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A principal concern in crop agriculture is yield, and a key factor for crop
growth is the availability of nitrogen. The large amount of nitrogen fertilizer required by plants is a major cost to farmers. Moreover, environmental issues such as
groundwater pollution arise from the utilization of nitrogen fertilizers. Therefore, improvement in the nitrogen use efficiency (NUE) of plants is of urgent importance for
sustainable and efficient agriculture. Although hybrid varieties have increased crop
yields in low N conditions, the molecular mechanism of plant adaptation to N stress
is not completely understood. Herein, the study of responses to N limitations in the
natural signalling pathways of model plants facilitates the understanding of complex
responses in plants to N stress, and this information can be used to further improve
NUE. In this research, the transcriptomes of three model plants Arabidopsis, maize,
and rice were compared under diverse N growth conditions. An evaluation of the response of the three plants to varying N levels was also conducted. From a statistical
point of view, three distinct methods of detecting differential expression were utilized

to reduce the likelihood of false positives due to the tens of thousands of genes simultaneously studied. Furthermore, the performance of three statistical approaches was
compared during detection of the N-responsive genes. Finally, a clustering analysis
(agglomerative hierarchical clustering) was performed on the genes that significantly
responded to N levels as identified by a more biologically intuitive method called
Rank Products (RP).
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Chapter 1
INTRODUCTION
1.1

Fertilizer Matter and Nitrogen Use Efficiency (NUE)
Food is a fundamental element for survival and agriculture is the main source

of food consumed by humans. Besides livestock, crops comprise the majority of agricultural products. Therefore, a vital concern is crop yield. As everyone knows, plants
cannot grow without nutrients. Fortunately, fertilizer can supply essential nutrients
to plants and increase crop yield, but this approach comes with a number of environmental disadvantages, such as increased groundwater pollution, lake contamination,
and producing of greenhouse gases such as nitrous oxide. Also, the economic cost of
fertilizer is high. As a result, solutions related to fertilizer use efficiency include supplying only the nutrients the crops demand, utilizing better fertilization techniques,
and so on. However, what can molecular biology contribute to this problem?
The main element in fertilizers used for crops is nitrogen, as it is essential for
plants to form new cells. The basic components of living cells are proteins formed from
amino acid building blocks. Nitrogen obtained by plants from the soil combines with
the photosynthesis product carbon hydrate to form amino acids; a lack of nitrogen will
limit plant growth and especially productivity. Nitrogen is also typically the most
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lacking compared to other nutrients, and it was recently estimated that annual N
fertilizer input to crops is 90 million metric tons worldwide (Bi et al., 2009). However,
only 30 to 40% of the N applied is utilized by crop plants as the remainder is lost
to leaching, denitrification, soil erosion, and microbial consumption. In the past
five decades, high-yielding crops have been associated with a 20-fold global increase
in N fertilizer usage (Kant et al., 2008). Therefore, the focus on increasing crop
productivity has turned to improvement of nitrogen use efficiency (NUE).
Knowledge regarding how plants respond to nitrogen limiting conditions
becomes vital in efforts to increase NUE, and some crop varieties and hybrids, such
as rice, wheat, barley and sorghum cultivars variations and modern maize hybrids, can
produce a higher yield under N stress conditions (Kant et al., 2010). However, little
is known about the molecular mechanisms in these novel cultivars due to the genetic
complexity. Attempts have been made to understand the genes regulating NUE
by working with model plants that grow better under limited N supply conditions.
Kant et al. (2009) reported SAUR39 as a negative regulator of auxin synthesis and
transport in rice, and Schofield et al. (2009) over-expressed STP13, which improves
plant growth in Arabidopsis. Overall, efforts to genetically improve NUE are essential
for a sustainable and efficient agricultural system.

1.2

Microarray Technology
Microarray technology can be used to simultaneously study thousands of

genes and has developed to examine gene expression changes under varying conditions.
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Currently, this technology is widely used for measurement of gene expression on a
whole-genome scale (Nuber, 2005).
In brief, a microarray chip is typically a glass or silicon slide or nylon membrane with a number of spots on it. Each spot contains single-stranded DNA sequences. The spots are usually called probes. Based on the different types of sequences for each spot, there are two common microarray platforms: cDNA arrays
(also known as two-color arrays) and oligonucleotide arrays (also called oligo or singlecolor or Affymetrix GeneChip arrays). cDNA arrays usually contain complementary
DNA synthesized from a mRNA template for each spot, while oligonucleotide arrays
consist of short sequences of nucleotides on each spot (Falciani, 2007). Once the target
mRNA is extracted from a biological sample of interest, the mRNA resource is first
labeled with a fluorescent dye and then used to wash the microarray chip containing
known sequence probes. The mRNA will bind to the chip if the probes have complementary DNA sequences, and this process is called hybridization. The nonhybridized
mRNA solution will be washed away. Because the mRNA resource is already labeled
with a fluorescent dye, laser scanners can detect the fluorescent signal; the signal intensity of each spot relates to the abundance of mRNA. The only difference between
the two microarray platforms when performing statistical analyses using these signal intensities is that the single-color arrays measure the log-intensities of each spot
whereas the two-color arrays measure the log-ratios of each spot (Draghici, 2003).
As microarray studies involve tens of thousands of genes at the same time,
the analysis of such high-throughput data cannot be performed using traditional statistical approaches. In fact, several methods have been developed to aid the analysis
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of high-dimensional data, but which approach among the newly developed methods
works best remains unknown due to the diversity of data sets (Najarian et al., 2009).
Choosing the appropriate method allows more useful information to be extracted
from the data.

1.3

Experimental Design and Objectives
Microarray technology as a tool to analyze genome-scale gene expression

would aid in understanding the signalling pathways of plant responses to nitrogen
stress, towards improving NUE. Several transcriptional profiling studies have been
done in Arabidopsis and rice, such as detecting the transcriptional changes of genes
under different N conditions. With respect to this study, not only were the plant
gene expression changes under two different N concentrations considered, but also
the response of three plants (Arabidopsis, maize, and rice) at the same N concentrations. The one-color Affymetrix GeneChip array was used to analyze samples of
Arabidopsis, maize, and rice grown under four distinct nitrate conditions for the purpose of identifying the N-responsive genes in each of the three plants and comparing
the overall adaptation of the three plants to N limitation. Two stable N conditions
were considered, labeled as ’high’ (3mM nitrate) and ’low’ (0.3mM nitrate). Two
transient N conditions were also considered, wherein some plants grown under the
high nitrate condition were switched to the low nitrate condition 2h before sample
harvest, and vice versa (i.e., plants were transferred from high to low and from low
to high, respectively). These two transient N conditions were labeled ’reduced’ and
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’induced’. Samples were taken from the leaves and roots of plants grown in each of the
four nitrate conditions, with three replicates for each tissue. Note that Arabidopsis,
maize, and rice were all grown in the four nitrate concentrations. That means there
were three independent experiments, corresponding to the three plants grown under
the same experimental conditions.
The Affymetrix arrays used for the three plants were all custom designed:
sySYNG002b for Arabidopsis, SYNG007a520046 for maize, and sySYNG003a for rice.
The three comparisons of interest were low vs. high N, low vs. induced N, and high
vs. reduced N. One focus of the analyses was to identify differentially expressed
genes with respect to nitrate concentrations; this was done by evaluating the three N
comparisons of interest with data from both leaf and root samples analyzed by three
diverse methods, and by comparing results from the three plant types. The other
focus was to cluster the top 50 significant differentially expressed genes deemed by
the Rank Products (RP) approach, which is more biologically motivated. In addition,
the three methods used to identify the genes with different expression values were
also compared and evaluated. The ultimate goal of this research is to find nitrogen
responsive genes and explore their internal structure towards the improvement of
NUE.
All statistical analyses in this study were conducted using R software with
a number of Bioconductor packages, as referred to Logan (2010).

6

Chapter 2
BASIC ANALYSIS OF MICROARRAY DATA
2.1

Preprocessing
Microarray technology covers a large range of applications, but the analysis

of high throughput gene expression data brings challenge. The raw data of pixel
intensities from microarray is stored in image files produced by the scanner (Simon
et al., 2003). Typically, the first step of analyses of the microarray data is undergoing a
preprocessing procedure. McNicholas (2010) points out that the steps of preprocessing
are:
1. Image Analysis;
2. Data Import;
3. Background Adjustment;
4. Normalization;
5. Summarization;
6. Quality Assessment.
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Preprocessing procedure adjusts for background inensities and transforms the data
into a scale suitable for analysis (Stafford, 2008). Because of the technical sources
of variation, this step is particular necessary as it assesses the reliability of the measurements and avoids the sources of systematic variation, such as the fluctuations
of the physical propertities of the dyes, probe coupling, scanner setting and so on.
Although preprocessing does not generate any biological interpretations, it cannot be
overlooked since the different choices of preprocessing procedures can gain various results and directly affect the biological conclusions from any later statistical analyses.
Therefore, it is important to be aware of the right choice of a suitable preprocessing
step.

2.2

Preprocessing of Affymetrix Microarrays
For Affymetrix arrays, the probe intensities are stored in a CEL file after

the first Image Analysis step. The middle three steps: Background Adjustment, Normalization, and Summarization indicated by McNicholas (2010) are usually called
low-level preprocessing or probe-level analysis. Background Adjustment corrects the
background noise of each array. Although this step is only adjusting the probe intensities on single array, Göhlmann & Talloen (2009) remarks it has the largest effect
on the preprocessing results. Normalization reduces the variations globally, which
means the non-biological variations from both within and bewteen arrays. The Summarization will combine the determined probe intensities into a single expression level
for each probe. After the low-level preprocessing, there may be some additional pre-

8
processing at the gene expression-level, such as normalization, cross-chip scaling or
transformation (Berrar et al., 2003). The nomalization at this level has the same
goal as for low-level preprocessing and cross-chip scaling is particular useful if there
is an independent data set is included. Transformation is a nonlinear transformation as this will stabilize the variation across the range of probe set level intensities.
The most popular one is logarithmic transformation with either log-transform or log2
transformation. However, logarithmic transformation may inflate the variance at
very low intensities. Thus, there might be different choices of transformation or even
not to transfom depending on the relationship between the measured intensity and
its variance. Note that some low-level preprocessing pipelines will return the logtransformed gene expression level intensities. The Quality Assessment step covers all
stages of microarray preprocessing: image analysis, probe-level (low-level) and gene
expression-level preprocessing. This step will eventually eliminate the low-quality
arrays and outliers, and evaluate the quality of the preprocessing steps. The most
commonly used way to check the quality are based on a graphical presentation of the
data and their characteristics (Zhang, 2006).
According to Mallick et al. (2009), there are two popular pipelines for lowlevel preprocessing: Microarray Suite 5.0 (MAS 5.0) and Robust Multiarray Analysis
(RMA). The differences between MAS 5.0 and RMA are different algothrims were
used in each of the three steps. As shown in Dziuda (2010), MAS 5.0 was developed
in 2001 and improved in 2002, while RMA was reported in 2003. Also, MAS 5.0 has
limitations to detect small changes bewteen arrays. Here just introduce the main
characteristics of RMA, and also this is the one used in our data sets. Background
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Adjustment in RMA ignores the MM mismatch probes and quantile normalization
was used next. Quantile Normalization averages the quantiles for each of the arrays in
the data set with the goal of making intensities have the same empirical distribution
across arrays (de Rinaldis & Lahm, 2007). The Summarization is done by fitting a
linear model using the log2 transformation data.

2.3

Filtering
After preprocessing, some probe sets needed to be eliminated as not all of

the tens of thousands of genes on the array are useful. There are numbers of filtering
criteria, but the purpose is one, which is to eliminate the probe sets might represent
experimental noise. Those genes could have low expression values, not expressed at
all, or might have only small variability across the samples. All such genes would be a
potential source of false positives and they should be removed before further analysis.
The candidates of filtering criteria include filtering by the maximal expression level,
by the range of expression values, or by the average expression level in a class.

2.4

Exploratory Data Analysis
The steps above make the gene expression data ready for analysis to ex-

tract and interpret the biological information from it. The related objectives can be
categorized as class comparison, class prediction, calss discovery, and pathway analysis. Two important ones among these goals are to identify the differentially expressed
genes (class comparison) and explore the internal structure in a dataset for developing
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taxonomies (class discovery).

