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Abstract

Functional analysis and interpretation of large-scale proteomics and gene expression data require effective use of bioinformatics tools
and public knowledge resources coupled with expert-guided examination. An integrated bioinformatics approach was used to analyze
cellular pathways in response to ionizing radiation. ATM, or mutated in ataxia-telangiectasia, a serine-threonine protein kinase, plays
critical roles in radiation responses, including cell cycle arrest and DNA repair. We analyzed radiation responsive pathways based on
2D-gel/MS proteomics and microarray gene expression data from fibroblasts expressing wild type or mutant ATM gene. The analysis
showed that metabolism was significantly affected by radiation in an ATM dependent manner. In particular, purine metabolic pathways
were differentially changed in the two cell lines. The expression of ribonucleoside-diphosphate reductase subunit M2 (RRM2) was
increased in ATM-wild type cells at both mMRNA and protein levels, but no changes were detected in ATM-mutated cells. Increased
expression of p53 was observed 30min after irradiation of the ATM-wild type cells. These results suggest that RRM2 is a downstream
target of the ATM-p53 pathway that mediates radiation-induced DNA repair. We demonstrated that the integrated bioinformatics
approach facilitated pathway analysis, hypothesis generation and target gene/protein identification.

Key words : Bioinformatics; Proteomics; Radiation; Purine metabolism; DNA repair; Pathway and network

Abbreviations

ATM: Ataxia Teleangiectasis Mutated; RRM2: Ribonucleotide Re-
ductase subunit M2, or Ribonucleoside-diphosphate Reductase
subunit M2; GO: Gene Ontology; KEGG: Kyoto Encyclopedia of
Genes and Genomes; iProXpress: integrated Protein eXpression

system; UniProt: Unified Protein Resource; 2D-gel/MS: Two-di-
mensional gel/Mass Spectrometry; PIR: Protein Information Re-
source.

Introduction

The last decade has seen a rapid expansion of genomics,
transcriptomics, proteomics, and other omics studies applied to
all areas of biomedical research. High-throughput technologies
such as DNA microarray and mass spectrometry (MS)-based
proteomics allow generation of large amounts of data from a single

experiment. However, high-throughput data are generally of high
variation, low reproducibility, noisy (von Mering and Bork, 2002),
thus analysis and interpretation of the omics data remain chal-
lenging and require effective bioinformatics approaches. Biologi-
cal interpretation of high-throughput data for forming hypoth-
eses and for guiding experimental validation is typically a down-
stream process of the omics workflow after the high-throughput
raw data are processed for functional analysis. At the core of
functional interpretation of omics data is the knowledge (such as
annotations and literature data) provided to the biological ob-
jects, being genes, mMRNAS, or proteins from various molecular
databases. Meanwhile bioinformatics tools have been developed
for analyzing and interpreting the large lists of genes or proteins,
suchas DAVID (Huang etal., 2007), BABELOMICS (Al-Shahrour
etal., 2005), Ingenuity (http://www.ingenuity.com/) and GeneGO
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(Ekins et al., 2007) for function and pathway analysis of large-
scale data.

While bioinformatics tools have greatly assisted data analysis, a
careful review of the major steps and flow of data in a typical high-
throughput analysis reveals gaps that need to be addressed. One
issue is the lack of standardization when dealing with a large list
of proteins or genes annotated in different sources. For example,
different protein IDs/names may be used for the same protein in
different sources, even different versions of the same database
may result in different IDs if the database identifier is not stable.
The lack of standards presents a continuing challenge for inte-
grating annotations from heterogeneous databases. Consequently,
expression analysis is often carried out in an ad hoc manner, with
a fragmented and inefficient use of rich annotations available in
various resources. In addition, the effectiveness of the
bioinformatics analysis system often relies on the amount and the
type of knowledge available for genes and proteins annotated in
the databases. To provide effective protein or gene ID mapping
and comprehensive annotations for the large-scale data analysis,
we integrated two databases, UniProt (UniProt Consortium, 2008)
and iProClass (Wu et al., 2004), into an integrated bioinformatics
analysis system, iProXpress recently developed at the Protein
Information Resource (PIR) (Huang et al., 2007). UniProt is a cen-
tral international repository of protein sequences and functional
information and provides the most comprehensive annotations
for all proteins. iProClass database is a protein knowledge base
providing value-added annotations integrated from over 90 mo-
lecular biology databases. iProClass coupled with UniProtKB
became a data powerhouse of the iProXpress system, serving as
a basic infrastructure for the omics data mapping and as a knowl-
edge source for data analysis and interpretation.

