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Abstract

Regulatory sequence elements provide important clues to understanding and predicting gene expression.
Although the binding sites for hundreds of transcription factors are known, there has been no systematic
attempt to incorporate this information in the annotation of the human genome. Cross species sequence
comparisons are critical to a meaningful annotation of regulatory elements since they generally reside in
conserved non-coding regions. To take advantage of the recently completed drafts of the mouse and human
genomes for annotating transcription factor binding sites, we developed SMASH, a computational pipeline that
identifies thousands of orthologous human/mouse proteins, maps them to genomic sequences, extracts and
compares upstream regions and annotates putative regulatory elements in conserved, non-coding, upstream
regions. Our current dataset consists of approximately 2500 human /mouse gene pairs. Transcription start sites
were estimated by mapping quasi-full length cDNA sequences. SMASH uses a novel probabilistic method to
identify putative conserved binding sites that takes into account the competition between transcription factors
for binding DNA. SMASH presents the results via a genome browser web interface which displays the predicted
regulatory information together with the current annotations for the human genome. Our results are validated
by comparison to previously published experimental data. SMASH results compare favorably to other existing
computational approaches.

1 Introduction

Genome annotation has so far been limited primarily to the identification and functional assignment of coding
regions (genes). Yet the genome also contains abundant sequence signals for gene regulation, which provide
important clues to predicting and interpreting the expression patterns of genes. In particular, transcription
factors recognize and bind certain sequence elements (binding sites, sequence motifs) in non-coding regions.
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Their presence at a given genomic locus (cis-regulatory sequence) controls the rate of transcription of proximal
genes. For vertebrates, hundreds of transcription factors are known, and the cognate motifs of roughly 150
factors have been estimated by Wingender et al. (2001) from thousands of available instances. Cross-species
comparisons are key for predicting functional binding sites since conserved non-coding regions are highly
likely to contain the regulatory sites (Hardison et al., 1997; Wasserman et al., 2000; Loots et al., 2000). With
the availability of genomic sequences for multiple eukaryotic species, it becomes feasible to start annotating
non-coding sequences in terms of binding sites for known transcription factors.

Here we describe SMASH (Sequence Motif Annotation based on Sequence Homology), a fully automated
procedure which operates on protein, cDNA and genomic sequences, and on sequence motifs for known tran-
scription factors. We apply SMASH to human and mouse data. Using the RefSeq database of human and
mouse protein and cDNA sequences, the public assemblies of the human and mouse genomes, and the TRANS-
FAC database of transcription factor binding sites, SMASH

e identifies thousands of pairs of orthologous human and mouse genes,
e maps them unambiguously to the corresponding genome,

e estimates transcription starts,

e identifies conserved non-coding regions,

e predicts binding sites for known transcription factors in conserved non-coding regions proximal to tran-
scription start.

e generates annotation information which is integrated into a genome annotation system available over the
web (http://hal.rockefeller.edu/Smash).

The entire system serves as a starting point for genome-wide characterization of gene regulatory interactions.
Our methods differ from existing approaches (Loots et al. (2002), Jegga et al. (2002), Dieterich et al. (2002),
Boris Lenhard, personal communication) by several key aspects. We have automated the entire procedure,
from inferring orthologous proteins to reporting upstream regulatory elements. We attempt to automatically
identify transcription start sites from full length cDNA’s. Our method of extracting conserved sequences is
flexible and can accept output from any of a number of local alignment algorithms; in particular, a global
alignment is not needed. We have implemented a novel probabilistic method of simultaneously searching for
binding sites for several transcription factors. The algorithm models the competition of several transcription
factors (weight matrices) for a stretch of DNA. This approach should better reflect the biochemistry of protein-
DNA interactions than approaches treating the factors independently. Finally, we have incorporated and made
available the results via the web using the Generic Genome Browser, which integrates our output the currently
available public annotation for the human genome.

Characterization of regulatory sequences in the genomes of vertebrates is a complex task for the following
reasons. The length of regions in which regulatory motifs are usually found is large, typically tens of kilobases
per gene, while the length of transcription factor binding sites is small, on the order of a dozen bases. Combined
with the “fuzzy” (degenerate) nature of most binding sites this usually leads to a very high number of false
positives. To enhance the likelihood of identifying functional binding sites, we focused the search on non-
coding regions which are conserved between human and mouse, and we used a species-specific model for
scoring regions which are not part of binding sites (background sequence).

