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ABSTRACT
Kidney glomeruli play a crucial role in the maintenance of body homeostasis. Many
diseases attack the kidney function by primarily affecting glomeruli. However, the
transcriptome profiles and the function of the glomerulus is poorly understood.
Microvascular pericytes are multifunctional cells and they are actively involved in
angiogenesis at different aspects. But shortage of molecular markers for pericyte has
hampered the studies for its identification, origin and function.
In order to explore the transcriptome of kidney glomeruli and microvascular pericytes,
several genomics and bioinformatics approaches were applied. First, we constructed
and large scale sequenced four Express Sequence Tag (EST) libraries generated from
pure preparations of newborn and adult mouse glomeruli. EST sequence analysis
produced direct expression profiles of kidney glomerulus and revealed glomerulusspecific expression patterns (GlomBase). By comparing the transcript abundance
profiles in the glomerulus EST libraries with public whole kidney libraries, we
identified 497 glomerulus-enriched mouse transcripts in the newborn and/or adult
mouse glomerulus, eight of which were confirmed by individual experiments. The
glomerular ESTs were printed on glass slides in order to generate cDNA microarrays
with broad representation of glomerulus-expressed genes (GlomChip). Subsequently,
by using GlomChip to compare the RNA samples from the glomerulus with nonglomerulus kidney tissues, we identified 357 mouse genes as glomerulus-enriched and
some of them were individually studied in detail. Further, by combing the result from
Affymetrix whole genome array study and published SAGE and Stanford cDNA array
results, we did a meta analysis and merged the data into a catalogue of 1407
glomerulus-enriched genes. Based on this, a protein-protein interaction network in the
glomerulus (GlomNet) was constructed. GlomChip was also applied to the analysis of
the microvascular pericyte transcriptome. By comparing the expression profiles in
microvascular fragments from wild-type and pericyte-deficient Pdgfb/Pdgfrb
knockout mice, we identified 142 gene transcripts that were down-regulated in both
mutants, which could be potential new pericyte markers.
The transcript catalogues that we have generated provide information about the
transcriptome profiles of the kidney glomerulus and the microvascular pericytes, and
contribute new information about their function, physiology and disease. Also,
GlomNet will contribute an integrated systematic understanding of the kidney
glomerulus.
Keywords: transcriptome, kidney glomerulus, pericytes, EST, microarray, genomics,
bioinformatics, systems biology
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1 Introduction
The kidney glomerulus plays a crucial role in the maintenance of body homeostasis. But
the molecular composition and physiology of the glomerulus is not well understood. Some
genes, which were shown to be specifically expressed in the glomerulus, are known to be
important in rare nephrotic syndromes in man and in glomerular development and
physiology in mice. It can be anticipated that the identification of additional genes and
proteins with glomerulus-specific expression will contribute further important information
about glomerulus development, function and disease.
Microvascular pericytes are multifunctional cells. They play important roles in
microvascular stability and contractility. However, the shortage of markers for
microvascular pericytes has hampered the studies of their origin and function. Thus there
is a great need for additional pericyte makers.

1.1 The kidney glomerulus
The mammalian kidneys are retroperitoneal organs located in the posterior part of the
abdomen. The weight of the human kidney ranges from 125 to 170g each in the adult male
and from 115 to 155 g in the adult woman. In humans and most mammals, each kidney is
supplied by a single renal artery. After its entrance in the hilar region of kidney, the renal
artery is divided to form an anterior and a posterior branch, which are then further divided
into smaller branches to supply the whole kidney. During kidney development, there are
three successive stages: the pronephros (which in humans originates near the end of the
third week after conception), the mesonephros (develops during the middle of the fourth
week), and the metanephros (begins at about the eighth week). The metanephros is the
final developmental stage of kidney [1].
The kidneys are specialized in the maintenance of water and electrolyte balance. The
Nephrons are the basic structural and functional units of the kidney. Each human kidney
contains approximately one million nephrons at birth. Nephron formation begins at about
the eighth week. The essential components of the nephron are the glomerulus and
Bowman capsule (together also called renal corpuscle), the proximal tubule, the thin limb,
the distal tubule, and the connecting segment [1].
The glomerulus is the filtering unit of the kidney. The filter is a multilayer structure
composed of specialized cells: fenestrated endothelial cells, a specialized basement
membrane (the glomerular basement membrane (GBM)), a lining of interdigitating
epithelial cells (podocytes) connected by filtration slits, and specialized pericytes – the
mesangial cells which connect the capillary loops of the glomerular tuft (Figure 1).
Glomerular disease leads to filter dysfunction, resulting in leakage of plasma proteins into
the urine [2]. This in turn has secondary toxic effects in the renal tubuli.
The kidney glomerulus plays a crucial role in the maintenance of body homeostasis. It is
also the primary target in the kidney for certain systemic disease such as diabetes and
hypertension. Importantly, about two thirds of all cases of end-stage renal disease
originate with glomerular disease. It is not known exactly how systemic diseases cause
glomerular disease. However, some insight has been reached into the cause of human
monogenic glomerular diseases. Several mutations have been identified and shown to
1

affect genes encoding proteins of the GBM or components of the podocyte filtration slits
[3-6]. Within kidney, these proteins show specific expression in the glomerulus, in
particular the podocytes. Examples include nephrin [7], podocin [8], and alpha-actinin-4
[9], LMX1B [10, 11], WT1 [12], collagen type IV [13, 14] and laminin beta 2 [15]. The
genes and the caused diseases are listed in Table 1.

Figure 1. Schematic drawing of a glomerulus cross-section

Table 1. Known Glomerular genes and the disease.
Genes
Diseases
1 Nephrin
Congenital nephrotic syndrome of the Finnish type
2 Podocin
Steroid-resistant nephrotic syndrome
3 Alpha-actinin-4
Familial focal segmental glomerulosclerosis
4 WT1
Frasier syndrome
5 LMX1B
Nail patella syndrome
6 Collagen type IV
Alport syndrome
7 Laminin beta 2
Pierson’s congenital nephrotic syndromes

Genetic studies in mice have further revealed genes and proteins of importance for
glomerulus development and function, such as Podocalyxin [16], CD2AP [17], NEPH1
[18], FAT1 [19], Transcription factor 21 (Pod1) [20], Protein tyrosine phosphatase
receptor type O (GLEPP1) [21] and Synaptopodin [22].
Many of the above-mentioned genes show specific expression in the glomerulus and play
important role in nephritic syndromes in man and/or in the development and physiology in
mice. It can be anticipated that identification of additional glomerulus-specific genes will
provide us with a better understanding about the glomerulus. Also, the identification of
larger pathways, or preferably genomic-scale regulatory networks in the glomerulus, will
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shed more light on the physiology of the glomerulus, as well as on the mechanisms of
glomerular disorders.
With genomics and bioinformatics, enormous amounts of gene expression data have
accumulated in the public domain. This has greatly increased our understanding about the
transcriptome, which normally refer to the full set of mRNA molecules produced in a cell
or tissue [23]. Expressed Sequence Tag (EST) sequencing, Serial Analysis of Gene
Expression (SAGE) analysis and microarray technologies have been instrumental to the
development of increasingly comprehensive maps of gene expression profiles. From the
public domain, a number of kidney EST libraries have been sequenced and data deposited.
However, since less than 10% of the kidney cells make up the glomeruli and only about
1% of the kidney cells are podocytes, the expression profile in the glomerulus cannot
easily be extracted from the whole kidney transcriptome since it is so extensively diluted.
Indeed, assessment of NCBI EST library expression data showed that most known
glomerular markers are not distinctly revealed at the level of whole kidney analysis, with
the exception of Podocin (Nphs2) (Table 2). The same observation could be made using
public microarray data with the analysis at kidney level (Paper I) [24]. These observations
imply that gene expression analysis at organ (kidney) level is not sufficient in order to
identify the vast majority of known glomerulus-specific genes. Therefore, it is reasonable
to assume that the analysis at organ level will not be adequate for the identification of
additional glomerulus-specific genes.
Table 2. Glomerular marker expression levels over EST tissue libraries
1
2
3
4
5
6
7
8

Nphs2
Cdkn1c
Nphs1
Tcf21
Podxl
Foxc2
Synpo
Ptpro

kidney

bone

brain

eye

heart

liver

lung

muscle

pancreas

spleen

intestine

stomach

17.0
8.9
4.1
4.1
4.1
2.4
1.6
0.8

0.0
5.4
0.0
0.0
0.0
0.0
10.7
2.7

0.5
5.1
1.4
0.0
6.4
0.0
3.7
24.4

0.0
9.8
2.2
0.0
9.8
0.0
0.5
8.7

0.0
21.8
3.6
3.6
1.8
7.3
5.5
1.8

0.0
7.2
3.6
0.9
0.0
0.0
0.0
0.0

0.0
3.9
1.0
8.7
8.7
1.0
4.8
1.9

0.0
0.0
0.0
0.0
0.0
7.5
18.7
0.0

0.0
33.8
13.7
1.8
11.0
0.0
3.7
0.0

0.0
0.0
1.0
13.1
4.0
1.0
9.0
0.0

0.0
2.3
9.2
2.3
1.2
0.0
4.6
5.8

0.0
8.8
2.9
5.9
0.0
0.0
0.0
5.9

The numbers show the abundance of glomerulus genes from mouse tissue EST library. The sizes of the
libraries were normalized to 100,000 ESTs (NCBI mouse UniGene Build no.153, 2006-06-05). From He L.
et al. 2007 (Paper I).