In this paper, we describe an integrated bioinformatics approach
for the gene expression and proteomics studies of human fibro-
blasts derived from patients with ataxia teleangiectasis (AT) who
are sensitive to ionizing radiation-induced DNA damage. Radia-
tion induces a myriad of cellular responses, including genotoxic
stress signaling, cell cycle arrest, activation of a complex DNA
repair machinery, and metabolic changes (Valerie et al., 2007;
Jeggo and Lébrich, 2006; Spitz et al., 2004). ATM, or mutated in
ataxia-telangiectasia was first identified in AT patients in 1995
(Savitsky et al., 1995). ATM plays critical roles in radiation-in-
duced responses (Kastan et al., 2001; Kurz and Lees-Miller, 2004),
and has been identified as a potential target for novel
radiosensitizers (Sarkaria and Eshleman, 2001; Ahmed and Li, 2007).
For example, small molecule inhibitors of ATM or downstream
signaling molecules (Kim et al., 1999; Jung and Dritschilo, 2001)
may offer a strategy to sensitize tumors to the lethal effects of
ionizing radiation while sparing normal tissues.

To identify ATM-mediated pathways underlying cellular re-
sponses to ionizing radiation that lead to radiation resistance or
sensitivity in cells, the AT-patient derived fibroblasts expressing
mutated ATM genes or wild-type ATM were used as models.
The two cell lines were subjected to proteomics and microarray
experiments, analyzed by global expression profiling and path-
way/network analysis. We showed radiation-induced and ATM-
mediated major biological pathways and proposed proteins for
further validation.

Materials and Methods
Experimental Data Source

The proteomics and gene expression data were obtained from
radiation-treated ATSBIVA and ATCLS8 cell lines. ATSBIVA was
derived from human fibroblasts of ataxia teleangiectasis (AT) pa-
tient with mutated ATM (AT mutated) gene (Jung et al., 1995),
while ATCL8 was derived by reintroducing the wild-type ATM
gene into the AT5BIVA cells. The two cell lines were exposed to

10 Gy of ionizing radiation and analyzed at time intervals from 30
minutes to 24 hours. The proteomics data were obtained from
two-dimensional gel electrophoresis (2D-gel) followed by MALDI-
MS of the excised gel spots. The gene expression data were ob-
tained using Affymetrix DNA microarray (U133A probe set of 14500
human genes) chip assays. The experimental procedures for cell
culture and radiation treatment, 2D-gel, MALDI-MS proteomics
and microarray have been described elsewhere (Lee et al., 2001;
Mewani et al., 2006). Protein identification from MALDI-MS was
based on MASCOT search engine using UniProtKB/Swiss-Prot
database. Lists of proteins were identified (with UniProtkKB ac-
cession #) from differentially changed 2D-gel spots based on >=2-
fold changes (p-value <=0.05), increased (including newly ap-
peared spots after irradiation) or decreased (including spots only
in control but disappeared after irradiation) for each time point
and cell type. Lists of genes were identified (with Entrez Gene #)
from differentially expressed mMRNAs (increased or decreased) in
microarray based on >= 1.5-fold changes (p-value <= 0.05).