A gene is typically regulated by transcription factors binding within a range of tens of kilobases upstream
and downstream from the transcription start (promoter). Since the transcription start sites of genes are difficult
to identify, and can be located far away from the more readily identifiable translation start, we restrict our
analysis to genes for which a sufficient length of 5’ untranslated region is contained in the cDNA. This enhances
the likelihood of correctly identifying the first (possibly non-coding) exon and, therefore, transcription start.
With this approach we have estimated transcription start sites for more than 2500 genes. Several large scale
projects for sequencing full length ¢cDNA are under way, and data for a large fraction of the remainder of
human/mouse genes will be available in the near future. Thus, it will be possible to analyze the majority of
human/mouse genes using this method.

Finally, and perhaps most importantly, transcriptional regulation in multicellular eukaryotes is thought to
be largely combinatorial: multiple transcription factors frequently bind in spatial proximity, and the rate of
transcription of the gene they control depends on the concentrations of the different factors (Xanthopoulos
et al., 1991; Arnone et al., 1997; Ptashne and Gann, 1999). Rather than scanning the conserved non-coding
regions with one weight matrix at a time, we base our predictions on a probabilistic simultaneous fit of
conserved sequences to sets of weight matrices. The weight matrix (Berg and von Hippel, 1987) is a surrogate
for the energetic preference of a transcription factor for a particular sequence, and our algorithm models the



competition of several factors and their binding energies for a stretch of DNA. We furthermore used non-
conserved regions to build an empirical model of the compositional biases expected in non-coding DNA, which
we specifically take into account in scoring.

2 Results

2.1 Extraction of orthologous gene pairs

Starting with 15,310 human and 8,578 mouse proteins from the RefSeq (June 2002 release), we performed
pairwise protein sequence comparisons using the BLAST algorithm, and extracted pairs of sequences which
were each other’s best match, with each member of the pair being covered at least 70% of its length by
matches. This procedure identified 5,346 putative orthologous protein pairs.

2.2 Transcription start site approximation

The review process behind the RefSeq database includes sequence extension when more data becomes available.
However, cDNA sequences deposited in Genbank are rarely full-length. 9% of RefSeq sequences have no
5UTR. Large-scale efforts to trap and sequence full-length mRNA sequences are currently under way (Suzuki
et al., 1997; Riken Phase II Team and Fantom Consortium, 2001). When we compare the length of the
5’UTR between RefSeq sequences and a set of 954 full-length human ¢cDNA sequences (Suzuki et al., 2000),
we find that a higher proportion of RefSeq sequences have UTR lengths lower than 55-60 nucleotides. This
indicates that such RefSeq sequences are most probably incomplete and we decided to only use sequence pairs
in which at least one one of the human or mouse cDNA’s has a 5’'UTR length of at least 55 nucleotides. This
reduces our dataset to 4,380 pairs of orthologous genes. Stringent mapping of these pairs (see 4.2) to the
corresponding genomes yields 2,577 pairs of orthologous genes for which we analyzed upstream regions. Our
mapping of the human RefSeq sequences was similar to the mapping obtained by the Human Genome Project
(http://genome.ucsc.edu). Inspection of the annotations of these orthologous pairs indicates that they are
indeed true orthologs. To anchor the transcription start site in both species, we extracted 100kb upstream of
the translation start of each of the two orthologous genes, and we aligned these upstream sequences to each
other using the BLAST algorithm (section 4.2). The 5" untranslated regions map somewhere within the 100kb
region upstream of translation start. We used the genome mapping coordinates of the 5’ untranslated regions
to identify the 5’-most ¢cDNA nucleotide aligned from either species. This position was considered to be the
transcription start site.

2.3 Extraction of conserved non-coding regions

Upstream regions were aligned using the BLAST algorithm with a permissive scoring scheme (word size W = 7,
mismatch penalty ¢ = —2) to extract regions with lower conservation level than that expected in the coding
regions (for which BLAST has been optimized). We then chained the local alignments as described in section
4.3. This chaining resolves conflicts between overlapping local alignments and defines blocks of conserved,
syntenic genomic regions from which we extracted conserved non-coding regions. These are genomic regions
conserved between human and mouse, situated between the apparent transcription start and either the start
of another gene, or the start of a gap in the assembly of the human genome. The annotation of the human
genome using RefSeq transcripts, provided by the Human Genome Sequencing Consortium, was used as the
basis for identifying the location of upstream genes.

