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   *abstract
   Motivation: Alternative splicing is a major contributor to protein
   diversity. Despite its importance, our knowledge about mechanism and
   regulation is very limited. Although it is known that the regulation
   of alternative splicing is influenced by multiple factors most studies
   focus on analyzing individual enhancer or silencer.
   Results: In this paper, we use association rule mining to discover cis-regulatory
   motif groups that are associated with specific alternative splicing
   patterns in mouse. Many of the discovered motif candidates coincide
   with known splicing factor binding sites. Based on our observations we
   hypothesize that some cis-regulatory elements only affect alternative
   splicing in combination with other elements. Also, combinational
   motifs are close to the splice site while individual motifs are
   located at some distance from the splice site. From this observation,
   we guess that individual motifs have stronger signal of binding and
   can be located far from the splice site and can lead other splicing
   factor binding but splicesome.
   Contact: [email protected]
   Supplementary information: Supplementary data are available at
   http://statgen.ncsu.edu/~jihye/MotifARM.html
   1introduction
   =============
   Alternative splicing (AS, Fig. 1) plays an important role in the
   generation of protein diversity, and it can heavily affect subcellular
   localization, as well as processes such as transcription, signal
   transduction, etc. (Brudno 2001). AS is also involved in diseases such
   as familial isolated GH deficiency type II (IGHD II), Frasier
   syndrome, and myotonic dystrophy, see (Faustino and Cooper 2003,
   Garcia-Blanco 2004) for a detailed review. Recent studies estimate
   that up to 70% of human genes are alternatively spliced (Ladd and
   Cooper 2002), and this percentage might even increase if one takes
   into account that often AS events only occur in specific tissues, or
   developmental stages (Yeo 2004).
   The mechanism and regulation of splicing is a complex process,
   affected by multiple factors, such as splicing sites, exon size,
   trans-factors (e.g. SR proteins), and cis- regulatory motifs (Burge
   1999). Often, cis-regulatory motifs are found near the corresponding
   splice site (Akerman 2006), and they act as binding sites for
   trans-regulatory factors, or by forming loop structures on pre-mRNA
   (Yun and Harold 2005). According to their location and function one
   distinguishes exonic splicing enhancers, intronic splicing enhancers,
   exonic splicing silencers, and intronic splicing silencers.
   Yeo and colleagues (Yeo 2004) showed that cis-regulatory elements
   might influence the amount and the type of alternative splicing.
   Multiple studies have searched for splicing signals using experimental
   and computational methods (Fairbrother 2002, Zhang 2005, Famulok and
   Szostak 1993). Researchers have analyzed the frequencies of k-mers (k
   generally ranges from 5 to 10) in exon and intron regions neighboring
   splice sites (Brudno 2001, Yeo 2004, Fairbrother 2002). Other studies
   analyzed splice sites using Gibbs algorithm (Stamm 2000b), or used a
   support vector machine to identify regulatory elements (Zhang 2005).
   To the best of our knowledge, all of these studies focus on finding
   single regulatory elements in either exon or intron regions, and do
   not investigate combinations of elements in different gene regions.
   In this paper, we use association rule mining to discover combinations
   of exonic and intronic sequence motifs that influence AS pattern in
   different mouse tissues.
   
   Fig 1. Alternative splicing (exon skipping). Rectangles represent
   exons in the gene sequence. Two mRNA isoforms and corresponding
   proteins are generated. Exon 2 (marked in grey) can be either included
   or skipped.
   2methods
   ========
   2.1Datasets
   -----------
   There is an increasing amount of microarray experiments which profile
   alternative splicing events in multiple tissues. These experiments
   allow researchers to monitor the alternative splicing pattern of
   thousands of genes in parallel, and overcome many limitations of
   sequence based approaches. Pan’s group published such an experiment
   with 2647 mouse genes containing 3126 alternatively spliced cassette
   exons, as well as accompanying measures of their exclusion levels in
   ten tissues (Pan 2004). In this quantitative splice array experiment,
   Pan’s group used 6 different probes to measure the expression levels
   of two isoforms with or without the cassette exon. Probes were
   designed targeting the sequences on the splice junctions and within
   the exons. GenASAP (Generative model for the Alternative Splicing
   Array Platform), based on an unsupervised probability model, was used
   to estimate relative AS levels by Shai (Shai 2006). The value %ASex
   was defined as the ratio of the expression of the isoform without the
   cassette exon divided by the total expression of the two isoforms, so
   it describes the level of alternative exon exclusion in each tissue.
   Fig. 2 depicts %ASex values of BG072355 gene in 10 tissues.
   
