capture the gene expression
patterns, the interpolation step in this algorithm requires a minimum of five timepoints to start
(according to the source code available from http://theory.csail.mit.edu/tsample), so it would not have
been applicable for 75% of the existing datasets in GEQ, and would have only been able to predict very
few timepoints in almost all of the existing datasets (Edgar et al., 2002; Singh et al., 2005). Furthermore,
the timepoint selection is based only on the gene expression in the dataset to which a new timepoint
will be added, and existing time-series gene expression datasets using similar treatments (which may be

high-resolution and contain useful gene expression information) cannot be applied in the algorithm.

4.3.2 Case study

For demonstration purposes, we used a novel Arabidopsis coronatine-treatment dataset as a
case study (Fig. 4.3A). This dataset was produced in a separate study to determine the effect of the
phytotoxin coronatine (a molecular mimic of the plant hormone jasmonate) on global gene expression
in Arabidopsis (manuscript in preparation). In our current study, we used this densely-sampled (21
timepoint) RNA-seq dataset as a mock “current” biological experiment (Step 2 in Figure 4.2), and a
number of existing microarray datasets involving coronatine/jasmonate treatment as training data (Step
4 in Figure 4.2) (Chung et al., 2008; Wierstra and Kloppstech, 2000). A total of 195 genes of interest were
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selected based on gene ontology categories related to these biological treatments (see section 4.4.1 for
details). In order to best illustrate the OTS algorithm, this case study starts with six timepoints, at 0.25
hours (the first), 24 hours (the last), and 1, 2, 3 and 5 hours (selected iteratively by the first four rounds

of OTS selection; Figure 4.2), and the fifth round of timepoint selection will be outlined in detail here.

We define the “current mock” (first row in Figure 4.3A) as the current dataset (U) and the rest of
the rows as training datasets (R). Note that the “current mock” in Figure 4.3A shows all of the possible
timepoints for sampling, but only a small subset of the timepoints will be selected to simulate the online

design fashion.

4.3.3 Gene expression clustering

We observe that a researcher is usually interested in capturing the differential expression
patterns of a subset of genes associated with a given treatment/condition, rather than the whole
genome. This observation prompted us to focus on capturing the expression patterns of a subset of the
entire gene set, and since many of these gene expression patterns are correlated, they can be separated
into clusters (C). A few genes of interest with unique differential expression patterns will be classified in
their own cluster, and because each cluster contributes equally to the results regardless of how many
genes are in it, this allows unique genes to exert a stronger influence over the results compared to if

they were pooled equally with the rest of the genes of interest.

As the first step of OTS (line 1 in Algorithm 4.1), all of the genes of interest (G) are clustered
based on their differential expression values in the training datasets R. In this step, we applied K-means
clustering (Dembélé and Kastner, 2003) (implemented in Cluster 3.0 (Eisen et al., 1998), available for
download from rana.lbl.gov/EisenSoftware.htm), a common method for clustering genes based on Log2
fold change values. OTS can be easily extended to use any other clustering algorithms and the Log?2 fold

change values can be conveniently replaced by other differential expression measurements, depending
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on user’s needs. In the case study, the 195 coronatine-responsive genes were separated into ten
clusters; the Log2 fold change curves for one of the clusters containing 13 genes in this dataset are

shown in Figure 4.4A.

4.3.4 Data interpolation

To be able to estimate the differential gene expression patterns at all timepoints, OTS linearly
interpolates the differential expression measurements from the current (U) and the training (R) datasets
to every available timepoint in T, (Algorithm 4.1 line 4-5) (Meijering, 2002). Linear interpolation was
used in order to minimize the inference of false peaks and valleys in the expression data by directly
connecting data points and not calculating expression levels above or below the two points used in the
calculation (Benesty et al., 2004). Linear interpolation also avoids over-smoothing unevenly spaced
timepoints, which occurs on sparsely-sampled datasets when using other common interpolation
methods such as B-spline (Meijering, 2002). Given a gene g, its estimated differential gene expression

value e at time point tis:

e ., — €
e=e +(—1)H—2
in — L (4.1)

where g; is the differential gene expression value at sampled timepoint t;(ti<t<t;), and t;and t;; are the
closest sampled timepoints to t. OTS can be easily extended to use any other interpolation algorithms

depending on user’s needs.

4.3.5 Projection to threshold space

Rather than focusing on specific expression patterns, we capture important regulatory
timepoints by measuring how many genes are significantly differentially expressed at each timepoint,
and how significant the overall expression values are (in a categorized fashion). Consequently, unlike the

existing approaches of sampling rate design (which focus on the inference of values of differential gene
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expressions (Chikina et al., 2009; Gustafsson and Hornquist, 2010; Ruan, 2010)), we project the gene
expression data of each cluster into threshold space, where the values for a given timepoint are
determined based on how many genes have differential gene expression values higher (or lower) than a
series of differential regulation thresholds (Fig. 4B) (Algorithm 4.1 line 6-10). This thresholding process
reduces noise in the comparison among datasets by ignoring small fluctuations in differential gene

expression value patterns and only considering the relative magnitude of the signals.