90% of the conserved non-coding regions are between 19 and 240 nucleotides long. The percent identity
in these regions ranges between 44% and 100%, with a median of 85%. The median coverage of upstream
non-coding regions by conserved blocks is 7% of the length of the sequence (and the mean is 16%). This value
is comparable to that reported by Jareborg et al. (1999) using a different method, on a smaller dataset.

2.4 Identification of putative transcription factor binding sites

We used a set of 32 weight matrices from the TRANSFAC database (Wingender et al., 2001) including CEBPB,
CMYB, CREB, E2F, ER, Elkl, GR, HNF1la, HNF3b, HNF4, NFAT, NFxB, P53, SP1, SREBP1, SRF, and
STATx. These matrices were chosen based primarily on their quality and the amenability to experimental
testing. We also extracted the sequences between conserved blocks and we constructed empirical models for
the background, non-conserved human and mouse sequence. We applied our novel scoring method (section
4.5) to conserved non-coding sequences to predict putative binding sites and background regions. This method



takes into account the competition between transcription factors that bind to similar, overlapping sequence
motifs in the genome. In contrast to other methods that score each position in the genome independently, our
method has the virtue that it captures some aspects of the biochemistry of DNA-protein interactions. These
sites, together with information about their score and position relative to the transcription and translation
start in the human genome, are available over the web at http://hal.rockefeller.edu/Smash.

2.5 Validation of predicted binding sites

To validate our method for extracting conserved sequences and identifying binding sites we performed three
different tests (see below). The first test demonstrates that binding sites predicted by SMASH correlate
significantly with the experimentally known regulation of a test set of 11 genes. The data used in this test did
not include any information about the position of the binding sites in the genome. The second test indicates
that SMASH recovers the position of known functional binding sites with good specificity (fraction of true
positives among predictions). The third test shows that our novel probabilistic method of predicting binding
sites which takes into account the competition between factors, allows us to achieve a higher specificity than
other existing approaches.

2.5.1 First Test

We selected from the gene list in section 2.4 a test set of 11 genes which have been previously shown ex-
perimentally to be regulated by a total of 14 factors (Table 1). These include interferon-regulated factor 1,
hepatic nuclear factor 4, JunB, phosphoenol pyruvate carboxykinase, DNA damage-inducible gene GADD45,
and TNF receptor-associated factor. Then, for various probability levels we extracted all binding sites pre-
dicted by SMASH and counted how many of these sites correspond to factors known to regulate the genes
(Table 2). For example, at a probability level of 0.9 we predict 20 sites corresponding to factors known to reg-
ulate our 11 genes. These represent 36% of all predicted inputs for these genes (p-value=0.025). The number
of true positives is likely to be even higher because the experimental data are certainly not exhaustive. We
computed the significance of our results by sampling 1000 random subsets of 11 genes from our total dataset
and calculating the probability to obtain the same or better fraction of true positives among the total number
of predicted sites (R values in table 2) by chance (p-value). All our R values are significant at a level of at
least 0.05.

Table 1: Gene names and GI numbers with associated factors (dataset for test 1 (section 2.5.1)).

Gene name

‘ GI number ‘ Factors

Interferon-regulatory factor 1 4504720 | SP1, NFxkB, STAT

Hepatic nuclear factor 4 4504442 | HNF, CEBP, GR

Jun B 4504808 | ELK ', SRF, STAT ,NF-Y, SP1
Cytokine-inducible SH2-containing protein 19923410 | STAT

Phosphoenol pyruvate carboxy kinase 4505638 | HNF

Serum/GR-regulated kinase 20127540 | SRF, GR

Minichromosome maintenance deficient 5 6981191 | E2F

Growth arrest and DNA damage-inducible alpha 9790904 | OCT1, p53

Growth arrest and DNA damage-inducible beta 9945331 | STAT

TNF receptor associated factor 1 5032192 | NFxB

@ See references: Zhao et al. (2000); Chin et al. (1997); Zhan et al. (1993); Kastan et al. (1992) ® Jin et al. (2001); Takahashi
et al. (2001) ¢ Cassuto et al. (1997); Yanuka-Kashles et al. (1994); O’Brien et al. (1995) ¢ Schwenzer et al. (1999); Wang
et al. (1998); De Smaele et al. (2001) ¢ Ohtani et al. (1999); Ishida et al. (2001); Leone et al. (1998) / Coffer et al. (1995)
9 Hipskind et al. (1994); Kitabayashi et al. (1993) * Abdollahi et al. (1991); Thompson et al. (2000) ¢ Sims et al. (1993);
Yang et al. (2002); Rein et al. (1994) 7 Kraus et al. (1999) * Starr et al. (1997); Matsumoto et al. (1997); Mui et al. (1996)

