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ABSTRACT

BACKGROUND: Lymphocyte development and differentiation in maasnfollow
complex gene regulatory mechanisms with contrahattranscriptional stage playing a
major role. B and T cells, the two large subsétl/mphocytes, develop differentially
due to the varying expression patterns of a vamdétgenes. Computational tools and
methods are becoming increasingly useful in theigation of various mechanisms in
this process, which has traditionally been studigdexperimentation. Wet laboratory
experimentation invariably consists of studying ayene at a time although recent
advances in microarray and chromatin immunopredipmn (ChlIP) technologies have
made available large data sets for informatics yesmal Another impetus for
computational approaches has been the explosianraitated mammalian genomic data
in various databases. Traditionally, DNA sequenggstream of the expressed genes
(cis-acting) and transcription factor moleculesdmg to these DNA sequences (trans-
acting) have been explored. We have been emplogirgpmputational regimen to
identify transcriptional control elements in the RNpromoters) of genes that may
differentiate the development of B and T cells.w@ads this goal, our scheme involves
the collection and analysis of four different dagdis specific for genes involved in B and
T cell development with the focus being on the seges upstream to the transcription

start site (TSS) of the relevant genes.

RESULTS: Using datasets of B and T cell specific genes (maoglobulin and T cell
receptor genes respectively) from RefSeq, we hdemwtified two predominant consensus

patterns in their upstream regions using the GBRésursive Sampler software. With the



help of transcription factor binding site (TFBSggiction software, different TFBS were
obtained for B and T cell genes on the same datasetew of them are biologically
important, for example, in the case of B cell spegenes we obtained Oct-1, a known
immune-specific TFBS. We employed MEME and GibbsiReive Sampler software on
two different data sets of B and T cell specifiguiatory sequences and found different
motifs, which are carried by genes common in boftwsare predictions and further used
the EZ-Retrieve tool on different motifs to find BS. We predicted several
immunologically relevant TFBS, such as E47, Ocnll &ATA-1, at different locations
and on both strands in these motifs. In additiemeans clustering was performed on
the datasets in order to classify the B and T gefles based on the frequencies of TFBS
in their upstream sequences. Applying several coatipmal methods, we are able to find
additional information on B and T cell genes imsrof TFBS, which may help in the

understanding of B and T cell development.

CONCLUSIONS: Performing computational approaches like MEME, l$SiliRecursive
Sampler, statistical analysis and k-means clugieon different DNA (promoter)
sequences does not always identify biologically mmegful transcriptional control
elements involved in lymphocyte development. On abiger hand, our predictions of
conserved motifs in upstream regulatory regionsaojet genes, and in particular, the
identification of immune-specific TFBS in these ifotare biologically relevant. We
hope that they will provide a guide for the expamntal biologist to focus on certain

elements for biological validation. In summary, stinformatics approach to detect



transcriptional control elements may efficientlydagffectively aid the biologist to study

transcriptional regulation that distinguishes B dnckll development.

Vi
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1. INTRODUCTION

1.1. Introduction to the Subject

The study of transcriptional regulation in the eyk#ic genomes is a major
challenge in current molecular biology. Althougkearchers are taking several important
steps to understand and identify the regulatorynetds, research in this field needs
significant advances (1). Regulation of gene exgioes occurs in the transcriptional
process at different levels. This includes inibatiof RNA transcription by transcription
factors (TFs) that attract the RNA polymerase Iinptex. Initiation of transcription is
probablythe most important regulatory step in control ahscriptional regulatioFs,
proteins that bind to specific DNA sequences presghe core promoters and enhancers
of genes, are important the initiation of gene-specific transcription. Befathey can
exert their action, initiation of transcriptiongsntrolledby more global mechanisms that
regulate accessibility of a locus.

Biologists have determined that the control of geeepression at the
transcriptional level is primarily determined byatively short sequences called TFBS in
the upstream regions of the genes (2). These segsiewary in length, position,
redundancy, orientation, and bases. Finding théset sequences is a fundamental
problem in molecular biology, which has importappkcations.

Development of B and T lymphocytes under complaxgcriptional regulatory
mechanisms has been studied extensively for thetwasdecades. Development of B
and T cells occurs at various stages. Transcriglicggulation occurs at these stages and
different transcription factors are expressed. Aetg of modern methods are being used

to detect TFBS in B and T cells.



There are different computational methods, whick applied on genomic
sequences to identify these TFBS. The various ctatipnal approaches to detect such
TFBS may successfully help the biologist to studgnscriptional regulation that
distinguishes B and T cell development. In this jggb we have used several
computational methods to identify and analyze th83 using upstream sequences of

lymphocyte genes from human and mouse species.

1.1.1 General Transcriptional Regulation

Transcription is the process to synthesize RNA frdonble stranded DNA. In
eukaryotic transcription, RNA polymerases |, Il aiidtranscribe rRNA, mRNA and
tRNA genes respectively. RNA polymerases can tramsavith the help of transcription
factors binding at promoters (Figure 1).

In general, promoters and enhancers are regiortseaps of the transcriptional
start site (TSS), the nucleotide at which transimipbegins. The TFs bind to the TFBS

in the promoter or enhancer regions (Figure 1).
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Figure 1. Structure of the transcriptional unit of an eukaryotic mMRNA gene (3).

Steps involved in transcription include initiatioalongation and termination.

RNA polymerase Il recognizes the promoters and ndgithe DNA double helix, and



then initiates transcription of the downstream DNENA polymerase Il is associated
with several transcription factors, such as TFIT&JIB, TFIID, TFIIE, TFIIF and TFIIH.
TFIID consists of TATA binding protein (TBP) and PBassociated factors (TAFs). The
role of TBP is to bind the core promoter (4). Thenscription factor, which catalyzes
DNA melting, is TFIIH. However, before TFIIH camwind DNA, the RNA polymerase
Il and at least five general transcription factGrElIA is not absolutely necessary) have
to form a pre-initiation complex (PIC).

After PIC is assembled at the promoter, TFIIH cae its helicase activity to
unwind DNA. This requires energy released from AMRIirolysis. The DNA melting
starts from about -10 bp. The RNA polymerase éntluses nucleoside triphosphates
(NTPs) to synthesize a RNA transcript. During RNAngation, TFIIF remains attached
to the RNA polymerase, but all of the other tramdmn factors have dissociated from
the PIC.

The carboxyl-terminal domain (CTD) of the largegbsnit of RNA polymerase
Il is critical for elongation. In the initiation pise, CTD is unphosphorylated, but during
elongation it has to be phosphorylated. This dontaintains many proline, serine and
threonine residues.

Eukaryotic protein genes contain a poly-A signa@aled downstream of the last
exon. This signal is used to add a series of aéeraesidues during RNA processing.

Transcription often terminates at 0.5 - 2 kb dowaeh of the poly-A signal (4).

1.1.2. Lymphocyte Development

It is known that immunology is the study of the peddefenses against infectious

microorganisms. Lymphocytes are a major type ofscedsponsible for generating



immune responses. Lymphocytes are activated byendito give clones of antigen
specific cells that mediate adaptive immunity. Bl ah cell, the two large subsets of
lymphocytes, develop differentially due to the wvagyexpression patterns of a variety of
genes. Lymphocyte development and differentiattomammals follows complex gene
regulatory mechanisms with control at the transomal stage playing a major role

All lymphocytes are derived from a stem cell in teme marrow. T lymphocytes
go to the thymus (a large lymphoid organ in theaupghest) for maturation and antigen
specificity (5) while B lymphocytes undergo matiwatin the bone marrow (6), as
shown in Figure 2. Mature lymphocytes migrate frahese tissues via blood to
peripheral lymphoid organs, organized tissues saghymph node, spleen and gut-

associated lymphoid tissues.
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Figure 2. Developmental pathways of lymphoid and myeloid lineages. HSE includes
long-term (LT) and short-term (ST) HSCs. Common pynoid progenitors are able to
generate all lymphocytes as NK cells, T cells andeBs; on the other hand common
myeloid progenitors give rise to all myeloerythroaglls, megakaryocyte/erythroid
restricted progenitors (MEP) and granulocyte/malcage-restricted progenitors (GMP)

(7).
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Development of B cells

Development of B cells occurs in bone marrow andiependent upon bone
marrow stromal cells (6). B cell development pratsethrough a number of stages with
accompanying rearrangements of immunoglobulin genes
Pre-pro-B cellsand B cell Commitment

The initial B cell precursors are pre-pro-B cellEhese cells have their
immunoglobulin gene loci in germline configuratibnt they are different from earlier
precursors by a series of cell surface markerspRyéB cells have low expression of the
recombination activating genes (RAG-1 and RAG-2)d atney do not express
components of the B-cell antigen receptor (BCR)usfThcommitment to the B cell
pathway precedes antibody (Ab) gene recombinatiah is BCR-independent. Several
transcription factors have been identified as kegurators of B cell development.
Among these Pax-5 is unique because it appears ésdential for maintaining B lineage
commitment. Pax-5 pro-B cells express B lineage markers and iniiiam@unoglobulin
rearrangements but then fail to mature into B catistead giving rise to myeloid and T
lineage cellsThus, Pax-5 is essential for B cell commitment aglessing alternative
lineage differentiation
Pro-B-cellsand Early Immunoglobulin Gene Recombination

In the pro-B cell V (D)J rearrangement takes plaeed it is the first B lineage
cell to express a precursor form of the BCR comgageammunoglobulina ( Iga), IgB
and calnexin (pro-BCR) (Figure3). dgand I3 are BCR signaling components
associated with  membrane boundp Ilgdmigu) in more mature B cells. These

immunoglobulin  family members activate cellular reating pathways through



cytoplasmic immune receptor tyrosine-activating doma that take on Src and Syk

family  kinases. In  pro-Bells pro-BCR is potentiallya functional
receptor.
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Figure 3. Development of B cells. RAG expression and rearrangements on both heavy
(IgH) and light (IgL) chain genes are shown. GLinsgermline configuration. Cell
surface expression of pro-B (calnexin and-Idgp), pre-B (Igu, YL and Igx- 1gB) or B
specific (g4, Igk or IgA and Ign- IgR) cell receptors is shown (6).