In order to avoid the bias introduced by setting only one significant regulation threshold value,
multiple evenly-spaced positive and negative differential regulation threshold values are defined to
determine the degree to which a cluster of genes is differentially regulated at a given timepoint in a
given experiment, according to Equation 4.2. Basically, given a user-defined threshold number H, we
divide the threshold space (three standard deviations above and below the average differential gene
expression value) evenly into sections of (1/H). For example in Figure 4.4B, an H value of 6 has been

used, and the dotted lines represent the evenly spaced positive and negative thresholds.

Mathematically, for a gene g’s expression value at time i in dataset j, we compute its differential
regulation count (DRC) by counting how many thresholds it is higher (or lower) than if it is up (or down)
regulated. The sum of these count values for all the genes in cluster ¢ (defined in Equation 4.2)
represents the DRC for timepoint j in cluster c in dataset j. Higher DRC numbers indicate stronger

differential regulation, regardless of whether the genes are upregulated or downregulated.

N, (y+3a)(h—1)j } P{(”_w)(h_l)] }
D7 = 0 0
; zz{e{ D) 504 2

where D/ is the differential requlation count (DRC) for timepoint i in cluster c in dataset j, H is the user-

defined threshold (H>0), eg” is the differential expression measurement for gene g (out of the set of

genes G.in cluster ¢), and u and o are the average and the standard deviation values (respectively) for
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the differential gene expression values across all timepoints and all genes of interest G in all the training

datasets. Operator [x] returns 1 if x is true, otherwise it returns 0.

For example, in Figure 4.4C, one gene crosses the top upregulation threshold (at 4.11), and
three genes cross the next upregulation threshold (3.29). These counts are made for each regulation
threshold and summed up as shown in the Figure. DRC curves for all the training and current datasets
for cluster 2 in this case study are shown in Figure 4.4D. Although these DRC curves have a similar
upregulation trend, they are very different from each other at a detailed level, mainly because of
differential sampling rates, but also because of slightly different growing conditions, different (but
relevant) treatments, “lab signatures” (Massonnet et al., 2010), and high noise rates in microarray

datasets (Marioni et al., 2008).

4.3.6 Curve matching

As described above, we require a timepoint selection algorithm that is capable of integrating
heterogeneous training data, and that allows for efficient computation. To achieve this goal, we save the
resulting DRC values in a cluster-time-experiment (CTE) table. Table 4.1 shows the layout of the CTE

table, which includes DRC values (DY) for every timepoint i (1 < i < n) in every training data j (1 <j < m) in

cluster c. Additional columns are added to the CTE table for the current dataset (B), and for the

estimate dataset (D) (explained below).

For the CTE table, our approach is to generate an estimate curve for each cluster by combining
the training DRC curves, and then identifying the timepoint at which the estimate DRC curve is the most
different from the current DRC curve. Adding this timepoint to the current dataset may result in the
most significant information gain. However, combining the training datasets into an estimate curve is a
difficult problem because the training datasets may not be similar to each other and may not be similar

to the current dataset (see Figure 4.4D for an example). Although there are numerous ways to normalize
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and scale the datasets (such as least-squares estimation), the challenge is that the difference between
the training and current datasets will not converge to 0 even if numerous timepoints are added
(because of biological differences among experimental conditions, different sampling rates and other
factors that may affect the training datasets and not the current dataset), leading to biased estimations
of the gene expression patterns. To tackle this problem, we utilize a novel two-step (global matching
and local fitting) normalization and scaling approach for the curve-matching problem (Algorithm 4.1, line

11).

In the first step (global matching), rather than pooling all of the training datasets together, we
first weight each training data’s contribution to the overall result based on their similarity to the current
DRC curve in each cluster using non-negative least-squares (NNLS) regression (Chen et al., 2010; Lawson
and Hanson, 1995) and then save the results in the estimate dataset. Mathematically, given a n x m CTE

table of DRC values derived from the training data (D”) and an n x 1 vector of DRC values derived from

the current data (B), find a non-negative m x 1 weight vector w that minimizes the difference between

2

i =V|pw-D
min, /() /ZH ‘ ), where the weight vector w is then

weighted training and current datasets (i.e.,
used to calculate a weighted-sum estimate DRC curve for cluster c. An example of an NNLS-regression

estimate for one of the clusters in the case study is shown in Figure 4.4E.

If there is a training dataset that poorly matches the current dataset for a majority of the target
genes, then the NNLS will assign low weights, resulting in that training dataset having a low contribution
to the estimation. This allows OTS to be robust against poorly-matched training datasets. By forcing all
of the weight values to be non-negative, it also avoids a problem introduced by standard LSE regression,
wherein negative weights can “flip” the patterns, changing peaks to valleys and providing false

information in the estimation.
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In the second step (local fitting), in order to correct the estimate fit, DRC values resulting from
the NNLS weighted-sum are shifted for each timepoint, such that the estimate DRC values are equal to
the current DRC values at every sampled timepoint (indicated by vertical dashed grey lines in Figure
4.4F). The rest of the timepoints in the NNLS-weighted estimate DRC curve are shifted by an amount
suggested by the sampled timepoints, and modulated by their distance from the sampled timepoints
according to a sigmoid weight distributed according to Equations 4.3 and 4.4 (Chen and Mangasarian,

1995; Marler et al., 2006). The estimate value at timepoint i () is defined as:

~1i

D ifiels
. ~1 m i
D' = 2[1) —ZW}.D[]}
Zw D7+ 4 :SI‘H‘ otherwise
= l+e " (4.3)
£ = arg max D —> w.D"
tels .
and t is defined as 7= (4.4)

where i is a timepoint in the interpolated current dataset (T, U Ts), D: is the DRC value for timepoint t in
the current dataset, D”is the DRC value for timepoint i in training data j, w;is the weight assigned by

NNLS for training data j, and n’is the number of timepoint in the current dataset.