2.4.1

Detecting Differential Expression
The identification of genes with significant changes in expression level under

the impact of certain experimental conditions is crucial for finding noval genes that
response to the phenomenon of interest (Korenberg, 2007). At the very beginning, an
arbitrary fold-change threshold was used to select the differentially expressed genes
(Wang & Petronis, 2008), but this method does not take into account the sample
size and the genes identified as differentially expressed between samples may caused
by the variation within the samples, as not all genes have the same variation across
the replicates within a sample. Therefore, this simple method was not considered
acceptable. A null hypothesis test of no changes in expression for each gene with a
certain significance level was replaced. Depending on the experimental design and
data sturcture, various tests were reported and summarized in Table 2.1 (Deshmukh
& Purohit, 2007). However, no matter what tests used, all of them can be aggregated
by ranking the genes based on statistical significance. Regarding the two-sample t
test, many variants of the ordinary t statistics were developed as well to recover the
drawbacks (Amaratunga & Cabrera, 2004). Recently, a non-parametric biological
reasoning method called Rank Products (RP) was reported by Tian et al. (2010) and
it is especially useful for really ’noisy’ data sets, such as experiments with less than 10
biological replicates and data sets with a high degree of variability between biological
replicates.
Because of the tens of thousands of genes on each microarray, the multiple
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Table 2.1: Various types of tests for finding the differentiall expressed genes.
Two groups
Parametric
two sample t test;
tests
paired t test
Nonparametric Wilcoxon rank-sum test;
tests
Wilcoxon signed rank test

More than two groups
one way analysis of variance
(ANOVA)
Kruskal-Wallis test

testing problem exists. Suppose an expression array including N = 20, 000 genes,
and that there will be 20, 000 univariate tests. If a significance level of α = 0.05 is
selected for each test, then there will be a 5% chance of making a Type I error for
each of these tests. It means 0.05 × 20, 000 = 1, 000 genes deemed to be significant
just by chance alone. In order to control the overall probability of a Type I error, the
individual raw p-values needed to be adjusted (Rampal, 2007). Instead of considering
the significance level of individual tests, the most commonly used method for multiple
testing correction is controlling the Type I error rates. Two popular used Type I error
rates are the family-wise error rate (FWER) and the false discovery rate (FDR).
First of all, family-wise error rate (FWER) is the probability of at least one
Type I error over all tests (Alterovitz & Ramoni, 2010) and is defined as
FWER = P(at least 1 false positive) = 1 - P(no false positives)
If the tests are independent and use the same α, then P(no false positives) = (1−α)N ,
where N is the number of tests. Therefore,
FWER = 1 − (1 − α)N
The Bonferroni method controls the FWER will set the significance level for each test
to be α/N . If N is too large, the significance level for each test will be extremely
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small, and results in a small number of genes deemed to be differentially expressed.
From a biological point of view, the Bonferroni method will be too stringent to miss
findings. Since the genes identified here will be validated using alternative assays, such
as RNA blotting, the biologists desire more genes to be detected. Subsequently, false
discovery rate (FDR) is the expected percentage of false positives among the rejected
hypotheses. It is an alternative measurement of the Type I error rates and will be
more appropriate than FWER as it offers a less strict criterion. Therefore, FDR do
not increase exponentially with the number of tested hypotheses. The procedures
of FDR-controlling are either fixing the acceptable FDR level beforehand or fixing
the thresholding rule first (McLachlan et al., 2004). The widely used method of
controlling FDR is the Benjamini and Hochberg procedure, which is based on first
fixing an acceptable FDR level. However, this procedure, which has only one choice
of FDR value, is often too impractical and restrictive. By contrast, the estimate of
FDR associated with a prechosen thresholding rule will be more flexible.

2.4.2

Unsupervised Clustering Analysis
Clustering is an unsupervised machine learning technique, which means clas-

sifications are detected without prior knowledge. Clustering aims to extract meaningful taxonomy-related information of a large amounts of data by considering similarities
and differences bewteen entities (Göhlmann & Talloen, 2009). Regarding a microarray data set, clustering can be done on genes, samples, or on both genes and samples
simultaneously (two-way clustering). Clustering of genes can obtain the groups of coexpressed genes with similar functions or belonging to the same genetic pathway, and
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clusering of samples can discovery new subtypes of a disease, while two-way clustering
is to find subsets of genes that have different expression patterns over one subset of
samples. Clustering can be broadly categorized into hierarchical and nonhierarchical
methods. Most clustering approaches are based on the measurements of distance and
linkage, while an advanced and more complex model-based clustering does not require
these two measurements. Instead, model-based clustering will utilize a finit mixture
models to cluster (Maulik et al., 2010).
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Chapter 3
METHODOLOGY
Regarding the microarray data sets with two experimental conditions, most
of the methods used to identify the differentially expression genes were the derivatives
of the two-sample t test. It evaluates the difference in the mean expression level of each
gene on the array between the two experimental conditions. Since the sample sizes
are limited for microarray experiments and the estimation of the sample variances
may be unreliable using the ordinary t statistic
t=

y¯1 − y¯2
√ .
s/ n

(3.1)

It can be interpreted as the ratio of expression difference to variability, and thus some
genes with varicances close to zero are likely to be called significant (large t values
due to small s values), irrespective of the magnitude of the mean difference y¯1 − y¯2 .
Therefore, underestimation of the variability may result in more false positives. Three
approaches were used in this study. LIMMA and SAM are using two distinct ways of
modification of the t statistic by adjusting the estimates of standard error, while RP
ranks the genes on the basis of fold-change by permutation method. The modified
statistic is called moderated t statistic in LIMMA and relative difference d in SAM,
which are parametric statistic, and non-parametric statistic, respectively. RP utilizes
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a non-parametric statistic as well, but instead of the actual expression values, it
uses the ranks of genes and identifies differentially expressed up-regulated and downregulated genes in two separate lists.
All three approaches fix the multiplicity problem of tens of thousands of
genes (tests) on microarray by controlling the false discovery rate (FDR), which is
defined as the expected proportion of false positives among the rejected null hypotheses.
Regarding unsupervised classification, agglomerative hierarchical clustering
was used in this study to find potential patterns in the significant genes that deemed
by RP. Hierarchical clustering is a commonly used technique because it is easy to
implement and the results of nested clusters provide an easy interpretation.
Details of each strategy mentioned above will be discussed as follows.

3.1

Linear Models for Microarray Data (LIMMA)
LIMMA: Linear Models for Microarray Data (LIMMA) is a tool of differ-

ential expression analysis implemented in limma package in R (Dziuda, 2010). The
moderated t statistic of each gene in LIMMA borrows information from other genes
using the empirical Bayes approach and the its expression is
Moderated t =

y¯1 − y¯2
√ .
s̃/ n

(3.2)

The gene-specific standard deviation s from the ordinary t statistic (3.1) is replaced
in LIMMA by the posterior standard deviation s̃, which is a weighted average of s
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and a global standard deviation estimate s0 (pooling all genes together). Such modification shrinks the variances of individual genes toward a common pooled estimate
and introduces a penalization for genes with small variances. The assumptions of
LIMMA is normal distribution of the intensities and the moderated t statistics will
follow a t distribution with degrees of freedom estimated from the data. Subsequently,
a Benjamini-Hochberg procedure is used to adjust each raw p-value of each gene for
multiplicity correction. The procedures of using limma package is
1. Making design matrix;
2. Fitting a linear moel to estimate all the fold changes;
3. Making contrasts;
4. Applying Baysian smoothing to the standard errors;
5. Moderated t statistics.
The design matrix indicates the conditions of each array with rows representing arrays and columns representing coefficients. The contrast matrix provides a convenient
way to predict the necessary contrasts if there are more than two groups of interest
or multifactorial designs in the microarray experiment. Additionally, test for interactions between the levels of two variables or two similar conditions is also available in
LIMMA.

3.2

Significance Analysis of Microarrays (SAM)
SAM: Significance Analysis of Microarrays (SAM) is similar to LIMMA
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and the package used in R is siggenes. The relative difference d value of each gene
is modified from the ordinary t statistic (3.1) by adding a positive constant s0 called
the ’exchangeability factor’ or ’fudge factor’ to the denominator (Parmigiani et al.,
2003). The modified test statistic is
d value =

y¯1 − y¯2
√ .
s0 + s/ n

(3.3)

Adding s0 reduces the correlation between the d and the standard deviation s and
penalizes genes with small variances. This fudge factor s0 is expressed as the percentile
of the pooled standard deviation values (s values) of all the genes that minimizes the
coefficient of variation of d.
The null distribution of the d statistic no longer follows a t distribution by
adding the s0 and it is calculated by permuting the group labels to form an empirical
distribution. The d value for each gene is calculated and ranked in each permutation.
The expected relative difference d¯ is then calculated for each rank as the mean of d
values for the rank over all permutations. The ranked observed relative difference d
values are plotted versus the expected relative difference d¯ values, is used to detect the
differentially expressed genes. Suppose to take G sets of permutations of the group
labels, and there are N genes needed to be tested. Each permutation g will compute
a d value for each gene, and rank the d∗g
n as
∗g
∗g
d∗g
1 ≤ d2 · · · ≤ dN .

After G sets of permutations, estimate the expected relative difference d¯ values as
d¯n = (1/G)

G
X
g=1

d∗g
n ,
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where n = 1, 2, . . . N . The observed relative difference d values are ordered as
d1 ≤ d2 · · · ≤ dN
A sample scatterplot of the observed d versus expected d¯ using the classical Golub
data set with 27 acute lymphoblastic leukemia (ALL) and 11 acute myeloid leukemia
(AML) is shown in Figure 3.1.

Figure 3.1: A demonstration of SAM plot. Each gene is represented by a dot, and
the differentially expressed genes are coloured in green.
In order to determine which genes are differentially expressed, an arbitrary
cut-off typically called ∆ needs to be chosen first (Lee, 2004). As shown in Figure
3.1, the solid line is the identity line d = d¯ and the two dashed lines parallel to the
identity line are threshold lines. There is a threshold ∆ (2 in this case) distance
from the identity line to the two threshold lines, respectively. Each dot in Figure
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3.1 represents a gene and the genes that are outside of these two threshold lines are
deemed to be differentially expressed. Note that, the upper and lower rejected critical
values are asymmetric in SAM. As shown in Figure 3.1, there are two horizontal lines
and the upper one cross the upper threshold line at the minimum positive d value
(dmax ) and the lower one cross the lower threshold line at the maximum negative d
value (dmin ).
Once again, the multiple testing problem exists in SAM as well, and it
utilizes FDR to adjust the multiplicity. The FDR was estimated using the already
available permutation data. In each permutation, the number of genes that outside
(dmin , dmax ) at a decided threshold ∆ was counted and recorded as the false positive
genes. The FDR at this threshold was the median of the number of false positive
genes over all permutations divided the number of genes deemed significant in the
original data. The values of threshold ∆ is adjustable and therefore, the estimated
FDR will change associated with the value of ∆.

3.3

Rank Products (RP)
RP: Rank Products (RP) is a more biologically meaningful method. It does

not apply a sophisticated statistical model and utilizes the ranks of fold-change ratios
between two samples of interest in place of the expression values used in the LIMMA
and SAM methods. Therefore, the problem of underestimation of the variances is
not applied to this method, and theoretically it does not require many replicate
experiments and can obtain reliable results (Tian et al., 2010). It can be performed

20
using package RankProd in R.
Suppose there are N genes are investigated, and k1 replicates in condition
A and k2 replicates in condition B. The all possible pair-wise comparisons between
two conditions will be k1 × k2 = k. Among the k lists of fold-change ratios, the
probability for a certain gene to be at the top of each list is 1/N k . This is obviously
hard to observe a gene at the top position, therefore a combined probability as a rank
product (RP) is introduced as
up/down

RPup/down
= Πki=1 (ri,n
n
up/down

where ri,n

/Ni ),

(3.4)

is the position of gene n in the ranked list of decreasing (up) or

increasing (down) fold-change ratios in the ith compatison. When the Ni = N for all
comparisons, the RP can be calculated alternatively as the geometric mean rank
up/down 1/k

r̄nup/down = (Πki=1 ri,n

)

,

(3.5)

without losing any information. A simple illustration of the k pair-wise comparison
lists of fold-change (FC) ratios is generated in Table 3.1.
Table 3.1: The demonstration of k lists of the fold-change (FC) ratios within each
experiment.