In order to better understand the molecular composition and transcriptome profiles of the
glomerulus, we constructed and large scale sequenced 4 EST libraries generated from pure
preparations of newborn and adult mouse glomeruli. These EST collections were printed
on glass slides in order to generate cDNA microarrays with broad representation of
glomerulus-expressed genes. This microarray platform was subsequently used to identify
genes with glomerulus-enriched expression. Further, we did a meta analysis to combine
the result from Affymetrix Whole Genome Array study and public SAGE and Stanford
cDNA array results, and made a comprehensive catalogue of glomerulus-enriched genes.
Also, in order to embed them into their biological context, we assembled a protein-protein
interaction network in the glomerulus.
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1.2 The Microvascular pericyte
The Microvasculature refers to the portion of the circulatory system that is composed of
the small vessels, such as the capillaries, arterioles, and venules. A microvessel is
normally composed of two cell types, endothelial cells, which form the vessel wall, and
the pericytes, which cover the endothelial cells. Interaction between pericytes and
endothelial cells is important for the maturation, maintenance and remodeling of the
vascular systems [25]. Pericytes lie within the microvessel basal lamina and may also
contribute to its production [25].
Pericytes are multifunctional cells. They are actively involved in angiogenesis. Pericytes
may regulate the stability and/or contractility of the microvessels. In diabetic retinal
microangiopathy, an early loss of pericytes precede the formation of microaneurysms,
local edema, and microhemorrhaging [26, 27]. In platelet-derived growth factor B
polypeptide (Pdgfb) or platelet derived growth factor receptor beta polypeptide (Pdgfrb)
knockout mice, pericyte recruitment to angiogenic vessels fails. Loss of pericytes
correlates with endothelial hyperplasia, increased capillary diameter, abnormal endothelial
cell shape and ultrastructure [28, 29] In the spontaneously hypertensive rat model, brain
pericytes are tightly associated with endothelial cells, suggesting that pericyte play a
pivotal role in regulating the flow of blood within the brain microcirculation and may play
a role in the pathogenesis of hypertension [30].
On the other hand, contradictory results for the contractile role of pericytes have been
reported. This may be due to the inadequate identification of pericyte by morphological
criteria in some case [25], reflecting a shortage of specific pericyte markers. This shortage
of markers for pericytes has hampered pericytes identification, as well as studies of their
origin and function. The commonly used pericyte markers, such as smooth muscle alphaactin (SMA) [31], desmin [32], chondroitin sulfate proteoglycan 4 (NG2)[33], are neither
specific nor do they label all pericytes. The expression of these markers depends on the
tissue and developmental stages. For example, in normal brain pericytes, SMA is either
not expressed or the expression level is not readily detectable. In most instances of mouse
fetal angiogenesis, SMA and desmin are not expressed by pericytes [34]. Although NG2 is
more broadly expressed in pericyte population than SMA and desmin [35, 36], it also
expressed by other cell types. From a functional point of view, SMA, desmin and NG2
encode proteins for the cytoskeleton and membrane components and so far have not
provided information about pericyte-specific signaling or function. These examples
indicate the need to identify additional pericyte markers to gain insight into pericyte
function.
Pdgfrb is expressed by developing pericytes and pericyte precursors. It has been shown to
be crucial to the recruitment of pericytes to the vasculature. Towards the end of mouse
embryo development, the brain pericyte population in Pdgfb or Pdgfrb deficient embryos
is known to be reduced by >95%. Therefore, by comparing the gene expression in the
brain microvascular fragments from the deficient embryo with wild type, expression
profiles in the brain pericytes can be identified [37]. Also, the identification of its
downstream signaling events might provide additional information about signaling
pathways that regulate pericyte function.
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2 Aims of the study
In this work, I have used genomics and bioinformatics approaches to increase our
understanding of the transcriptome profiles governing developmental, physiological and
pathological functions in the kidney glomerulus and in the microvasculature.
Specific aims:
1. To map the transcriptomes of the mouse kidney glomerulus in development and
adulthood.
2. To identify genes with glomerulus-enriched expression and analyze them functionally.
3. To identify the novel markers for brain microvasculature pericytes.

5
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3 Methods
Current high-throughput experimental methods, including large-scale sequencing and
microarray technology, generate enormous amount of data. In this work such data
provides a global picture about transcriptional profiles in the kidney glomeruli and other
microvascular beds. To meet the need of processing large quantities of biological
information, a new research field called bioinformatics was born. Bioinformatics is a
multidisciplinary area consisting of biology, computer science, mathematics, statistics,
physics, chemistry and others. In this work a large number of mathematical and computer
scientific methods as described below are used to address important biological questions.

3.1 Sequencing
The coding information carried by DNA can be determined by sequencing. The
development of powerful DNA sequencing technologies has greatly facilitated the analysis
of the gene expression and genome structure.
Currently, DNA is usually sequenced by the Sanger Dideoxy Method (Controlled
interruption of enzymatic replication) [38], a method developed by Frederick Sanger and
coworkers. Since it was first used in the late 1970s, this efficient sequencing technology
has produced a large amount of sequence data for different species. In 1977, the total DNA
genome information of 5386 bases in the φX174 DNA virus were sequenced, which was a
landmark in molecular biology [38]. Shotgun assembly strategy is used for modern
genome sequencing. The genomic DNA is decomposed into small overlapping fragments
and they are sequenced individually. Genome assembly algorithms join together the short
sequences to generate complete genome sequence. On 26 June 2000, the draft of the
Human Genome was announced. This sequencing of three billion bases in the Human
Genome is one of the great bursts of technology over the last century [39].
Serial Analysis of Gene Expression, or SAGE , permits quantitative and simultaneous
analysis of large numbers of transcripts [40]. It was introduced in 1995 and has been
applied widely thereafter. The principle of SAGE is that gene sequences can be recognized
by short sequence tags, for example 9 bp. In the SAGE method, each RNA is converted
into cDNA, a short tag is cut from each cDNA and finally tags are concatenated and
sequenced. The abundance of a particular tag among all tags reflects the gene expression
level of the corresponding gene.
Sequencing technology was used to examine gene expression in kidney glomeruli (Paper I,
II). Glomeruli were isolated from newborn and adult mouse kidneys and RNA was
extracted. The RNA was used to produce a series of oligo-dT primed cDNA libraries. One
standard library from newborn mice glomeruli and one standard library from adult mice
glomeruli were generated. In order to facilitate the identification of rare transcripts, two
normalized libraries from adult mice glomeruli were also generated (one for the first round
of normalized RNA, and one for second round of normalized RNA). In the normalized
libraries, high abundant transcripts were suppressed to different degrees, as illustrated in
Figure 2 [41].
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Figure 2. Schematic illustration of gene abundance level in standard and normalized libraries

3.1.1 Annotation methods.
In order to annotate sequences in the cDNA libraries, they were searched against different
gene databases for similarity. The most commonly used and standard sequence similarity
search tool is Basic Local Alignment Search Tool (BLAST) [42]. It can be used both for
nucleotide and amino acid sequence searches. For a query sequence, BLAST first creates a
list of short sequences, or words of a fixed length (default word length is: 11 for
nucleotides and 3 for amino acids.). Then it searches in the database for the sequences
which have an exact match to the words. Once a word match is found, BLAST attempts to
extend the alignment until the maximum possible score is achieved.
A flowchart of the procedure to annotate the glomerulus clone sequences is illustrated in
Figure 3. After filtering the vector sequences and quality clipping, all sequences were
searched against the different gene databases to find a suitable annotation. The cutoff for
BLAST matches were set as E-value: 1e-30 and percent identity: 85%. The best matched
genes and their annotations were assigned to the clones.

Figure 3. Annotation flowchart for the glomerulus clone sequences
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Our analysis includes data from NCBI, CELERA, ENSEMBL, and RIKEN Mouse cDNA
clones. Figure 4 shows a schematic illustration of the database searches that were done in
order to produce optimal annotation for the clone sequences.

Figure 4. Schematic illustration of database searches to annotate glomerular sequences

3.1.2 Sequence library comparison
Large scale sequencing of mRNA transcripts provides gene expression profiles from
individual tissues or organs. In standard cDNA clone libraries, the sequence abundance
level correlates with the actual gene expression level in the corresponding tissue or organ.
During the sequencing procedures, clones are normally selected randomly for sequencing.
The abundant transcripts will have high representation in the sequence libraries, while rare
transcripts will have low representation. Comparison between different standard sequence
libraries will reflect the gene expression properties unique to each library, for example, the
genes specific for one tissue or organ.
In order to allow comparison, different sequence libraries need to be normalized
regarding the annotation. The UniGene cluster assembly annotation was normally applied
(http://www.ncbi.nlm.nih.gov/sites/entrez?db=unigene). For each gene, the difference in
the sequences in two libraries or pools of libraries can be calculated. Fisher’s Exact Test
can be employed to determine the statistic significance [43].
When comparing glomerulus sequence libraries with whole kidney sequence libraries, the
genes which have a ubiquitous expression level within the kidney will show a similar
expression profiles between the two, while glomerulus-specific genes will be enriched in
the glomerulus.

3.2 Array-based methods.
Conventional gene expression measurements were mainly carried out at gene-by-gene
analysis level. The development of DNA microarray techniques, also know as DNA
9

analysis chip, made it possible to measure the gene expression of thousands of genes, or
even the complete genome, at the same time. This technology has revolutionized the
research in gene expression analysis.