The curve difference score (Qi B ‘BI ’Ef‘) is the difference between the estimate and current
dataset curves at timepoint i. Figure 4.4F shows that for the cluster outlined in the case study, 12 hours
is the optimal timepoint, which is in agreement with the actual DRC value at 12 hours for this cluster.
Figure 4.5A shows the curve difference score table for all of the clusters in the case study experiment, in

which each timepoint is associated with one curve difference score for each cluster.

4.3.7 Timepoint selection with multi-objective optimization
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By clustering all the genes based on their expression patterns and comparing the estimate and
current curves in each cluster, we are able to select the best timepoint for each cluster using the
maximum curve difference scores. But if the best timepoint for each cluster is different, a cross-cluster
ranking method is needed to calculate one timepoint for the entire dataset. Instead of applying a
sampling voting method (used in (Singh et al., 2005)), OTS applies a multi-objective optimization (MOO)
model to rank and select optimal timepoints for all the clusters (Algorithm 4.1, lines 13-14) (Coello,
1999). MOO is better than the sampling voting method because timepoints chosen by MOO benefit all
(or the majority) of clusters, while the sampling voting method may be biased towards the optimal

timepoints in one or a few clusters.

Mathematically, MOO computes a A-score for each timepoint (to indicate how optimal that

timepoint is) in two steps. First, A -dominance is determined for each timepoint pair as follows: We say

t >t
timepoint t; A -dominates timepoint t, (denoted as * 2 *) if Q" is larger than Q% in A clusters (1 < A<|C|):

-ty if l{c, 10> 08¢, eCY|= 2

ct?

(4.5)

For example, in Figure 4.5A, all of the values in the 12-hour column are larger than all ten of the

values in the 6-hour column, so the 12-hour timepoint A-dominates the 6-hour timepoint at A =10.

Second, the A-score of a timepoint t is defined as the number of timepoints other than t that are A-

dominated by t, which is mathematically defined as:
A=score(j. 2)=\{j'|j#j".je Ty.j>]j'} (4.6)

For example, Figure 4.5B shows that timepoint 12 hours has a A-score of 2 at A =10.

Optimal timepoints are selected by the ranking generated based on A -score values of

timepoints. Initially, A is set to | C| (the number of clusters; 10 in the case study), but if two or more
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timepoints share the same A-score (such as Timepoints 1.5, 8, 10 and 14 in the case study) then they are
compared at A =|C|-1 (where timepoint 1.5 outranks the others to get a second-place overall rank). If
there remains a tie, then they are compared at A =|C|-2, and the process is repeated until each
timepoint is ranked. The A-scores for the case study experiment, presented in Figure 4.5B, show that 12
hours is the optimal timepoint for selection in the next round of sampling because it has the largest A-
score value when A =10. The researcher can then decide the number of selected timepoints to be
analyzed. For example, if a microarray experiment is being conducted, then the researcher may only
want to choose the top-ranked timepoint, and run two chips (with control and treatment, each in
duplicate). However, the high capacity of many next generation sequencing platforms offers the
possibility to multiplex several samples per run, so several highly-ranked optimal timepoints could be
accommodated per sequencing run (as in the top-up sampling experimental design outlined in section

4.4.2) (Islam et al., 2011).

4.4 Results / Discussion

Three experiments were used to verify the performance of OTS, and the performance was
compared with uniform distribution and with active learning timepoint selection (where applicable). The
OTS software has been implemented with Microsoft C#, and its executable code, manual, instructions
for installation, as well as the datasets used in this manuscript are available for download from

http://flash.lakeheadu.ca/~wqin/OTS/index.htm

4.4.1 Dataset description

We tested the performance of OTS on gene expression datasets from two different organisms.
First, we selected Arabidopsis, for which certain gene functions are well studied but dense time-series

gene expression datasets are difficult to find. Here, coronatine/jasmonate-associated microarray
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datasets are used as training data for a RNA-seq experiment, to demonstrate the effectiveness of OTS
across platforms (Fig. 4.3A). This experiment also demonstrates the effectiveness of OTS when using
relatively sparsely sampled training datasets, as well as using different but related biological treatments
in the training datasets. Because coronatine is a toxin produced by Pseudomonas syringae pv. tomato
DC3000 (Pst. DC3000), and is a molecular mimic of the jasmonate hormone, which mediates would
response in Arabidopsis (Thilmony et al., 2006), several different datasets utilizing coronatine, Pst.
DC3000 and wounding treatments were used as training input into the algorithm. In addition, a pilot
microarray experiment using a coronatine treatment with three timepoints is also incorporated as a

training dataset.

The second organism tested was yeast, and utilized two very high resolution microarray
experiments (from Pramila et al. (2006) which had 25 timepoints (every 5 minutes from 0 minutes to
120 minutes), making them two of the most densely sampled time-series experiments ever conducted
(Edgar et al., 2002; Parkinson et al., 2009). One of these datasets was used as the current mock dataset,
and the other was used as one of four training datasets (Fig. 4.3B). In the Pramila et al and Spellman et
al experiments, a-factor synchronization is used to synchronize the cell cycles of the yeast cells to the G;
phase (Pramila et al., 2006; Spellman et al., 1998), while in the Cho et al experiment, temperature

changes were also used to synchronize cell cycles to the G; phase (Cho et al., 1998).