   Fig 2. A. Probe design in Pan’s quantitative microarry platform. The
   dark grey rectangle represents alternatively skipped exon, light grey
   rectangles are up and downstream exons, six probes (C1, A, C2, C1-A,
   A-C2, C1-C2) are either within the exon or intron or on the boundary.
   B. %ASexes (exclusion levels) of BG072355 gene in 10 mouse tissues
   We reanalyzed this data set. Starting from the 3126 alternatively
   spliced cassette exons provided in (Pan 2004) we retrieved the
   corresponding whole-length transcripts from NCBI using GeneBank IDs
   (Benson 2006). We trimmed polyA tails using the trimest program from
   the EMBOSS package (Rice 2000), and mapped the transcripts onto the
   mouse genome (Build 36 v.1 released in May 2006) via BLAT (Kent 2002).
   Only transcripts which aligned with more than 95% identity over the
   whole transcript length were used for the following analysis. Each
   transcript might contain more than one partial match of the sequence
   (called blocks in BLAT), indicating potential exons. Blocks separated
   by less than 5bp were merged. We compared the original cassette exons
   and their neighboring constitutive exons with the corresponding set of
   blocks. Only genes where the exon borders differed by less than 5bp
   from the corresponding block borders were used for our study. Finally
   we retrieved 2565 gene sequences.
   2.2Association Rule Mining
   --------------------------
   The goal of association rule mining (ARM) is to discover interesting
   relationship or associations among a set of items (see Agrawal 1994).
   Let I = {i1, i2, …, im} be a set of items, and let D be a set of
   transactions, where each transaction T contains a subset of items in
   I. An association rule is described by the form X =>Y, where X ⊂ I, Y
   ⊂ I, and X ∩ Y = Ø. X is called the antecedent, (or left-hand-side),
   and Y is called the consequent (or right-hand-side) of the rule.
   Association rules are mined by two measurements. The support s of an
   itemset is the proportion of transactions in the dataset which contain
   the itemset. The confidence c of a rule X =>Y is the percentage of
   transactions in D containing X that also contain Y. Confidence can
   also be interpreted as an estimate of the conditional probability,
   P(Y|X).
   Given a user defined minimum support and confidence, the goal of
   association rule mining is to find all association rules that satisfy
   these thresholds. The task can be divided into two sub-problems:
     1. 
       Finding all frequent itemsets whose support is greater than a
       predetermined minimum support.
     2. 
       Generating all rules, based on frequent itemset, which have more
       than predetermined minimum confidence.
   To measure the strength of the dependence of the antecedent and
   consequent of a rule, we need another measurement; Lift or interest
   information of a rule X =>Y is defined as follows:
   
   (1)
   The lift value of an association rule is the ratio of the confidence
   of the rule over its expectation. Lift is a value between 0 and
   infinity, and represents the dependency between antecedent and
   consequent. The further this value differs from 1, the more the
   dependence. Lift values above 1 indicate positive dependence, while
   those below 1 indicate negative dependence. A lift value greater than
   1 indicates that the antecedent and the consequent appear more often
   together than expected, indicating that the occurrence of the
   antecedent has a positive effect on the occurrence of the consequent.
   The Apriori algorithm (Agrawal 1994) by R. Agrawal is a fundamental
   algorithm for association rule mining. Many ARM algorithms such as DHP
   (Park 1995), FDM (Cheung 1996), CD (Agrawal 1996), DD (Agrawal 1996),
   IDD (Han and Kumar 1997), HD (Han and Kumar 1997), and CCPD (Zaki
   1996) are based on the Apriori concept in combination with a hash tree
   or lattice. Starting by finding all frequent 1-itemsets (itemsets of
   size one), they then construct frequent 2-itemsets by combining
   frequent 1-itemsets. K-itemsets are then built from (k-1)-itemsets.
   Only frequent itemsets in the previous iteration are used to generate
   new candidate itemsets. The algorithm terminates when no new frequent
   itemsets are found.
   ARM can be applied to many problems in bioinformatics. Examples
   include co-occurrence of concepts in text mining (Narayanasamy 2004),
   discovering association rules in heterogeneous databases (Rahal 2005,
   Rodriguez 2005), and finding gene expression rules in microarray data
   (Creighton 2003, Becquet 2002, Ji 2004). In our context, ARM may
   suggest motif combinations that are involved in the regulation of
   tissue-specific alternative splicing.
   2.3Finding Hexamer Association Rules
   ------------------------------------
   We define seven regions around each alternatively spliced exon
   reported in Pan’s data set (Pan 2004), and counted the occurrence of
   all hexamers in these regions (see Fig. 3). Since it is assumed that
   the majority of cis-regulatory elements involved in splicing are found
   close to splice sites (Cooper 2001), we restrict our analysis to 200
   base pairs flanking the splice sites. We consider hexamers from
   different regions of a gene as different items, and combine them into
   a transaction.
   