Immunoglobulin gene rearrangement starts with diei(D) joining to junction
(Jn) segment in pro-B-cells (Figure 3), and it is Ime tpro-B cells that antibodies first
apply their regulatory function in B cell developmheBecause of random nucleotide loss
and addition, D segments can be joinedtcJny one of three reading frames, but there
are only a few mature B cells in the mouse thatehBvsegments in reading frame 2
(RF2), a phenomenon referred to as RF2 countectg®ie DJ,; joins in RF2 encode a

shortened form of mig (Du) that associates with dg- IgB and surrogate light chains

(WL, V-pre-B and\5) to produce a defective pre-BCR that inhibitssaguent V; to DJ4



recombination and is unable to support further B diéferentiation. B cells that express
Du are therefore arrested at the pro-B cell stagerevtieey are either deleted or their
truncated receptors are replaced by continuingméamation (Figure 3). P signaling
through Ign - IgB is required for RF2 counter selection becauséhénabsence of the
transmembrane domain of npl@r IgB there is no counter selection.

After DJy rearrangement, v genes become available to the V (D) J
recombination and help complete the heavy chaimstrdption unit. Theexchange from
DJy to V (D) Jy recombination in pro-B cells is probably regulatddhe level of W
gene accessibility and appears to require Pax-5irsiedeukin 7 (IL-7). B cells with
complete V (D) ] rearrangements also fail to accumulate Bi'lgnice. In each of these
cases, impaired accumulation of V (0O) jbins could result from a direct effect on
recombination or alternatively could be due to #ufa to positively select cells with
complete receptors. Vgene accessibility is dependent on transcripticegulatory
elements including the immunoglobulin heavy chaihancer and is associated with the
onset of germline transcription ofy\genes. It has been proposed that self transamiptio
give V4 gene segments accessibility to the recombinasalt@mative possibility is that
cis regulatory elements in immunoglobulin promotansl enhancers recruit factors that
remodel chromatin domains and make; \yenes accessible for recombination
independent of transcription.

The next step is to produce a pre-B cell that igressing both low levels of
surface and high levels of cytoplasnpicheavy chainsPre-B cells undergo light chain
gene recombination. Successful light chain generargement leads to BCR assembly

and replacement of tHéLs in the pre-BCR by Ig or Ig\. Finally, the light- chain genes



are rearranged and the cell, an immature B cefpiresses both light chains (L chains)
andp heavy chains (H chains) as surface IgM molecutendture B cell differentiates
within a few days into mature B cell and it has gkt IgD (8).

Both B and T cells undergo positive and negativiecsen in the primary lymphoid
organs. Positive selection requires signaling thhothe antigen receptor for the cell to
survive. Developing B cells are positively selecteden the pre-B receptor binds its
ligand. (Developing T cells are positively selecfedtheir ability to bind MHC as well
as peptide.) Negative selection means that bintbripe receptor results in cell death.
Both immature B and T cells are negatively seledfethey bind self antigen (8.9).
Development of T cells

T cell develops from bone marrow stem cells andt fh@genitors migrate to the
thymus at a very early stage where they matur8)(3n the thymus the immature T cell
undergoes several steps of receptor rearrangemendliferentiation of progenitors. T
cells have receptors specific for antigen. TheseIlreceptors (TCR) are generated by
the rearrangement of germline genes. It occurshascells pass through the thymic
cortex.

The TCR consists of two chains, alpha and betaghwisi associated with the CD3
complex that signals to express CD4 and CD8. ThR §€nes consist of a variable (V)
gene segment, diversity (D) gene segment and aardn&C) gene segment, which are
encoded by separate exons. In the T&Céhain, D to J rearrangements precedes V to DJ
rearrangements. In tHECR a chain, gene rearrangements take place betweend\d an

gene segments.



The enormous diversity of TCR molecules, neededetmgnize a wide variety of
antigens, is generated via the rearrangement ajghe sequences.
TheRoleof thepre-TCR During T cell Development

During early T cell development, transition fronet8D48" to the CD48" stage
has been identified. This occurrence is controbbgdan immature form of thaBTCR,
which has been termed the mrBTCR. This complex consists of a T@Rhain, CD3
chains, and a newly identified protein which pawth the TCR chain in the absence of
the TCRx chain. This protein is called prexTThe pre-TCR is essential since it allows
cells bearing fully rearranged, in frame TRhains, to be selected away from cells
bearing non-functional TORrearrangements. This selection therefore allowsigal of
potentially useful cells and destruction of uselassls. Although the selection
mechanism is unclear, it is thought that succegsdiring of a fully rearranged in frame
TCRB chain with the pre-d chain signals the thymocyte to proliferate, expré®4 and
CD8 molecules, and initiate T@Rearrangements. Thus, successful pre-TCR selection
results in a large population of Ct84 thymocytes bearing in frame T@GRhains, which
can then be paired randomly with T&€Bhains, to form the immatusgd TCR collection.
Selection of thea and B T cell Receptor

The immature thymocytes agenerated in the thymic cortex, and subsequently
selected by the pre-TCR; the thymus then perfortessecond important function.
ImmatureaTCR andpTCR bearing CDZ" thymocytes are subject to two selection
processes, positive selection and negative seteddositive selection, allows those cells
that have the potential to recognise foreign pegtith association with self-MHC to

mature to functional T cells and negative selectemoves potentially dangerous T cells



that recognise self-peptides. Importantly, positre negative selection processes can
operate at the same time during development, doathlaymocyte can undergo negative
selection without first being positively select8dcells recognise antigen on presenting
cells presented in the context of MHC moleculess Important therefore that T cells are
able to recognise peptides bound by self MHC ansige order to function appropriately.

It is the cortical epithelial cells that impose piee selection on differentiating
thymocytes. It appears that thymocytes which conte tontact with and recognise
MHC/peptide complexes on the epithelial cells &lected or permitted to continue their
differentiation. Cells which fail to recognise MH@olecules on epithelial cells are not
selected and die by a death-by-neglect mechanisswmekkr, the process of negative
selection, which induces into apoptosis those &&ling potentially autoreactive TCRs,
also involves recognition of peptide/MHC complexesthe thymus, although it is
generally thought that this selection process idiated by dendritic cells. Nevertheless,
both positive and negative selection involve TCRdimng to peptide/MHC complexes in
the thymus, and it is still unclear how both evetds operate on CD& thymocytes
without cancelling each other out (9).
1.3 Transcriptional Regulation in Lymphocyte Development

It is well known that lymphocyte development or@gjies from hematopoietic
stem cells and goes through a series of growthd#fetentiation processes in the bone
marrow and thymus. In these processes a numbeartddription factors are involved in
controlling the specific action and timing of gearpression. The E2A transcription

factor is important during the initiation and pregsion of lymphocyte differentiation.

10



Accumulated evidence demonstrates that mammaliah tE2nscription factor has a
central role through the early B and T lymphocytgelopment (10).

For B cell, during development transcriptional regjon is aided by a complex
set of transcription factors. During the differation of B cell, Ig gene rearrangements
occur and at that time transcription factors plapaortant roles (11). In the pre-pro B
stage of the B cell XBP1 transcription factor ipessed which is important for exocrine
gland and skeletal development (12). Another trapson factor, early B cell factor
(EBF), is cruciafor the development of B lymphocytes. This protsirexpressed from
the earliest stages of B cell development until theture stage (13). STAT5 (Signal
transducers and activators of transcription) plkgg role in growth factor-mediated
intracellular signal transduction in B cell (148atos transcription factor helps to regulate
B lymphocyte differentiation (15). Researchers htowend that Gfil gene expression is
highest in early B cell subpopulation and is aldgtecentially expressed during T cell
development with peak levels at stages where pie-€&pression or positive/negative
selection take place. Gfil is absent in mature & ¢&6). OBF-1 proximal promoter is
crucial for activity in B cell (17).