Data Integration and Bioinformatics Analysis

We applied an integrated bioinformatics approach for the
proteomics and gene expression data analysis. The iProXpress
integrated protein expression analysis system (http://
pir.georgetown.edu/iproxpress/) was primarily used as a platform
for the functional data analysis, coupled with the Ingenuity Path-
way Analysis (IPA) tool for pathway and network analysis. A
prototype of the iProXpress system has been applied to several
previous high-throughput studies (Li et al., 2004; Chi et al., 2006;
Huetal., 2007). Below we briefly describe the bioinformatics analy-
sis procedures.

Protein mapping: Gene or protein lists were mapped to
UniProtKB protein entries primarily based on gene/protein iden-
tifiers. Genes with common identifiers such as GenBank, UniGene
or Entrez Gene are mapped based on the PIR ID mapping service
(http://pir.georgetown.edu/pirwwwi/search/idmapping.shtml). For
genes with no ID match, the mapping is based on sequence com-
parison, or name mapping if the sequence is not available. The
protein and gene lists from AT5BIVA and ATCLS8 cells were inte-
grated into the iProXpress system after protein mapping.

Protein annotation: After protein mapping, rich annotations
are described in a protein information matrix that captures salient
features of proteins, such as functions and pathways, for given
experimental data sets. These rich annotations are derived from
comprehensive protein information that have been integrated into
the UniProt and iProClass databases and from sequence analysis
for homology-based inference.

Functional profiling: The gene and protein lists were divided
into experimental groups based on cell types and time course for
functional profiling using various functional attributes (i.e. anno-
tation fields of the protein information matrix). Primarily used for
functional profiling were GO slims (a subset of GO with high level
terms at GO hierarchy) (http://www.geneontology.org/GO.slims)
and pathway information (e.g. from KEGG database).

Pathway and network analysis:Pathway visualization was
based on pathway diagrams provided in source pathway data-
bases such as KEGG and the IPA tool. An ATM protein interac-
tion pathway map was also used, which was curated by scien-
tists who initially discovered the ATM gene (Savitsky et al., 1995)
and reflects the current state of knowledge for ATM-mediated
pathways (available at http://www.cs.tau.ac.il/~spike/images/
1.png). Network analysis was done using the IPA tool, which
dynamically generates functional association networks based on
curated literature information of protein-protein interaction, co-
expression, and genetic regulation.
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Figure 1: integrated bioinformatics approach for radiation-induced function and pathway analysis from proteomics and gene expressio

Figure 1 depicts the overview of an integrated bioinformatics ap-
proach to analyze and interpret the proteomics and gene expres-
sion data from irradiated cells with mutant or wild type ATM geno-

types.

Figure 2 shows the iProXpress web interface for searching, brows-
ing, and profiling the experimental groups of different cell types,
time courses, and protein or mRNA level changes. The interactive
graphical user interface provided several functionalities for data
analysis, such as selecting data groups, browsing the proteins
and associated annotations, and expression profiling using GO
slims and pathways.

Results
Radiation-Induced Changes in Expression Profiles

The 2D-gel/MS proteomics and DNA microarray data generated
from radiation-treated AT5BIVA and ATCLS8 cells are summarized
in Table 1, which shows total numbers of UniProt protein entries
mapped from proteomics and gene expression data. Most up-
regulated proteins were observed at 3hr post-irradiation in both

AT5BIVA and ATCLS8 cells, and with many more up-regulated in
ATCLB8 than in AT5BIVA cells. In contrast, most down-regulated
proteins were seen at 30min in ATCLS8 and at 24hr in ATSBIVA
cells. At gene expression level, prominent responses to radiation
at early time in ATCLS8 cells were observed, for example, three
times as many mRNAs was up-regulated at 30min in ATCLS8 (33)
as in AT5BIVA (11) cells, while up-regulation of most genes was
only seen 1hr after radiation in AT5BIVA cells. These differences
showed that ATCL8 was more radiation-responsive at both pro-
tein and mRNA levels at earlier time than the ATM-mutated
AT5BIVA cells. Compared to ATS5BIVA, ATCLS cells were shown
to quickly respond to irradiation at 30min by increasing more gene
expressions and by decreasing the amounts and/or activities (pre-
sumably modification states) of more proteins, followed by in-
creasing more at 3hr.