Fold-Change
(FC)
Ratios

Comparison 1
FC1,1
..
.
FC1,n
..
.
FC1,N

Comparison 2
FC2,1
..
.
FC2,n
..
.
FC2,N

Comparison i
FCi,1
..
.
FCi,n
..
.
FCi,N
up/down

In some cases, the RP values (3.4) or r̄n

...
...
..
.
...
..
.
...

Comparison k
FCk,1
..
.
FCk,n
..
.
FCk,N

(3.5) calculated above are

sufficient to interpret as P-values to gain the significant differentially expressed genes.
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However, this interpretation is valid when all ranks over k lists are equally likely. Since
the k pair-wise comparisons are not independent, an E value in analogy to the BLAST
results is calculated based on a permutation estimation procedure; the multiple testing
problem associated with the simultaneous analysis of tens of thousands of genes is
also addressed during this procedure.
Independently permutes expression values within each array G times, and
the RPgn values will be calculated for each gene n in each permutation g. The number
of these simulated RP values that smaller than or equal to a given experimental RP
value is counted, and recorded as cn for each gene. Therefore, the average expected
value E(RPn ) ≈ cn /G and the percentage of false positives (pfp) = E(RPn )/rankn
for each gene n, where rankn is the position of gene n in a ranked list of increasing
RP values.

3.4

Agglomerative Hierarchical Clustering
Hierarchical clustering is the first, and easy applied, method for clustering

genes and samples in microarray data. There are two approaches to hierarchical
clustering: agglomerative and divisive (Speed, 2003). Agglomerative hierarchical
clustering works bottom-up; it begins with each observation belonging to its own
cluster, and then joins the two most similar observations into one cluster. Such
progressive fusions will proceed until there is one cluster left. In contrast, divisive
hierarchical clustering works top-down and begins with all observations in one cluster.
At the first stage, the homogeneous objects are broken into two clusters, and this
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progressive division will continue until each observation forms a cluster of its own
(Hofmann, 2006).
The distance and linkage methods need to be determinate before clustering, because there are several choices of both of them, and the distance will calculate how the similarity of two observations and the linkage will define the distance between two clusters. dist() function in R can compute the distance between
two observations. Assume that genes n1 and n2 have the gene expression vectors
xn1 = (xn1,1 , xn1,2 , . . . , xn1,M ) and xn2 = (xn2,1 , xn2,2 , . . . , xn2,M ) across M arrays, four
widely used distance calculation algorithms applied to these two genes are
s
M
P
• Euclidean: d =
(xn1,m − xn2,m )2
m=1

• Manhattan: d =

M
P

|xn1,m − xn2,m |

m=1

• Canberra: d =

M
P

|xn1,m −xn2,m |
|xn1,m +xn2,m |

m=1

s
• Minkowski: d =

k

M
P

|xn1,m − xn2,m |k

m=1

Package hclust in R can be used for agglomerative hierarchical clustering analysis,
and the commonly used linkage methods within hclust are
• Average linkage: utilizes the average of all pair-wise distances between members of the two clusters;
• Simple linkage: uses the minimum distance;
• Complete linkage: selects the maximum distance;
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• Ward’s method: attempts to minimize the sum of squares (SS) within and
maximize the SS between clusters.
Ward’s method is distinct from all other methods because it is an analysis of variance
approach to evaluate the distances between clusters. It is regarded as very efficient,
but it tends to generate a small size of clusters.
Results of hierarchical methods can be shown in a tree diagram, known
as a dendrogram (Albalate & Minker, 2011). An example of the dendrogram using
agglomerative method is shown in Figure 3.2. The Euclidean distance and Complete
linkage were selected for this demonstration dendrogram. The data contains thirteen
chemical properties from two types of coffee, Robusta and Arabica. As shown in
Figure 3.2, the labels of 1 and 2 which refer to the two types of coffee, respectively, are
organised into two big clusters according to the thirteen chemical properties of coffee.
However, this is the ideal result and not all the elements in a data set can be perfect
separated into their own clusters. Realistically, there will be a few misclassifications.

Figure 3.2: Agglomerative hierarchical clustering based on Euclidean distance and
Complete linkage.
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Chapter 4
RESULTS AND DISCUSSION
4.1

Quality Assessment and Filtering
After first Image Analysis preprocessing step, the raw microarray data of

all three plants Arabidopsis, maize and rice were stored in CEL files. The next lowlevel preprocessing (or probe-level analysis, see Section 2.2 of Chapter 2) were done
by company Genedata using Robust Multiarray Analysis (RMA) pipelines assembled in R. As pointed in Section 2.2 of Chapter 2 as well, some probe-level analysis
pipelines will return the logarithmic transformed results instead of going through
some additional preprocessing (including transformation) at the gene expressionlevel; Summarization procedure within RMA pipeline performed log2 transformation. Therefore, the log base 2 transformed gene expression values of each gene
for each plant were stored in a N × 24 matrix with N representing the number
of probes on each array and 24 representing the number of arrays for each plant
(4 nitrate concentration × 2 tissue samples × 3 biological replicates = 24). The numbers of probes of Arabidopsis, maize, and rice are 26412, 46736 (initially 46832 probes
with NA values), and 34873, respectively. Genedata subsequently utilized a Principal
Components Analysis (PCA) method to assess the quality of each array, while we
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first generated three box plots that were shown in Figure 4.1 for Arabidopsis, maize
and rice to compare the array intensity distributions after preprocessing; box plot
is especially useful for the evaluation of normalization results. Figure 4.1 indicates
the similar distribution of arrays within each plant, and further demonstrates the
normalization distribution results from RMA pipeline were proper for the following
statistical hypothesis testing to find the differentialy expressed genes.

Figure 4.1: The box plots of preprocessed expression values of N genes for 24 samples
collected from Arabidopsis, maize and rice.

In addition, a series of Pearson correlation coefficients (Table 4.1) between
three biological replicates were computed to assess how the replicates vary. The coefficient ranges in values from −1 to 1; the closer the correlation coefficient is either
−1 or 1 indicating negative or positive correlation, the stronger the correlation. If
the coefficient is zero, the two measured vectors are independent. Two related low
coefficients were shown in bold in Table 4.1, which were 0.606 and 0.625. That means
the second leaf sample replicate of rice grown in low N is not highly correlated to the
other two replicates. Same results were gained from PCA method that Genedta company utilized; it reported quantile 2 measured the distortion and quantile 3 controlled
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gene statistics were flagged as both ’BAD’. Although the fewer replicates make the
inference harder, the inappropriate samples or outliers will certainly affect the estimate largely. Therefore, the following analyses will get rid of this replicate and only
two replicates for leaf samples of rice grown in low N condition.
Table 4.1: Pearson correlation coefficients between three biological replicates of low,
reduced, high, and induced N samples collected from both roots and leaves. (A:
Arabidopsis, M: maize, R: rice. 1, 2, 3 represent the three replicates.)

A.Root
A.Leaf
M.Root
M.Leaf
R.Root
R.Leaf

A.Root
A.Leaf
M.Root
M.Leaf
R.Root
R.Leaf

Low N
Reduced
1 vs. 3 2 vs. 3 1 vs. 2 1 vs. 3 2 vs. 3
0.954
0.959
0.974
0.973
0.964
0.973
0.966
0.996
0.977
0.981
0.995
0.997
0.994
0.996
0.991
0.996
0.997
0.995
0.996
0.992
0.997
0.998
0.972
0.970
0.991
0.998
0.625
0.826
0.836
0.993
High N
Induced N
1 vs. 2 1 vs. 3 2 vs. 3 1 vs. 2 1 vs. 3 2 vs. 3
0.974
0.979
0.973
0.972
0.986
0.979
0.986
0.980
0.992
0.972
0.981
0.961
0.991
0.995
0.997
0.989
0.974
0.988
0.997
0.996
0.996
0.998
0.997
0.999
0.995
0.994
0.995
0.997
0.981
0.984
0.993
0.991
0.992
0.997
0.996
0.995

1 vs. 2
0.972
0.986
0.995
0.997
0.996
0.606

Finally, a filtering procedure as discussed in Section 2.3 of Chapter 2 was
performed to the three data sets separately. Two criteria were used in filtering. One
is intensity-based filter, and the other is variance-based filter. The specific criteria
are
1. Expression value of a gene should be above 100 in at least 25% of the samples;
2. Interquartile range (IQR) of log2 -intensities should be at least 0.5.
In the end, the numbers of genes left for the following statistical analyses were 21220
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for Arabidopsis, 46727 for maize, and 34710 for rice.

4.2

Differentially Expressed (DE) Genes
After preprocessing and filtering, the remaining genes were used to detect

the nitrogen responsive genes by three pairwise nitrate concentration comparisons,
which were low vs. high N, low vs. induced N, and high vs. reduced N. Because
Arabidopsis, maize, and rice all had the same experimental conditions, the three
comparisons were exactly the same.
As reviewed in Section 2.4 of Chapter 2, most of the approaches developed
for detecting differentially expressed (DE) genes are related to a hypothesis testing for
each gene of whether the sample means (intensities of each gene) vary among several
RNA sources. The reliability of the test statistic is depending on the accuracy of
estimate of the sample variance. However, the number of replicate microarray chips
is limited by the price of the array; usually there are not too many of replicates.
Decreasing sample size is associated with the difficulties of variance estimate. In this
study, there are only three biological replicates for each RNA source, so the estimate
of variance is unstable. Both LIMMA and SAM methods described in Chapter 3
are using a modified t statistic to increase the accuracy of estimate of variance and
decrease the number of false positives; the new developed RP approach has numbers of
advantages for few replicates experiment as well. Since there is not an optimal method
to estimate the variance with few replicates, several most widely used methods can be
performed together. Similar way has been done in the study of corn microarray data
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by Horvath et al. (2006). In that study, two methods were used together (SAM and
Mixed Models ANOVA) to avert some of the limitations inherent in either method
and decrease the likelihood of false positives. Therefore, this study utilized three
approaches LIMMA, SAM and RP to identify the DE genes and a comparison of the
results of these three methods were analyzed.

4.2.1

LIMMA Results
One of the main designed characteristics of LIMMA is the comparisons be-

tween many RNA targets simultaneously. In this study, each N comparison was
associated with a leaf measurement and a root measurement. It was interested to
know not only which genes respond to N in either leaves or roots, but also which
genes respond differently in leaves compared to roots. The latter question relates
to the difference of differences, which is usually called the interaction term. LIMMA
provides an easy way to perform the similar comparisons at the same time by defining
a contrast matrix, and utilizes a F test to give greater weight to the genes that were
significant in two or more contrasts.

Significant DE genes at FDR = 0.05
Each N comparison of Arabidopsis, maize and rice was performed three
contrasts simultaneously, i.e., leaf, root, and their interaction. A Venn diagram for
each N comparison was generated to present the numbers of common identified genes
between the three contrasts (controlling FDR = 0.05), and the corresponding numbers
of shared up- and down-regulated genes were also shown in a duplicated Venn diagram
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underneath the same N comparison with red colour referring to the number of upregulated genes and green colour referring to the number of down-regulated genes.
Two Venn diagrams associated with one N comparison were indicated in Figure 4.2
to 4.4 corresponding to Arabidopsis, maize, and rice, respectively.

Figure 4.2: Venn diagrams show the number of common identified genes between
leaf, root, and their interaction contrasts in Arabidopsis using LIMMA method with
the upper three graphs indicating the total number of shared genes and the lower
three graphs representing the number of shared up- and down-regulated genes (FDR
= 0.05).

First of all, the baseline expression levels of all genes in both leaves and roots
under different, but stable N conditions were predicted in the comparison of low vs.
high N. As the number of genes of three plants were distinct after the preprocessing
and filtering procedures, a percentage number (number called significant/gene total)
was computed for each plant in order to investigate how the three plants vary in
baseline expression values at different stable N concentration. Figure 4.2 to 4.4 show
there were 885, 2247, and 627 genes differentially expressed in leaves as well as 793,
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Figure 4.3: Venn diagrams show the number of common identified genes between leaf,
root, and their interaction contrasts in maize using LIMMA method with the upper
three graphs indicating the total number of shared genes and the lower three graphs
representing the number of shared up- and down-regulated genes (FDR = 0.05).