During T cell development, transcriptional reguatis helped by a complex set
of transcription factors. From T-lineage specificatto peripheral T cell specialization
the roles of transcription factors are differendamportant in gene regulation. For
example, the functions of GATA-3, E2A/HEB, Id prioig c-Myb, TCF-1, and members
of the Runx, Ets, and lkaros families are crititB8). There are several transcription
factors which are expressed in different developgaiestages of the T cell. In pro-stage

of T-cell SCL- TAL (T cell acute lymphocyte leukeanl), LMO1 (LIM domain only 1),

11



LMO2 (LIM domain only 2), E2A and HEB transcriptidiactors are expressed (19).
Transcription factor Notchl is essential in T deleage commitment (20). PU.1 and
GATA-3 (GATA binding protein 3) are transcriptioradtors that are required for
development of T cell progenitors from the earlissages (21). The zinc finger

transcription factor Th-POK regulates CD4 versus3ADcell lineage commitment (22).

1.2. Importance of the Subject

To start transcription for a particular gene, onenore transcription factors have
to be bound to several specific binding sitéhese binding sites are located in the
regulatory region of the gene. A single transooiptfactor can be bound to multiple
binding sites but they must have similar length BiNA sequence pattern. These binding
sites are called as motifs. A motif is defined &ashort segment that occurs frequently
in a DNA sequence. Since the majority of the madifs unknown to us, our task is to
find such motifs. The discovery of motifs will allcthe biologist to understand the varied
and complex mechanisms that regulate gene expnessio

Currently computational tools are becoming increglyi useful in the explanation
of various mechanisms in the process of findingnetifs, which has traditionally been
studied by experimentation. Wet laboratory experitation consists of studying one
gene at a time although recent advances in miaparand chromatin
immunoprecipitation (ChIP) technologies have mad®ilable large data sets for
informatics analysis. Another impetus for compotal approaches has been the
explosion of annotated mammalian genomic data nows databases. Traditionally,
DNA sequences upstream of the expressed geneactaisy) and transcription factor

molecules binding to these DNA sequences (trarieggchave been explored. We are

12



applying computational methods to identify trangttonal control elements in the DNA

(promoters) of genes that may distinguish betwberdevelopment of B and T cells.

1.3. Knowledge Gap

Understanding gene regulation within lymphocyte elegment is one of the
major scientific challenges in the post-genome @éiathe transcriptional level short
segments of DNA occurring close to the start oleaeg known as TFBS or motifs, are
believed to be involved in initiating the procesgene regulation.

Researchers are trying to find out which of thegaiptional control elements are
active in B cell and T cell genes. They are alsting to find different transcriptional
control programs active at different developmeagss of B cells and T cells.

Computational tools can help to find transcriptior@ontrol elements in
lymphocyte development. These methods will take tese as compared to experiments
performed in laboratory. Although not all of thesealyses may identify biologically
meaningful transcriptional control elements invalvim lymphocyte development, we
hope that they will provide a guide for the expenital biologist to focus on certain

elements for biological validation.
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2. BACKGROUND

2.1. Related Research in the Field of Detection of Transcriptional Control Elements

Identifying how genes are regulated is one of theagchallenges of molecular
biology. Major advances in thesea are hoped for with the initiation of largeleaene
expression profilingtudies. Already many regulatory regions of genas the binding
sites of transcription factors have been biolodycetharacterized. Databases now provide
access to the weight matrices or consesgggiences that describe sites. Attempts are
also being mad& predict regulatory elements in non-coding gemolNA through

computational methods.

2.1.1 Experimental Methods

Chromatin Immunoprecipitation (ChlP) Experiments
Chromatin immunoprecipitation refers to a procedised to determine whether a
given protein binds to a specific DNA sequenceiuovDNA-binding proteins are cross

linked to DNA with formaldehyde in vivoChromatin is isolated and DNA bound to

protein is sheared into small fragments. Then adids specific to the DNA-binding
protein is used to isolate the complex by predigitaand the cross-linking is reversed to
release the DNA and digest proteins. PCR was useadhplify specific DNA sequences
to see if they had been precipitated with the aalyb It is a very slow process in finding
transcription factor binding sites because it datees one site at a time. For example
Tall/ SCL transcription factor binding site has medentified using the chromatin
immunoprecipitation method (23). The associatiormetal response element - binding
transcription factor-1 (MTF-1) on the metallothiamé promoter was examined using

chromatin immunoprecipitation (ChIP) method. Theuits demonstrated that c-fos is

14



rapidly recruited along with MTF-1 to metallothiond promoter in response to zinc or
cadmium (24).
The ChIP scanning strategy efficiently identifieddaocalized primary glucocorticoid

receptor (GR) target genes in vi{26). Another use of the chromatin immunoprcitation

(ChIP) method is the identification of MoKA, a Ndvie-Box protein that modulates
Kuppel-Like Transcription Factor 7 Activity (26[E2A target genes were identified by
using a gene tagging-based chromatin immunopratipit system in B lymphocyte

development (27).

Microarray Methods

PCR amplification along with microarray analysis e{pressed genes can be
employed to detect coordinately regulated geness@methods were used to examine
C3a and LPS mediated gene regulation in human cetist(HMC). PCR amplification
confirmed the microarray analysis of I13-Lp-regulation following C3a/LPS stimulation
in HMC-1 cells.The microarray analysis generated more informatiothis study and thus
more work will be needed to clarify the effects GBanulation has on mast cells (28).

Similar transcriptionally regulated genes can balyaed by highthroughput gene
expression profiling with  DNA microarray. Such tsanptionally regulated gene
expressions play an important role in myocardi&nodeling. Studies have been
performed on cardiac muscle gene expression @RA microarrays followed by a
computational strategy to identigpmmon promoter motifs that respond to insulin-like
growth factorl (IGF-1) stimulation in cardiac muscle cells. Thrsalysisshowed that the

Sp1l binding site is a likely target of IGFadtion (29).
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2.1.2. Computational Methodsin Transcriptional Regulation

Most of the recent computational approaches haveerb@erformance over older

methods. Motif finding algorithms are taking adwege of better bioinformatics

approaches. The identification of regulatory motgsimportant for the study of gene
regulation.

Several programs have been developed that hefatols for regulatory sequence motifs.

There are different computational methods that applied to search genomic
conserved motifs active in transcriptional regaati
Hidden Markov M odel

HMMER is an implementation of profile hidden Markowodel (HMM) methods
for sensitive database searches using multipleesegualignments as queries. There are
nine built-in functions available which help to quehe sequences in different ways.
Scientists have developed this approach to seaeclongic databases for conserved
motifs present in th@-defensin family using HMMER,, in combination withe basic
local alignment search tool, BLAST. This approadsvirst used to identify candidate
second-exon coding regions, and later applied ridirfig associated first exons. These
findings demonstrate an important proof-of-prineibr a genome-wide search strategy
to identify genes with conserved structural mati8).

The search engine MAPPER based on HMM is used dantification,
visualization and selection of putative TFBSs odagrin the promoter or other regions
of a gene from the human, mouse, fly, worm andtygaxsomes. They built 1,079 models
of TFBSs using experimentally determined sequetigaraents of sites provided by the

TRANSFAC and JASPAR databases and used them tosscprences of these species.

16



In addition it allows the user to upload a sequetoacguery and to build a model by
supplying a multiple sequence alignment of bindangs for a transcription factor of
interest. Due to its extensive database of mogegjerful search engine and flexible
interface, MAPPER represents an effective resofwceahe large-scale computational
analysis of transcriptional regulation. In sevecalses tested the method identified
correctly experimentally characterized sites, vgtter specificity and sensitivity than
other similar computational methods (31).
Motif Discovery Scan (M Dscan) M ethod

MDscan searches for DNA sequence motifs. It is usefind motifs in entire
genomes. MDscan adopts two strategies, word entiorer@nd position-specific weight
matrix to retrieve motifs. This is faster than salesstablished motif finding methods
like BioProspector. These programs examine a grougequences that may share
common regulatory motifs and output a list of pugatmotifs as position-specific
probability matrices, the individual sites usedctmstruct the motifs and the location of
each site on the input sequences (32). Researbbheesreported that using this method
25 significant motifs active in amino acid stareatiresponse have been predicted. The
25 motifs can be organized into 15 groups, 8 ofcWhiepresent previously known TF
motifs. Saccharomyces cerevisiae species was used in this research (33).
L ogistic Regression Models

NF-kB is an immune gene in the human genome that isriapt to understand
immune mechanisms and immune disease. By fittigislic regression models to the
promoters of 62 knowhF-kB-regulated immune genes, patterns of transcripgtator

binding in the promoters of genes with known immduection have been identified.
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These patterns were used to scan the promotedddicamal genes to find matches to the
patterns and selected those with f-binding sites conserved in the mouse or fly and
that are confirmed as NiB regulated immune genes based on expression [eiata
6400 identified promoters in the human genome, @8lpredicted NFB target immune

gene promoters, 19 of which regulganes with known function (34).
oPOSSUM

The oPOSSUM system is used for identifying overespnted TFBSs in sets of co-
expressed genes. This is based on web-based anafysver-represented transcription
factor binding sites. It combines a pre-computetdlazse of conserved TFBSs in human
and mouse promoters with statistical methods (35).