! Bailly et al. (2001)



2.5.2 Second test

As an additional test we analyzed a set consisting of orthologous regulatory sequences for 14 human/mouse
genes for which 40 functional binding sites have been defined experimentally: skeletal muscle actin (Genbank
accession: AF182035), aldolase (X12447), alpha B crystallin (M28638), cardiac myosin heavy chain (U71441),
cEBP alpha (U34070), cdc2 (L06298), cholesterol 7-a-hydroxylase (L.13460), early growth response protein 1
(AJ243425), glucose-6-phosphatase (AF051355), leptin (U43589), lipoprotein lipase (M29549), creatin kinase
(M21487), retinoblastoma susceptibility gene (L11910), troponin I (L21905). This dataset together with
weight-matrices for a total of 14 factors was generously provided to us by Boris Lenhard et al (submitted).
The total sequence length analyzed is 49006 bases (roughly 25 K per species). The level of conservation, as
defined by our method, is relatively high (35%) compared to our average conservation of 16%. The reason
for this is that most of the test sequences come from locations close to the 5’ end of genes, where the level
of conservation is generally higher (data not shown). We found that 100% of the experimental sites reside in
conserved regions. We ran our probabilistic method of predicting binding sites (section 4.5) on (a) all single
sequences which contain at least one experimental site and (b) all conserved sequence pairs. As before, we
estimate the quality of our predictions in terms of the R, the fraction of correctly identified experimental sites
among all predicted site. The results are shown in Table 3. Our R values are larger by a factor of 2 — 5
compared to Lenhard et al (submitted).

For example, at a level of 0.1 probability for individual predicted binding sites we recover 23 (18) or 58%
(45%) of the experimental sites while predicting 4664 (1229) sites in single sequences (conserved sequences)
(R = 0.004,0.015). At this very high rate of recovery of known sites, on the average all of the sequences are
covered with predicted binding sites. Interestingly, not all of the 40 experimental sites are recovered which
may be due to the accuracy with which weight matrices reflect the sequence motifs to which the factors bind.
10 more binding sites could be recovered when substituting some of the weight matrices which did not recover
any experimental sites with weight matrices from TRANSFAC. Thus, a better definition of the weigh matrices
is likely to improve the rate at which true sites are recovered.

2.5.3 Third test

Following Loots et al. (2002), we used SMASH to analyze the cytokine gene cluster containing the genes for
IL-3, IL-4, IL-5, IL-13 and GMCSF genes (approximately 1 megabases in each species). We were able to map
15 known NFAT binding sites (Loots et al., 2002) to the current assemblies of the human and mouse genomes.
We found that although only 10% of the whole locus was conserved, 13 of the NFAT sites are located in
conserved regions, a result which is similar to that reported by Loots et al. (2002). The ratio of the number
of NFAT sites recovered by SMASH versus the total number of predicted NFAT sites is smaller than that in
Loots et al. (2002). For example, to predict 11 out of the 13 binding sites we make 266 predictions (4.1%
true positives), while 734 predictions are made in Loots et al. (2002) (1.5% true positives). This gives us 2.8
reduction in the rate of false positives. Interestingly, if we require that the predicted sites have at least 0.7
probability, we can further improve the sensitivity with which we recover experimental sites: we find 7 of the
13 known site, while making only 58 predictions. The difference seems largely due to the competition between
the transcription factors in our method because if we eliminate almost all of the 32 factors from our dataset
and keep only those used in (Loots et al., 2002), we arrive at results very similar to (Loots et al., 2002).

Probability Total With functional

threshold | predictions evidence Ratio | p value
0.1 1451 220 0.15 | <0.01
0.6 238 60 0.25 | <0.01
0.75 136 45 0.33 | < 0.005
0.9 55 20 0.36 | < 0.025
0.95 19 7 0.37 | <0.05

Table 2: SMASH performance (Sensitivity as a function of detection threshold) on genes with known regulation.