Figure 4.4: Venn diagrams show the number of common identified genes between
leaf, root, and their interaction contrasts in rice using LIMMA method with the
upper three graphs indicating the total number of shared genes and the lower three
graphs representing the number of shared up- and down-regulated genes (FDR =
0.05).
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937, and 845 genes in roots of Arabidopsis, maize, and rice, respectively. These
numbers convert into corresponding percentages were 4.2%, 4.8%, and 1.8% in leaves
and 3.7%, 2.0%, and 2.4% in roots. Therefore, the gene transcription procedure in
both leaves and roots of Arabidopsis approximately changed the greatest (∼ 4%)
compared to other two plants under stable low and high N conditions, while rice are
nearly changed the least (∼ 2-2.5%). With respect to maize, the transcripts in leaves
(4.8%) changed greater than those in roots (2.0%) comparing stable low to high N.
Subsequently, gene expression changes under nitrate resupply or removal
can be found in comparisons of low vs. induced N and high vs. reduced N. In
order to make a comparison between all three plants, the percentages of differentially
expressed genes were calculated and shown in Table 4.2. Fairly small proportions of
differentially expressed genes were found in rice, especially in leaf samples under the
induced N (only 0.1% of the gene total). This percentage corresponds to 42 genes as
indicated in Figure 4.4. In contrast, the proportions of differentially expressed genes
in Arabidopsis and maize were approximately 2-5% at almost all tested N levels,
except for 0.8% in Arabidopsis leaf under the N reduction.
Table 4.2: Percentages of genes of Arabidopsis, maize, and rice that significantly
changed in expression under impact of nitrate resupply and removal.
low-induced N high-reduced N
leaf
root
leaf
root
Arabidopsis 3.8%
3.2%
0.8%
5.1%
maize
1.7%
5.2%
2.6%
3.3%
rice
0.1%
1.6%
1.8%
1.1%

Gene Total
21220
46727
34710

As an exclusive feature of LIMMA, three contrasts (leaf, root and the inter-
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action between them) under each N comparison were analyzed simultaneously, and
corresponding results can be found in Figure 4.2 to 4.4. The center number in each
upper Venn diagrams represents the number of genes identified to be differentially
expressed in leaves and roots as well as the interaction. These genes were not just
significantly changed in expression under each of the N comparison, but responded
differently in leaves compared to roots as well. A calculation of the center number
in the low vs. high N Venn diagram as a percentage of each plant’s genome shows
the baseline gene expression levels are similar for the three plant types. The center
numbers and their related percentages of low vs. high N comparison of Arabidopsis,
maize, and rice were 263 (1.2%), 480 (1%), and 272 (0.8%), respectively.
Some significant up- or down-regulated genes in response to N levels in Arabidopsis and rice, shown in Figures 4.2 and 4.4, respectively, are listed in Table 4.3.
For Arabidopsis, expression levels of the 10 down-regulated genes changed significantly in leaves as well as in roots, but the responses in root compared to those in
leaf were not significantly different. In contrast, the genes of rice listed in Table 4.3
responded significantly in both leaves and roots; the up-regulated gene response to
N levels was found to be greater in roots whereas the down-regulated gene response
was found to be greater in leaves.

Significant genes at FDR = 0.001
A deep view of the results of LIMMA method analyzed three contrasts simultaneously, a heatmap was generated for each of the three N comparison; Figure
4.5 to 4.7 corresponding refer to Arabidopsis, maize, and rice, respectively. Con-
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Table 4.3: Some significant DE genes in lower Venn diagrams of the previously listed
Arabidopsis and rice graphs.
Arabidopsis
high
vs.
reduced
rice
high
vs.
reduced
low vs.
induced

down(green)
At1g01390 at; At1g24150 at; At2g14220 at;
At2g27400 s at; At3g21150 at; At3g46080 at;
At4g30960 at; At4g34340 at; At5g60270 at; At5g60800 at
up(red)
down(green)
Osv2 03g10200 s at Osv2 04g35160.1 at
Osv2 03g49800.1 at Osv2 04g48160.1 at Osv2 06g45710.1 at Osv2 08g43320.1 at Osv2 02g54254 s at
Osv2 10g28050.1 at

trolling FDR = 0.001, a set of genes respond differently in leaves compared to roots
under each N comparison was the basis in each heatmap (top coloured band) with
green representing the genes respond greater in leaves and red representing the genes
respond greater in roots. The second band was the list of significant genes respond
to N in roots and the third band was the list of significant genes in leaves. Therefore,
a series of genes how co-expressed in leaves and roots were visible.

Volcano plots
Even though the significance testing was replaced of fold-change, there were
limitations along with the modified test statistics. Therefore, volcano plot provides a
better way of understanding the data by visualizing the rankings of both test statistics
and fold-change. It plots significance versus fold-change; the dots that are far away
from the center were detected differences from both hypothesis testing and biological
fold-change point of view. Figure A.1 to A.3 in Appendix section were the volcano
plots of the leaf and root samples of three plants with respect to three N comparisons.
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Figure 4.5: Heatmaps show differentially expressed (DE) genes of the interaction of
leaf and root (upper band) for each N comparison in Arabidopsis, and the related
DE genes detected in roots (middle band) and leaves (lower band) as well (FDR =
0.001).

Figure 4.6: Heatmaps show differentially expressed (DE) genes of the interaction of
leaf and root (upper band) for each N comparison in maize, and the related DE genes
detected in roots (middle band) and leaves (lower band) as well (FDR = 0.001).
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Figure 4.7: Heatmaps show differentially expressed (DE) genes of the interaction of
leaf and root (upper band) for each N comparison in rice, and the related DE genes
detected in roots (middle band) and leaves (lower band) as well (FDR = 0.001).
Only one furthest gene was labelled in each volcano plot and they were listed in Table
4.4 and 4.5.
Table 4.4: The furthest dot in volcano plots of plants Arabidopsis and rice that were
shown in Appendix (A: Arabidopsis and R: rice).
low-high N
low-induced N
high-reduced N
A.Root At5g04120 at
At5g04120 at
At3g23500 s at
A.Leaf At4g33040 at
At5g04950 at
At2g23130 at
R.Root Osv2 08g13440 s at Osv2 01g29804 s at Osv2 08g13440 s at
R.Leaf Osv2 08g26230 s at Osv2 12g27220.1 at Osv2 01g49710.1 at

Top 50 significant DE genes
The top ranked genes with expression values significantly altered under three
N comparisons were analyzed. Figure 4.8 shows the percentages of up- and downregulated genes in the top 50 ranked ones identified in leaves and roots, respectively
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Table 4.5: The furthest dot in volcano plots of maize that were shown in Appendix.

low-high N
low-induced N
high-reduced N

leaf
Zmv2 GRMZM2G092804 s at
Zmv2 GRMZM2G069024 s at
Zmv2 GRMZM2G119638 s at

root
Zmv2 GRMZM2G155546 01 at
Zmv2 GRMZM2G025062 01 at
Zmv2 GRMZM2G105604 01 at

under different N conditions. After N reduction, all of Arabidopsis, maize and rice had
the similar proportions of induced and suppressed genes in leaves; approximately 30 to
40% in the top 50 significant DE genes were suppressed when the nitrate concentration
was reduced. In roots, the proportions of suppressed genes were much larger in
Arabidopsis and rice (98% and 84%, respectively), but more genes were induced in
maize (84%). This indicates that maize may adjust well at the transcriptional level
to N reduction. When N induction, the trends of up- and down-regulated genes in all
three plants were similar; most genes suppressed in leaves and induced in roots. The
corresponding proportions were 84%, 100%, and 66% in root samples of Arabidopsis,
maize, and rice, respectively. The proportion of suppressed genes in maize was the
largest (82%) compared to Arabidopsis (50%) and rice (60%). It was interesting that
no matter N concentration decreased or increased, most of the significant genes in
leaves tended to be suppressed. It is likely the increase or decrease in available N
was not long enough, and gene expressions in leaves have not influenced by the N
concentration changes.
Regarding the top 50 DE genes identified in leaves and roots, respectively,
only Arabidopsis had five genes in common between leaves and roots. Venn diagrams
in Figure A.4 in Appendix section indicated the details of the shared genes; the five
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Figure 4.8: Percentages of up- and down-regulated genes in the top 50 significant
genes identified using LIMMA method in the contrasts of leaf and root of all three N
comparisons of Arabidopsis, maize, and rice, respectively.

Table 4.6: List of the significant DE genes in Arabidopsis and their functions that
were identified in both leaves and roots at different N conditions by LIMMA method.
Conditions

Probes
At4g33040 at

Functions
electron carrier activity, protein
low-high N
disulfide oxidoreductase activity
At1g13440 rsif at copper ion binding, glyceraldehyde-3phosphate dehydrogenase activity,
zinc ion binding
At3g58610 at
copper ion binding, ketol-acid
low-induced N
reductoisomerase activity
At4g33040 at
electron carrier activity, protein
disulfide oxidoreductase activity
At5g67420 at
encodes a LOB-domain protein involved in N
metabolism and affecting leaf morphogenesis
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significant DE genes in common between leaf and root samples in Arabidopsis were
listed in Table 4.6 as well as their functions.
There were more shared genes between leaf and root samples with respect
to the top 50 up-regulated genes and the top 50 down-regulated genes in leaves and
roots of each plant; Venn diagrams in Figure A.5 in Appendix section showed the
number of shared genes and accordingly the genes were listed in Table 4.7.
Table 4.7: List of the up- and down-regulated genes that were identified in both leaves
and roots at different N conditions by LIMMA method.

Arabidopsis
low vs. high

low vs. induced
maize
high vs. reduced
rice
high vs. reduced

4.2.2

up
At4g33040
At5g16570
At5g37600
At5g64550
At4g33040
At5g16570
At5g37600
-

down
at
r at
rf at
at
at
At4g33040
r at At2g41560
rf at At3g58610
At5g67420

at
fs at
at
at

-

Zmv2 GRMZM2G029219 01 at

-

Osv2 03g19427.1 at

SAM Results
One of the advantages of SAM was to obtain different numbers of significant

DE genes according to the preselected threshold ∆. The siggenes package in R can
not only perform SAM analysis, but also provide a simple way to utilize the empirical
Bayes approach that used in LIMMA method to estimate the sample variance.
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SAM plots
If controlling the FDR = 0.05, there were not too many genes can be detected
in expression changes and this can be indicated in Section 4.2.4 of this Chapter.
Therefore, based on an appropriate relationship between false discovery rate (FDR)
and the total number of identified DE genes, various threshold delta values were
chosen for differnt N comparisons. SAM plots in Figure 4.9, 4.11 and 4.13 indicate
the significant differentially expressed genes in green colour.
In order to make a comparison of empirical Bayes approach used in LIMMA
statistics and a ’fudge factor’ used in SAM statistics for adjusting the estimate of
sample variances, LIMMA statistics were also calculated to filter genes following an
empirical distribution achieved by permuting the group lables. The delta chosen for
each N comparison was the same as SAM statistics did. Figure 4.10, 4.12 and 4.14
are the corresponding SAM plots using empirical Bayes approach to estimate the
variance for Arabidopsis, maize, and rice, respectively. As a result, LIMMA statistics
generated a less FDR value than the SAM statistics did at the same threshold delta.
However, the number of DE genes was not certain; it was either lower or higher
compared to these two statistics.
The threshold delta as well as the associated estimated FDR of both SAM
and LIMMA statistics were shown in Table 4.8 for details. Furthermore, the number
of shared genes between these two statistics were also shown in Table 4.8; a more
specific graph was attached in Appendix Figure A.6.
Regarding the baseline gene expression levels under stable low and high N
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Figure 4.9: SAM plots show the DE genes in green colour selected by using the SAM
statistics at a certain threshold level delta for three N comparisons of both roots and
leaves in Arabidopsis.

Figure 4.10: SAM plots show the DE genes in green colour selected by using the
LIMMA statistics at a certain threshold level delta for three N comparisons of both
roots and leaves in Arabidopsis.
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Figure 4.11: SAM plots show the DE genes in green colour selected by using the SAM
statistics at a certain threshold level delta for three N comparisons of both roots and
leaves in maize.

Figure 4.12: SAM plots show the DE genes in green colour selected by using the
LIMMA statistics at a certain threshold level delta for three N comparisons of both
roots and leaves in maize.
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Figure 4.13: SAM plots show the DE genes in green colour selected by using the SAM
statistics at a certain threshold level delta for three N comparisons of both roots and
leaves in rice.