   Fig 3. For each alternatively spliced exon (grey box) we define seven
   regions (1-7) in the corresponding genomic sequence. The hexamer
   composition of each region is analyzed separately, and the
   corresponding hexamer counts are stored in an occurrence table.
   We group the numeric %ASex values into four categories: TissueHigh,
   TissueMedium1, TissueMedium2, and TissueLow based on equi-depth bins
   (Han 2000) which represent the exon skipping rate in the different
   tissues. In this study we only focus on rules involving the extreme
   skipping rates TissueHigh, and TissueLow. Fig. 4 shows how we apply
   ARM to find frequent hexamers, frequent AS profiles, and their
   association rules. Although this Figure only shows one of the seven
   investigated regions, our algorithm uses hexamers from each region as
   independent items. We use the “apriori” algorithm of the R package
   “arules” to extract frequent itemsets and association rules (Hahsler
   2007). To find sequence motif combinations, we set the maximum itemset
   length to two. To find cluster of sequence motifs associated with
   tissue-specific AS, we restrict the occurrence of hexamers to the
   antecedent, and the %ASex value intervals to the consequent.
   
   Fig 4. A simple example of finding motif association rules. From five
   sequences, we have four frequent 3-mer sets and three frequent AS
   profile sets with 0.5 minimum support threshold. From these 4 frequent
   3-mer sets and 4 AS profile sets, we finally extract one rule
   satisfying 0.7 minimum confidence threshold. Association rule
   appearance is defined so that only AS profile item can be located in
   consequent.
   To find all frequent hexamers and their association rules Borgelt’s
   C-version apriori program (Borgelt 2003) is used, which carries out a
   breadth first search on the lattice and uses a prefix tree to organize
   the counters for the itemsets.
   2.4Significance of Association Rules
   ------------------------------------
   To compute statistically significant association rules we use a
   chi-square analysis (Brin 1997). As suggested by Brin and colleagues
   (Brin 1997), we use the lift value to define the dependence between
   antecedent and consequent of an association rule.
   Sergio Alvarez gave the following relationship between the chi-square
   statistic, and the values for support, confidence, and lift of a rule
   (see Alvarez 2003 for detail):
   
   (2)
   We use equation (2) to compute the relationship between support and
   confidence for fixed  and lift. For  =0.05 ( )
   with n=2565 mouse genes and lift=1.2. Following the approach described
   in (Alvarez 2003) we computed the corresponding values for the
   maximized support (=0.032) and the corresponding minimum confidence
   (=0.195). To accommodate for multiple comparisons, we compute the
   p-value of each rule, and report significant rules after Bonferroni
   adjustment (Bonferroni 1936).
   2.5Overlap Handling
   -------------------
   We noticed that the hexamer items of complex rules often overlap, and
   could be replaced by a single, longer sequence item. To identify such
   cases, we analyze the overlap and distance pattern of hexamer items
   involved in complex rules. If for an overlapping hexamer pair the
   thresholds for support and confidence are exceeded, we replace the
   hexamer pair by a single, larger sequence item and update the rule
   correspondingly.
   