The profiling of the differentially changed proteins or genes from
irradiated cells based on GO slims and the KEGG pathways pro-
vided global views of functional changes in these cells. Table 2
shows the major GO biological process categories of radiation
induced protein changes. The total changed proteins (combined
up- and down-) in the two cell lines generally showed similar
profiles among top categories of GO biological processes. How-
ever, profiles based on up- or down-regulated proteins showed
clear differences between the two cell lines. For example, in
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AT5BIVA cells, a higher percentage of proteins involved in cell
cycle was down-regulated (8.3%) than up-regulated (4.8%), and
more were up-regulated than down-regulated in RNA metabo-
lism, transcription, and protein biosynthesis. In ATCLS cells, a
higher percentage of proteins were up-regulated in signal trans-
duction and protein modification, while more were down-regu-
lated in protein biosynthesis.

When profiling is performed using KEGG pathways for the total
changed proteins, differences were observed in the percentages

of proteins involved in purine metabolism, glycolysis/gluconeo-
genesis, pyrimidine metabolism, and glutamate metabolism in
the two cell lines. Pathway profiling based on the up- or down-
regulated proteins resulted in more differences between the
AT5BIVA and ATCLS cells. For example, higher percentages of
down-regulated proteins in purine metabolism and of up-regu-
lated proteins in starch and sucrose metabolism and folate bio-
synthesis were observed in AT5BIVA cells. Also consistent with
GO process profiles, more cell cycle proteins were seen down-
regulated in AT5BIVA while more were up-regulated in ATCL8

Figure 2:iProXpress web interface for browsing and profiling proteomics and microarray data.

1) Selected experimental groups can be chosen from the pull down menu. 2) Boolean operations can be used to query the data, such
as “get all proteins identified from proteomics (A_8 30m*) OR microarray (B_8 30m*) in ATCLS8 cell at 30 minutes.” 3) The “protein
information matrix” displays protein list from the selected groups, and provides annotations integrated from over 90 sources. 4) The
“Display Option” allows selection of desired fields for display. 5) For the given list of proteins, the interface provides functional
profiling “buttons” to show profiles in GO slim (molecular function, cellular component, and biological process) or KEGG path-
ways. 6) The interface also provides protein sequence analysis tools listed such as BLAST, FASTA and sequence alignment. 7) An
example of GO biological process profile. 8) Comparative profiling across selected data groups based on given GO categories.

cells. Overall, metabolic pathways were clearly affected, and pu-
rine metabolism was the most affected pathway in irradiated
AT5BIVA and ATCLS8 cells based on the expression profiling us-
ing iProXpress as well as from the Ingenuity pathway profiles
(not shown).

Biological Pathways and Signaling Proteins in
Response to Radiation

Although the general profiles in Table 2 provided global views

of major functional changes in the two cell lines without regard to
specific time points, profiles based on more specific or focused
data groups, such as at certain time points, offered more biologi-
cal insights. We selected a proteomics data set at 3hr from both
AT5BIVA and ATCL8 cells and a microarray data set at 30min from
ATCLS8 only for further analysis, when most differentially changed
protein or gene expressions were observed or most up-regulation
of proteins or genes occurred (Table 1). The comparative path-
ways profiling of four data groups representing the up- and down-
regulated proteins from AT5BIVA and ATCLS cells at 3hr post-
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ATSBIVA ATCLS

Time up down | change up down | change
30min 12 43 *53 33 215 | 248
2D-Gel/ 1hr 55 22 74 84 109 192
MALDI- 3hr 108 | 37 137 254 171 | 420
MS 24hr 66 | 156 | 214 20 190 | 210
Total 228 | 216 | 412 358 475 | 771
30min 11 9 20 33 22 55
DNA 1hr 36 28 64 10 16 26
Microarray 3hr 20 15 35 19 47 66
Total 57 47 103 54 77 131

Table 1: Number of differentially expressed proteins or genes from irradiated AT5BIVAand ATCLS cells.