Figure 4.14: SAM plots show the DE genes in green colour selected by using the
LIMMA statistics at a certain threshold level delta for three N comparisons of bothroots and leaves in rice.
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Table 4.8: Comparison of the estimated FDR values and the numbers of DE genes
at a certain threshold delta that the sample variances were estimated using LIMMA
and SAM statistics.
low vs
leaf
Arabidopsis-Delta
15
0.058
SAM
(58)
0
LIMMA
(41)
Shared
12
maize-Delta
11
0.058
SAM
(307)
0
LIMMA
(388)
Shared
110
rice-Delta
16
0.078
SAM
(147)
0
LIMMA
(12)
Shared
8
Contrasts

high N low vs induced N
root
leaf
root
8
11
8
0.061 0.059
0.07
(71)
(50)
(55)
0
0
0
(105) (35)
(116)
28
12
26
13
5.3
15
0.058 0.121
0.05
(24)
(48)
(89)
0
0
0
(32)
(57)
(224)
11
2
64
17
7
6.8
0.068 0.134
0.11
(70)
(40)
(62)
0
0
0
(21)
(2)
(94)
11
1
18

high vs reduced N
leaf
root
2.6
3.3
0.184
0.051
(52)
(807)
0.004
0.001
(38)
(773)
7
385
3.5
10
0.1
0.07
(697)
(109)
0.001
0
(804)
(96)
276
23
2
6.7
0.238
0.067
(101)
(36)
0.01
0
(863)
(95)
52
12

conditions, LIMMA and SAM statistics identified the similar proportions of differentially expressed genes under low vs. high N in both leaves and roots of Arabidopsis
and maize, respectively, followed an empirical distribution. although the estimated
FDR values were lower in LIMMA (FDR = 0) than those in SAM (FDR ∼ 0.05-0.07).
In rice, LIMMA statistics only identified a small number of genes with different expression values in both leaves (12) and roots (21), while SAM statistics detected much
more in both leaves (147) and roots (70). Accordantly, the results of comparing high
and low N conditions in rice from LIMMA statistics followed a empirical distribution
and t distribution are similar. That means regardless of the distributions the LIMMA
statistics followed; the number of differentially expressed genes under low vs. high N
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in rice was the smallest among the three plants.
According to SAM results, the gene expression changes in response to nitrate
resupply in leaves and roots were almost the same for all three plants (50 and 55
in Arabidopsis, 48 and 89 in maize, and 40 and 62 in rice), while there were big
differences between leaves and roots in the numbers of significant DE genes using
LIMMA statistics; the genes in roots of all three plants seem to change greater in
transcriptions (35 and 116 in Arabidopsis, 57 and 224 in maize, and 2 and 94 in rice).
Similar proportions of differentially expressed genes were deemed using LIMMA
and SAM statistics under N reduction. In Arabidopsis, the transcriptions of genes
seem to change greater in roots compared those in leaves during the N removal, and
the same results were concluded in LIMMA Results in Section 4.2.1. By contrast,
the gene expressions in rice were found greater changes in leaves than those in roots;
same conclusion was gain as well in LIMMA Results in Section 4.2.1.

Top 50 up- and down-regulated DE genes
A number of top 50 up- and down-regulated genes identified by SAM approach that shared by roots and leaves were shown in Table 4.9. For Arabidopsis,
there were only 3 common genes among all three N comparisons for the top 50 upregulated genes and 6 in total for down-regulated genes. With regard to maize, only
2 shared genes between roots and leaves with respect to the top 50 up-regulated DE
genes under low vs. hig N, and no shared genes regarding the top 50 down-regulated
genes. With respect to rice, only 1 common gene in the comparison of low vs. high N
for the top 50 up-regulated and down-regulated genes. A graph shown in Appendix
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Figure A.7 explained more specifically. Take a look at probe At4g33040 at shown in
bold in Table 4.9, it was shown up many times as a top DE gene as well in Section
4.2.1 LIMMA Results (referred to the Table 4.6 and 4.7).
Table 4.9: List of the up- and down-regulated genes identified in both leaves and
roots under different N conditions using SAM method.

Arabidopsis
low vs. high
low vs. induced
high vs. reduced
maize
low vs. high
rice
low vs. high

up
down
At4g15560 at
At2g29990 at
At4g33040 at
At3g18130 f at
At2g29990 at
At5g04950 at
At3g56880 at
At4g33040 at
At3g46640 at
Zmv2 GRMZM2G098875 s at
Zmv2 Zm064982 x at
Osv2 06g40360 s at

Osv2 04g55710.1 at

Subsequently, the threshold delta values and their related estimated FDR
for selecting the top 50 up-regulated and down-regulated genes were shown in Table
4.10. Two large FDR values in the comparison of high vs. reduced N in Arabidopsis
and rice leaves. Although approximately 500 genes were identified with false positives
of 198 in Arabidopsis and 182 in rice, it was unknown whether these false positives
fall in the top 50 ranked up- and down-regulated genes used in previous analyses or
not. Therefore, the SAM results from these two N comparisons may not accurate
reflect the really biological interpretation.
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Table 4.10: The threshold delta values and their related estimated FDR for selecting
top 50 up- and down-regulated genes for the N comparisons in leaves and roots of
three plants.
Delta
FDR
Called Genes
Arabidopsis
leaf LvsH
8.93225 0.06197
200
root LvsH 3.791745 0.082329
500
leaf LvsI
3.934539 0.082621
501
root LvsI 4.959176 0.081806
209
leaf HvsR 0.916195 0.393420
504
root HvsR 3.164725 0.052212
900
maize
leafLvsH
12.13704 0.058921
200
rootLvsH 5.817292 0.104613
200
leafLvsI
3.207084 0.156993
200
rootLvsI
6.933468 0.066884
502
leafHvsR
5.559938 0.089777
200
rootHvsR 8.034869 0.072892
200
rice
leafLvsH
14.05752 0.078451
203
rootLvsH 10.72831 0.075581
200
leafLvsI
3.215736 0.197557
200
rootLvsI
4.575258 0.125789
202
leafHvsR
1.041446 0.3637
500
rootHvsR 3.075051 0.130043
200
4.2.3

RP Results
Unlike the average values of actual expression values for each gene of two

samples used to test the significance in mean difference in LIMMA and SAM, RP is
a more biological thought that utilizing the ranks of fold-change ratios of two samples. The way to identify DE genes of RP approach differed as well in detecting
the up-regulated and down-regulated genes separately by sorting fold-change ratios
decreasingly and increasingly, respectively. The advantage is the chance of detecting the genes up-regulated under one condition, and down-regulated under another
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condition. An important characteristic of RP is the way of controlling FDR by computing a conservative estimate of the percentage of false positives (pfp); this provides
a flexible way to assign a significance level to each gene.

Controlling of pfp
Once decided how large the pfp is, the gene with its significance level equals
to that decided value in the list of all genes sorted by increasing RP values as well as
the genes above this gene will be accepted as significantly regulated genes. In Figure
4.15 to 4.17, the histograms of the frequency under varying pfp values were plotted for
Arabidopsis, maize, and rice, respectively. As a critical value 0.05, the corresponding
numbers of genes identified as differentially expressed for all three N comparisons of
the three plants were listed in next Section 4.2.4.
It seems the comparison high vs. low N in roots of Arabidopsis identified
much more up-regulated genes than down-regulated genes under all of the different
pfp values. Also, in the comparison of high vs. reduced N of Arabidopsis, the numbers
of down-regulated genes in either roots or leaves were smaller than up-regulated genes.
In maize, only low vs. induced N comparison was likely to identify more up-regulated
genes in leaves than down-regulated genes; the other N comparisons almost had the
similar up- and down-regulated genes under varying pfp values. Finally, really small
proportions of down-regulated genes were identified in both leaves and roots of rice
comparing high level N to reduced N regardless of pfp values.
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Figure 4.15: Estimated percentage of false positives (pfp) and the related number
of up- and down-regulated genes under three N comparisons in leaves and roots in
Arabidopsis.

Figure 4.16: Estimated percentage of false positives (pfp) and the related number
of up- and down-regulated genes under three N comparisons in leaves and roots in
maize.
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Figure 4.17: Estimated percentage of false positives (pfp) and the related number of
up- and down-regulated genes under three N cmparisons in leaves and roots in rice.
Top 50 up- and down-regulated DE genes
The top 50 up- and down-regulated genes were analysed, and the numbers
of common genes between leaves and roots under three N comparisons were shown in
Figure 4.18. Compared to the Figure A.5 and A.7 in Appendix Section, the numbers of
shared genes between leaves and roots were increased as identified by RP method than
those by LIMMA and SAM. According to Figure 4.18, Arabidopsis had the largest
number of shared up- and down-regulated genes between leaves and roots under all
three N comparisons. Although the high vs. reduced N comparison in maize detected
almost equally number of shared up- and down-regulated genes between leaves and
roots, there were only one shared gene between leaves and roots for each of the other
two N comparisons.
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Figure 4.18: Venn diagrams show the numbers of common top 50 up- and downregulated genes in leaves and roots for each N comparison of three plants using RP
method.
Because the numbers of shared genes in Figure 4.18 were too abundant to
list in one table, only the top ones were listed in Table 4.11.It was too bad to see
the some genes listed in Table 4.11 were the control probes. Therefore, although
there were more common genes between leaves and roots identified by RP method
than the other two methods, some of them were not the interested genes, such as
AFFX-Athal-Ubq 3 f at in Arabidopsis.
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Table 4.11: List of the partial up- and down-regulated genes identified in both leaves
and roots under different N conditions using RP method.

Arabidopsis
low vs. high

low vs. induced

high vs. reduced
maize
low vs. high
low vs. induced

high vs. reduced

rice
low vs. high

low vs. induced

high vs. reduced

up
12824 s at
AFFX-Athal-Ubq 3 f at
At1g78020 at
At4g38740 s at
12824 s at
AFFX-Athal-Ubq 3 f at
AFFX-BioDn-3 at
At1g13930 at
At1g20440 at
At1g76180 at
At1g04410 f at
At1g07920 s at
At2g21660 at
At2g36830 at

down
At1g07920
At1g12090
At2g11450
At3g16240
At1g04410
At1g07920
At1g13440
At1g23290
At2g11450
At2g15620
At2g23120
At3g15580
At4g32470
At4g38740

Zmv2 GRMZM2G127350 01 at

-

Zmv2 GRMZM2G003762 s at
Zmv2 GRMZM2G067575 s at
Zmv2 S48275967 u at
Zmv2 S48292359 u at
Zmv2 S48296739 u at
Zmv2 S50705509 u at
Osv2 01g64630 s at
Osv2 04g46390 s at
Osv2 07g34589 s at
Osv2 11g43900 s at
Ctrl L29470.1-M at
Osv2 02g02400 s at
Osv2 07g34589 s at
Osv2 1008293 x at

Zmv2
Zmv2
Zmv2
Zmv2
Zmv2
Zmv2
Zmv2

-

s at
at
i at
at
f at
s at
rsif at
s at
i at
at
at
at
at
s at

GRMZM2G154505
GRMZM2G127350
GRMZM2G322819
GRMZM2G479423
S11486559 ug at
S22334927 ug at
S48144972 ug at

Osv2 10g35770 s at
AFFX-CreX-3 at
Ctrl AF184280.1-3 at
Osv2 01g15270.1 at
Osv2 02g41630.2 at

01 at
01 at
03 at
s at
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4.2.4

Comparison of the Statistical Methods
Previous Sections presented the results of LIMMA, SAM, and RP three

statistical methods separately. This Section will compare the results and evaluate
the performance of these three methods in order to identify the truly differentially
expressed genes.

QQ plots
First of all, only LIMMA and SAM approaches used test statistics among the
three methods, while RP method utilized a rank product based on the rank of foldchange ratios. Therefore, the null distribution of LIMMA and SAM were compared
using QQ plots, and they were shown in Figure 4.19 and 4.20. Two straight lines pass
through the first and third quartiles of the data with respect to LIMMA statistics
and SAM distances were shown in both Figure 4.19 and 4.20 with red for LIMMA
and green for SAM. The distinct distributions can be indicated from the two colour
lines in these two graphs. Furthermore, QQ plots of the LIMMA statistics against the
normal distribution were generated and shown in Figure 4.21 and 4.22. A straight red
line passes through the first and third quartiles of LIMMA statistics was predicted
in these two graphs and the dots not on this red line represented the genes that had
the different expression values in each contrast.
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Figure 4.19: QQ plots of SAM statistics versus LIMMA statistics of three N comparisons in leaf of Arabidopsis, maize and rice. Red line refers to the LIMMA and green
line indicates the SAM. A: Arabidopsis, M: maize, R: rice.