   Fig 5. From the gene sequence and AS profile dataset, 6 association
   rules are generated by 0.6 minimum support and 0.6 minimum confidence.
   To check if a hexamer pair rule is a longer simple motif rule or a
   complex rule, supports of overlapping and non-overlapping hexamer
   pairs are computed. Both supports of hexamer pairs exceed the minimum
   support as well as minimum confidence. Overlapping hexamer pair rule
   {ATG, TGC} → BH, and non-overlapping hexamer pair rule {ATG, TGC} → HH
   exceed that threshold. Finally, we produce three simple and one
   complex association rules.
   3results
   ========
   We compute all association rules for minimum support = 0.032, minimum
   confidence = 0.195, and minimum lift = 1.2, and report all significant
   rules after Bonferroni correction. After overlap handling we obtained
   a total of 1260 single-hexamer association rules and 204 hexamer pair
   association rules. The entire set of association rules is available in
   the Supplementary Material.
   Table 1. Examples of motif association rules. The number after hexamer
   indicates a region on pre-mRNA sequence (Fig 3). P-values are less
   than Bonferroni corrected cutoff.
   Association rule
   Supp.
   Conf.
   Lift
   p-value
   TTTCTC(6),TTCTTT(3)→BrainLowQuan
   0.034
   0.391
   1.545
   1.05e-8
   TTTCTG(6)→HeartHighQuan
   0.169
   0.309
   1.246
   1.76e-13
   TTTCTG(6),CTTTCT(3)→HeartHighQuan
   0.033
   0.417
   1.678
   2.89e-11
   CCTGGG(2),TGTTTT(6)→HeartHighQuan
   0.036
   0.380
   1.532
   8.07e-9
   GGTGGG(2),TTTCTT(3)→HeartHighQuan
   0.034
   0.384
   1.545
   9.24e-9
   TTGTTT(5)→IntestineHighQuan
   0.172,
   0.304
   1.220
   1.92e-11
   TTTTAT(5),TTGTTT(5)→IntestineHighQuan
   0.044,
   0.360
   1.444
   1.59e-7
   GGTGGG(2),TTTTCT(3)→IntestineHighQuan
   0.034
   0.379
   1.523
   4.37e-8
   CTTCCC(2),TTTTCT(6)→KidneyLowQuan
   0.033
   0.400
   1.531
   5.83e-8
   TTTCCT(6),TGTTTT(3)→LiverLowQuan
   0.039
   0.434
   1.688
   6.66e-16
   CCTGGG(2),TGTTTT(6)→LiverHighQuan
   0.036
   0.370
   1.500
   7.63e-8
   GTAAGT(2),TTTTGT(6)→LungHighQuan
   0.033
   0.405
   1.625
   3.43e-11
   TGTCTT(6)→MuscleHighQuan
   0.159
   0.292
   1.204
   5.56e-9
   TTTGTT(3),TTCTTT(6)→MuscleLowQuan
   0.039
   0.374
   1.491
   4.16e-8
   GTGAGT(2),TGTTTT(6)→SalivaryLowQuan
   0.053
   0.378
   1.488
   1.01e-10
   CTTTTT(6),TTCTTT (3)→SalivaryLowQuan
   0.036
   0.391
   1.542
   4.51e-9
   GTGAGT(5),TCTTTT(6)→SpleenHighQuan
   0.033
   0.393
   1.587
   7.01e-10
   CTTCCC(2),TTTTCT(6)→TestisLowQuan
   0.033
   0.388
   1.518
   1.18e-7
   C
   