4.4.2 Experiment design

Three different OTS test experiments were performed, in order to demonstrate its performance
using different datasets and different sampling strategies. The first iterative-online sampling experiment
uses the Arabidopsis coronatine-response datasets. Because the treatments in the current and training
datasets activate jasmonate-responsive genes (Chung et al., 2008) and because jasmonate responses are
linked to the circadian clock (Goodspeed et al., 2012), the GO-SLIM categories “involved in response to
jasmonic acid synthesis” (GO:0009753, 139 genes) and “involved in circadian rhythm” (GO: 0007623, 76
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genes) were used, for a total of 195 genes after removing duplicate genes, genes not expressed (zero
counts) in the RNA-seq dataset and genes not available in the microarray platform. In this experiment,
only the first and last timepoint from the current dataset were used as input, with five additional

timepoints added one-at-a-time, to simulate iterative-online sampling on an initially very sparse dataset.

Another iterative-online sampling experiment was run with the yeast cell-cycle datasets. In this
experiment, we have chosen all of the genes available in every training and current dataset in the GO
category “mitosis” (i.e., cell division; GO:0007067, 90 genes total) (Ashburner et al., 2000) as the set of
target genes. This yeast experiment demonstrates the ability of OTS to work despite a great deal of
noise; cell cycle patterns are only weakly reproducible (even between replicates), a-factor
synchronization and temperature treatments may elicit stress-responses in addition to cell cycle
differences (Cooper and Shedden, 2003), and a very diverse set of genes with very different functions is
responsible for mitosis (Cho et al., 1998), all of which add considerably to the overall noise in the

experiment.

Besides the “iterative-online” sampling experiment, a different sampling strategy was also used
with the same yeast cell-cycle datasets. In this experiment, we start with five evenly distributed
timepoints (at 5, 30, 60, 90 and 120 minutes), and then add two more timepoints as a batch to “top-up”
the timepoints sampled, simulating the situation of choosing extra timepoints after conducting a pilot
sampling which is determined by researcher’s knowledge/intuition.

In the Arabidopsis experiment, very large differential gene expression values were expected for
jasmonic-acid response, based on the literature (Chung et al., 2008; Wierstra and Kloppstech, 2000), and
very low levels of noise are expected in the RNA-seq dataset (Marioni et al., 2008), so a threshold
number (H) of 6 was selected in the OTS to preferentially capture these larger changes in expression. In
contrast, for yeast experiments, a threshold number (H) of 3 was used in order to reduce the high
expected noise in the datasets (Cooper and Shedden, 2003), by ignoring the small fluctuations in gene
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expression measurements. Ten clusters were used in the Arabidopsis dataset, and 8 clusters were used

in the yeast dataset.

As a comparison, Singh et al’s (Singh et al., 2005) active learning algorithm was also used to
choose optimal timepoints, using the same number of clusters as OTS. However, the active learning
algorithm requires at least five timepoints as initial input, so in the iterative-online experiments (which
start with only two timepoints) the first three selected timepoints were chosen using a uniform
distribution across the time series, and the last two timepoints were chosen using the active learning
algorithm (Singh et al., 2005). For the iterative-online experiments, random timepoint selection was also
performed, where timepoints were randomly selected within the time range of each experiment 250

times (for each number of timepoints selected).

4.4.3 Performance measurement

For the performance-testing experiments, given the gene expression data at a subset of all the
timepoints, the differential gene expression values at every unsampled timepoint were estimated with
linear interpolation (see Figure 4.4A for an example in which 6 out of 20 timepoints have been used for
interpolation). By comparing the actual and the interpolated values, we are able to evaluate the
performance of the timepoint selection. Figure 4.6A shows a scatterplot of the Interpolated vs. actual
Log2 fold change values (for all genes at all available timepoints) in the Arabidopsis experiment at the
start of the iterative-online experiment, when the interpolated dataset only uses the first (0.25 hours)
and last (24 hours) timepoints. A measure of error between the interpolated and actual Log2 differential
gene expression values was derived, such that larger errors result from measurements with (a) poor
agreement between the actual and interpolated values and (b) large actual differential expression. For
example, in Figure 4.6A, one gene at one timepoint has an actual Log2 fold change value of 8.4 and an
interpolated Log2 fold change value of 3.1, giving an error area of 22.2 according to Equation 4.7. At this
timepoint, this gene has a large error area (highlighted in white) because it has a poor agreement
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between the actual and interpolated values (far from the diagonal line), and it has large actual

differential gene expression value (far from the center point of the x axis).

These error areas are summed for all genes and timepoints to calculate the Sum Error Area (Ers)
for each set of timepoints used for the interpolation, according to Equation 4.7. To measure
performance, these values are presented as a percentage of the initial sum error area (the sum error

area at the start of each experiment).

74|

)

2eG i=l

AT A

(co+9)-(cc—c!)

(4.7)

~i

where Er,is the Sum Error Area for interpolation based on a subset of the full dataset timepoints (Ts), €<

(or egi) is the actual (or interpolated) differential gene expression value for gene g in the set of genes of

~i

interest G at timepoint i (1< /< |T4]), ¢ is a small constant with the same sign as €.