3.2.1 Array techniques introduction
DNA microarray technology can measure the expression level of mRNA or the presence
of genomic DNA in a cell. This technique was originally reported in Science in 1995 [44].
Although in this original article only 48 cDNAs were printed on a glass chip, the powerful
potential of microarray to measure the gene expression of many genes simultaneously was
demonstrated. Since then, the application of microarray techniques in biomedical research
has grown exponentially. The dramatic increase is illustrated in Figure 5 that shows
number of PubMed records each year containing the word “microarray” since 1995 (query
data: August, 2007).

Figure 5. Statistics about the microarray literature since 1995

DNA microarray platforms are generated by printing cDNAs, usually 500-2000 bases long,
or short synthetic oligonucleotides (25-nuclotide-long for Affymetrix gene chip) onto
glass slides or membranes. The resulting platforms are called cDNA microarray and
oligonucleotides arrays respectively. It is then possible to compare the gene expression
level in different tissues, normal versus disease, or treated versus untreated samples.
Figure 6 schematically illustrates a common cDNA microarray experiments. Differential
gene expression is measured by simultaneous and competitive hybridization of reversetranscribed cDNAs with different label (mostly different color fluorescence), or by the
comparison of samples hybridized on different chips (e.g., Affymetrix gene chip). The
microarrays are scanned and processed using specialized image processing software. For
each spot, a signal intensity is assigned according to the amount of fluorescence or
radioactivity. The signal intensity for each sport is assumed to be proportional to the
amount of each specific mRNA in the original samples. The intensity difference between
different samples can then be used as measurement of differential gene expression
between them [45].
10

Figure 6. Schematic diagram of cDNA microarray experiments

Whereas microarrays are commonly used to measure gene expression, the technology has
also been used for other applications, such as the detection of sequence variations (Single
Nucleotide Polymorphisms, SNP), genome loss and amplification, DNA methylation,
DNA-protein interactions and tissue biomarkers [46, 47].

3.2.2 Array analysis methods
High-throughput microarray technology generates huge amounts of data. To analyze all
the data and to transform the data into knowledge is challenging. Many methods and
strategies have been developed for this purpose. A schematic flowchart for microarray
data analysis is shown in Figure 7. The array raw data is acquired after image scanning
and quantification. Then the data is subject to quality controls. After that, the raw data
signal is processed with background subtraction and normalization steps. For normal array
studies, such as the studies of the gene expression profiling between mutant and wild type
samples, disease situations and controls, etc, the expression levels in different samples are
compared by statistical methods. The genes that are differentially expressed are ranked
and candidate genes are selected for further study. There are also array studies aiming at
identification of patterns at a global scale. In these cases, methods like clustering, pathway
and network analysis are applied. For example, in the time course developmental studies
where gene expression levels at several consecutive time points are measured, cluster
analysis can identify the gene groups with similar expression during the development
process.
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Figure 7. A general flowchart for microarray data analysis

In the following, some of the major steps during the initial array data analysis will be
described.
Raw data processing and normalization
For Affymetrix arrays, the image of scanned arrays is stored in a DATA file (.dat) and
from this the Affymetrix software derives the Cell Intensity file (.cel) from the DATA file.
It contains single intensity values for every probe cell. There are different methods of
normalizing the array data. The Affymetrix’ algorithm estimates the probe set signal as
the average differences between the perfect matched probes and the mismatched probes,
which assumes that the signals from the mismatched probes represent the background
noise (detailed documentation can be found from “GeneChip Expression Analysis - Data
Analysis Fundamentals” at www.affymetrix.com). To improve the results derived from
the Affymetrix algorithms, the Robust Multi-array Analysis (RMA) method has been
proposed [48]. In RMA methods, mismatched probes are ignored and an additive
background plus specific signal with multiplicative error is proposed. Later the GCRMA
method was introduced [49]. It adjusts background based on the probe sequences and was
demonstrated to out-perform other normalization methods.
For a two-channel cDNA microarray, two signals from every spot are obtained. Each
signal represents the expression level of the corresponding gene from one channel. The
difference between the two signal intensities reflects the gene expression difference of the
corresponding gene in the two samples. Since there is also noise hidden in the expression
signals, statistical packages such as limma was developed to minimize the noise and
obtain signals that better reflect the real expression difference [50].
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Statistics comparison to identify differentially expressed genes
After raw data normalization, statistical tests are applied to identify differentially
expressed genes between different sample groups. The t-test is commonly used to assess
the significant difference between two groups [43]. For microarray experiments, the null
hypothesis is that the genes are not differentially expressed between the groups, while the
alternative hypothesis is that the genes are differentially expressed between the groups.
The t-test p value will decide whether to accept or reject the null hypothesis.
In microarray experiment, thousands of genes are to be tested, which becomes a problem.
For example, if 0.05 is used as threshold for a significant p value, tests for 10,000 genes on
a microarray experiment would identify 500 (=10,000*0.05) significant genes by chance.
Therefore, multiple test correction is required to identify the true significant change. The
False Discovery Rate (FDR) method is commonly used for multiple test correction [51].
Also, other method such as Significance Analysis of Microarrays (SAM) was developed to
control the FDR [52].
The limma package is also commonly used to identify the differentially expressed genes.
It applies a linear model for the microarray data [50].
Cluster analysis
Gene expression patterns can be used as indicators of cell physiology and behavior. Sets of
genes which have similar expression changes under the same condition are likely to take
part in related biological functions. From complicated gene expression profiles of
thousands of genes, cluster methods help to group similar profiles and decompose the
global profiles into different groups, which can then be easier interpreted more easily.
Hierarchical clustering is one of the most commonly used methods [53]. It arranges the
genes based on their gene expression patterns and dendrograms can be generated to
visualize the global patterns. It can also be applied to the analysis of different samples and
identify sub-groups in the samples. It is necessary to filter out the noise data before doing
the cluster analysis. This is particularly important when the genes have a very low
expression close to the detection level, or when the genes have relative constant
expression, as demonstrated by some studies [54].
Cluster algorithms group similar profiles based on a distance matrix, which is calculated
from certain linkage methods and certain distance measurements. Commonly used linkage
methods are average linkage, single linkage and complete linkage. Commonly used
distance measurements are Pearson distance and Euclidian distance. In order to assess the
significance of a cluster result, statistics methods such as bootstrapping test can be used. In
this test, sub-sets of the data are randomly selected and independently clustered.
Genes/samples that consistently cluster together in these randomly selected sub-sets are
considered significant [55].
Expression profile search is yet another method to analyze expression data, in which an
expression profile is used as a bait to find other co-expressed genes. It has been generally
assumed that if the genes that have similar expression pattern over a large number of
tissues/cells or conditions (co-expression), they might be regulated by similar mechanisms
(co-regulation) and/or have similar function. Therefore, for a novel gene, functionally
known co-expressed genes may provide hints about its role.

13

Repositories for microarray data
Awareness of the potential value of microarray data has lead to the creation of public array
data repositories, for example the ArrayExpress database at European Bioinformatics
Institute (www.ebi.ac.uk/arrayexpress/), and the Gene Expression Omnibus at National
Center for Biotechnology Information (www.ncbi.nlm.nih.gov/geo/). These databases
store and manage array data. In order to share the data, standardization is crucial [58]. The
submission of data is normally required to be MIAME compliant (Minimum Information
About a Microarray Experiment, http://www.mged.org/Workgroups/MIAME/miame.html).

3.3 Biological interpretation of large datasets
The high-throughput experimental techniques such as large-scale sequencing and
microarray analysis are revolutionizing biology. Thus it is critical to summarize the data
and extract significant biological information, transforming the data into interpretable
information and knowledge. Different methods have attempted to achieve this as described
below.

3.3.1 Gene Ontology (GO)
When performing functional annotation of a list of genes, the use of different vocabularies
to describe gene function can hinder integration. The creation of the Gene Ontology
resources overcomes this problem by using a dynamic controlled vocabulary
(www.geneontology.org/) that can be applied to all gene products from all species.
The three organizing categories of GO terms are molecular function, biological process
and cellular component. They are used to describe gene products (proteins or RNA). A
gene product can have one or more molecular functions, involved in one or more
biological processes and be in one or more cellular components. The GO terms are
organized as a tree structure, with broad or narrow descriptive GO terms at different levels
of the tree. For example, broad terms can be “receptor” or “ligand”; whereas narrower
terms can be “G-protein coupled receptor activity”, “Toll receptor ligand”.
Because GO uses a controlled vocabulary to annotate genes, automated functional
categorization is possible even when dealing with a list of hundreds or thousands of genes.
For instance, in the interpretation of microarray gene lists, the enrichment or depletion of
certain GO categories in the list can be easily identified. Based on GO, tools like
GoMiner, was developed to facilitate the biological interpretation of large scale data [59].
It can test the enriched of GO categories in the differently expressed gene lists.

3.3.2 Literature mining
Scientific discovery is fundamentally based on existing knowledge. Because of the
enormous amount of biomedical literature or database entries accumulated over the years,
automatic extraction and discovery of gene function and relationships has become
necessary.
Different algorithms or tools have been developed to automatically explore the literature.
In order to facilitate utilization or comparisons of different types of gene or gene product
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identifiers from ‘omic’ research, tools like MatchMiner were developed for batch
navigation among different identifiers [60]. In order to extract gene product functions
from vast amount literatures, tools like MeKE were developed for automated discovery of
the functions of gene products by literature sentence alignment [61]. Some algorithms
were based on the assumption that if two genes are mentioned in the same literature record,
the two genes have an underlying biological relationship. In this way, literature networks
of genes have been constructed [62].
All these tools and algorithms, from simple recognition of terms to advanced extraction of
gene functions and relationships, have dramatically facilitated the interpretation of largescale data.