Multiple Expectation-M aximization for Motif Elicitation (MEME)

MEME is used for discovering motifs in a group efated DNA sequences. We
have used this software in this project. It is dgsed in more detail in Section 3
(Material and Methods).

MEME software is used to analyze consensus seqsidnocghe ZAS family of
proteins. The ZAS family is composed of proteinat tiegulate transcription by means of
specific gene regulatory elements. Scientists pge@dhat the RSS aoes-acting DNA
motifs which are essential for V (D) J recombinatad antigen receptor genes. Due to its
specific binding affinity for RSS andB-like transcription enhancer motifs, they
hypothesize thatB DNA binding and recognition component (KRC) mayibvolved in
the regulation of V (D) J recombination. On theibad that hypothesis they analyzed

and obtained consensus sequence using MEME sof(@@)ye
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Gibbs Recursive Sampler

Gibbs Recursive Sampler is an algorithm used ta fmotifs from DNA
sequences. We have used this software in the prdjasic algorithm is discussed in
Section 3(Material and Methods).

Heat shock (HS) genes have been identifiedCaenorhabditis elegans. The
upstream regions for these genes were analyzedy womputational DNA pattern
recognition methods. Two potentiels-regulatory motifs werelentified. One of these
motifs (TTCTAGAA) was theDNA binding motif for the heat shock factor (HSF),
whereas thether (GGGTGTC) was previously unreported in therditure. Researchers
determined the significance of these motifs for H® genes usindifferent statistical
tests and parameters. Comparative sequanegysis of orthologous HS genes from
C. elegans and Caenorhabditis briggsae indicated that the identified DNA regulatory
motifs areconserved across related species. The role ofdbetified DNA sites in
regulation of HS genes was testedibyitro mutagenesief a green fluorescent protein
(GFP) reporter transgene drivdary the C.elegans hs{i6-2 promoter. DNA sites
corresponding tboth motifs are shown to play a significant rolethie up-regulatioof
the hsp-16-2 gene on HS. This is one of the extraordinary msain which a novel
regulatory element, identified using computatiom&thods is shown to be biologically
active. The contributionsf individual sites toward induction of transcrgation HS are
non-additive, which indicates interaction and cftazdk betweenthe sites, possibly

through the transcription factors (TFs) bindiodhesesites (37).
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2.2. Current Understanding of the Subject

Understanding how gene expression is regulatedesod the great challenges of
molecular biology. It can be expected that this barsolved with the initiation of gene
expression profiling studie®\lready many regulatory regions of genes and theibg
sites of transcription factors have been biolodycaharacterized. Databases provide
access to the weight matrices or conserseuences that describe sites. Different
datasets give easy ways to access transcriptiantdrg and provide information related
to transcription factors. Several bioinformaticstinoels are useful to find transcription
factor binding sites. Benefits of these methodstha¢ it takes less time over traditional

methods.

2.3. Resear ch Objective

Our goal is to analyze and identify biologically anengful transcriptional control
elements involved in lymphocyte development. Udiignformatics methods we hope to
provide a guide for the experimental biologist@ous on certain elements for biological
validation. This informatics approach to detecttranscriptional control elements may
be a resourceful and successful help to biologiaststhe progress of study of

transcriptional regulation that distinguishes B dnckll development.
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3. MATERIALSAND METHODS

3.1. Datafor the Project / Sample

We have employed three different datasets of semsercarrying potential
transcriptional control elements active in regulgtiranscriptional events in lymphocyte
development and one control dataset. The first seat@onsisted of 356 upstream
sequences of human immunoglobulin (Ig) and 242rapast sequences of T cell receptor
(TCR) genes (-1,000 to +10 with respect to TSSathlrases) collected from RefSeq
(38).The second dataset was collected from the riyakkea Promoter Database (EPD)
(39). From this database, promoter sequences wereved using keywords such as “B
cell”, “T cell” and “Lymphoid”. The EPD dataset csisted of 62 upstream sequences
from (-1000 to +50) including 24 specific for Bliceerms, 30 specific for T cell terms
and 15 for lymphoid. The third dataset is from r@&ray expression studies of up-
regulated genes in B and T cells. In the case @n@ T cells, there were 24 and 32
sequences (—1000 to +50 with respect to TSS) ragplcfrom the genes showing up-
regulated mRNA expression in the correspondingtgpk (40, 41). The final dataset is a
collection of human promoter sequences from Richdsers’ Lab, which has been
biologically validated (42).

These datasets are labeled as:

1) Ig, TCR (from REFSEQ)

2) EPD_B, EPD_T (From EPD)

3) Microarray_B, Microarray_T (From microarray egpsion studies)

4) Myers
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3.2. Software

In this project we utilized several software andovibased tools to analyze the
different datasets. EZ-Retrieve is a web-based fmoketrieving TFBS. Transcription
Element Search System (TESS) is also a web-enédubédb get consensus sequences of
transcription factors. Multiple Expectation-Maxiration for Motif Elicitation (MEME)
and Gibbs Motif Sampler software were used to geemtial regulatory motifs from
upstream sequence of B and T cell-specific gen&mgAwith these tools, we also used
various other software to analyze gene sequences.

EZ-Retrieve

The EZ-Retrieve tool is designed for retrievingy grarticular region of human
genome sequence from the NCBI database and anabtziesed sequences for TFBS as
they appear on the TRANSFAC database (43). Thisisomeb based, user friendly and
used for sequence retrieval. EZ-Retrieve is avklai the following web address:

http://www.cag.icph.org/bioinformatics.html

Transcription Element Search System (TESS)

TESS is a web tool for predicting TFBS in DNA seqees (44). It can identify
binding sites using site names or consensus stengspositional weight matrices from
the TRANSFAC, IMD, and CBIL-Gibbs Mat database. this project we used the
accession number of the TFBS to retrieve the causesequences. The articles referring
the corresponding TFBS can also be found using TE&Shave also used the TFBS to
find the information related to the target gened treir corresponding references from

this website.
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Multiple Expectation-Maximization for Motif Elicitation (MEME)

MEME is used for discovering motifs in a group refated DNA or protein
sequences. MEME is based on the Expectation-Maatimiz (EM) approach. EM
approach consists of two steps, expectation andimmzetion, which are repeated
consecutively. In expectation step, the column-tlymmn composition of the site is used
to estimate the probability of finding motif at apgsition in each of the sequence. The
maximization step uses the estimated probabilitynofif from the expectation step and
multiplies that with the background frequency oé ttemaining positions. At this point
the software calculates the likelihood, which tekkswhere motif matches positions A, B
or others in the sequence 1. Similarly for otheyusmces the process is repeated. The
expectation and maximization steps are repeatatthatproduct of probability of motif
and background is not constant (45).

MEME displays the occurrences (sites) of the motthe training set. Each site is
identified by the name of the sequence where itis;a¢he strand, and the position in the
sequence where the site begins. The occurrendls afiotif in the training set sequences
are shown with block diagrams. One diagram is pdrbr each sequence showing all the
occurrences of the motif in that sequence. Theesgzps are sorted by the lowest p-value
among all occurrences of the motif in a given seqae The position-specific scoring
matrix corresponding to the motif is printed foeusy database search programs such as
MAST. The motif itself is a position-specific prdibty matrix giving, for each position

in the pattern, the probabilities of each possibteer occurring there. The probability
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matrix is printed such that columns correspondhm letters in the alphabet and rows
correspond to the positions of the motif.

In our project in order to use the MEME softwavwee employed the SSH
software to connect to the AVIDD cluster on the WRBupercomputer (SP). We run the
MEME software on the AVIDD clusters. We transferrdte Fasta files of DNA
sequences from personal computer to SP using SBidllyFusing command line we
were able to run MEME on the various data sets.péfformed MEME on the data sets
namely, EPD_B, EPD_T and Microarray_B and Microgariig input in the Fasta file
format.

Command which we have used to run MEME was
memejob -maxsize 60000 —dna p4 —nmotifs 5 —mirvnéxw 50 Filename
In the command, maxsize indicates the maximumddizée which is 60,000 nucleotides,
nmotifs indicates the number of motifs, minw indesa minimum width of motif
sequence (6) and maxw indicates maximum width ofifn{60), and at the end the
filename is written.