*In some cases, the same protein was identified from different gel spots with one increased and
the other decreased in spot intensity. In such cases, the number of proteins in the “change”
column will be less than the addition of those in “up” and “down” groups. For example,
phosphoglycerate mutase 1 (UniProtKB: P18669) was identified form two gel spots, one ap-
peared only in radiation treated AT5BIVA cells at 30min, and the other was in control cells only.

ATS5BIVA ATCLS

up down change up down change
GObiological process No. % No. % % No. % No. % %
RNA metabolism 36 158 25 116 148 57 159 82 173 180
signal transduction 32 140 33 153 158 54 151 61 128 149
transcription 35 154 25 11.6 14.6 55 154 83 175 17.9
protein modi cation 27 118 19 88 112 48 134 37 78 110
generation of precursor metabolitesand energy 16 7.0 12 56 6.8 15 42 21 44 47
phosphorus metabolism 14 6.1 8 37 53 29 8.1 20 42 6.4
protein biosynthesis 13 57 3 14 39 8 22 16 34 31
cell cycle 11 48 18 83 7.0 22 6.1 26 55 6.2
KEGGPathway
purine metabolism 3 13 8 37 27 5 14 8 17 17
glycolysis/gluconeogenesis 5 22 5 23 24 2 06 5 11 09
pyrimidine metabolism 1 04 4 19 12 2 06 4 08 08
fructose and mannose metabolism 2 09 1 05 0.7 3 08 2 04 0.6
glutamate metabolism 3 13 1 05 10 1 03 1 0.2 03
starch and sucrose metabolism 4 18 1 05 12 5 14 7 15 16
butanoate metabolism - 2 09 0.0 4 11 2 04 08
folate biosynthesis 4 18 1 05 12 4 11 4 08 10
pyruvate metabolism - 3 14 00 2 06 1 02 04
cell cycle 2 09 5 23 17 6 17 6 13 16
total # unique proteins 228 - 216 - 412 358 - 475 - 771

Table 2: Top categories of Gene Ontology (GO) and pathway profiles of proteomics data from irradiated AT5BIVAand ATCLS cells.