   Fig 6. Three types of motif or motif combination effect on exon
   skipping. (A) Only genes with both hexamers, CCTGGG(2), TGTTTT(6) show
   big different %ASex value from all or genes with only one hexamer. (B)
   A hexamer TTTCTG(6) increases %ASex in heart and cooperation with
   CTTTCT(3) increases more. (C) A hexamer TTGTTT(5) increases exon
   skipping in intestine, however, cooperation with TTCTCT(6) does not
   show difference from the average %ASex even though they together are a
   frequent hexamer set.
   omplex rules with two or more hexamers in the antecedent suggest a
   complex regulation of AS where multiple factors cooperate. We found
   204 complex association rules, of which 117 rules contain hexamer
   pairs from different regions of the pre-mRNA sequence. For example,
   the rule {CCTGGG(2), TGTTTT(6)} → HeartHighQuan indicates that the
   occurrence of TGTTTT in the downstream intron of the cassette exon,
   and the occurrence of CCTGGG in the upstream intron seem to be
   associated with an increased exon skipping rate in heart (Table 1).
   3.1Motif Combinations
   ---------------------
   For a given consequent Y there are three different types of
   antecedents:
     * 
       A complex antecedent {A, B}, where neither hexamer A nor hexamer B
       occurs in a simple rule. One might speculate that the motif pair
       {A, B} influences exon skipping only in combinatorial way. e.g.,
       CCTGGG in region 2 and TGTTTT in region 6 alone do not appear in
       simple rules but they appear together in a complex rule with
       consequent HeartHighQuan (Fig 6. (A)). We found 138 complex
       association rules with such a feature.
     * 
       A
       
       Fig 7. Distance distributions of (A) motifs from complex rules,
       (B) motifs from simple rules, and (C) random motifs. Motifs from
       complex rules are dense near the splice site while motifs from
       simple rules and random motifs are evenly distributed.
       complex antecedent {A, B}, where hexamer A and/or hexamer B also
       occur in a simple rule. For example, TTTCTG in region 6 appears in
       simple rules and a combination with CTTTCT in region 3 also
       appears in a complex rule with consequent HeartHighQuan (Fig 6
       (B)). We found 66 complex association rules with this feature.
     * 
       A simple antecedent {A}, where hexamer A only occurs in a simple
       rule. For example, TTGTTT in region 5 appears in a simple rule
       with consequent IntestineHighQuan but it is not shown any complex
       rule whose consequent is IntestineHighQuan (Fig 6 (C)). We found
       1194 simple association rules with this feature.
   Motif Position Distribution
   To assess if there is a difference between simple and complex rules,
   we analyzed the distribution of hexamer occurrences with respect to
   the location of splice sites. For each hexamer involved in an
   association rule we counted the number of occurrences which are
   less/more than 100 bp away from the adjacent splice site. We also
   prepared a background set of 200 randomly selected hexamers not
   involved in any rule. While hexamers from simple rules do not
   significantly differ from the background (p-value = 0.564 from
   t-test), hexamers from complex rules show a significant enrichment of
   occurrences close to the splice site (p-value    64% of the hexamer occurrences from complex rules are less than 100 bp
   away from the adjacent splice site, versus 49,5% for the background
   set. Fig 7 shows distributions of hexamer positions for complex and
   simple association rules as well as the background.
   4CONCLUSIONS AND DISCUSSIONS
   ============================
   We applied association rule mining to discover putative cis-regulatory
   motifs and motif pairs in alternatively spliced genes. We used the
   “apriori” algorithm to identify statistically significant association
   rules between frequent sequence motifs in exonic/intronic sequences
   flanking exon skipping events, and exon skipping levels. Association
   Rule Mining provides a convenient framework for the systematic
   investigation of sequence motifs involved in the regulation of AS. We
   found 1260 simple and 204 complex rules with statistically significant
   association to tissue specific AS events. Among the complex rules, 117
   rules contain hexamer pairs from different regions of the pre-mRNA
   sequence. Among the complex rules, 66 rules involve hexamers which
   also occur in simple rules, while 138 rules involve hexamer items not
   contained in any simple rule. An approach which only targets
   individual motif candidates would have overlooked these motifs.
   Surprisingly, we found a strong positional bias for sequence motifs
   involved in complex association rules, but not for motifs derived from
   simple rules. We hypothesize that different biological mechanisms
   might be involved in combinatorial regulation of AS.
   We assessed the overlap of our predictions with known AS regulatory
   sequence motifs stored in AEDB (Stamm 2000). Among all hexamers
   involved in simple and complex rules, 42% of the hexamers located in
   exonic regions, and 63% of the hexamers located in intronic regions
   overlap with enhancer/silcencer sequences from AEDB. This is
   significantly higher (p-value   for randomly selected hexamers (19% for exonic regions, 18% for
   intronic regions). We hypothesize that our results correspond to AS
   regulating factors. Our motif catalog provides a promising list of
   candidates for subsequent validation experiments.
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