3.3.3 Systems biology approach
In the last century, cell and molecular biologist have dissected the cells with classical
molecular techniques by isolating and purifying individual proteins and studied them
separately. However, with high-throughput experimental techniques and computational
approaches, the time has come to examine the cell or organism as a whole. In this area of
research, “systems biology”, a whole system rather than its components is being studied.
Importance in this discipline is the study of the global patterns in a cell or an organism,
such as protein-protein interactions and protein-nucleotide interaction networks, metabolic
pathways, signaling cascades networks, and gene and protein expression patterns. The
patterns of the assembled interaction networks can be static or dynamic. Examples of
dynamic patterns are flows of metabolites through a network or the flow of information in
a cascade. Also important in systems biology is the comparison of the patterns across
species. Thus the understanding of other species will shed light also on humans [39].
It has been suggested that systems biology will greatly enrich biological sciences and
transform our thinking about biological problems [63]. By embedding each individual
objects in their context and grasping the entire molecular complexity of a process, systems
biology will help us understand development and function of the body as well as
mechanisms of disease.

3.4 Experimental validation of gene expression
In order to validate the gene expression data from high-throughput approaches such as
microarray, traditional molecular techniques need to be applied to confirm the expression
of individual genes. Commonly used techniques are Northern blots, Quantitative
Polymerase Chain Reaction qPCR) and ISH (in situ hybridization) [64].
Northern blot
The RNA molecules from a sample are separated by an agarose gel electrophoresis. RNA
is then transferred to a nylon filter and hybridized with a labeled single-stranded DNA
probe of the target gene. Finally, visualization of the probe on the membrane is a measure
of the expression level of the target gene.
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qPCR
PCR is powerful technique that can logarithmically amplify specific DNA sequences. First,
cDNA copies of the mRNA molecule are generated using reverse transcriptase and OligoDT or random hexamer primers. Then the cDNA copies are used as templates for
subsequent amplification. In conventional PCR techniques, the amount of input cDNA
template and the PCR product is not well correlated. qPCR on the other hand circumvents
this problem. The amplification process is continuously monitored by measuring signals
that arise from binding of fluorescent probes to DNA. Therefore, quantitative comparisons
of the amplifications are allowed and hence accurate quantification of mRNA expression
levels.
ISH
ISH is used to visualize the gene expression directly in the tissue or cell. First, an antisense
labeled probe is generated by in vitro transcription of a linearized cDNA clone. The probe
is then hybridized to the target mRNA molecules present in frozen or paraffin sections. It
binds only to the cells where the complementary mRNA is present. In combination with
immunohistochemistry (IHC) using known cell-type specific markers, ISH can produce a
detailed expression pattern showing the level of expression of a specific gene in a specific
cell type.
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4 Results
By constructing and large-scale sequencing complex cDNA libraries from different
development stages of mouse glomeruli, direct expression profiles of kidney glomeruli
were obtained. EST analysis provided information on the gene expression patterns in the
glomerulus. By using GlomChip as a tool, hundreds of new markers for glomeruli and
microvascular pericytes were identified. Affymetrix arrays were also used for the gene
expression assay in the glomeruli. By integrating the data from different sources, a
comprehensive catalogue of glomerulus-enriched genes was obtained and a systematic
analysis of the glomerular transcriptome was performed.

4.1 Construction, annotation EST libraries (Paper I, II)
In order to determine gene expression profiles in the kidney glomeruli, glomeruli were
isolated from newborn and adult mouse kidney and RNA was extracted. Four oligo-dT
primed cDNA libraries were constructed: one standard library each from adult and
newborn mouse glomerular RNA, two normalized libraries from adult glomerular RNA.
A total of 15,627 sequence reads were attempted from the four libraries, which provided
14,171 sequences (91% readability). After vector trimming and sequence clipping, a total
of 13,368 cDNA sequences longer than 100 bp remained. The sequence lengths were
mainly between 500-900 bp. These unknown sequences were annotated against different
gene databases to determine their identities (Figure 4).
BLAST searches against the ENSEMBL (www.ensembl.org, database version 44.36e,
April 2007) mouse gene prediction showed that 11371 sequences matched with 5637
different genes. Among the 5637 matched genes, 3151 were represented by one EST copy
and 2486 had two or more EST copies. Alignment of our sequences with ENSEMBL
mouse transcripts showed that about 20% of the clones in our libraries were full length
clones. The genomic locations of these genes are plotted in Figure 8. It shows a wide
representation of the genes from the whole mouse genome in the glomerulus cDNA
libraries. There were also a small percentage of sequences that did not match ENSEMBL
annotated genes, but matched the mouse genome. They may be genomic contaminations in
the library or potential novel gene transcripts (Paper I, II).

4.2 Composition of the glomerular transcript database (Paper I, II)
Comparisons with Ensembl mouse gene predictions (database version 44.36e, April 2007)
show that, out of the total 24246 protein coding genes, 5598 were present in the GlomBase
(23.1%); and out of the total 1350 pseudogenes, 35 were present in the GlomBase (2.6%).
Comparisons with a list of known glomerulus expressed genes and proteins demonstrated
that a majority of them were present in GlomBase (Paper II). Nevertheless, a small
proportion was missing. The 2.4:1 ratio between sequences (13 368) and annotated genes
(5637), together with the fact that a large percentage of genes in the GlomBase were only
represented with only one EST, indicated that the libraries were not sequenced to
saturation. This likely explains why some known glomerular genes are missing in the
GlomBase.
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Figure 8. Mouse Genomic distribution of the genes in the glomerular EST libraries
Grey horizontal lines represent the chromosomes. Each gene in the glomerular EST libraries is represented
by a short grey line perpendicular to the chromosome at its transcriptional start position.

Functional composition of GlomBase
Table 3 shows a functional classification of 5598 protein coding genes in GlomBase. As
shown in the table, GlomBase constitutes from 14% to 53% of all functional categories.
Some categories have higher coverage percentage of GlomBase genes, such as translation
regulator activity, enzyme regulator activity, antioxidant activity, catalytic activity,
binding and transcription regulator activity.
Table 3. Functional composition of GlomBase, compared with whole mouse genome.
GO functional categories
Genome
GlomBase
1 GO:0016209 antioxidant activity
54
20
2 GO:0015457 auxiliary transport protein activity
30
5
3 GO:0005488 binding
10861
3468
4 GO:0003824 catalytic activity
5413
1857
5 GO:0030188 chaperone regulator activity
4
2
6 GO:0030234 enzyme regulator activity
715
265
7 GO:0004871 signal transducer activity
3527
498
8 GO:0003774 motor activity
90
21
9 GO:0005198 structural molecule activity
586
147
10 GO:0030528 transcription regulator activity
1266
390
11 GO:0045182 translation regulator activity
137
73
12 GO:0005215 transporter activity
1134
302
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Percentage
37%
17%
32%
34%
50%
37%
14%
23%
25%
31%
53%
27%

Functional difference between different glomerular libraries
The GlomBase consists of four glomerular sequence libraries: two standard libraries from
newborn and adult mouse glomeruli respectively, and two normalized libraries from adult
mice glomeruli (one for first round normalized, one for second round normalized or super
normalized). The functional composition of the four libraries as classified by GO provides
roughly similar profile (Figure 9). The genes in the adult standard libraries and normalized
libraries have different expression levels in the glomerulus, but interestingly, they showed
similar functional composition.
When comparing newborn standard library and adult standard library, some GO functional
categories are enriched in the newborn stage: structural molecule activity, translation
regulator activity and transporter activity. The signal transducer activity group is enriched
in the adult library, which might indicate active signal transduction in the mature
glomerulus.

Figure 9. Functional compositions of the four libraries as classified by GO
NS: Newborn standard library; AS: Adult standard library; A1: Adult first round normalized library; A2:
Adult second round normalized library.
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The GlomBase has a unique composition.
Comparisons of the gene expression in GlomBase with public kidney EST libraries
revealed that GlomBase is enriched in glomerular genes. As shown in Table 4, eight
known glomerulus markers displayed high enrichment in GlomBase as compared with
whole kidney EST libraries.
Table 4. Comparing GlomBase with whole kidney EST libraries.
GlomBase
Kidney
Libraries
ESTs assembled
UniGene cluster
Mm.289099 Nphs2
Mm.168789 Cdkn1c
Mm.386780 Nphs1
Mm.16497 Tcf21
Mm.89918 Podxl
Mm.14092 Foxc2
Mm.252321 Synpo
Mm.186361 Ptpro

NS
3735
2370
15
11
4
3
12
2
4
4

AS
2299
1656
22
9
4
0
16
1
2
2

A1
3483
2824
1
0
1
0
2
1
5
0

A2
1622
1441
1
0
1
0
1
0
1
0

Sum
11139
5995
39
20
10
3
31
4
12
6

Sum
123350
13775
21
11
5
5
5
3
2
1

GlomBase/Kidney

21
20
22
7
69
15
66
66

Numbers represent the number of ESTs that assembled to the corresponding UniGene clusters in GlomBase
and 22 kidney EST libraries. GlomBase/Kidney column represent the normalized abundance ratio between
the GlomBase and all Kidney libraries. NS: Newborn standard library; AS: Adult standard library; A1: Adult
first round normalized library; A2: Adult second round normalized library. From He L. et al 2007 (Paper I)