In result output was obtained as five different ifsotvith gene sequences, along with
information content.
Gibbs Recur sive Sampler

The Gibbs Recursive Sampler (46) is a softwardauge for locating common
elements in collections of biopolymer sequenceds FBoftware allows us to identify
motifs from DNA sequences. This software is difféarécom the EM algorithm; it is
based on the Monte Carlo sampling algorithm. Tleeetwo steps which iterate many

times. In the first step, a random motif is chofem one sequence. In the second step,
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that sequence is aligned back and forth until tlegifnprobability to the background
probability is maximized in each left out sequentas will possibly provide a motif in
each of the left out sequences. We will chose a loeation for another motif and then
repeat steps one and two.

We run the Gibbs Recursive Sampler in UNIX in orgeobtain the result.
We entered the command as,
—Pbernoulli Promoter_EPD.txt 50 5 —n —0 promoterERD
where Promoter_EPD.txt is the input file in Fastarfat, 50 indicates the size of motif, 5
indicates number of motifs, -n indicates the nuitkosequence, -0 indicates the output
sequence and promoterEPD.dat indicates the namat it file.

We have performed Gibbs Recursive Sampler profmesdata sets, namely,
EPD B, EPD_Tand Microarray B and Microarray_T. In output, weabed one motif
for each dataset and for each motif a descriptidhenstart of sequence, end of sequence,
the sequence, and the probability of the motihimwm.
ClustalW

This software is used for multiple sequence aligntnof DNA or protein
sequences (47). It is used to calculate the alignsere of sequences. In this project we
used ClustalW to calculate the alignment scorehefrhotifs, which we retrieved from

MEME and Gibbs Recursive Sampler software.
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3.3. Procedure

The first step of the project is to isolate upmtnesequences of human and

mouse genes involved in B cell and T cell developime

TSS
—>

5 “Promoter’ intron 3
exon exon [

A

A

A

Figure 4. Upstream Sequences of a Genefor Analysis

We have employed four different datasets to idenfiFBS specific to
lymphocyte development.
3.3.1 Gibbs Sampler Identification of Motifsin Igand TCR Genes

Gibbs Recursive Sampler was performed on Ig and géfes obtained from
RefSeq. One predominant sequence was observedceomof the Ig and TCR genes.
3.3.2 Identification of TFBS Enriched in Igand TCR Genes

We performed EZ-Retrieve on the first dataset, Whi@as collected from RefSeq

(NCBI) on both Ig and TCR genes. The results olkthifrom EZ-Retrieve were the
different TFBS. We then performed EZ-Retrieve oe ttontrol Myers dataset, and
obtained the TFBS. Comparisons of the TFBS of Ig AG&R genes of RefSeq dataset
with the TFBS of Myers’ dataset were made. We kadbehe TFBS which were enriched
in TCR genes compared to the Myers’ dataset as fightlaese enriched in Ig genes
compared to the Myers’ dataset as Im. Similarly, laleeled the TFBS, which were

enriched in TCR genes, but not in Ig genes as B that are enriched in Ig genes, but
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not in TCR genes are called as A. When we comihieevarious lists of TFBS as Im U A
and Tm U B, we obtained a list of B specific TFB&daa list of T specific TFBS,
respectively as shown in Figure 5. This methodolsgshown in the flowchart in Figure

6.

TmUB

Figure5. Venn diagramsfor B and T cell specific TFBS. Im U A represents B specific
TFBS and Tm U B represent T specific TFBS.
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Izolate upstream sequences of
genes of interest from RefSeq Poal human promater data from

(1000 to +1 07 for T-cellz and B- Myers Lab
cellz

i i

Determine TFBES with EZ-Retrieve

et the et the
diff (B-cell - Myers data TFBE=) = Im diff (B-cell - T-cellz)] = A
and alzo get
diff (T-cell - Myers data TFE=) = Tm diff (T-cellz - B-cellz) - B TFBS

i i

Get A Ulm and B U Tm. These are union of TFBs specific for T-cells and B-cells

Figure 6. Flowchart of methodology for the identification of B and T cell specific
TFBS. Im, indicates the list of TFBS which are presantlg but not in the Myers
dataset. Tm indicates the list of TFBS which arespnt in TCR but not in the Myers
dataset. Similarly, A indicates list of TFBS whieahe found in Ig but not in TCR. B
indicates the list of TFBS which are found in TCR hot found in Ig.
3.3.3 Motif Discovery Using MEME and Gibbs Sampler on the EPD and
Microarray Datasets

We performed MEME on EPD_B and EPB_T of the EukfcyPromoter
Database (EPD) datasets and Microarray B and Mi@apal of microarray datasets
separately. We performed MEME on positive strand aegative strand. We arbitrarily
chose a MEME parameter of five motifs. The moti§sences returned from MEME

were then used as input to the EZ-Retrieve softwdi@s gave the corresponding TFBS

present in each motif sequence, which was retridvech MEME for both datasets.
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Similarly, we performed Gibbs Recursive Sampleboth datasets namely, EPD_B and

EPB_T of Eukaryotic Promoter Database (EPD) andd&icay B and Microarray T of

the microarray dataset, which resulted in one mséfluence for each dataset. We

proceeded to use this motif for EZ-Retrieve to eBS. We performed Gibbs Recursive

Sampler for positive and negative strands. We coetpaommon motifs identified by

the Gibbs Recursive Sampler and MEME software. mké&odology for this is shown in

the flowchart in Figure 7. We calculated alignmenbre of the motifs, which were

obtained from MEME and Gibbs Recursive Samplergi§itustal\W.

Petfarm E
on EPD

Poal promoter sequences fram

I -Retrieve
dataset

EPD (-1000 to +507 for genes of
interest for different datasets

|zolate upstream sequences of
genes of interest from RefSeq

(-1000 to +507 far T-cell
microarray and B-cell microarray

Perform MEME and Gibbs Motif Sampler to get matifs

Compare the comman genes
carrying these motifs betveen

MEME resultz and Gibbs results

Determine TFRIS with EZ-
Retrigwe for motifs from MEME
and Gibhs Matifs Sampler

Pertorm statistical analysis on

—— - frErjUEncy of EF-Retrieve to get

BSEAMSS ratio for EPD dataset

Perform statistical analysis on

Perform EZ-Retrieve
on microarray dataset

frequency of EX-Retrieve to et g
BESASE ratio for microarray

H-Mean clustering performed on both EPD and microarray datasets to classity
T-cell and B-cell genes

Figure 7. Flowchart showing the analysis of the EPD and microarray data
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3.3.4 Statistical Method (BSS/WSS)

This is a purely statistical method (48) which used to ascertain the
developmental distinction between B and T cell gelb&sed on normalized frequencies
of TFBS which are obtained from EZ-Retrieve for 8D B and EPD_T as well as
Microarray_B and Microarray_T datasets. Analysighen performed on the basis of
Between Sum of Squares (BSS) and Within Sum of gu@VSS) methods across the
two groups (B cell and T cell). For these normalifequencies of TFBS, BSS and WSS

were calculated across the two groups based oeghations given below.

BSS = (X —a)2n, +(\_(—a)2nj

WSS ={( X, = X)°+ (X, = X)*+...+ (X, =X} +H{(Y, = y)*+ (Y, = Y) 2+ .+ (Y, - )%

X =

(X Xy +Xg +-+X) §:(y1+y2+y3+---+yi)

n : n,

where ¥ and % ... X; is the normalized frequency of one group;and ¥ ... yj is the
normalized frequency of the other group.

;<and§/ are the average normalized frequency for eachpgaod nand nare number of
genes in each groups (B cell and T cell respediivel

A — (x+y)
a= 2

where ‘a’ is the sum of these two averages dividgdhe number of groups, that is it is
the average of averages. The number of groupsricase is 2, corresponding to B and T

cells.
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Once BSS and WSS are calculated the BSS/WSS fafiBBS among the two groups is
easily found. Similarly, for the microarray geneSB8WSS ratio can be calculated. For
bioinformatics study, we have used the TFBS witBSE5/WSS ratio above the cut-off
value of 0.05 for the EPD genes and above 0.54hfomicroarray genes. In the case of
the EPD group, there were nine TFBS above the #futaue. For the microarray
dataset, there were ten TFBS above the cut-offevalu

K-Means Clustering

One of the most commonly used clustering algorgherthe k-means clustering
technique (49)The idea behind this is to identify a group of gats from within the
entire data set, which are sufficiently ‘close’ ‘smmilar’ to each other. Closeness is
usually measured by some sort of distance; the owstmonly used being the Euclidean
distance.

K-means clustering was applied on the results kwhiee obtained from
statistical analysis of the normalized frequenofe$FBS. The data consisted of B and T
cell genes in each group. There were a total o AIRBSs in the EPD group and ten
TFBSs in the microarray group that were employecldssify the clusters.