The number of proteins (under No. column) is shown for profiles based on up-, down-regulated proteins in the two cell
types. Numbers in bold face are for top 5 categories of GO or KEGG pathways for the given data group (up or down).
Numbers under percentage (%) column show the percentage of changed proteins compared to total protein changes
(shown at the bottom row, total # unique proteins) in given data groups (up, down, or combined as “change”). The
complete profiles can be dynamically generated from the iProXpress website.
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AT5BIVA ATCLS
3h
KEGG Pathway Statistics down """""" o down """""" e g Show Selected
Pathway ID Pathway Term A_DS_ 3h_decrease A_D5_3h_mcrease A_DB_3h_decrease A7DL3h7|ncrease A”
PATH: hsa00010 Glycolysis / Gluconeogen esis 1 1 1 2 5)
PATH: hsa00020 Citrate cycle (TCA cycle) 1 1
PATH: hsa00030 Pentose phosphate pathway 1 1
PATH: hsa00040 Pentose and glucuronate interconversions 1 1
PATH: hsa00051 Fructose and mannose metabolism 2 1 3
PATH: hsa00052 Galactose metabolism 1 1 2
PATH: hsa00053 Ascorbate and aldarate metabolism 1 1
PATH: hsa00061 Fatty acid biosynthesis 1 1
PATH: hsa00062 Fatty acid elongation in mitochondria 1 1
PATH: hsa00071 Fatty acid metabolism 1 1
PATH: hsa00072 Synthesis and degradation of ketone bodies 1
PATH: hsa00120 Bile acid biosynthesis 1 1
PATH: hsa00150 Androgen and estrogen metabolism 1 1
PATH: hsa00190 Oxidative phosphorylation 1 1
PATH: hsa00220 Urea cycle and metabolism of amino groups 1 1
PATH: hsa00230 Purine metabolism g 24 2 4% 10
PATH: hsa00240 Pyrimidine metabolism | 2 1 1 2 ' 6
PATH: hsa00251 Glutamate metabolism 1 1
PATH: hsa00252 Alanine and aspartate metabolism 1 1 1
PATH: hsa00260 Glycine, serine and threonine metabolism 1 1 2
PATH: hsa00271 Methionine metabolism 1 1
PATH: hsa00272 Cysteine metabolism 1 1
PATH: hsa00280 Valine, leucine and isoleucine degradation 1 1 2
PATH: hsa00290 Valine, leucine and isoleucine biosynthesis 1 1
PATH: hsa00310 Lysine degradation 1 1 1 3
PATH: hsa00330 Arginine and proline metabolism 1 1
PATH: hsa00360 Phenylalanine metabolism 1 1
PATH: hsa00361 gamma-Hexachlorocyclohexane degradation 1 1
PATH: hsa00363 Bisphenol A degradation 1 1
PATH: hsa00380 Tryptophan metabolism 1 1 1 3
PATH: hsa00400 Phenylalanine, tyrosine and tryptophan biosynthesis 1 1
PATH: hsa00410 beta-Alanine metabolism 1 1
PATH: hsa00450 Selenoamino acid metabolism 1 1
PATH: hsa00480 Glutathione metabolism 1 1 2
PATH: hsa00500 Starch and sucrose metabolism 2 3 4 7
PATH: hsa00510 N-Glycan biosynthesis 1 1 2

Figure 3: Comparative pathway profiling of proteomics data from ATSBIVA and A TCL8 cells at 3hr post-irradiation.

The four specific groups represent up- and down-regulated proteins from each cell line at 3hr after irradiation (“A_5_3h_decrease”
“A_5 3h_Increase” fromAT5BIVA, and “A_8 3h_decrease” and “A_8 3h_increase” fArEL8 cells).The displayed numbers of
proteins in given categories and data groups are linked to the protein information matrix for these proteins. Purine metabolisr
highlighted with the dotted box to indicate that the most number f&fredittially changed proteins fall into this pathwaiis
comparative profile is a partial displays of the 69 KEGG metabolic pathways for the data sets (most of the rest have a total of <
proteins for each pathway).

irradiation showed that purine metabolism is the most predomi- (UP INATCL8 and down iRT5CL8 at 30min), and IMBehydro-
nant pathway with 10 differentially expressed proteins, and major 9enase 2 (up iIATCL8 at 3hr and down iATSBIVA at 24hr).
differences exist between the four data groups (Figure 3). ) . ) ,
_ Figure 4 shows a diagram of the purine metabolism pathway

Table 3 lists proteins of purine metabolism from all time points - With differentially expressed enzymes listedable 3 superim-
(30min to 24hr) iPAT5BIVA andATCLS cells. Most enzyme ~ Posed onto the pathway map. Interestingpst of these en-
changes in this pathway occurred at 3hr in both cell lines, and Zymes are located at the biochemical steps surroundiA@ffie
those changed at other time points were mostly down-regulated ATP 0r GDP/GTRsynthesis. For enzymes involved in these steps,
in both cells. Bikingly, while most changed enzymes were down- Most were down-regulatedATSBIVA cells, while most were up-
regulated at 3hr IAT5BIVA cells, all changed enzymes were up- ~ 'égulated iRTCLS8. This strongly suggests that tRECLS8 cells
regulated at 3hr iMTCL8 cells.Two enzymes with opposite ~ Were able to respond to irradiation by increasing the amount or
changes were identified from the two cell lines, adenylate kinase 2 activities of nucleotide synthesis enzymes to prepare for increasec
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