Single sequence Conserved sequence

Probability | total \ true \ R total \ true \ R
0.10 4664 23 | 0.004 | 1229 18 | 0.015
0.60 670 81 0.012 | 191 71 0.037
0.75 337 6| 0.018 | 106 71 0.067
0.90 115 21 0.017 39 2] 0.051
0.95 50 2| 0.040 25 2| 0.080

Table 3: Performance for both single sequence and conserved sequence algorithms (test 2, see 2.5.2).

2.6 Visualization tools

Although there are a number of browser systems which display a variety of information about the human
and mouse genome none of them offers transcription factor binding site annotations. And while there are
several works examining regulatory sequences they do not allow to view this information together with the
other genome annotations. To set up such a system we have have adapted Lincoln Stein’s Generic Genome
Browser (http://www.gmod.org) to display our cDNA mappings, conserved non-coding regions and computed
bindings sites superimposed on the publicly available annotation of the human genome. The results can be
viewed at http://hal.rockefeller.edu/Smash. Figure 1 shows a screenshot with the SMASH annotation
of the human interferon regulatory factor 1 locus. This website will be continually updated as more cDNA
sequence or annotation is made available and improved binding site scoring methods are developed. Finally,
our browser is the starting point for a web-based system, which will allow users to input their own cDNA
mapping and/or transcription factor information to view their results in the context of available annotations.

3 Discussion

Our ultimate goal is to develop SMASH into an interactive web-based tool where the user can specify the genes
and weight matrices (transcription factors) of interest to obtain predicted transcription factor binding sites.
The current paper presents the methods which we developed for this purpose. Special care was taken to design
a pipeline which (a) is not dependent on the specific local alignment method for detecting conserved sequences,
(b) is capable of identifying transcription starts by using sufficiently long cDNA’s, (c) takes the competition
between transcription factors into account, (d) incorporates the results into a standard annotation system,
accessible via a web browser. None of these features is available in other approaches. We have demonstrated
that for the prediction of binding sites, competition between transcription factors (c¢) results in much higher
rate of true positives when compared to existing approaches (section 2.5).

The number of genes which we can analyze (more than 2500 right now) will grow rapidly in the near
future as the number of available full length ¢cDNA will grow. A number of large scale full length ¢cDNA
sequencing projects are under way (Riken Phase II Team and Fantom Consortium, 2001; Suzuki et al., 2000).
It is also possible to use recent computational methods to detect promoter start sites (for example Davuluri
et al. (2001)) to increase the size of our dataset.

Our method of predicting binding sites assumes the presence of each factor in the cell. However, it is
straightforward to include information about the concentrations of the factors in the algorithm (Rajewsky
& Zavolan, in preparation). It would be most interesting to use microarray data to estimate transcription
factor concentrations in order to predict binding sites and thus regulatory inputs which are active under the
conditions of the experiment. Several other extensions are possible, for example one could use a probabilistic
algorithm to correlate the presence of sequence motifs with whole-genome expression data. These sequence
motifs could either be our annotated sites, or novel sequence motifs. Several studies have demonstrated the
power of such approaches (Holmes and Bruno, 2000; Bussemaker et al., 2001); however, no study so far has
also integrated cross-species comparisons.

We have used Lincoln Stein’s Generic Genome Browser as a framework for integrating our predictions
with curated or experimental annotation. This integration is extremely useful in assessing the validity and
relevance of the computational predictions. This system can be extended with new or updated information as
it becomes available and investigators can copy and customize it for their specific needs. In the future we will
add the interface necessary for user to input their own weight-matrices and interactively search for binding
sites.



It may be the case that for some factors the binding site is not well defined when considered alone but
only when it is placed in the context of surrounding binding sites. Obviously, SMASH can already be used to
look for the co-occurrence of certain conserved sites; however, it is also possible to use a probabilistic method
similar to that of Rajewsky et al. (2002) which searches directly for clusters of binding sites.

4 Methods

4.1 Identification of orthologous genes

Our protein sequence dataset consisted of the June 2002 release of the RefSeq database (Pruitt and Maglott,
2001). We reasoned that a preliminary computational analysis is required for promoting a sequence to RefSeq
provisional status, thus ensuring a minimal quality of the sequence data.