4.3 EST library comparison to identify glomerulus-enriched
genes (Paper I)
As shown in Table 4, eight known glomerulus markers displayed high enrichment in the
glomerular EST libraries as compared with the whole kidney EST libraries. This
encouraged us to use EST mining as an approach to identify new glomerular markers
(Paper I).
Identification of glomerulus-enriched genes by EST libraries comparisons
The newborn mouse glomerulus standard EST library was compared with five public
newborn kidney EST libraries, and the adult mouse glomerulus standard EST library was
compared with two public kidney EST libraries. From the two comparisons, 329 UniGene
clusters were categorized as glomerulus-enriched at the newborn stage and 217 UniGene
clusters were categorized as glomerulus-enriched at the adult stage. The identified
glomerulus-enriched genes had at least two representations in the corresponding
glomerulus library and a significantly increased relative abundance in the glomerulus.
Comparison of the two sets of UniGene clusters revealed a total of 497 glomerulusenriched gene transcripts. Forty-nine of them were found in both stages, 280 were only
present in newborn stage and 168 were only present in the adult stage (Paper I).
Validation by literature mining
The identified glomerulus-enriched genes were checked in published literature for
previously reported glomerular expression. Out of the 49 gene transcripts enriched in both
adult and newborn stages, 15 (31%) had previously been demonstrated to be expressed in
the kidney glomerulus by individual experiments. Among the glomerulus-enriched
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transcripts found only at one stage, 17% (28 out of 168 in the adult stage) and 7% (20 out
of 280 in the newborn stage) were also confirmed by literature, respectively (Paper I).
Validation by ISH
In order to further validate the glomerulus-enriched genes’ expression in the glomerulus,
some of them were selected for ISH experiments. The cellular expression patterns of 6
novel glomerulus-specific genes were characterized: chloride intracellular channel 5
(Clic5), delta-like 1 homolog (Dlk1), G protein-coupled receptor 116 (Gpr116),
plasminogen activator, tissue (Plat/tPA), transmembrane 4 superfamily member 1
(Tm4sf1), and insulin-like growth factor binding protein 7 (Igfbp7) (Paper I).
Validation by Human Protein Atlas
The identified glomerulus-enriched genes were also examined in the Human Protein Atlas
(HPA) database, which shows the protein expression pattern in a variety of human tissues.
With this analysis, nine of the glomerulus-enriched gene products were found to have a
stronger and/or more distinctive expression in glomerulus than in surrounding tubular
tissues. Two of the proteins identified by the HPA analysis could be putative novel
glomerular markers: melanoma adhesion molecule (MCAM) and induced myeloid
leukemia cell differentiation protein Mcl1 (MCL1) (Paper I).
Validation by qPCR
qPCR was also applied to quantify the transcript expression level in the glomerulus. For
the 6 new glomerular markers validated by ISH and the 2 new glomerular markers
validated by HPA, they were all demonstrated to be significantly more abundant in
glomeruli than in whole kidney (Paper I).

4.4 Microarray hybridization to identify glomerulus-upregulated
genes (Paper II)
The cDNA clones of GlomBase were amplified and printed on glass slides (GlomChip),
which were used in a series of hybridization experiments aimed at the identification of
genes with glomerulus-enriched expression (Paper II).
Identification of glomerulus-enriched genes by microarray hybridization
We first compared glomeruli isolated from 5-day-old mice to non-glomerular kidney
tissue. As shown in Figure 10, 357 different genes and 63 ESTs were identified as
significantly upregulated more than two-fold in glomeruli. To subtract general vascular
markers, we compared the glomeruli with isolated brain capillary fragments and thereby
divided the identified genes into genes upregulated in glomeruli (143 genes and 34 ESTs),
genes upregulated in brain capillaries (34 genes and one EST), and genes which were not
significantly differentially expressed more than two-fold (180 genes and 28 ESTs). To
further explore the expression pattern within glomerular cells, we compared GFP-positive
podocytes with GFP-negative glomerular cells and subdivided the glomerular genes into
GFP-positive podocytes upregulated genes (49 genes and 10 ESTs), non-podocyte
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glomerular cells upregulated genes (18 genes), and not significantly differentially
expressed genes (76 genes and 24 ESTs) (Paper II).

Figure 10. Flowchart of Glomerular gene identification with GlomChip

Validation by ISH of GlomChip result
ISH was employed to confirm the cellular expression of the identified glomerular genes.
Several novel podocyte transcripts were confirmed: semaphorin 3G (Sema3G), Rhophilin
1 (Rhpn1), Cbp/p300-interacting transactivator 2 (Cited2), Protease inhibitor 15 (Pi15),
Forkhead box C2 (Foxc2) and Gene X. Three novel mesangial markers were also
confirmed: secreted frizzled-related protein 2 (Sfrp2), Aldo-keto reductase family 1
member B7 (Akr1b7) and Lim domain only protein 7 (Lmo7) (Paper II).
Functional study of glomerulus-specific genes
As an example, we examined the functional role of the identified earliest podocyte marker,
Foxc2. In Foxc2 knockout mice, smaller size kidney and abnormal glomeruli were
observed. The glomeruli had fewer capillary loops and the endothelial cells lacked
fenestration. The podocytes lacked foot process and slit diaphragms. GlomChip profiling
of Foxc2 knockout mice glomeruli revealed that Foxc2 regulates a distinct set of podocyte
genes (Paper II).
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4.5 Microarray hybridization to identify novel microvascular
markers for brain pericytes (Paper III)
Microvascular fragments were isolated from Pdgfb mutant, and Pdgfrb mutant, and
littermate control mice at E17.5. We then used microarray analysis to compare the
transcriptomes in these microvascular fragments. At E17.5, the brain pericyte population
in the two mutants is known to be reduced by more than 95%. Therefore the
downregulated genes in the two mutant transcriptomes will likely correspond to the
specific expressed genes in the pericytes. Microarray analysis revealed a list of 142 genes
that were downregulated in both type of mutants compared to their littermate controls.
Table 5 shows the top 20 downregulated genes. Some known markers for pericytes and
vascular smooth muscle cells were found in the list, including: regulator of G-protein
signaling 5 (RGS5), NG2, myosin light chain kinase, glutamyl aminopeptidase,
parathyroid hormone receptor, caldesmon, and connexin 45 (Paper III).
Three genes which had a strong differential expression between the mutant and wild-type
control, or appeared interesting from signaling perspective were selected for in situ
hybridization and validated (potassium inwardly-rectifying channel, subfamily J, member
8 (Kcnj8/Kir6.1), ATP-binding cassette, sub-family C, member 9 (Abcc9/Sur2) and Dlk1)
(Paper III).
Table 5. Top 20 Down-regulated genes in both Pdgfb knockout and Pdgfrb knockout brain
microvessel fragments
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20

Symbol
Rgs5
Abcc9
Kcnj8
Cspg4
Enpep
Mylk
1110065D03Rik
Smad3
Nedd9
Nfkbiz
Slc19a1
Cald1
3110032G18Rik
Dlk1
Gadd45b
Nr4a1
Pde8b
Edg3
Cryab
Spp1

Name
Regulator of G-protein signaling 5
ATP-binding cassette, subfamily C, member 9
Potassium inwardly-rectifying channel, subfamily. J, member. 8
Chondroitin sulfate proteoglycan 4
Glutamyl aminopeptidase
Myosin, light polypeptide kinase
RIKEN cDNA 1110065D03 gene
MAD homolog 3 (Drosophila)
Neural precursor cell expressed, dev. down-regulated gene 9
Nuclear factor of k light polyp. gene enh. in B-cells inhibitor, zeta
Solute carrier family 19, member 1
Caldesmon 1
RIKEN cDNA 3110032G18 gene
Delta-like 1 homolog (Drosophila)
Growth arrest and DNA-damage-inducible 45 beta
Nuclear receptor subfamily 4, group A, member 1
Phosphodiesterase 8B
Endothelial differentiation, sphingolipid G-protein-coupled rec., 3
Crystallin, alpha B
Secreted phosphoprotein 1

Ratio1

Ratio2

-3.14
-2.25
-2.39
-1.68
-2.46
-1.47
-2.37
-2.36
-2.24
-0.80
-0.51
-2.23
-1.34
-0.42
-0.40
-0.66
-1.72
-0.86
-1.96
-1.84

-4.39
-3.94
-3.88
-3.03
-1.49
-2.39
-2.06
-0.83
-0.59
-2.23
-2.23
-1.06
-2.18
-2.12
-2.07
-2.03
-2.01
-1.99
-1.10
-1.19

Ratio1 represents fold change between Pdgfb knockout and control in logarithm 2 scale. Ratio2 represents
fold change between Pdgfrb knockout and control in logarithm 2 scale. Genes reported previously or
demonstrated in the present study to be expressed in vascular mural cells are indicated with bold font. From
Bondjers C, He L et al. 2006 (Paper III).
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4.6 Comparison, integration, and “systematic” understanding
(Paper IV)
Thus far, four different efforts to map transcriptional profiles in glomeruli with high
throughput technologies have been reported [24, 41, 54, 65], which make use of EST
libraries comparison method, glomerulus-specific cDNA microarray profiling, Stanford
cDNA microarray profiling, and Serial Analysis of Gene Expression (SAGE) method,
respectively. In our own two previous reported studies, the profiling data were based on a
large-scale sequencing of mouse glomerulus EST libraries. We compared glomerulus EST
libraries with whole-kidney EST libraries and identified 497 glomerulus-enriched mouse
genes in the newborn and/or adult mouse glomerulus (Paper I). Subsequently, the
glomerulus-specific cDNA microarray (GlomChip) was made by spotting all the clones
from the glomerulus cDNA libraries. The RNA samples from glomerulus and rest part of
non-glomerulus kidney tissues were extracted and compared on the GlomChip. This led to
the identification of 357 mouse genes as glomerulus-enriched (Paper II). In two other
studies, the gene expression profile of human glomerulus were studied by cDNA
microarray technology [54], and SAGE method [65], respectively. In each of these studies,
a list of glomerulus-enriched genes was reported.
In order to assess all these results and make a comprehensive resource for glomerular
research, we carried out a “meta-analysis” of the glomerular transcriptome. As the first
step, we summarized and combined the results from the five different expression-profiling
platforms (Table 6). Four of them were previously published and the mouse Affymetrix
Genome Array profiling was newly added through our own work. In this new profiling,
RNA from pure glomeruli was hybridized on Affymetrix Genome Array and compared
with rest of non-glomerular kidney tissue, and 1013 genes were identified as glomerulus
upregulated.
Table 6. Summery of the five transcription profiling approaches
Method
Species
Total
Genes
features
identified
1 EST libraries
Mouse
13,368
497
comparison
ESTs
2 GlomChip profiling
Mouse
18,496
357
probes
3 Affymetrix profiling
Mouse
45,101
1013
probes
4 SAGE profiling
Human
~50,000
153
tags
5 Stanford cDNA
Human
41,859
102
microarray profiling
probes