Figure 4.20: QQ plots of SAM statistics versus LIMMA statistics of three N comparisons in root of Arabidopsis, maize and rice. Red line refers to the LIMMA and green
line indicates the SAM. A: Arabidopsis, M: maize, R: rice.
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Figure 4.21: QQ plots of LIMMA moderated t-statistics using empirical Bayes approach versus normal distribution of three N comparisons in leaf of Arabidopsis,
maize, and rice. A: Arabidopsis, M: maize, R: rice.

Figure 4.22: QQ plots of LIMMA moderated t-statistics using empirical Bayes approach versus normal distribution of three N comparisons in root of Arabidopsis,
maize, and rice. A: Arabidopsis, M: maize, R: rice.
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Significant genes at FDR = 0.05
Subsequently, controlling the FDR equals to 0.05, the numbers of differentially expressed genes identified by LIMMA, SAM and RP were compared and listed
in Table 4.12. Since the RP method selected the significant up- and down-regulated
genes separately, a percentage of false positives (pfp) value 0.0025 was used to detect
the significant up-regulated, and down-regulated genes, respectively, in order to make
a comparison with the other two statistical methods LIMMA and SAM at the same
FDR value 0.05.
As discussed in the SAM results in Section 4.2.2, there were not too many
genes identified as differentially expressed if the FDR = 0.05 for multiple testing
adjustment. The numbers of DE genes was only approximately ten in some N comparisons among all three plants, and some comparisons even did not detect any genes
with expression changes. However, there were still two N comparisons in Arabidopsis and one in maize identified some DE genes, and they were 40 genes identified
significantly up-regulated in leaf when N induction, and 75 up-regulated and 732
down-regulated in root when N reduction in Arabidopsis; also, 86 up-regulated genes
in root of maize when N induction. Although it seems no sense to use this FDR
controlling value to find the DE gene, most of the FDR values shown in Table 4.8
and 4.10 in Section 4.2.2 were just slightly higher than 0.05 (from 0.051 to 0.1), and
the numbers of DE genes were appropriate at its own FDR controlling value of each
N comparison.
Two of the three N comparisons in leaves of Arabidopsis and rice, respec-
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tively seem to have the same agreement with all three statistical methods used. There
were not too many genes expressed differentially during the N reduction in Arabidopsis and N induction in rice, including both up-regulated and down-regulated genes.
Regarding the rice, Bi et al. (2009) has done similar study and the GeneChip
array used was the same, but the results were unlike to this study. Since in Bi
et al. (2009), there were higher proportions of up-regulated genes than down-regulated
genes in roots were identified as differentially expressed comparing low with high N at
P = 0.05, and the results here shown that the up-regulated and down-regulated genes
were almost the same proportions in roots regardless of which methods used. Also, no
genes were found significantly changes in expression in Bi et al. (2009) with respect
to the N reduced in leaves, but here the number of genes deemed as differentially
expression in leaves were larger than that in roots. The only similar result was Bi
et al. (2009) did not find any significant genes during N induction in leaves; and the
number of significant genes in Figure 4.12 was not that large either. It is likely the
preprocessing procedure used in Bi et al. (2009) was MAS 5.0, while this data set of
rice used RMA (details of both methods refer to Section 2.2 of Chpater 2). However,
Bi et al. (2009) did not mention which method was used to identify the DE genes.
That may be the possible reason for the varying findings.
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Table 4.12: Comparison of the numbers of differentially expressed genes identified by
LIMMA, SAM, and RP, respectively, at the same FDR = 0.05.

up

Leaf
down

Arabidopsis
LIMMA
RP
SAM

1309
350
4

1917
280
0

LIMMA
RP
SAM

839
292
40

1477
222
4

LIMMA
RP
SAM
maize
LIMMA
RP
SAM

256
62
-

160
153
-

4982
650
7

3222
676
1

LIMMA
RP
SAM

1764
312
-

785
293
-

LIMMA
RP
SAM
rice
LIMMA
RP
SAM

1693
389
1

2348
481
12

1408
573
0

1184
88
1

LIMMA
RP
SAM

72
320
-

50
36
-

LIMMA
RP
SAM

819
119
-

407
281
-

total up
low-high N
3226 838
630
264
4
4
low-induced N
2316 675
514
227
44
2
high-redued N
416 1708
215
141
75
low-high N
8204 1727
1326 375
8
1
low-induced N
2549 5661
605
517
86
high-redued N
4041 1994
870
430
13
2
low-high N
2592 1101
661
523
1
1
low-induced N
122
538
356
491
1
high-redued N
1226 810
400
142
1

Root
down

total

1768
180
3

2606
444
7

1599
161
8

2274
388
10

594
247
732

2302
388
807

1620
328
1

3347
703
2

3399
566
10

9060
1083
96

2663
329
6

4657
759
8

1582
476
3

2683
999
4

620
441
1

1158
932
2

167
252
9

977
394
10
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Top 50 up- and down-regulated genes
It would be interesting to compare the overlaps of the three statistical methods with respect to the top 50 up-regulated and down-regulated genes. Figure 4.23 to
4.25 presented the numbers of shared genes identified using LIMMA, SAM, and RP.
There was either small or half overlap between LIMMA and RP approaches depending
on the N comparisons and plants, but there was no same down-regulated genes were
identified comparing the low with induced N in root of both maize and rice. For the
remaining 34 in total comparisons across three plants, 15% of them shared 7 genes,
35% had a common gene set of 3, 5, or 9, and 26% contained same genes with the
number of 8, 10, or 11. In addition, noticed that there was no overlap between RP
and SAM methods, and merely one unique shared down-regulated genes by LIMMA
and SAM in the comparison of low-induced N in root of rice, meanwhile, this was one
of the two no overlapped comparisons between LIMMA and RP approaches. Lists of
the first three shared genes by LIMMA and RP for Arabidopsis and rice were shown
in Table 4.13, and Table 4.14 for maize.

Figure 4.23: The numbers of commonly identified top 50 up- and down-regulated
genes in Arabidopsis using LIMMA, SAM, and RP methods.
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Figure 4.24: The numbers of commonly identified top 50 up- and down-regulated
genes in maize using LIMMA, SAM, and RP methods.

Figure 4.25: The numbers of commonly identified top 50 up- and down-regulated
genes in rice using LIMMA, SAM, and RP methods.
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Table 4.13: Top three significant up- and down-regulated genes in Arabidopsis and
rice that commonly identified by LIMMA and RP approaches.
low-high N
Arabidopsis
leaf

root

leaf

root

At2g36800
At3g14067
At4g22870
At1g02500
At1g64590
At2g18370

at
at
s at
at
at
at

At1g03600
At1g12900
At1g20020
At2g33830
At2g43610
At4g04830

at
at
r at
at
at
f at

rice
leaf

root

leaf

root

Osv2
Osv2
Osv2
Osv2
Osv2
Osv2

01g04350.1
02g02400 s
04g27020.1
01g46380.1
02g39720 s
03g44620.2

at
at
at
at
at
at

Osv2 06g24070.1 at
Osv2 07g12890 s at
Osv2 01g59930 s at
Osv2 01g68589.1 at
Osv2 03g07590.1 at

low-induced N
up-regulated genes
At3g03870 r at
At3g14067 at
At3g17800 at
At1g64590 at
At2g45820 at
At3g22840 at
down-regulated genes
At1g13440 rsif at
At1g37130 at
At1g69530 at
At1g13440 rsif at
At2g15620 at
At5g40850 s at
up-regulated genes
Osv2 01g01340 s at
Osv2 01g59080.1 at
Osv2 06g03580 s at
Osv2 01g46380.1 at
Osv2 03g02040.1 at
Osv2 03g50130 s at
down-regulated genes
Osv2 04g55710.1 at
Osv2 09g08130 s at
Osv2 09g25150 s at
NA

high-reduced N
At1g20020
At2g16660
At3g13120
At4g07820
At5g43350
At5g63600

r at
at
at
at
fr at
at

At1g62510
At1g72910
At3g14067
At1g64590
At2g21580
At2g37270

at
s at
at
at
frs at
f at

Osv2 03g54130.1 at
Osv2 05g02250 s at
Osv2 01g47690 s at
Osv2 01g59930 s at
Osv2 02g55890.1 at
Osv2
Osv2
Osv2
Osv2
Osv2
Osv2

01g32780.1
01g73024.1
05g39540.1
01g74410 s
04g51560.1
05g15770.1

at
at
at
at
at
at
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Table 4.14: Top three significant up- and down-regulated genes in maize that commonly identified by LIMMA and RP approaches.

low-high N

leaf
Zmv2
Zmv2
Zmv2
Zmv2

low-induced N

high-reduced N

low-high N

low-induced N

high-reduced N

Zmv2
Zmv2
Zmv2
leaf
Zmv2
Zmv2
Zmv2
Zmv2
Zmv2
Zmv2
Zmv2
Zmv2
Zmv2

maize up-regulated genes
root
GRMZM2G049378 01 at Zmv2 AF033496 x at
GRMZM2G077214 s at
Zmv2 GRMZM2G096680
Zm003433 x at
Zmv2 GRMZM2G127386
Zm038214 ua at
Zmv2 GRMZM2G109352
Zmv2 GRMZM2G333454
Zmv2 Zm028199 x at
BT034849 fg at
Zmv2 AF033496 x at
BT065327 fg at
Zmv2 BT037743 f at
GRMZM2G098520 01 at Zmv2 GRMZM2G004909
maize down-regulated genes
root
GRMZM2G034471 01 at Zmv2 AB061270 x at
GRMZM2G067315 01 at Zmv2 GRMZM2G030036
GRMZM2G125850 s at
Zmv2 GRMZM2G035599
GRMZM2G049378 01 at
GRMZM2G068763 01 at
NA
GRMZM2G137108 01 at
GRMZM2G119638 s at
Zmv2 GRMZM2G058760
GRMZM2G125850 s at
Zmv2 GRMZM2G105604
GRMZM2G130149 s at
Zmv2 GRMZM2G105604

s at
s at
s at
01 at

01 at

01 at
01 at

01 at
01 at
s at

Functional analyses of the genes sensitive to fluctuating N
Some of the top 50 up- and down-regulated genes, that either unique or
shared between leaves and roots, were identified in more than one N comparison. It
indicates that those genes were sensitive to fluctuating N, and the biological processes
that they involved in were analyzed subsequently.
First of all, the top 50 up- and down-regulated genes in either leaves or roots
of each plant under varying N comparisons that commonly identified using LIMMA
and RP approaches, which were listed in Table 4.13 and 4.14, were compared within
each plant. Those genes shown up in more than one N comparison were picked
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out and listed in Table 4.15 associated with their functions. Some activities such
as protein degradation in leaves and catalysts in roots were up-regulated under N
stress of Arabidopsis, while the metabolism activities in roots, and transcriptional
regulation in both leaves and roots, were down-regulated. There were only one gene
frequently change in expression values of maize and rice, respectively. The one in
maize functioning in DNA binding, and was found significant changes in expression
in leaves at low N or N induction condition. The one in rice involved in catalytic
activity, and expressed at high levels in roots when N concentration is high or N
reduction condition.
Next, the genes that detected different expression levels in both roots and
leaves, shown in Table 4.7, 4.9, and 4.11,were compared for each plant and each
statistical method used, and those ones that were selected as DE genes in more than
one N comparison were listed in Table 4.16 associated with their function. Combined
the results of three statistical methods, the ammonium assimilatory genes and speed
of proline folding genes were up-regulated under low N condition in both leaves and
roots of Arabidopsis, while genes involved in carbon metabolism, protein biosynthesis,
and folding catalysts were down-regulated. In maize, the transaminase activity was
up-regulated under limited N condition, and up-regulated as well during N induction.
With respect to rice, only the gene involved in translation regulation was found upregulated when N condition is low.
The ammonium assimilatory genes GS 1-1 and GS 1-4 identified in Arabidopsis, also were detected in Bi et al. (2007) study. This provides the evidence
that the reassimilation of ammonia in plants under N stress. Similar activities, such
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as reducing of metabolism and protein biosynthesis, were also identified in Bi et al.
(2007).
Finally, there were three genes of Arabidopsis frequently shown up in the
significant lists regardless which methods were utilized, and they were listed in the
Table 4.17 as well as their functions. Those genes involved in protein folding catalysts,
transferase, and carbon metabolism activities.