We used a sequence-based approach to identify orthologous genes. The mouse and human protein datasets
were reciprocally compared using the blastp program (Altschul et al., 1997) (using default parameters). For
each sequence, we extracted the best match in the other set and calculated the fraction of the protein length
involved in perfect matches with its best-matching partner. Pairs of proteins which were each other’s best
match, with at least 70% of both sequences being identically mapped, were considered to be orthologous.

4.2 Genome mapping and approximate identification of transcription start

By mapping full-length ¢cDNA sequences to the genome, we can improve the accuracy with which regions
upstream of the transcription start sites are identified. This is especially important for us since most of
the regulatory elements involved in transcription regulation are found within kilobases (kb) of the start of
transcription. However, full-length ¢cDNA sequences are only recently starting to become available, and the
cDNA sequences in GenBank have various degrees of completeness of the 5 UTR. We found that 5’UTR
lengths shorter than 55-60 nucleotides are more frequent among RefSeq sequences than among human full-
length cDNAs. Therefore, to approximate transcription starts from cDNA that may be incomplete, we require
that for each orthologous gene pair at least one cDNAs has a minimum of 55 nucleotides of 5’ untranslated
region (UTR). If the gene does indeed have a first non-coding exon, this UTR sequence allows us to anchor
the first exon to the genome.

We restricted ourselves to pairs of orthologs for which we have a correct and relatively complete mapping
to the genome in both species. This is because both the human and the mouse genome are not finished
and far from perfect. To speed up the mapping CDS and ¢cDNA sequences were mapped to the Santa Cruz
assembly of the human genome (April 2002 freeze) and the Whitehead assembly of the mouse genome, using
a combination of Megablast, BLAST and chaining. CDS sequences were mapped using Megablast, and the
local sequence alignments were chained, as described below, to extract approximate gene structures. For a
CDS sequence to be considered well mapped, over 90% of its length had to be involved in perfect matches
to the genome. Sequences which did not pass this filter were submitted to a more sensitive alignment, using
BLAST followed by chaining. The cDNA sequences were then aligned to the corresponding genomic loci using
a similar strategy. To ensure accurate identification of transcription and translation start sites, we required
that the cDNA alignment starts within at most 10 nucleotides from the start of the cDNA sequence, and that
the translation start site is found within the alignment of the cDNA to the genome. The resulting set of 2,577
orthologs was used in the analysis of upstream regions.

4.3 Chaining together regions of high similarity

The problem of “chaining” together regions of good local alignment has been discussed in detail by a number
of authors (Chao and Miller, 1995; Gusfield, 1997). We have implemented a version of the chaining algorithm
described in Gusfield (1997), as described below. Assume that we are given strings S and Ss which we want
to align to each other using some scoring scheme. Given any alignment, we can calculate its score under
the scoring scheme. The task is to find the alignment that maximizes the score. In some cases, such as
cDNA-to-genome or upstream region alignment, we are not interested in a global alignment of the two strings.
Within bounds, we do not believe that very short introns are more likely than long introns, or short insertion
elements more likely than longer ones. The kind of alignment algorithm that we want for these situations
identifies regions of good local alignment (for example exons), and combines them into a chain, such that the
relative position of these regions is identical between the two strings (for example genome and ¢cDNA), and
the combined score of this chain is maximal. The score for the chain is simply the sum of the scores of local
alignments which are part of the chain.



In our implementation chaining is done independently of the search for regions of good local alignment.
This allows us to use different modules for identifying these regions. For the purpose of this study, we used
the BLAST algorithm (Altschul et al., 1997) to obtain local alignments between sequence pairs. In BLAST
terminology, regions of good local alignment are called high scoring pairs (HSP). We use BLAST to extract the
set of high scoring pairs for strings .57 and S5. We then sort the HSP by orientation—we only allow fragments
that map in the same orientation to be chained together—and by their start position in one of the strings.
For each pair of HSP i and j, we determine whether HSP j can follow HSP ¢ in the chain. Let bZ-S1 and be
be the start coordinates of HSP ¢ in S7 and S5 respectively. Because we want to preserve the local order of
HSP between the two strings, HSP j can follow HSP ¢ in the chain if bfl < bfl(@zbis2 < b;%. In this case, we
say that that i is a parent of j and we calculate the contribution of HSP j to the score, if

1. j were to follow ¢ in the chain

2. j were to be the last HSP in the chain. We denote the contribution of HSP j to the score when it follows
HSP i by ¢j;. When HSP 7 and j do not overlap, this score reduces to the score of HSP j as given by
the local alignment algorithm. Denote this score by ~;.