4.4.4 Test experiment results

Figure 4.7 shows that in the iterative-online experiments, OTS consistently chooses timepoints
which model the differential gene expression patterns of target genes more effectively than random
selection and uniform distribution followed by the active learning algorithm. The increase in
performance of OTS is particularly clear for the early timepoints selected. In the Arabidopsis experiment
(Fig. 4.7A), the addition of the first OTS timepoint (at 5 hours) reduces the error in the interpolation by
more than 50%, compared with uniform distribution, which had only a 32% reduction in the initial error.
Random timepoint selection (for one timepoint, the average of all of the timepoints) also had a 32%
reduction in the initial error. Figure 4.6B shows that a large portion of the error in the uniform
distribution selection results from measurements that are predicted to be low or negative fold change
values, but are actually very high (circles near the bottom right), but OTS successfully identifies most of

these upregulation events. The second timepoint added by OTS (at 2 hours) further reduced the error to
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35% of the initial error, compared with uniform distribution, which still has 66% of the initial error rate
after the addition of two timepoints and still misses many of the very strong upregulation events (Fig.
4.6C). Random timepoint selection still had 46.5% of the initial error after the addition of two
timepoints, suggesting that it outperforms uniform distribution selection, but is not as optimal as OTS
selection. Overall, OTS has a lower error for every number of timepoints added in this experiment,

including the first two timepoints for which active learning could be applied (Fig. 4.7A).

The timepoint selection distribution for every round in the iterative-online Arabidopsis
experiment is shown in Figure 4.8A, which shows an early-timepoint selection bias by OTS. Figures 4.9A
and 4.9B show a case study example of the interpolated differential gene expression pattern after the
addition of five OTS timepoints for a bHLH transcription factor called MYC3 (AT5G46760), which
interacts with Jasmonate ZIM-domain proteins to mediate the jasmonate response (Fernandez-Calvo et
al., 2011; Xie et al., 1998). Unlike the interpolated differential gene expression pattern using uniform
distribution followed by active learning (Fig. 4.9B), the strong upregulation peak from 2 to 5 hours is
well-defined by OTS interpolation (Fig. 4.9A), with the correct peak time and strength accurately
captured. The early timepoint at 0.5 hours that was suggested by active learning fails to capture this
peak, as the gene expression level does not significantly increase until an hour after treatment (Fig.
4.9B). By suggesting more early timepoints, OTS is able to more effectively define the early peaks of
coronatine-induced genes, and after four rounds of selecting early timepoints, OTS chooses 12 hours as

the fifth timepoint, leading to good overall coverage of the time range.

In the similarly designed iterative-online yeast experiment, despite large amount of noise among
datasets and large differences among genes (see section 4.4.2), OTS outperformed uniformly-distributed
timepoint selection (Fig. 4.7B), reducing the error by 35% after the addition of just one timepoint
(compared with only 5% in uniform distribution, which selected the center timepoint at 60 minutes, and
16% in random selection). The error plot in Figure 4.6E shows that the strongest upregulation and
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downregulation events (close to the bottom left and bottom right of the plot) are much more accurately
defined by the timepoint selection in OTS, compared with active learning. This trend continues in the
plot in Figure 4.6F; after the addition of two timepoints, OTS selection reduces the initial sum error area
by 47%, compared with just 14% in active learning and 24.1% in random selection (Fig. 4.7B). At the end
of the experiment (five timepoints added, for a total of seven timepoints), the initial error is reduced by
56.1% using OTS timepoints, compared with 51.3% using active learning timepoints and 50.3% using
random selection. Like in the Arabidopsis experiment, OTS outperforms active learning at every number
of timepoints tested, and in yeast there also appears to be a bias towards early timepoints (Fig. 4.8B),
probably due to stronger and more co-ordinated cyclic gene responses immediately after
synchronization (Cho et al., 1998; Spellman et al., 1998), and because many yeast cell cycle genes peak
in late G,, the point at which the cell needs to “decide” whether to divide or to continue to grow
(Rodriguez-Sanchez et al., 2011).

Figures 4.9C and 4.9D show the interpolated differential gene expression curves for OTS and
uniform distribution/active learning (respectively) for Mitotic Arrest Deficient 1 (MAD1; YGLO86W),
which encodes a protein that is critical for regulating the transition into anaphase, by modulating the
activity of the mitotic spindle (Chen et al., 1999). At the end of the iterative/online experiment, OTS-
timepoint selection has accurately defined the peak expression of this cell-cycle gene (occurring at 40
minutes, Figure 4.9C), whereas uniform distribution/active learning-timepoint selection has missed the

true peak expression of this gene, and incorrectly identified the peak time at 60 minutes (Fig. 4.9D).

In the top-up yeast experiment, OTS also outperformed uniformly-distributed timepoint
selection, reducing the error by 25.9% after the addition two timepoints to the initial five timepoints,
compared with 14.4% for the two active-learning timepoints. The error plot in Figure 4.6H shows that
the strongest upregulation events (close to the bottom-right side of the plot) are much more accurately

defined by the timepoint selection in OTS, compared with active learning. The timepoint selection
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distribution in Figure 4.8C shows that active learning adds timepoints far apart at 25 and 95 minutes
(very close to existing timepoints in the dataset), while OTS has an early bias (as in the iterative-online

experiment), suggesting 10 and 20 minutes as the optimal timepoints.