Selection criteria
P<0.05, >3-fold difference with
whole kidney tissue
P<0.05, >2-fold difference with
rest of kidney tissue
P<0.05, >2-fold difference with
rest of kidney tissue
P<0.01, ≥ 7-fold difference with
at least three nephron libraries
Cluster analysis, genes
predominantly expressed in
glomeruli than others

From He L et al. 2007 (Paper IV).

As different annotations were used in these profiling studies, all the genes lists were
mapped
to
human
Entrez
genes
(NCBI
Entrez
Gene
database,
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?CMD=search&DB=gene). In our kidney
EST libraries analysis (Paper I), 497 mouse UniGene clusters were identified as
glomerulus-enriched and they were mapped to 373 homologous human Entrez genes.
From our GlomChip profiling (Paper II), the identified 357 mouse glomerular genes were
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mapped to 326 homologous human Entrez genes. In the SAGE profiling of human kidney
[65], 229 SAGE tags were identified to have higher levels in the glomerulus. They were
mapped to 153 human Entrez genes. In the Stanford cDNA microarray analysis of human
kidney, 196 cDNA clones were identified as predominantly expressed in the glomerulus
[54]. They were mapped to 102 human Entrez genes. In the Affymetrix profiling, the
identified 1013 mouse glomerular upregulated probes were mapped to 914 homologous
human Entrez genes.
Totally, 1407 human genes were identified as glomerulus-enriched by at least one
approach.

4.6.1 Comparison and evaluation of different approaches (Paper IV)
The overlaps of the five profiling results are illustrated in Figure 11. Among the totally
1407 genes, only 7 genes were identified by all five methods. They are cyclin-dependent
kinase inhibitor 1C (CDKN1C/p57), endoglin (ENG), endomucin (EMCN), protein
tyrosine phosphatase receptor type O (PTPRO), tissue plasminogen activator (PLAT),
insulin-like growth factor binding protein 5 (IGFBP5) and phosphatidic acid phosphatase
type 2B (PPAP2B). The likely reason for them to be identified is that they are abundant
genes in the glomerulus, which can be seen from the high EST representations in the
glomerulus EST libraries.

Figure 11. Venn diagrams showing the overlap among the five glomerulus-enriched gene lists
From He L. et al. 2007 (Paper IV).

As can be seen from Figure 11, a surprisingly limited overlap was found among the five
results and each approach identified a unique set of genes that was not identified by any of
the others. In order to assess the efficiency of each method in identifying glomerulus25

enriched genes, the five data sets were compared to previously published glomerulusexpressed genes, and also compared to the data in the public Human Protein Atlas
database (HPA, www.proteinatlas.org, version 2.0) [24, 66]. The result is listed in Table 7.
Table 7. Summary of the evaluation statistics of the five approaches
Method

Glomerulus-enriched

Literature

genes (human)

confirmed

HPA confirmed

1

EST libraries Comparison

373

73 (19.6%)

17 (4.6%)

2

GlomChip profiling

326

63 (19.3%)

19 (5.8%)

3

Affymetrix profiling

914

84 (9.2%)

32 (3.5%)

4

SAGE profiling

153

37 (24.2%)

12 (7.8%)

5

Stanford cDNA microarray profiling

102

16 (15.7%)

3 (2.9%)

From He L. et al. 2007 (Paper IV).

As shown in Table 7, Affymetrix analysis was able to identify the largest number of
glomerulus-enriched genes and also has the highest number of literature and HPA
confirmed genes. SAGE profiling, on the other hand, gave the highest percentage of
identified genes confirmed by literature and HPA.
EST sequencing and SAGE are sequencing-based methods that directly sample
transcriptional profiles. These methods compared gene abundance in glomerulus libraries
with whole kidney libraries (EST) or other nephron sequence libraries (SAGE), and
identified the higher abundant genes as glomerulus-enriched [24, 65]. The identified
glomerulus-enriched genes are likely to be glomerulus-abundant genes, which will be
relatively easier to be detected by other experimental methods, such as in situ
hybridization. This may explain the fact that higher percentage of glomerulus-enriched
genes identified by EST and SAGE method was confirmed by literature and HPA (Table
7).
Affymetrix arrays, GlomChip and the Stanford cDNA microarrays are hybridization-based
methods. The results show the relative expression level between glomerulus samples and
other parts of kidney without indication of absolute expression level. Also, nonspecific
binding of the probes and data processing procedures can strikingly affect the results.
Affymetrix array identified the largest number of glomerulus-enriched genes and also the
largest number of literature and HPA confirmed genes. However, the percentage of
confirmed genes was relative low. It might be that the Affymetrix array is more sensitive
than the other methods and able to detect genes with lower expression level, which were
not easily detected by the other methods. The comparison between glomerulus cDNA
microarray (GlomChip) and Stanford cDNA microarray shows that GlomChip identified
more glomerulus-enriched genes and also a higher proportion of literature and HPA
confirmed genes (Table 7). This implies that for the application of a specific tissue, a
tissue specific cDNA microarray might be preferable to a non-specific cDNA microarray.
Many reasons can lead to the limited overlap between the five results, such as species
difference, developmental stage differences and environment factor differences. But most
likely, the technique platform difference and data processing difference explain most of
the divergence in the results. We assume that the core set of the important genes are
evolutionary conserved between human and mouse, and that each of the five method are
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potentially able to identified the most significant genes within their respective scope, we
therefore argue that, the pooled results from the different studies provide a better picture of
the glomerular transcriptomes than any of the studies alone.

4.6.2 Construction of GlomNet (Paper IV)
The glomerulus-enriched genes have been catalogued by combining the results from five
different approaches. However, in order to better understand the physiology and function
of the glomerulus, the underlying genome-scale regulatory networks and signaling
pathways in which these genes are involved need to be illustrated. We made use of
existing resources and constructed a protein-protein interaction network in the glomerulus
(GlomNet). We believe that GlomNet will facilitate our understanding of glomerular
assembly, physiology and pathology.
We combined the glomerulus-enriched gene catalogues with the literature validated
protein-protein interaction data from the Human Protein Reference Database (HPRD)
(www.hprd.org, release 6, 2007-01-01). In this way we found 772 protein interaction pairs
made up of two different proteins from the identified glomerulus-enriched gene products,
totally involving 543 glomerulus-enriched gene products. Based on them, an integrated
glomerular protein-protein interaction network, GlomNet, was constructed (Figure 12).
GlomNet aims to bring all the components into one picture, which will contribute the
illustration of the cellular interaction networks and signaling transduction pathways in the
glomerulus.
After highlighting the known proteins related to glomerular abnormality in GlomNet
(Figure 12), it can be seen that most of these glomerular disease proteins are located at
extracellular, plasma membrane and nuclear compartments. Previous studies suggest that
many gene mutations that disturb kidney development are involved in the same pathways
[67], therefore, the gene products that links to the known glomerular disease genes in
GlomNet may relate to glomerular disease as well.
We also explored a published expression profile of human diabetic nephropathy (DN) with
the aid of the glomerulus-enriched gene catalogue and GlomNet (Figure 13). By
overlaying the DN expression profile onto the catalogue and the GlomNet, we found that a
relatively high proportion of DN-affected genes were represented in the catalogue and in
the GlomNet. By using the glomerulus-enriched gene catalogue as filter, we found that
many of the up-regulated genes in DN are expressed in endothelial cells and many of the
down-regulated genes are expressed in podocytes. Also, it was interesting to see that
several DN-affected gene products were linked to each other in GlomNet, which suggest
that these proteins may be involved in the pathways that are affected by DN (Figure 13).
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Figure 12. Protein-protein interaction network for glomerulus-enriched genes.
The known glomerular disease genes were highlighted with deep blue color. Adapted from He L. et al. 2007
(Paper IV).