4.3

Clustering Analysis of the Top 50 Up- and Down-regulated
Genes
Within the three statistical methods, the top 50 up- and down-regulated

genes identified using RP method were analyzed separately, and the FDR of some
N comparisons of LIMMA and SAM approaches were relative large in order to identify the top 50 up- and down-regulated genes. Therefore, in order to interpret the
relationship of the top 50 up-regulated, and down-regulated genes, respectively, all
sets of the top 50 genes in leaf and root under varying N conditions, identified using
RP method, were applied agglomerative hierarchical clustering. Euclidean distance
and Complete linkage were utilized for the clustering. As a result, a dendrogram
was generated for each set of genes, and they were shown in Figure 4.26 to 4.28 for
Arabidopsis, maize, and rice, respectively.
The dendrograms provided here were easily viewed and understood. The
nested clusters also indicated how closeness each clusters were. Therefore, these could
be a first impress of the patterns of the top 50 genes, and assist the future analyses
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of individual genes or groups of genes of interest. However, there were 2 to 5 genes
within each dendrogram were clustered into one or two groups that far away from
the major genes. Note that these clusters may not validate because the hierarchical
clustering is based on pair-wise distances of all clusters at a particular step, and the
clusters in previous steps can never be repaired, result in less accurate in the top of
the tree.

Figure 4.26: Dendrograms result from agglomerative hierarchical clustering top 50
up- and down-regulated genes of Arabidopsis (A: low-high N; B: low-induced N; C:
high-reduced N; 1: leaf up-regulated; 2: leaf down-regulated; 3: root up-regulated; 4:
root down-regulated).
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Figure 4.27: Dendrograms result from agglomerative hierarchical clustering top 50
up- and down-regulated genes of maize (A: low-high N; B: low-induced N; C: highreduced N; 1: leaf up-regulated; 2: leaf down-regulated; 3: root up-regulated; 4: root
down-regulated).

Figure 4.28: Dendrograms result from agglomerative hierarchical clustering top 50
up- and down-regulated genes of rice (A: low-high N; B: low-induced N; C: highreduced N; 1: leaf up-regulated; 2: leaf down-regulated; 3: root up-regulated; 4: root
down-regulated).
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Table 4.15: The top 50 up- and down-regulated genes that were commonly identified
using LIMMA and RP methods and shown up in more than one N comparisons,
associated with their functions (↑ and ↓ refers to up-regulated and down-regulated
genes, respectively, in first said N condition).
Arabidopsis
At3g14067 at

At1g64590 at
At1g20020 r at

At1g13440 rsif at
maize
Zmv2 GRMZM2G
049378 01 at
rice
Osv2 01g59930 s at

low-high N (leaf ↑);
high-reduced N (leaf ↓).
low-high N (root ↑);
high-reduced N (leaf ↓).
low-high N (leaf ↓);
high-reduced N (leaf ↑).
low-induced N (leaf ↓);
low-induced N (root ↓).

Identical protein binding;
Serine-type endopeptidase
activity.
Binding; catalytic activity;
oxidoreductase activity.
poly(U) RNA binding;
NADPH dehydrogenase
activity;
oxidoreductase activity.
copper ion binding;
glyceraldehyde-3-phosphate
dehydrogenase activity;
zinc ion binding.

low-high N (leaf ↑);
low-induced N (leaf ↓).

DNA binding

low-high N (root ↓);
high-reduced N (root ↓).

catalytic activity;
mitochondrion;
endoplasmic reticulum;
response to biotic stimulus.
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Table 4.16: The top 50 up- and down-regulated genes, that were commonly identified
in leaves and roots under more than one N comparison using three statistical methods,
as well as their functions (↑ and ↓ refers to up-regulated and down-regulated genes,
respectively, in first said N condition).
Arabidopsis (LIMMA)
At4g33040 ata

At5g16570 r at
At5g37600 rf at

low-high N (↑);
low-induced N (↑↓).

low-high N (↑);
low-induced N (↑).
low-high N (↑);
low-induced N (↑).

electron carrier activity;
protein disulfide;
oxidation-reduction process;
oxidoreductase activity.
glutamate-ammonia
ligase activity
glutamate-ammonia ligase
activity; protein binding.

Arabidopsis (SAM)
low-high NN (↓);
low-induced N (↓).

flavin adenine dinucleotide binding;
NADH dehydrogenase activity;
oxidoreductase activity.

low-high N (↑);
high-reduced N (↓).
low-induced N (↓);
high-reduced N (↑).

At1g07920 s at

low-high N (↓);
low-induced N (↓);
high-reduced N (↑).

peptidyl-prolyl
cis-trans isomerase activity
Binding; L-malate
dehydrogenase activity;
catalytic activity;
malate dehydrogenase activity;
oxidoreductase activity;
acting on the CH-OH group of
donors; NAD or NADP as acceptor;
protein binding.
calmodulin binding;
translation elongation
factor activity.

maize (RP)
Zmv2 GRMZM2G
127350 01 at
rice (RP)

low-high N (↑);
low-induced N (↓).

transaminase activity;
pyridoxal phosphate binding.

low-high N (↑);
low-induced N (↑).

translation;
translation factor activity;
nucleic acid binding.

At2g29990 at
Arabidopsis (RP)
At4g38740 s at

At1g04410 f at

Osv2 07g34589 s at

a: also was identified in the same two N comparisons by SAM approach, but downregulated in both N comparisons.
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Table 4.17: Some significant genes in Arabidopsis that were identified and shown in
more than one Tables of the results among the three statistical methods (↑ and ↓ refers
to up-regulated and down-regulated genes, respectively, in first said N condition).
LIMMAa3
SAMb
Functions
low-high N
low-high N
electron carrier activity;
(↑)
(↓)
protein disulfide;
At4g33040 at
low-induced N low-induced N oxidation-reduction process;
(↑↓)
(↓)
oxidoreductase activity.
LIMMAa1
SAMb
low-induced N low-induced N nicotianamine synthase
At5g04950 at
(leaf)
(↑)
activity
LIMMAa2
RPc
low-induced N low-induced N copper ion binding;
(↓)
glyceraldehyde-3-phosphate
At1g13440 rsif at
dehydrogenase activity;
zinc ion binding.
a1 : Table 4.4 in Section 4.2.1; a2 : Table 4.6 in Section 4.2.1; a3 : Table 4.7 in
Section 4.2.1; b: Table 4.9 in Section 4.2.2; c: Table 4.11 in Section 4.2.3.
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Chapter 5
CONCLUSIONS AND FUTURE WORK
In order to improve nitrogen use efficiency (NUE), genetic responses to
changing N conditions were studied in three model plants: Arabidopsis, maize, and
rice. Two of these (maize and rice) are the primary farm products in most countries
around the world; the other model plant (Arabidopsis) has a small genome, which
makes it useful for understanding the genetic network, as most of the N transporter,
assimilatory, and regulatory genes in Arabidopsis have been identified. Therefore,
these three model plants can facilitate understanding of crop response to N limitations in the future.
The baseline expression levels differed under stable low and high N conditions in both leaf and root samples from all plants. The number of differentially
expressed (DE) genes in leaf vs. root were very similar in Arabidopsis and rice, but in
maize only half was many were expressed in root compared to leaf samples. Note that
the proportion of DE genes in the rice genome was half the corresponding proportion
in the Arabidopsis genome. These data suggest that, under N-limiting conditions,
maize adjusts at the transcriptional level primarily in the root, while in rice these
changes occur in both the leaf and root.
When we simulated a short-term increase in available N, very large changes
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in gene expression occurred in the root of maize whereas very small changes occurred
in the leaf of rice. A possible reason for the low numbers of DE genes in rice leaf is
the poor microarray rice leaf replicates obtained under low N conditions; thus, fewer
replicates in this condition may have led to unreliable results. Therefore, future work
to validate the DE genes using a biological approach, such as RT-PCR, is necessary.
On the other hand, Arabidopsis responded to N induction in both leaf and root with
a similar number of differentially expressed genes. In contrast, Arabidopsis responded
to a short-term N availability reduction with an extremely small expression change
of genes in leaf samples but large changes in root samples. Gene responses to N
reduction in maize were similar in root and leaf samples.
It was interesting that the top 50 differentially expressed genes in maize
root responded differently than those in Arabidopsis and rice under N reduction
conditions; the majority of the DE genes in maize were induced in low N conditions
while most were suppressed in the other two model plants. Thus, these genes in
maize could be selected as NUE candidate genes for further analyses to manipulate
their expression and improve N use efficiency. Several of the top 50 up- and downregulated genes in Arabidopsis identified as sensitive to fluctuating N were suppressed
under N deficient conditions; these genes are related to protein biosynthesis, carbon
metabolism, transcriptional regulation, and catalytic activity. In contrast, a few genes
involved in ammonia assimilation, protein degradation, and speed of proline folding
were induced. Only two genes among the top 50 up-and down-regulated genes in
maize and rice were sensitive to fluctuating N. The main biological processes involved
were protein degradation and DNA binding in maize, and translation regulation and
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catalytic activity in rice. Genes functioning in translation factor activity were upregulated under N limiting conditions, and others were either up-regulated or downregulated when N concentrations were low.
Evidence of the natural adaptation of plants to N limitation was evident in
the biological processes related to the differentially transcribed genes. For example,
glutamine synthetase plays a role in the re-assimilation of ’recycled’ nitrogen released
from protein degradation under N limiting conditions. Also, proline accumulation is
proposed to be a stress-induced response of plants. The transaminase enzyme was
either up- or down-regulated under N stress conditions. This seems to demonstrate
some stress-induced proteins may be produced to adapt to N limiting conditions,
although which specific proteins are produced is not known and should be explored
in the future. No hormone synthesis genes were directly identified, and it is likely
that the biological processes identified here were limited to the top 50 genes sensitive
to fluctuating N over a short time period. Therefore, the functions of the significant
genes, say FDR = 0.05, should be analyzed in the future. Regarding the clusters
resulting from the agglomerative hierarchical clustering, the functions of groups of
genes must also be analyzed in order to not only assess the clustering results but also
to isolate genes with similar functions.
Three statistical methods utilized in this study demonstrated both similarities and differences with regard to identifying differentially expressed genes. LIMMA
selected the largest number of genes at P = 0.05, while RP selected fewer and SAM
fewer still. However, the three methods agreed in terms of some N comparisons that
only identified small numbers of differentially transcribed genes, such as reduced N
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conditions for Arabidopsis leaf and induced N conditions for rice leaf. Although the
number of differentially expressed genes were different for each N comparison using
the three methods, the trends in each method were similar, especially LIMMA and
RPA. Also, portions of the top 50 up- and down-regulated genes identified were the
same for LIMMA and RP. Because RP manages the up-regulated and down-regulated
genes separately, more common genes were identified between leaf and root using the
RP approach compared to the other two methods.
As reviewed in Chapter 2 and 3, it is unlikely that any single method would
be optimal in all situations due to the effect of the data structure and the assumptions
of the statistical methods. All three methods used in this research had advantages
and disadvantages. Note that, according to Göhlmann & Talloen (2009), there is no
difference among the three methods if the number of replicates is large enough.
LIMMA must define a complex design matrix and contrast matrix before
performing any analyses, as it was developed to adapt to more complicated experimental designs, such as experiments with more than two samples, and factorial designs. Another advantage is that LIMMA assembled in R contains a preprocessing
procedure, and this would be convenient for the raw microarray data sets. However, the BH method used in LIMMA to control the FDR to adjust the multiplicity
problem is not flexible and is impractical due to the first fixed acceptable FDR level.
The empirical Bayes approach in LIMMA gives weight to the genes with low intensities by borrowing information from other genes. Nevertheless, if many genes have
unrepresentative variances, it might not provide such a relevant estimate.
SAM was the first developed of the three methods and has been widely used
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in various microarray studies. This non-parametric method estimates the empirical
null distribution based on the permutation of sample labels. As the number of replicates in each condition decreases, the accuracy of the distribution is less reliable. This
is likely why few common genes were identified between SAM and other two methods.
In addition, the ’fudge factor’ added in the modified t statistics had a similar function
as the empirical Bayes method used in LIMMA. Therefore, the same problem exists
in SAM if too many genes in the data sets have unrepresentative variances. Still,
SAM has advantages, such as the distinct test approaches assembled in the siggenes
package in R to perform the corresponding tests depend on the structure of the data
sets. Also, the flexibility to control FDR is convenient.
RP utilizes a fold-change ratio rather than the real expression values to rank
the statistics. This idea is more acceptable to biologists, and avoids underestimating
the variance when the number of replicates is less. Also, this method theoretically does
not require many replicate experiments and can obtain reliable results. Thus, this
approach seems to be a good choice for this research, which only as three biological
replicates. The disadvantage of RP is that the permutation-based estimate of P
values may result in more genes appearing by chance in the top-ranked positions if
the permutation time is not long enough. On the other hand, ranking the fold-change
ratios offers the opportunity to identify the up- and down-regulated genes separately,
thus preventing genes up-regulated in one condition and down-regulated in another
being missed. Also, the exclusive feature of meta-analysis in RP is a big advantage
for combining independent studies to produce more replicates. This analysis is a
good way in the future to increase the accuracy of permutation-based estimation by
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expanding the numbers of replicates. However, an inconvenience of RP is the lack of
preprocessing for cDNA arrays.
Besides the distinct limitations of each method, the varying results from
the three methods may also be caused by the preprocessing and filtering procedures.
As pointed out in Dziuda (2010), GCRMA is a popular preprocessing method for
Affymetrix arrays in addition to RMA (used in this study) and MAS 5.0 introduced
in 2. GCRMA is based on RMA and makes improvements in the first background
adjustment step. In RMA, this step is done globally and ignores the fact that different
probes could have diverse susceptibilities for nonspeci?c hybridization; therefore, the
fold changes for low expression probe sets would be underestimated. In GCRMA,
the background adjustment step of RMA is adjusted by utilizing the probe sequence
information regarding stronger bonding of GC pairs. Note that the GCRMA method
was introduced 2004, one year later than RMA and three years later than MAS 5.0.
Therefore, in future studies where the problem in RMA is a concern, GCRMA can
also be employed and the results compared.
Obviously, the clustering method used in this study, agglomerative hierarchical clustering, is basic and easily performed. In particular, the complete link criterion
used in this study is sensitive to outliers. If one cluster is merged to an outlier at
a certain step, the inter-cluster distances of this cluster will become larger at the
next step. Such a situation may prevent inclusion of other members of this cluster
in further steps. Also, hierarchical clustering implicitly assumes that the genes are
not correlated with one another, and the co-expression of genes hampers this. In
the future, other higher levels of clustering approaches are needed to compare with
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hierarchical clustering to pursue the true patterns. Still, hierarchical clustering is
advantageous is it does not require estimation of the number of clusters; also, the
tree can be broken down into a desired number of clusters by cutting the tree at a
certain height. The choice for this height remains subjective and is also arbitrary.
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Appendix A
Cont’d Figures