EPCLUST is web-based software which allows a tgegnter their data file
and select various criteria, such as the type o$teling to perform and number of
clusters to output. In our case the number of elgsivas two, one for B cell and one for

T cell, so we could classify the groups into twastérs.
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4. RESULTS
In this section, the results from various predmctiand analysis methods related to
transcriptional control elements in lymphocyte (@& cells) are presented.
Gibbs Sampler on Ig and TCR Datasets
Two predominant pattern sequences were obtained thhe 356 Ig sequences and
242 TCR sequences using Gibbs Recursive Sampkraagn in Table 1. A biologically
validated TF binding site Oct-1 is found within theotif identified from the Ig genes

(shown as the sequence in bold in Table 1).

Lymphocyte  Pattern

B-cell (CITATGCAAAT(C/AIGIA)

T-cell (AIG)GTGACATCA

Table 1. Pattern search on B and T cell-specific genes

EZ-Retrieveon B cell and T cell Genes
We performed EZ-Retrieve (43) as discussed ini&@edtl on the Ig and

TCR genes datasets and obtained a list of TFBSal Bpecific and T cell specific after
comparing them with the EZ- Retrieve results of Mheers dataset. This list implies that
the TFBS enriched in TCR but not in the Ig and weesa. TFBS with low frequencies
are found in Ig but not in TCR and vice versa. &mmple B cell specific GATA-1 is not
found in TCR specific genes and TCR specific ci&taot found in Ig specific genes.
Higher probability TFBS are found in both TCR agd These results are shown in Table

2.
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B-cell Specific T-cell Specific

diff(B - T) diff(B - T)

Accession No. TFBs Accession No. TFBs
MO00075 GATA-1 M00041 CRE-BP
MO00161 Oct-1 MO000209 NF-Y
M00227 v-Myb MO0074 c-Ets-
MO00117 C/EBPDb MO00074 HFH-1
M00086 k-1 M00208 NF-kap
MO00051 NF-kap M00249 CHOP-C
M00221 SREBP- MO00156 RORalp
M00246 Egr-2 MOO0050 E2F
M00245 Egr-3 MO00146 HSF1
M00210 OCT-x

MO00033 p300

M00243 Egr-1

M00248 Oct-1

MO00059 YY1

MO00070 Tal-1b

Table 2. Comparison of TFBS of B and T cell-specific genes

Common Genesfrom MEME and Gibbs Recur sive Sampler

We have performed MEME and Gibbs Recursive Sampterthe different
datasets and find common genes carrying differeatifsn Common genes carrying
various motifs predicted by MEME and Gibbs Recwsisampler on the different
datasets have been tabulated in the Table 3. A euraob these genes have been
implicated in lymphocyte development.
From the Microarray T dataset, MEME and Gibbs Rswer Sampler identified one
motif as the same (MEME motif 1) where as from tWieroarray B dataset both
algorithms identified one motif (MEME motif 2) thatas same in the reverse direction

(one motif in + strand compared to second in nskya
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ItCommon Genesin

he different
datasets
[Microarray B
Gibbs IMEME Gene Name
X13450 X13450 Cd79a - B- cell antigen receptor complex
[M84756 IM84756 Ank1 - Ankyrin 1
AK010422 AK010422 [Hba-al - Hemoglobin alpha, adult chain
[BC063060 [BC063060 1Tall - T-cell acute lymphocytic leukemia
[BC006967 [BC006967 [Duspl - Dual specificity protein phosphats
1
[Microarray T
Gibbs IMEME
X70991 X70991 NAB2 - NGFI-A binding protein 2
BC022522 BC022522 CD200 antigen
BC006196 BC006196 TNFRSF9 - tumor necrosis factor receptof
superfamily, member 9
IAF064090 AF064090 TNFSF14 - tumor necrosis factor (ligand)
superfamily, member 14
[EPD B
Gibbs MEME
EP26038 EP26038 Hs IL-4 (BSF-1)
EP16056 EP16056 Hs renin
EP74540 EP74540 Hs CD79A
EPD_ T
Gibbs MEME
EP11142 EP11142 Hs IL-2 receptor P1
EP11143 EP11143 Hs IL-2 receptor P2

Table 3. Comparison of common genes carrying motifs identified by MEME and
Gibbsrecursive sampler

Se

The percentage of genes carrying various motits tae information content of

the MEME motifs for EPD genes are given in TabldHe information content diagram

provides an idea on which positions in the mot# arost highly conserved and it gives a
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measure of the usefulness of the motif for databaaeches. Information content is equal

to the log likelihood ratio divided by the numbéroacurrences times In (2).

B cell genes
Sites Per centage Information Content
Motif 1 12 50 41.3
Motif 2 20 83.3 17.3
Motif 3 9 37.5 46.1
Motif 4 7 29.1 41.7
Motif 5 7 29.1 43.0
T cell genes
Sites Per centage Information Content
Motif 1 12 40 35.0
Motif 2 13 43 31.4
Motif 3 7 23 50.7
Motif 4 5 16.6 65.5
Motif 5 7 23 46.5

Table 4. Proportion of conserved motifsin EPD target genes.

EZ-Retrieve Performed on MEME Motifs

We performed EZ Retrieve on all MEME motifs fronetdifferent datasets in
order to find TFBS and their location and directiom the motif. Figure 8 shows the
TFBS predicted by EZ-Retrieve in various MEME m&tiFor example, Figure 8A shows
Motif -2 from the Microarray_B dataset in which wé® TFBS are predicted. Three SRY
sites are in the positive direction. Two HFH-2 edniGATA-1, one GATA-2, one GATA-

3, one CdxA sites are in the negative strand.

35



Similarly, Figure 8B shows motif -3 from EPD_T inhigh six TFBS are
predicted. AP-1, CDP CR, CdxA TFBS are in the pesitirection and E47, AP-1 and
deltaE are in the negative stand.

Figure 8C shows motif -3 from Microarray_B in whisix TFBS are predicted.
One HFH-2, one SRY TFBS are in the positive dimttand two SRY, one TATA, and
one Pbx-1 are in the negative strand.

Finally, Figure 8D shows motif-4 EPD_B in which folFBS are predicted. One
Gfi-1, one AML-1a, one Oct-1 are in the positiveedtion and one CdxA site is in the

negative strand.
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SRY

—_——»  SRY
SRY

5' ACACAGAAAAACCCTATCTCAAAAAAAAAAAAAAAAACAAAAAAAAGAAA 3
—

— ™
GATA-3

-—
CdxA HFH-2
GATA-2

GATA- HFH-2
-—

GATA-1

—
GATAA

A. Microarray_B Motif 2

AP-1
_—
CdxA
CDP CR

—_—
S'CCTTTCTGATTCATCCCAGGTGGACACAGCTGCCTCCTAAGGACGTT 3
+—

AP-1

-

E47
‘+——

deltaE

B. EPD_T Motif 3

HFH-2 il

» »

SUTTTTITTITGTTTTTTTTATTGAAACAAGGTCTTGCTATTT 3

Pbx-1
—
—

TATA
SRY

SRY

C. Microarray_B Motif 3

—_— Gfi-1

»

5'CACAGGCCCTGGGGTAATAAATCACAGCACAGCCAA Y
—

CdxA

D.EPD_B Motif 4

Figure 8. Examples of motifs analyzed by EZ-Retrieve. The sites in the positive strand
are shown above and ones in the negative strangvliee motif sequence. Some of these
TFBS have been implicated as sites for binding imeaspecific TFs €g.., GATA,
deltak, E47, Oct-1) and maybe part of potentialdgically meaningful TCEs.
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Alignment Score

In order to look for identity between sequenceshmdifferent motifs obtained
from the MEME and Gibbs Recursive Sampler software used ClustalW for
alignments as discussed in Section Ill. The alignmscores between the Gibbs
Recursive Sampler motif and the different MEME rfsofire higher compared to those
obtained between MEME motifs aligned with each othéis indicates that MEME

motifs are distinct patterns as identified by tbé&ware.

Alignment Score for Gibbs and MEME Motifs
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N
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O Gibbs Motif Vs. MEME Motifl B Gibbs Motif Vs. MEME Motif2 O Gibbs Motif Vs. MEME Motif3
O Gibbs Motif Vs. MEME Motif4 B Gibbs Motif Vs. MEME Motif5

Figure 9. Pair-wise alignment between various motifs. ClustalW was employed to
align pairs of motif sequences identified by MEMEthwvtheir corresponding one
identified by Gibbs. ‘+’ indicates positive strarahd ‘-’ indicates negative strand
sequences (orientation)

When the different MEME motifs were aligned witlckabther, we did not notice
any significant sequence homology. When we compaigghment scores between

motifs from T cell EPD (+), we find Gibbs Motif .nd MEME Motif 1 alignment score
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to be high (150). The alignment scores for MEME &hdbs Recursive Sampler motifs

are shown in Figure 9.