Figure 13. A simplified illustration of DN-regulated genes over GlomNet
Red color indicates the gene was up-regulated in the DN glomeruli and green color indicates the gene was
down-regulated. From He L et al, 2007 (Paper IV).
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4.7 Analysis of the integrated glomerulus-enriched gene
catalogue
4.7.1 Functional insight for the glomerulus from the catalogue
Although each gene in the 1407 glomerulus-enriched gene catalogue may perform
different functions in the glomerulus, some global patterns associated with the catalogue
may indicate certain characteristics for the glomerulus.
We found a list of functional GO terms that are significantly enriched in the glomerulusenriched gene catalogue. These GO terms were mapped to the GO tree (Figure 14). It can
be seen from the figure that there are mainly belong to the 3 groups: binding activity,
enzyme regulator activity and protein kinase activity. The detailed GO terms in the 3
groups and some other enriched terms are listed in Table 8. The binding activity, such as
protein binding and actin binding, maybe associated with the complex structure of the
glomerular filter. The enriched enzyme regulator activity shows the active modulation of
enzymes in the glomerulus, which may indicate the complexity of its physiology. The
enriched protein kinase activity, particularly the transmembrane receptor protein kinase
activity, maybe associated with the tight regulation of cellular pathways and signal
transduction events inside the glomerulus. Interestingly, the transcriptional repressor
activity is also enriched in the glomerulus. The transcriptional repressors are able to
prohibit or downregulate the transcription of certain genes. This might lead to the
production of the special transcriptome in the glomerulus, which possesses special
characteristics. For example, unlike most of other cell types, the glomerular podocytes do
not self-renew after birth. Therefore, the genes in these categories need to be explored in
further details.

Figure 14. Mapping GO terms enriched in the glomerulus to the GO tree
This Figure shows part of the GO tree that contains the functional GO terms enriched in the glomerulus
(deep grey).
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Table 8. List of GO terms enriched in the glomerulus
GO ID
GO Description

Glomerulus-enriched
Gene Number

Binding activity
GO:0005488 binding
GO:0005515 protein binding
GO:0005509 calcium ion binding
GO:0008289 lipid binding
GO:0008134 transcription factor binding
GO:0019001 guanyl nucleotide binding
GO:0008092 cytoskeletal protein binding
GO:0005525 GTP binding
GO:0030246 carbohydrate binding
GO:0003779 actin binding
GO:0001871 pattern binding
GO:0005539 glycosaminoglycan binding
GO:0030247 polysaccharide binding
GO:0019838 growth factor binding
GO:0005520 insulin-like growth factor binding
GO:0030276 clathrin binding

810
469
101
48
42
41
41
40
37
30
16
15
15
14
7
3

Enzyme regulator activity
GO:0030234 enzyme regulator activity
GO:0030695 GTPase regulator activity
GO:0008047 enzyme activator activity
GO:0005085 guanyl-nucleotide exchange factor activity
GO:0005096 GTPase activator activity
GO:0019207 kinase regulator activity
GO:0019887 protein kinase regulator activity
GO:0005089 Rho guanyl-nucleotide exchange factor activity
GO:0019210 kinase inhibitor activity
GO:0008191 metalloendopeptidase inhibitor activity

89
46
32
25
24
13
12
12
8
4

protein kinase activity
GO:0004672 protein kinase activity
GO:0019199 transmembrane receptor protein kinase activity
transmembrane receptor protein tyrosine kinase
GO:0004714 activity
GO:0005021 vascular endothelial growth factor receptor activity
Others
GO:0042578
GO:0016564
GO:0008373
GO:0008467
GO:0015279

phosphoric ester hydrolase activity
transcriptional repressor activity
sialyltransferase activity
heparin-glucosamine 3-O-sulfotransferase activity
store-operated calcium channel activity

64
14
12
5

38
22
8
3
3

The glomerulus-enriched genes were also mapped to known signaling transduction
pathways listed in KEGG database. Some pathways are significantly enriched with
glomerulus-enriched genes, such as the leukocyte transendothelial migration pathway,
axon guidance pathway and focal adhesion pathways. By leukocyte transendothelial
migration pathway, the leukocyte can cross the endothelial layer and migrate to the
underling tissues [68]. This process is important to drive the body’s immune response and
protect against foreign substances and infections. The glomerulus is a highly efficient
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filtration unit, and in normal cases it does not clog. The active leukocyte transendothelial
migration pathway may therefore provide indispensable assistance in the filtration process.

4.7.2 Genomic distributions of glomerulus-enriched genes
The glomerulus-enriched genes in the catalogue were mapped to the human genome
(Assembly: NCBI 36). Figure 15 shows the global view of genome with glomerulusenriched gene highlighted in red.

Figure 15. Human genomic distribution of glomerulus-enriched genes
The glomerulus-enriched genes were labeled with red color and all other genes were labeled with light grey
color.

When looking further in detail at the genomic distribution, it is interesting to notice that
some gene groups which are located adjacent to each other in the genome are all
upregulated in the glomerulus. For example, on chromosome 7q36.1, the GTPase IMAP
family members GIMAP8 - GIMAP7 - GIMAP4 - GIMAP6 - GIMAP1 - GIMAP5 are
located together. In the catalogue, GIMAP8, GIMAP4, GIMAP6, GIMAP1, GIMAP5 are
all identified as glomerulus-enriched genes. This gene family is known to be involved in
the control of cell survival, and the genes are expressed at very low level in a diversity of
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cancer cell lines [69]. The specific roles of this gene family in the glomerulus are
unknown so far and it needs to be analyzed further.
It can also be observed that in some cases two glomerulus-enriched genes are located
adjacent to each other on the same or opposite chromosome strand. When examining their
tissue expression level from GNF array data (http://symatlas.gnf.org/SymAtlas/), high
gene expression correlations could be found. One example as shown in Figure 16 is
coatomer protein complex subunit epsilon (COPE) and DEAD box polypeptide 49
(DDX49). They are located on Chr.19p13.11, adjacent to each other but on opposite strand.
They share a common upstream DNA region, which suggests the two genes could be
potentially corregulated at transcriptional level.

Figure 16. Gene expression profile of COPE and DDX49
The gene expression data was downloaded from GNF. The X-axis represents different tissues or cell types.
The Y-axis represents gene expression levels. The Pearson correlation coefficient of COPE and DDX49 is
0.84.

4.7.3 Tissue specificity of glomerulus-enriched genes
When looking at the tissue expression of the identified glomerulus-enriched genes with
GNF human array data (http://symatlas.gnf.org/SymAtlas/), it was interesting to note that
some of them were found to be specific for certain tissues other than the kidney (Figure
17). Among them, only Podocin (NPHS2) and epidermal growth factor (EGF) showed
kidney specificity. This validated our original findings that glomerulus-specific genes go
undetected at tissue level, and purified glomerulus RNA was needed for the identification
of glomerulus-specific genes. Table 9 shows tissue-specific distribution of a list of
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glomerulus-enriched genes, which are 3 fold higher expressed in a certain tissue,
developmental stage or cell lines than any others. These tissue-specific genes are listed in
Table 9.

Figure 17. Gene expression pattern over tissue or cell lines of glomerulus-enriched genes
Each row represents one gene; each column represents one tissue or cell line. Darker color represents higher
expression

It can be seen from Figure 17 and Table 9 that a proportion of the glomerulus-enriched
genes display tissue-specific expression in placenta, fetal brain and lung. It could be that
some cell types are shared by the glomerulus and such tissues, for example, endothelial
cell.
On the other hand, these tissue or cell line expression patterns may provide indications to
further classify the glomerulus-enriched genes into individual cell types in the glomerulus.
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Table 9. List of tissue specific genes in the glomerulus-enriched gene catalogue
Tissue / cell line
Specific genes
MME FABP4 CD248 PCOLCE2
1 ADIPOCYTE
NR4A3
2 AdrenalCortex
CXCL12 ESM1
3 BM.CD105.Endothelial
MCL1 JUN PLXDC2
4 BM.CD33.Myeloid
CDK6
5 BM.CD34.
WNK1 TSPAN5 TMCC2 TAL1 BNIP3L CCNDBP1
6 BM.CD71.EarlyErythroid
Bonemarrow
CEACAM1
7
UPP1 F3 FGFBP1 CD109
8 Bronchialepithelialcells
HAPLN1 NFYA SOST
9 CardiacMyocytes
ACTN4 ITGB5 CTDSPL RBP1
10 ColorectalAdenocarcinoma
STMN2 RALGPS1 MN1 CYP26A1 MEF2C DOK4 HIVEP2
11 Fetalbrain
12
13
14
15
16
17
18

Fetallung
FetalThyroid
Heart
Kidney
Leukemiachronicmyelogenous.k562.
Liver
Lung

19
20
21
22
23
24
25
26

LymphomaburkittsDaudi
LymphomaburkittsRaji
OlfactoryBulb
Ovary
PB.BDCA4.Dentritic_Cells
PB.CD19.Bcells
PB.CD56.NKCells
PLACENTA

27
28
29
30
31
32
33
34
35
36
37
38

PrefrontalCortex
Prostate
SkeletalMuscle
Skin
SmoothMuscle
Testis
TestisInterstitial
Thyroid
TONGUE
Uterus
WHOLEBLOOD
X721_B_lymphoblasts
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ADCY1
MGC3032 ROBO2
CALCRL GPR116 SDPR
MALAT1
TNNT2 MYL7
EGF NPHS2
TFPI TBXA2R
RDH16 HPR
LRRC32 CLDN5 EMP2 RAMP3 GDF10 AGER CYP4B1 HEY1
SOX7
C3orf37
SH2B2 ZDHHC14
SEMA5A
REN ADAMTS4
UGCG IRF7 EPHB1 KIAA1212
PLEKHG1
MYOM2 PRKCH RASA3 PTGER2 PREX1 OSBPL5
TIMP3 DLG5 CRIM1 ADM ADAM12 TIMP2 PCDH1 MAOA IL1RL1
SLC23A2 PGF PAPPA2 CDKN1C THSD7A MAN1C1 GPC1 SYDE1
TMEM2 CGI-38 TRIM62 C1orf78 VGLL3 BCLP VGL-3
GABRB1 MRVI1
KLK3 PPAP2A TMEPAI KLK4
TNNI1
LOR
PLOD2 IL6 SOCS5 FAM114A1 DRAM C1QTNF1
ART3
ARHGAP28
PGCP TNFRSF11B CALCA CTSB SLA BCAM
S100A8
PALLD PAEP PBX1 RERG MRGPRF
CENTD3
PLD1 PAICS DCLRE1A SEPT6 GPR125

5 Discussion
With genomic and bioinformatics approaches, we have begun to unravel the complicated
transcriptome profiles in the kidney glomerulus and microvascular pericytes. The analysis
has led to a better understanding of the molecular composition, physiology and function of
the glomerulus and the pericyte, and it also provides candidates for further functional
analysis. The initial network analysis in the glomerulus provides insights into glomerular
function and disease at a system level.