Figures 4.9E and 4.9F show the differential gene expression interpolation results in the top-up
experiment for APC/C“™ modulator 1 (ACM1; YPL267W), which encodes a protein that inhibits key cell
cycle proteins, and is cell-cycle regulated (appearing late in G;, and disappearing in late M phase)
(Martinez et al., 2006). The initial interpolation based on 5 evenly distributed timepoints (every 30
minutes; grey line, Figure 4.9E) suggests that this gene has a peak Log2 fold change of 0.22, occurring at
30 minutes. The 25 minute timepoint added by active learning (Fig. 4.9F) has a Log2 fold change value of
0.36, but still misses the true peak of 0.69 (occurring at 20 minutes), which is captured by the OTS
timepoint. Furthermore, compared with active learning, OTS generally captured the expression peaks
very well for the many yeast cell cycle genes that peak in late G;. Overall, this yeast top-up study
demonstrates that OTS timepoint selection has nearly twice the performance of active learning
selection, by identifying strong upregulation and downregulation events which more accurately model
true gene expression patterns for more cell cycle genes, providing more biologically interesting

information.

4.5 Conclusion

Here, we have demonstrated that OTS can out-perform existing algorithms in finding optimal
timepoints for defining differential gene expression patterns for large groups of target genes, by utilizing
training data as a guide. We have demonstrated that the algorithm is robust to noise and to sparsely-
sampled, poorly matched, and cross-platform training data. Because it relies on training data as well as
the existing expression pattern in the current dataset, OTS can be applied on datasets containing as few
as two timepoints and still produce strong results, in contrast to the best existing algorithm which
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requires a minimum of five timepoints as input (Singh et al., 2005). Although OTS was tested here on
differential gene expression values, it can potentially also be used on other types of data, including raw
transcript number counts, relative protein quantities, or any other type of measurement that can be
sampled in an online fashion. Overall, OTS can be used to significantly improve the results from
biological experiments, by allowing researchers to optimize the distribution of timepoints when there is
a limit on the number of samples that can be measured across a time-series dataset, and to our

knowledge is the first to utilize existing datasets in timepoint suggestion.
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4.6 Chapter 4 Tables

Table 4.1: Cluster-Time-Experiment (CTE) Table storing Differential Regulation Count (DRC) values for

cluster c. Each row represents a timepoint available for sampling in the current dataset (T,), each

column represents a training dataset (R;), the current dataset (U), or the estimate dataset (E) and each

value in the table is a DRC value for timepoint i in training data j (DY), current dataset (D ) or estimate

dataset (D).

. Current .
Training Datasets Estimate
Timepoint Dataset
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Figure 4.3: Description of current and training datasets used for (A) the Arabidopsis testing experiments

and (B) the yeast experiment.
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Figure 4.4: The conversion of differential gene expression value curves in one cluster to a differential

regulation count (DRC) curve. One of the clusters in the “current” dataset of the Arabidopsis experiment

is shown after the addition of four OTS timepoints. (A) Differential gene expression values from the

current dataset are used to interpolate differential gene expression values to every available preserved
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timepoint in the biological experiment. Vertical dashed black lines indicate actual timepoints used as
input and the lines of various shades of grey represent the differential gene expression curves for
individual genes. (B) Upregulation and downregulation thresholds are determined according to the
average and standard deviation of the uninterpolated training datasets (horizontal black dashed lines).

(C) The number of genes crossing each threshold value are counted at each timepoint. Counting is

shown at 3 hours, indicated with vertical dotted black line (73;: 1+3+3+5+8+9+4+3+1=37; Equation 4.2).
(D) The DRC curves for one cluster in the current dataset (black line) and the four training datasets (grey
lines) are shown. (E) The current DRC curve (4black line), and the estimate DRC curve suggested by NNLS
regression alone (dashed line). Actual sampled timepoints are indicated with vertical dashed grey lines
(F) The current DRC curve (black line), the final estimate DRC curve (shifted according to the Equation
4.3; dashed line), and the actual DRC value for the optimal timepoint at 12 hours (black x mark; hidden
from OTS, but shown for demonstration). Actual sampled timepoints are indicated with vertical dashed

grey lines
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A Curve Difference Scores (Q; Arabidopsis Iterative-online Case Study Experiment)

Time (Hours) (02505 1 15 2 25 3 4 5 6 7 8 10 12 14 16 18 20 22 24
Cluster 1 2.2 6.7 6.2 1.1 44 56 6.0 63 57 46 46 48 1.0 1.9
Cluster 2 6.3 2.8 4.0 0.2 02 18 33 65 91 14 31 26 0.0 03
Cluster 3 6.6 6.8 5.9 0.2 10 15 35 38 62 52 37 01 01 23
Cluster 4 1.1 4.0 1.1 26 33 58 48 53 56 30 21 34 29 17
Cluster 5 3.9 9.9 2.7 2.0 40 34 51 46 45 3.8 29 01 29 20
Cluster 6 5.4 1.1 1.0 3.4 25 23 21 27 42 33 04 04 01 15
Cluster 7 1.6 5.7 2.9 9.3 44 43 52 56 58 76 31 1.0 07 1.7
Cluster 8 3.3 8.0 3.7 5.0 41 43 29 31 41 43 40 36 4.8 0.1
Cluster 9 45 8.2 85 3.3 24 27 21 04 20 34 27 1.6 08 02
Cluster 10 5.3 6.3 2.7 5.2 92 132 14.0 11.2 129 94 66 7.0 55 07