Figure A.1: Volcano plots of three N comparisons in root and leaf of Arabidopsis.
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Figure A.2: Volcano plots of three N comparisons in root and leaf of maize.

Figure A.3: Volcano plots of three N comparisons in root and leaf of rice.
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Figure A.4: Venn diagrams show the number of common top 50 significant genes
of the leaf and root contrasts of each N comparison of three plants using LIMMA
method.

Figure A.5: Venn diagrams show the number of common top 50 up- and downregulated genes of the leaf and root contrasts of each N comparison of three plants
using LIMMA method.
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Figure A.6: Venn diagrams show the number of common identified significant genes
of LIMMA moderated t statistic and SAM d values at the same Delta threshold using
SAM method.

Figure A.7: Venn diagrams show the number of common top 50 up- and downregulated genes of the leaf and root contrasts of each N comparison of three plants
using SAM method.
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Appendix B
Primary R Code
#################Pre-analysis###########################
################## BOXPLOT ###########################
par(mfrow = c(1,3))
boxplot(A,xlab="Arrays",ylab="log2(intensity)",
names=c(1:24), main="Arabidopsis")
boxplot(M,xlab="Arrays",ylab="log2(intensity)",
names=c(1:24), main="Maize")
boxplot(R,xlab="Arrays",ylab="log2(intensity)",
names=c(1:24), main="Rice")
##################

QUALITY CONTROL

####################

ca <- cor(A)
Aleaf <- c(ca[1,2],ca[1,3],ca[2,3],
ca[7,8],ca[7,9],ca[8,9],
ca[13,14],ca[13,15],ca[14,15],
ca[19,20],ca[19,21],ca[20,21])
Aroot <- c(ca[4,5],ca[4,6],ca[5,6],
ca[10,11],ca[10,12],ca[11,12],
ca[16,17],ca[16,18],ca[17,18],
ca[22,23],ca[22,24],ca[23,24])
Alr <- as.numeric(format(c(Aleaf,Aroot),digits=3))
cm <- cor(M)
Mleaf <- c(cm[1,2],cm[1,3],cm[2,3],
cm[10,11],cm[10,12],cm[11,12],
cm[4,5],cm[4,6],cm[5,6],
cm[7,8],cm[7,9],cm[8,9])
Mroot <- c(cm[13,14],cm[13,15],cm[14,15],
cm[22,23],cm[22,24],cm[23,24],
cm[16,17],cm[16,18],cm[17,18],
cm[19,20],cm[19,21],cm[20,21])
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Mlr <- as.numeric(format(c(Mleaf,Mroot),digits=3))
cr <- cor(R)
Rleaf <- c(cr[1,2],cr[1,3],cr[2,3],
cr[10,11],cr[10,12],cr[11,12],
cr[4,5],cr[4,6],cr[5,6],
cr[7,8],cr[7,9],cr[8,9])
Rroot <- c(cr[13,14],cr[13,15],cr[14,15],
cr[22,23],cr[22,24],cr[23,24],
cr[16,17],cr[16,18],cr[17,18],
cr[19,20],cr[19,21],cr[20,21])
Rlr <- as.numeric(format(c(Rleaf,Rroot),digits=3))
rowname <- c("LeafA","RootA","LeafM","RootM","LeafR","RootR")
colname <- c("L1vs2","L1vs3","L2vs3","R1vs2","R1vs3","R2vs3",
"H1vs2","H1vs3","H2vs3","I1vs2","I1vs3","I2vs3")
tabname <- list(rowname,colname)
corrtab <- matrix(c(Alr,Mlr,Rlr),nrow=6,ncol=12,
byrow=T,dimnames=tabname)
write.csv(corrtab, file = "corrtab.csv")
R_23 <- R[,c(1,3:24)]
##################

GENE FILTER

###########################

source("http://www.bioconductor.org/biocLite.R")
biocLite("genefilter")
library(genefilter)
f1 <- pOverA(0.25, log2(100))
f2 <- function(x) (IQR(x) > 0.5)
ff <- filterfun(f1, f2)
selectA <- genefilter(A, ff)
sum(selectA)
ASub <- A[selectA, ]
selectM <- genefilter(M, ff)
sum(selectM)
MSub <- M[selectM, ]
selectR_23 <- genefilter(R_23, ff)
sum(selectR_23)
RSub <- R_23[selectR_23, ]
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###################### DE genes ##########################
################## LIMMA--Arabidopsis ###################
biocLite("limma")
library("limma")
limmaUsersGuide(view=TRUE)
treatmentsA <- factor(c(1,1,1,2,2,2,3,3,3,4,4,4,
5,5,5,6,6,6,7,7,7,8,8,8),
labels=c("LL","RL","LR","RR",
"LH","RH","LI","RI"))
designA <- model.matrix(~0+treatmentsA)
colnames(designA) <- levels(treatmentsA)
fitA <- lmFit(ASub,designA)
cont.matrixA1 <- makeContrasts(Leaf_LvsH = LL - LH,
Root_LvsH = RL - RH,
Diff_LH = (RL - RH)-(LL - LH),
levels=designA)
fitA1 <- contrasts.fit(fitA,cont.matrixA1)
fitA1 <- eBayes(fitA1)
resultA1 <- decideTests(fitA1,method="nestedF")
resultA11 <- decideTests(fitA1,method="nestedF",p.value=1e-3)
cont.matrixA2 <- makeContrasts(Leaf_LvsI = LL - LI,
Root_LvsI = RL - RI,
Diff_LI = (RL - RI)-(LL - LI),
levels=designA)
fitA2 <- contrasts.fit(fitA,cont.matrixA2)
fitA2 <- eBayes(fitA2)
resultA2 <- decideTests(fitA2,method="nestedF")
resultA22 <- decideTests(fitA2,method="nestedF",p.value=1e-3)
cont.matrixA3 <- makeContrasts(Leaf_HvsR = LH - LR,
Root_HvsR = RH - RR,
Diff_HR = (RH - RR)-(LH - LR),
levels=designA)
fitA3 <- contrasts.fit(fitA,cont.matrixA3)
fitA3 <- eBayes(fitA3)
resultA3 <- decideTests(fitA3,method="nestedF")
resultA33 <- decideTests(fitA3,method="nestedF",p.value=1e-3)
##LIMMA-Maize and Rice are same as above Arabidopsis.
##################

SAM/RP--Arabidopsis

########################
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biocLite("siggenes")
biocLite("RankProd")
library(multtest)
library(splines)
library(siggenes)
library("RankProd")
cl <- c(0,0,0,1,1,1)
AleafLvsH <- ASub[,c(1:3,13:15)]
AleafLvsH.sam.out <- sam(AleafLvsH, cl,
AleafLvsH.RP.out <- RP(AleafLvsH, cl,
gene.names = rownames(AleafLvsH))
ArootLvsH <- ASub[,c(4:6,16:18)]
ArootLvsH.sam.out <- sam(ArootLvsH, cl,
ArootLvsH.RP.out <- RP(ArootLvsH, cl,
gene.names = rownames(ArootLvsH))
AleafLvsI <- ASub[,c(1:3,19:21)]
AleafLvsI.sam.out <- sam(AleafLvsI, cl,
AleafLvsI.RP.out <- RP(AleafLvsI, cl,
gene.names = rownames(AleafLvsI))
ArootLvsI <- ASub[,c(4:6,22:24)]
ArootLvsI.sam.out <- sam(ArootLvsI, cl,
ArootLvsI.RP.out <- RP(ArootLvsI, cl,
gene.names = rownames(ArootLvsI))
cl0 <- c(1,1,1,0,0,0)
AleafHvsR <- ASub[,c(7:9,13:15)]
AleafHvsR.sam.out <- sam(AleafHvsR, cl0,
AleafHvsR.RP.out <- RP(AleafHvsR, cl0,
gene.names = rownames(AleafHvsR))
ArootHvsR <- ASub[,c(10:12,16:18)]
ArootHvsR.sam.out <- sam(ArootHvsR, cl0,
ArootHvsR.RP.out <- RP(ArootHvsR, cl0,
gene.names = rownames(ArootHvsR))

rand=123, var.equal=TRUE)
rand=123, logged = TRUE,

rand=123, var.equal=TRUE)
rand=123, logged = TRUE,

rand=123, var.equal=TRUE)
rand=123, logged = TRUE,

rand=123, var.equal=TRUE)
rand=123, logged = TRUE,

rand=123, var.equal=TRUE)
rand=123, logged = TRUE,

rand=123, var.equal=TRUE)
rand=123, logged = TRUE,

##SAM/RP-Maize and Rice are same as above Arabidopsis.
##################

limma stat for sam filter ###################

AleafLH.limmasam <- limma2sam(fitA1, coef = 1, moderate = TRUE,
sam.control = samControl())
ArootLH.limmasam <- limma2sam(fitA1, coef = 2, moderate = TRUE,
sam.control = samControl())
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AleafLI.limmasam <- limma2sam(fitA2, coef = 1, moderate
sam.control = samControl())
ArootLI.limmasam <- limma2sam(fitA2, coef = 2, moderate
sam.control = samControl())
AleafHR.limmasam <- limma2sam(fitA3, coef = 1, moderate
sam.control = samControl())
ArootHR.limmasam <- limma2sam(fitA3, coef = 2, moderate
sam.control = samControl())

= TRUE,
= TRUE,
= TRUE,
= TRUE,

##change "A" to "M" and "R", for maize and rice
#####################
Clustering
###################
#####################Arabidopsis(hclust)###################
##A--Leaf--LH
ArpLeafLH1_euclidean <- dist(clusterrpALeafLH1)
ArpLeafLH1_hclust <- hclust(ArpLeafLH1_euclidean,
method="complete")
ArpLeafLH2_euclidean <- dist(clusterrpALeafLH2)
ArpLeafLH2_hclust <- hclust(ArpLeafLH2_euclidean,
method="complete")
##Leaf--LI,HR and Root--LH,LI,HR are same as Leaf--LH
##Maize and Rice are same as above Arabidopsis.