4.1 Statistical Analysisto Distinguish B and T cell Genes

As discussed in Section Ill, we followed a stat@tiapproach to classify B and T
cell genes based on their TFBS frequencies. We raadiscriminate prediction, which
gave support to our hypothesis. We selected TFB8dan a threshold BSS/WSS ratio
of TFBS frequencies that could discriminate betwé#smn two groups (B cells and T
cells), for both the EPD and microarray datasets. N&d determined BSS and WSS by
using a statistical approach. After finding BSS &v8S we evaluated the BSS/WSS ratio
for both datasets. Then, we plotted a graph of B&S8Vs TFBS and identified a cut-off
value from this graph. For the EPD dataset, sughaph is shown in Figure 10 and the
cut-off value is 0.05. For the microarray data#et, graph of BSS/WS8s TFBS to find
the cut-off value is shown in Figure 11 and cutyaffue is 0.054.

The information related to the TFBS found above t-off value for EPD
dataset and microarray dataset are shown in T&blasl 6 respectively. In case of the
EPD dataset we have nine TFBS above the cut-offimmedse of the microarray dataset
we have ten TFBS. We have listed the descripti@5/MBVSS ratio, references and target

gene of the corresponding TFBS.
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Figure 10. BSS/WSS ratio of TFBS in the upstream regulatory sequences of EPD
genes
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Transcription | Description BSS/WSS References Target

Factor Site Gene

MZF1 MZF1 0.336610435% Morris J. F., Hromas R., Rhes Il | Zinc
F. J., Mol. Cell. Biol. 14:1786-1795finger
(1994). protein

Evi-1 ectopic viral| 0.152836062 Delwel R., Funabiki T., Kreider B. L Evi-1
integration site 1 Morishita K., Ihle J. N., Mol. Cell{ protein
encoded factor Biol. 13:4291-4300 (1993).

Mol Cell Biol. 1991 May;11(5):2665¢
74.
Perkins AS, Fishel R, Jenkins NA,
Copeland NG.

p300 p300 0.075223012 Rikitake Y., Moran E., MolellC| AdE1A
Biol. 12:2826-2836 (1992).
Rasti M, Grand RJ, Mymryk JS,
Gallimore PH, Turnell AS.

CREB CAMP- 0.060519545 Benbrook D. M., Jones N. C., NuclelTLV-I
responsive Acids Res. 22:1463-1469 (1994). 21-base-
element binding pair
protein Proc Natl Acad Sci U S A. 1992 Augrepeats

1;89(15):7070-4
Zhao LJ, Giam CZ.

HSF2 heat shock factgr0.060234668 Kroeger P. E., Morimoto R. |., MpIHSE
2 Cell. Biol. 14:7592-7603 (1994).

Sistonen L, Sarge KD, Phillips B,
Abravaya K, Morimoto RI.

v-ErbA viral homolog of| 0.055842813 Subauste J. S., Koenig R. J., J. Biol.
thyroid hormone Chem. 270:7957-7962 (1995)
receptor alphal

SRY sex-determining | 0.054697372 Pontiggia A., Rimini R., Harley V. R.,
region Y gene Goodfellow P. N., Lovell-Badge R|,
product Bianchi M. E., EMBO J. 13:6115-

6124 (1994).

Proc Natl Acad Sci U S A. 2003 Jun
10;100(12):7045-50. Epub 2003 May
22.

Harley VR, Layfield S, Mitchell CL,
Forwood JK, John AP, Briggs LJ,
McDowall SG, Jans DA.

Spl Stimulating 0.053412382 Gomez et al1998 BCL2
protein 1 Ghadially et al2005 CCL22

HNF-3b Hepatocyte 0.050798278 2002 Dec;38(3):229-34., Seike |NBUBR1
Nuclear Factof Gemma A, Hosoya Y, Hosomi Y,
3beta Okano T, Kurimoto F, Uematsu K

Takenaka K, Yoshimura A, Shibuy

M, Ui-Tei K, Kudoh S

Tableb. List of TFBS of EPD genes above the BSS/WSS threshold

4

1




BSS/WSS of TFBS

0.3

TFBS with BSS/WSS above 0.054 are
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Figure 11. BSS/WSS ratio of TFBS in the upstream regulatory sequences of
Microarray genes
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Transcription | Description BSS/WSS References Target
Factor Gene
Binding Site
Nkx-2. 0.255587454| 2002 Dec;38(3):229-34., Seike G&mma| BUBR1
A, Hosoya Y, Hosomi Y, Okano T,
Kurimoto F, Uematsu K, Takenaka K,
Yoshimura A, Shibuya M, Ui-Tei K, Kudoh
S.
GATA-1 GATA-binding | 0.226042137 | MEDLINE:93309433, Merika M., Orkin SGATA-1
factor 1 H., Mol. Cell. Biol. 13:3999-4010 (1993).
J Biol Chem. 2003 Nov 14;278(46):4562018.
Epub 2003 Aug 26.
Ghirlando R, Trainor CD.
C/EBP CCAAT/enhan | 0.220181319 | MEDLINE:91187609, Grange T., Roux|JGRU
cer binding Rigaud G., Pictet R., Nucleic Acids Res.
protein 19:131-139 (1991).
Nucleic Acids Res. 1991 Jan 11;19(1):131+9
Grange T, Roux J, Rigaud G, Pictet R.
AML-1a runt-factor 0.194237573 | Meyers S., Downing J. R., Hiebert S, WAML-
AML-1 Mol. Cell. Biol. 13:6336-6345 (1993). 1/ETO
Mol Cell Biol. 1993 Oct;13(10):6336-45.
Meyers S, Downing JR, Hiebert SW.
CdxA CdxA 0.170092927| MEDLINE:94232818 CdxA
Margalit Y., Yarus S., Shapira g,
Gruenbaum Y., Fainsod A. Nucleic Acids
Res. 21:4915-4922 (1993).
Nucleic Acids Res. 1993 Oct
25;21(21):4915-22.
Margalit Y, Yarus S, Shapira E, Gruenbaym
Y, Fainsod A.
GATA-2 GATA-binding | 0.110005343 | Merika M., Orkin S. H., Mol. Cell. BiglGATA-2
factor 2 13:3999-4010 (1993).
GATA-3 GATA-binding | 0.097416815 | Glimcher et al2000 GATA
factor 3
N-Myc N-Myc 0.092165944 | Alex R., Soezeri O., Mey&r, Dildrop R.,| Helix-1
Nucleic Acids Res. 20:2257-2263 (1992).
J Biol Chem. 1994 Jan 21;269(3):1785-93
Draeger LJ, Mullen GP.
IRF-1 interferon 0.08167044 Tanaka N., Kawakami T., Taniguchi T.].MdL12
regulatory Cell. Biol. 13:4531-4538 (1993)|,
factor 1 TRANSFAC Reports 1:0001 (1998).
Egr-2 Egr-2/Krox-20 | 0.054565406 | Swirnoff A. H., Milbrandt J., Mol. CelllL-2
early  growth Biol. 15:2275-2287 (1995).

response gen
product

11°)

J Biol Chem. 1998 Oct 9;273(41):26923-3

Decker EL, Skerka C, Zipfel PF.

Table®6. List of TFBS of Microarray genes above the BSS/WSS threshold
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We have performed k-means clustering on the EPDnaicdoarray datasets in
order to classify B cell and T cell genes in diffiet clusters using TFBS frequencies. We
set two as the input parameter for the number abtets in order to verify the
classification of two sets of genes — one B cedicdc and the other T cell specific. In
the first cluster there were forty-one genes anthasecond cluster there were thirteen
genes. Figuresl?2 and 13 show the first and sectustecs of EPD dataset genes,
respectively. In case of the microarray dataset,fitst cluster showed fifty- six genes
and the second cluster only one gene. These areseqed in Figures 14 15. The
clustering results, which we obtained, do not ¢fgd® and T cell groups efficiently. The
reason could be due to the poor discriminating payehe TFBS frequencies in the B

and T cell gene datasets to distinguish betweempgrée low BSS/WSS values).
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5. DISCUSSIONS

5. 1. Overview of Significant Findings

This study was undertaken to computationally arealyranscriptional control
elements and TFBS in lymphocyte development spadiyi in the expression of B cell
and T cell genes.

There were 356 B cells specific Ig and 242 T cgédfic upstream gene
sequences TCR collected from RefSeq. Two predorhipatterns were obtained from
the Ig sequences and the TCR sequences using Bédmhssive Sampler (Table 1). These
upstream sequences were isolated from regionshexriwith a large number of germline
variable (V) genes that are selectively recombineidre expression. We are not sure that
these are promoter sequences with in viramscriptional activities, but a biologically
validated TF binding site Oct-1 was found withie tinotif identified from the Ig genes.