B A-score Table (Arabidopsis lterative-online Case Study Experiment)

Time (Hours) (02505 1 15 2 25 3 4 5 6 7 8 10 12 14 16 18 20 22 24
A=10 0 1 0 0 o o 1t 1 2 1 0 0 0 O
A=9 0 4 0 0 i 3 3 1 5 3 1 0 0 0
A=8 1 8 2 0 2 3 3 5 7 4 1 1 0 o0
A=7 3 10 2 2 3 5 5 7 10 6 2 1 0 0
A=6 5 12 <] 3 6 7 7 10 12 8 3 2 0 0
A=5 9 13 6 6 7 8 10 11 13 11 6 2 1 1
A=4 11 13 10 9 7 12 12 12 13 11 7 5 2 2
A=3 12 13 11 12 9 13 13 12 13 13 9 7 5 3
A=2 13 13 12 13 12 13 13 13 13 13 11 9 7 6
A=1 13 13 13 13 13 13 13 13 13 13 13 12 12 9
Rank 10 2 9 12 7 6 4 5 A 3 8 11 13 14

Figure 4.5: Curve difference score (Q) and A -score tables used to determine the optimal timepoint for

all the selected genes in the case study experiment. (A) Curve difference scores are calculated at every

timepoint and every cluster according to Equation 4.4. The highest curves difference scores in each

cluster (row) are indicated with the brightest shades, and empty columns represent timepoints already

sampled (TS) (B) A -scores are calculated to determine the optimal timepoint by comparing curve

difference scores according to Equation 4.5. Brighter shading indicates higher A-score values and lower

(better) ranks. The optimal timepoint selected here is at 12 hours because it has the highest A-score at

A=10. The second-best ranked timepoint is 1.5 hours because although its A-score is tied with several

timepoints at A=10, it has a higher A-score than these tied timepoints at A=9.
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Figure 4.6: The interpolated Log2 fold change values plotted against the actual Log2 fold change values
for every gene at every timepoint in the dataset. Shaded grey areas indicate the error area (Equation
4.7) for a given region of each plot, with darker shades indicating higher error area values. Black circles
represent the values at the start of each experiment, black X marks represent values based on OTS-
selected timepoints, and hollow circles represent values based on uniform distribution/active-learning
selected timepoints. (A) Interpolation based on the first two timepoints (0.25 hours and 24 hours) in the
iterative-online Arabidopsis experiment. The highlighted triangular area indicates the the “error area”

for one gene at one timepoint, where the actual value is 8.4 and the interpolated value is 3.1, giving an
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error area of 22.2 according to Equation 4.7. (B) Interpolation after the addition of one OTS and one
active learning timepoint in the iterative-online Arabidopsis experiment. (C) Interpolation after the
addition of two OTS and two active learning timepoints in the iterative-online Arabidopsis experiment.
(D) Interpolation based on the first two timepoints (5 minutes and 120 minutes) in the iterative-online
Yeast experiment. (E) Interpolation after the addition of one OTS and one active learning timepoint in
the iterative-online Yeast experiment. (F) Interpolation after the addition of two OTS and two active
learning timepoints in the iterative-online yeast experiment. (G) Interpolation based on the first five
timepoints (every 30 minutes) in the top-up yeast experiment. (H) Interpolation after the addition of

two OTS and two active learning timepoints in the top-up yeast experiment.
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A: lterative-Online Arabidopsis Experiment B: lterative-Online Yeast Experiment

Percentage of Percentage of
Available Timepoints Added Available Timepoints Added
10% 20% 30% 10% 20%
100% : : 100% &— t

75% 1
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500/0 1

Percentage of Initial Sum Error Area (%)
Percentage of Initial Sum Error Area (%)

50% ¥
250/0 ! T J T ! 40% T T T T 1
2 3 4 5 6 7 2 3 4 5 6 7
Number of Available Timepoints Added Number of Available Timepoints Added
—3— 0TS O - Uniform Spacing O Active Learning ~ ssere- Random

Figure 4.7: Sum Error Area values for the Arabidopsis and yeast iterative-online experiments. The results
for OTS (black line, black X marks), uniform distribution (dashed grey line, white circles) followed by
active learning (solid grey line, white circles) and random selection (dotted line) are shown for (A) the
iterative-online Arabidopsis experiment (195 genes) and (B) the iterative-online yeast experiment (90
genes). OTS outperformed uniform distribution/active learning and random selection at every number

of timepoints added.
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Figure 4.8: The timepoint selection distribution for every round of timepoint addition in the iterative-
online Arabidopsis experiment and the top-up Yeast experiment. (A) Timepoints selected in the
iterative-online Arabidopsis experiment and (B) Timepoints selected in the iterative-online Yeast
experiment (C) Timepoints selected in the top-up Yeast experiment. For all experiments, grey squares
represent timepoints initially inputted or or selected by OTS, black squares represent timepoints

selected by uniform distribution, and black diamonds represent timepoints selected by active learning.
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Iterative-Online Arabidopsis Experiment: MYC3 (AT5G46760)
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Figure 4.9: Case studies for one gene in each of the three timepoint selection experiments. For the

iterative-online Arabidopsis experiment, the interpolated differential gene expression patterns of the

jasmonate-responsive bHLH transcription factor MYC3 (AT5G46760) are shown based on (A) the

addition of five OTS timepoints and (B) based on the addition of three uniformly distributed and two

active learning timepoints. For the iterative-online yeast experiment, the interpolated differential gene

expression patterns of Mitotic Arrest Deficient 1 (MAD1; YGLO86W) are shown based on (C) the addition
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of five OTS timepoints and (D) based on the addition of three uniformly distributed and two active
learning timepoints. For the top-up yeast experiment, the interpolated differential gene expression
patterns of APC/C“™ modulator 1 (ACM1; YPL267W) are shown based on (E) the addition of two OTS

timepoints and (F) the addition of two active learning timepoints.
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4.8 Chapter 4 Algorithms