5.1 Transcriptome analysis
All cells in our body are the descendant of a single cell and have therefore a roughly
identical genome, but they form different cell types, have different morphologies and
functions. What makes them unique? Much of the answer may be found in transcriptome
differences. A cell type becomes distinct by expressing a unique set of gene transcripts or
by producing unique transcript combinations. The transcriptome profile of the cell defines
its characteristics and function. In this thesis work, we have begun to unravel the
transcriptome profiles of kidney glomerulus and microvascular pericytes.
The kidney glomerulus plays a crucial role in filtering blood. Cells in the glomerulus are
highly specialized cells. Podocytes have foot processes that form a unique architecture.
Endothelial cells are fenestrated to a higher and different degree than other endothelia.
Mesangial cells are specialized pericytes. All these features contribute to the basic
function of the glomerulus, filtration of blood. Yet, the glomerulus forms such a complex
micro-structure that its function and physiology are still poorly understood, and the
mechanisms of many glomerular diseases are still elusive. Tracing back, the transcriptome
profiles in the glomerulus may provide answers to many of these questions. The unique
transcriptome profiles of the kidney glomerulus come partly from a set of specific or
highly enriched transcripts, which is different from any other structure. With genomic and
bioinformatics tools, we first constructed and large-scale sequenced a series of mouse
glomerulus cDNA libraries. By comparing the transcript abundance profiles in the
glomerulus sequence libraries with public whole kidney libraries, we identified 497
glomerulus-enriched mouse genes in the newborn and/or adult mouse glomerulus (Paper I).
Subsequently, by using the glomerulus specific cDNA microarray, GlomChip, we
identified 357 mouse genes as glomerulus-enriched (Paper II). Further, by combing the
result from Affymetrix Whole Genome Array study and published SAGE and Stanford
cDNA array results, we did a meta analysis and made a comprehensive catalogue of 1407
glomerulus-enriched genes (Paper IV).
This comprehensive catalogue illustrates information about the transcriptome profiles of
the glomerulus, and contributes to our understanding on its function and diseases. It also
provides candidates for further functional analysis, which might potentially include also
new glomerular drug targets. With the aim of identifying the known linkages to
glomerular defects, the glomerulus-enriched genes were examined in Mouse Genome
Informatics Database (www.informatics.jax.org) for mutant phenotypic information.
About 30 genes were linked to certain kinds of glomerulus defects (Table 10). It can be
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anticipated that further study of the other genes in the catalogue in animal models such as
mouse or zebrafish will provide better understanding of their relation to glomerulus
defects.
Table 10. Glomerulus-enriched genes and glomerulus defects
Phenotype Ontology
Genes
abnormal juxtaglomerular apparatus
REN
abnormal kidney cortex
NPHS2 REN
abnormal mesangial cell
PDGFRB CD151 COL4A3 KIRREL CEBPB
PDGFB WT1 NPHS1 GADD45A
abnormal podocyte
NPHS2 PODXL WT1 NPHS1 ITGA3 COL4A3
PDGFRB FAT MAFB PTPRO TCF21 CD151
abnormal renal corpuscle morphology
AGER
abnormal renal glomerular capsule
CD151 NPHS2 PDGFB
abnormal renal glomerular filtration rate
PTPRO
abnormal renal glomerulus morphology
WT1 CD151 NPHS2 COL4A3 CEBPB PDGFB

cortical renal glomerulopathies
decreased number of renal glomeruli
decreased renal glomerular filtration rate
dilated renal glomerular capsule
glomerulonephritis
glomerulosclerosis

NPHS1 TCF21 AGER PDGFRB TIE1 KIRREL
ITGA3 REN MGAT5 PTPRO LAMB2
ACTN4
TCF21 BMPER MAFB
COL4A3 SGK
NPHS1 DCN
COL4A3 LAMB2 TENC1 MGAT2 CEBPB
SERPINE1 FAS GADD45A LYN
ADM PDGFRB CD151 COL4A3 REN WT1 ACTN4
PDGFB

We also searched the literature characterizing these genes in connection with glomerulus.
To-date, there are about 28,000 PubMed literature hits when querying with “kidney
glomerulus” (August, 2007). In an automated querying of PubMed records with the genes
in the catalogue, we found that only a small proportion of the genes has been reported in
PubMed records in relation to the glomerulus (Figure 18). Therefore, it indicates that a
larger research area has not been explored so far and should be pursued.
In pericyte research, limited information is available about its transcriptome profiles and
the shortage of markers for pericytes has severely hampered the studies of these cells. In
our study, by comparing the transcriptome in pericyte-deficient mice with wild type
control, we identified 142 gene transcripts that are enriched in pericytes. Most of them
were not previously known to be associated with pericytes. These results provide
directions for potential new pericyte marker identification, which will contribute to the
characterization of pericytic origin and function.
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Figure 18. Literature mining of the glomerulus-enriched gene catalogue
By automated querying of PubMed with each gene symbol, and also querying in combination with “kidney
glomerulus”, we found that, 250 genes have no PubMed record; 199 genes have records connected with
glomerulus, and 958 genes have records without connection with glomerulus. (query date: August 2, 2007)

5.2 Systematic understanding of the glomerulus
We have identified a list of genes with enriched expression in the glomerulus. Each of
them, or the combination of them with others, may contribute to certain characteristics in
the glomerulus. On the other hand, the function of the glomerular cells is ultimately the
combined effects of all the individual components. A systematic understanding of the
glomerular cells will require not only identification of the molecular components, but also
the interaction networks between all the components. It has also been suggested that
during kidney development, limited alteration of a small set of genes can markedly
restructure the whole molecular network structure [67], and therefore the understanding
the network structure is crucial. By integrating the literature validated protein-protein
interaction pairs, we presented the first protein-protein interaction network in the
glomerulus, the GlomNet (Paper IV). GlomNet provides an initial step towards the
deciphering the global transcriptome regulatory networks in the glomerulus.
The transcriptome regulatory networks establish a dynamic architecture in the cell. The
individual transcripts have quantitative effects and their joint macroscopic behavior has a
qualitative decisive effect for the cells. By applying the epigenetic landscape theory [7072], the transcriptome landscape can be illustrated. Under a certain transcriptome
regulatory network structure, each transcriptome profile can be regarded as a specific point
in a high-dimensional landscape (simplified illustration in Figure 19). Some profiles
produce a stable outcome (bottom of the valleys), while other profiles are unstable (side of
the valleys).
Under normal conditions, this dynamic system performs its designed function and
maintains a specific physiology. In a disease situation, the transcriptome profile in the cell
is changed due to external stimuli or signals, which leads to the destruction of the original
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dynamic system and drives the cell away from its normal state to disease state (Figure
19A).
In the clinic, a large number of therapeutic decisions are made based on incomplete
characterization and understanding of the disease [73]. Many different underlying
molecular mechanisms, i.e., different transcriptome profiles, can cause similar symptoms,
but should be treated separately with different therapies. A key step towards the correct
diagnosis is the in-depth systematic understanding of the transcriptome regulatory
networks of the diseased cells. The transcriptome profiles in the cells will direct the cells
to specific positions in the landscape. Depending on their individual positions in the
landscape, the cells will be driven to or kept at specific stable states.

Figure 19. Transcriptome landscape illustration of disease cell generation and possible treatments
Each position in the landscape corresponds to a certain transcriptome profiles and balls represent cells. Panel
A illustrates the disease cell generation process in the transcriptome landscape. Some normal cells (black
ball) jump out form the normal states and become disease cells (red ball). Panel B shows the possible
treatment approaches from two aspects.

In order to cure the disease, we need to eliminate the diseased cells and prevent that other
normal cells will change to disease cells (Figure 19B). To eliminate the diseased cells, one
way is to kill them. Alternatively, one can change them into other non-harmful cells. The
best case would be to change them back to the original cells. This is particularly important
when treating the cell types that can not be reproduced or replaced, such as podocyte and
neurons. One the other hand, an equally important aspect is to prevent other normal cells
from forming additional disease cells, which is particularly important in cancer treatment.
To stabilize the normal cells, one way is to block the paths that allow the normal cells to
change to diseased cells. The other way is to stabilize the normal cell states. For a
successful treatment, it is critical to understand the transcriptome regulatory network in the
cells.
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As for the current glomerulus research, it can be estimated that additional functional
studies of the glomerulus-enriched genes may produce a better picture of their roles than
our current view. Thus, a high-resolution version of GlomNet and more completed
transcriptome regulatory networks should be developed through future efforts. By detailed
examination of transcriptome changes during the progression of different disease, the
transcriptome landscape in the glomerulus will be fully unraveled. With more complete
information at hand, and a fingerprint of transcriptome profiles in patients with glomerular
disease, better diagnosis and prognosis can be achieved. In the future, patients should and
will expect to receive a personalized therapy based on their individual situation.
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