B cell specific and T cell specific TFBS were datered using the EZ-Retrieve
software. We identified sets of non-overlappingell specific and T cell specific TFBS.
We found 15 such B cell specific TFBS and nine T ggecific TFBS (Table 2). These
results were arrived at by comparing EZ-Retrievedmted TFBS from Ig and TCR
genes with the EZ-Retrieve results of the Myersasiett TFBS that have high probability
of prediction are found in both TCR and Ig sequenelile comparing with the Myers
dataset. On the other hand, TFBS which have loveahility are found in B cell genes
but not in T cell genes and vice versa. The mupuatclusive TFBS in the B and T cell
specific datasets were derived by EZ-Retrieve so#vas shown in Section 3 (Figure 6).

As shown in Table 2, (A Union Im) is the same aard (B Union Tm) is the same as B
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which indicate that the B and T cell specific TFB& unique sets of transcriptional
control elements (TCEs) for these genes. Thesdtsasuply that it is highly probable
that B and T cells (at least at the level of Ig &®@R genes) employ these TFBS and the
corresponding TFs for lineage specific developnldraascriptional programs.

It is not necessary that we obtain one hundredepéage reliable results using
computational methods. In Table 2 (showing B arzell specific TFBS) we have Egr-2
and Egr-3 both of which are not specific for B aetbression (51) and Oct-1 is a very
common TFBS (50). p300 is not a DNA binding protdiat still we predict the
corresponding site to be a TFBS using EZ-RetriédllexB is found in both the B cell
and T cell specific groups with different accessiombers.

Using two different algorithms, we found a set ehgs with specific consensus
motifs and tried to find any common genes thatiedrthe same motifs in Gibbs
Recursive Sampler and MEME predictions. We fourad there were numerous common
genes carrying various motifs predicted by the adgorithms (Table 3). A number of
these genes have been implicated in lymphocytelol@vent.

The two different programs are based on differégdréhms. MEME is based on
the expectation maximization algorithm and GibbsuRsive Sampler is based on the
Monte Carlo algorithm (explained in Methodology)ertte our predictions of common
genes carrying the same motifs by the two methodicate that these genes are likely to
be involved in development of lymphocytes.

From the Microarray T dataset, MEME and Gibbs R&gerSampler identified

one motif (MEME motif 1) where as in the Microarrd/ dataset, both algorithms
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identified one motif (MEME motif 2) that was in tmeverse direction (one motif in ‘+’
strand compared to the second in ‘—'strand).

Identification of co-regulated genes and their TFBf& key steps toward
understanding transcriptional regulation. We penfed EZ-Retrieve on all motifs
obtained from MEME for the different datasets imlerto obtain the TFBS and their
locations and directions on motif, which could beldgically important.

EZ-Retrieve displays the TFBS predicted in the fpasistrands above the motif
sequence while negative strands are displayed be&ome of these TFBS have been
implicated as sites for binding immune specific TEg.., GATA, deltaE, E47, Oct-1)
and maybe part of potential biologically meaningftdnscriptional control elements
(TCESs).

The alignment score between the Gibbs Recursivepkammotifs and the
different MEME motifs are higher compared to thadgained between MEME motifs
aligned with each other. This indicates that MEMEtifs are distinct patterns identified
by the software. When the different MEME motifs weigned with each other, we did
not notice any significant sequence homology.

A statistical approach was implemented to idengifget of TFBS that could be
employed to provide separation of genes specifiekpression in B or T cells. For this
analysis, the frequencies of TFBS were used aditt@nce measure to separate the two
groups of genes. Then, we clustered these genbghtlist of these informative TFBS
as the metric for the clustering. We performed stagistical analysis and clustering on
the EPD and microarray gene data sets. Clusteraggperformed with two sets of TFBS

on each data set. The first TFBS set is above theft value retrieved from the
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BSS/WSS graph (statistical results) while the otwas randomly selected from below
the cut-off value in the BSS/WSS graph. It is expdcthat clustering which is
performed using the TFBS above the cut-off will whoetter separation between B and
T cell genes (in their respective clusters) as amagb to randomly selected TFBS below
the cut-off.

Separation takes place better with TFBS above titeft because of the high
BSS/WSS value associated with them. This indictitas the TFBS above the cut-off
have more distance between the sums of the sqoféBS of the two groups of genes.
This may cause better separation of B cell and IT ganes. The randomly selected
TFBS below the cut-off have low values of BSS/W¥His indicates that within the sum
of the squares is greater thus the TFBS frequentitse two groups of genes are closer
and therefore the separation between B and T ealég is not very good. We did not
good separation of the B and T cell-specific geinesither cluster (in both data sets)
with the “informative” TFBS (Figures 12 — 15). This probably due to the very low
BSS/WSS ratio thresholds (0.05 for EPD genes ad®40for microarray genes) that we
had to use for separating the “informative” TFB&nfirthe random ones.

We also performed MEME on randomly generated secpee of similar size to
our test sequences but we could not get any metiilise the E-values were high for
such sequences. This negative result on randonesegs confirms our motif prediction

results from the B and T cell specific datasets.
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5.2. Consideration of Findingsin Context to Current Knowledge

It is difficult to discover information that is hdén in a long sequence of DNA.
MEME and Gibbs Recursive Sampler software are gatocktrieving short sequences
called motifs. These motifs are very useful fordging transcriptional regulation.

If we have short sequence motifs, EZ-Retrieve carutilized to find transcriptional
control elements from these motifs. EZ-Retrievals® useful at locating where different
TFBS are present and their direction.

Statistical methods help to classify the differgraups of genes with the help of
K-means clustering.

Experimental methods for finding motifs or tranptional factor binding sites are
time consuming. However, bioinformatics methodsraoee useful at finding motifs and
TFBS. These methods are frequently applied on réiffie databases to find TFBS. In
addition to effective laboratory assays, variousipotational approaches for detection of
TFBS in promoter regions of co-expressed genes haea developed. Benefits of these

methods are that it takes less time and resourasti@ditional laboratory methods.
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6. CONCLUSIONS

Overview of Findings

We have used several computational methods inptiogct in order to analyze
and identify biologically meaningful transcriptidn@ontrol elements involved in
lymphocyte development. While performing computadilo approaches like MEME,
Gibbs recursive sampler, statistical analysis adelans clustering on different DNA
(promoter) sequences, we identify numerous biokdyicmeaningful transcriptional
control elements involved in lymphocyte developméittr example, from B cell and T
cell gene sequences, two predominant Gibbs pattmnences were obtained. Different
TFBS were obtained from EZ-Retrieve results forriél & cells and few of them are
biologically important. In the case of B-cell, spmally important are Oct-1 and GATA-
1. This informatics approach to detect transcriplocontrol elements may support the
biologist studying transcriptional regulation tligétinguishes B and T cell development.
Future Work

The future plan for this project is to perform &@atal analyses on the
significance of our prediction$his can be done by applying different statistroathods
on the results and predicting the relevance ofré¢iselt. Cross-validation is one of them,
which can help to analyze the results of differeattware and predict better results.
Another method is false positive prediction whi@ndelp to find the incorrect results
which are predicted by the software. By applyingeotconfidence measures we can
modify our results such as controlling the P-vadinel E-value, which may help to find

better motifs from the data sets.
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In future analyses, it may be worthwhile to remaepeat sequences (using
software such as RepeatMasker) before we run ostragm sequences through the
transcriptional control element prediction algamit This may improve the validity of
our prediction results even though some of thesmehts may actually reside and be

transcriptionally active within repeat sequences.
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8. APPENDI X

Notes

Promoter: Nucleotide sequence of DNA where the sigma facfoRNHA polymerase
binds during transcription.

Promoter region: Specific initiation site of DNA where the RNA polgrase enzyme
binds for transcription on the DNA.

RNA polymerase: An enzyme that catalyzes the formation of RNA mawtecules
from DNA.

Transcription: The synthesis of MRNA, rRNA, and tRNA from a DNAglate.
Transcriptional Factors (TFs): Eukaryotic proteins that bind to DNA and are
responsible for binding the correct RNA polymeratsetheir correct promoters; proteins
that bind DNA at a specific promoter site indeparijeof RNA polymerases.

T cell Receptor (TCR): A receptor on the surface of a T cell that in agg@mn with
either CD4 or CD8 is responsible for MHC-restrictettigen recognition; a heterodimer
of two polypeptide chains that are anchored to Theell membrane and contain
immunoglobulin-like constant domains and amino-ieahvariable domain.

T cel: T lymphocyte; lymphocyte cell that is differengdt in the thymus and is
important in cell-mediated immunity, as well astie modulation of antibody-mediated
immunity.

T helper cel (TH): A class of T cells withCD4 markers that enhance the activities of B
cells in antibody —mediated immunity; T lymphocytémt act as effector cells and

interact with other T cells, B cells and macroplsafgeactivate the immune response.
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T Suppressor cell (TS): A class of T cells that produce cytokines that dseprthe
activities of B cells in antibody-mediated immun#gd other T cells and macrophages in

cell mediated immunity.
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