Finally, we denote the set of parents of node ¢ by P;. We traverse the ordered list of HSP, and, for each HSP
i, we calculate the maximum score that could be obtained in a chain that ends with HSP 4 (y;): if ¢ does not
have any parents, then jp; = ;, otherwise p; = max;ep, ptj + ¢;5. To get the chain, we trace back from the
HSP with the highest score.

4.4 Extraction of conserved non-coding regions

We used the translation start to anchor the alignments, and then identified the putative transcription start
as the pair of nucleotides situated farthest upstream of translation start, with one of the nucleotides in the
pair being part of the human or mouse cDNA sequence. Regions of good local alignment were obtained using
BLAST, with a parameter setting that allows identification of short regions of moderate similarity (wordsize
W =7 and mismatch penalty ¢ = —2). The local alignments were chained as described in section 4.3.

RefSeq sequence-to-genome mappings were used to identify coding regions in the human genome. Only
conserved upstream regions with no evidence of containing coding sequences were searched for transcription
factor binding sites.

4.5 Identification of putative transcription factor binding sites

We devised a novel algorithm to parse conserved upstream sequence (pairwise sequence alignments) into
putative binding sites and background sequence. We assume that the binding motifs are known. The output
consists of probabilities for each of the transcription factors in the input set to bind at every position in the
sequence. Following the BLAST terminology we call the local sequence alignments HSPs (high scoring pairs).
We work with a weight matrix model for binding sites: for each position i of the binding site there is a fixed
probability p;(b) to observe nucleotide b (Berg and von Hippel, 1987). The p;’s can be computed (including
pseudocounts) from a sample of N known binding sites simply by counting the number of occurrences n;(b) of
each base b at each position 7 in the alignment of binding sites via p;(b) = m]\(,?f. As a first approximation,
we regard every position in an HSP as either being part of a binding site or not. In the latter case we
refer to the nucleotide at that position as being generated by a background model. We had sufficient non-
conserved, inter-HSP sequence to construct a 6th order Markov model for the background. The use of a
higher-order background models has been shown to improve the detection of binding sites (Thijs et al., 2001).
We experimented with higher order (than 6th) models and found no substantial changes in our results.

Our goal is to parse the HSP’s into binding sites and background using a scoring scheme that allows us
to assign to each binding site a probability that its corresponding factor will indeed bind at that position.
Let W be the set of weight matrices for the transcription factors that we consider with their associated
probabilities p'V4 and lengths o(W;). Let us consider an HSP composed of human/mouse sequences s and
sM | respectively. The likelihood that the subsequence of length o(W;) starting at position 4 in the human
sequence,

sti. .. (i4 a(W;) —1)] (1)



(ie, a string from position ¢ to i + o(W;) — 1) is a binding site for transcription factor j is

i+o(W;)—1
P i i+ oW) -] W)= [ »pruG"H) (2)
k=1

A similar expression describes the likelihood that subsequence sM[i. .. (i + o(W;) — 1)] of the mouse sequence
is a binding site for the transcription factor j. The maximum over the positive and negative strand of the
average of these two probabilities is the score S} at position ¢ for weight matrix j. Similarly, we take the score
of position i under the background model B¥ and BM to be SB = (P(s[i] | BH¥) + P(sM[i] | BM))/2. A
sequence alignment is parsed into binding sites and background. The likelihood of each parse is the product
of the likelihoods of all binding sites and background regions in the parse. The sum of the likelihood over all
parses is the partition function, Z(1, L),

Z(,L)= Y XL:SZ?,

allparses i=1

where L is the length of the HSP, and the background is treated as a special weight matrix. The probability
that we have a binding site of type j starting at position ¢ in the HSP is
Z(1,i— 18 Z(i + o(W;), L)
Z(1,L) '

We then use a dynamic programming technique to compute the probability that the factor described by weight
matrix W; will bind at that position.
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Figure 1: Screenshot of SMASH annotation of the interferon regulatory factor locus.
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