Algorithm 1 Optimal Timepoint Selection

Input: U current gene expression data
R: set of training gene expression data
G : set of genes of interest
H: threshold number
Ts: set of timepoints measured in U
T'a: set of timepoints at which biological samples are available
Output: {o: optimal timepoint
1: C' + clustering((7, R)
2 Q<0
3: for all cluster ¢ € C do
E'r <Datalnterpolation(R, T'a)
Eyr <Datalnterpolation(U, 1)
Dp « 0; Dy + 0
forall t € T4 UTs do
Dpg + DgrU DifferentialRegulationCount (E'r, H, t)
9: Dy + Dy U DifferentialRegulationCount (Eyy, H, t)
10:  end for
11: () + QU CurveMatching(Dg, D)
12: end for
13: to + MultiObjectiveOptimization(QQ, C)
14: return o

S S

Algorithm 4.1: The pseudocode for Optimal Timepoint Selection (OTS). Refer to section 4.3.3 to 4.3.7 for

the introduction of Clustering, Datalnterpolation, DifferentialRegulationCount, CurveMatching and

MultiObjectiveOptimization respectively.
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Chapter 5: Conclusion

High-throughput gene expression datasets allow researchers to sample tens of thousands of
genes at once, providing a wealth of information both about known treatment/condition-response
genes, as well as previously uncharacterized genes which may be very important targets for further
biological study. However, given the varying levels of annotations of the genes, the high rates of noise
inherent to these systems, and the complexities of genetic responses to various treatments and
conditions, performing accurate novel gene discovery (i.e. identifying previously uncharacterized genes
which are actually involved in a biological response to a given treatment/condition) is a difficult
challenge. In this thesis, three different approaches for improving novel gene discovery in high-

throughput gene expression datasets have been presented.

First, a novel knowledge-based approach which identifies and saves important functional genes
before filtering based on variability and fold change differences was utilized to study light regulation.
When combined with a novel clustering approach, it was shown that this experiment produced
relatively short cluster lists compared to gene groups generated through typical clustering methods or
coexpression networks, which narrowed the search for novel functional genes while increasing the
likelihood that they are biologically relevant. This method can be applied to any single-timepoint
experiment in which there is some level of background knowledge about the expected genetic response
to the treatment or condition used. In the future, the knowledge-based filtering step presented here can
be applied to other analysis approaches in order to prevent the removal of important, and other
clustering algorithms could be combined in a similar way as in this study. In addition, the biological
results from this study (which suggest that several novel genes may be involved in light regulation) could
be verified by biological experiments.

Second, the PRIISM algorithm was developed in order to significantly reduce the complications

of circadian clock pathway disruptions in plant novel gene discovery experiments. PRIISM was applied
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on a high-resolution time-series Arabidopsis microarray dataset under a cold treatment, and the results
of this study showed that the ranked treatment-frequency fold change results contain fewer false
positives than the original methodology. This experiment also showed that many known target response
genes had very strong differential regulation through treatment-response pathways at 26 hours, which
was not obvious in the original dataset due to the noise resulting from circadian rhythm pathways,
showing that in addition to novel gene discovery, this approach may be able to better characterize
treatment responses for known genes. In addition, PRIISM also provides gene expression data which
represents only circadian clock influences, and may be useful for circadian clock analysis studies. In this
study, six strong candidates for novel cold response genes were discovered which could be verified
biologically in future experiments. As higher-resolution time series gene expression datasets become
available, it would be useful to modify PRIISM to support wavelet analyses, where instead of using a
sliding window based on light/dark cycles, every possible sliding window of a given length would be
split.

Third, a computational approach was developed to design the timepoint selection in time-series
high-throughput gene expression experiments, such that the strong expression changes in known target
genes are the most accurately captured, based on expression data from training datasets. By finding the
timepoints at which most of the known target genes are differentially expressed, the potential to
discover other related novel treatment/condition response genes is significantly increased. OTS was
tested using several sampling approaches on several datasets, and consistently outperformed other
existing timepoint sampling strategies in terms of defining the true expression patterns of known target
genes. In future versions, OTS may be modified to include more advanced interpolation algorithms,
different clustering algorithms, and may be tested on much higher-resolution training and current

datasets as they become available.
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Overall, the computational projects outlined in this thesis have contributed significantly to the
field of novel gene discovery in high-throughput gene expression datasets. Methods have been
developed to decrease noise (and increase the accuracy of novel gene discovery) in both static as well as
time-series gene expression datasets, and an approach has been developed to design experiments such
that important regulatory timepoints can be selected in new experiments, leading to more accurate

treatment/condition-response novel gene discovery in the dataset produced.
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