MOTIF IDENTIFICATION NEURAL DESIGNFOR RAPID AND SENSITIVE PROTEIN FAMILY SEARCHCathy H. Wu, Hsi-Lien Chen, Chin-Ju Lo and Jerry W. McLartyDepartment of Epidemiology/BiomathematicsThe University of Texas Health Center at TylerTyler, TX 75710AbstractThe accelerated growth of the molecular sequencing data has generated a pressingneed for advanced sequence annotation tools. This paper reports a new method,termed MOTIFIND (Motif Identification Neural Design), for rapid and sensitiveprotein family identification. The method is extended from our previous geneclassification artificial neural system and employs two new designs to enhance thedetection of distant relationships. These include an n-gram term weighting algorithmfor extracting local motif patterns, and integrated neural networks for combiningglobal and local sequence information. The system has been tested with three proteinfamilies of electron transferases, namely cytochrome c, cytochrome b andflavodoxin, with a 100% sensitivity and more than 99.6% specificity. The accuracyof MOTIFIND is comparable to the BLAST database search method, but its speed ismore than 20 times faster. The system is much more robust than the PROSITEsearch which is based on simple signature patterns. MOTIFIND also comparesfavorably with the BLIMPS search of BLOCKS in detecting fragmentary sequenceslacking complete motif regions. The method has the potential to become a full-scaledatabase search and sequence analysis tool.IntroductionAs technology improves and molecular sequencing data accumulate nearlyexponentially, progress in the Human Genome Project will depend increasingly onthe development of advanced computational tools for rapid and accurate annotation ofgenomic sequences. Currently, a database search for sequence similarities is themost direct computational means of deciphering codes that connect molecularsequences with protein structure and function [Doolittle, 1990]. There are goodalgorithms and mature software for database search and sequence analysis [Gribskov& Devereux, 1991], which may be based on pair-wise comparisons between the query sequence and sequences in the molecular database. These methods range fromthe most sensitive, but computationally intensive, algorithms of dynamicprogramming [Needleman & Wunsch, 1970; Smith & Waterman, 1981] to relativelyrapid, but less sensitive, methods, such as FASTA [Pearson & Lipman, 1988] andBLAST [Altschul et al., 1990]. Alternatively, a database search may be based oninformation derived from a family of related proteins. This includes methods thatscreen for motif patterns such as those cataloged in the PROSITE database [Bairoch& Bucher, 1994], the Profile method [Gribskov et al., 1987], the hidden Markovmodel [Krogh et al., 1994], and the neural network classification method [Wu et al.,1992; Wu, 1995].As a database search tool, the family-based (classification) approach has twomajor advantages over the pair-wise comparison methods [Wu, 1993]: (1) speed,because the search time grows linearly with the number of sequence families, insteadof the number of sequence entries; and (2) sensitivity, because the search is based oninformation of a homologous family, instead of any sequence alone. In addition, theclassification approach provides automated family assignment and help organizingsecond generation databases from which related information can be readily extracted. With the accelerating growth of the molecular sequence databases, it is widelyrecognized that, database searching against gene/protein families or motifs is animportant strategy for efficient similarity searching [Altschul et al., 1994]. This isevidenced by the growing efforts in recent years for building second generation (orsecondary value-added) databases that contain domains, motifs or patterns. Someexamples include the SBASE protein domain library [Pongor et al., 1994], theBLOCKS database of aligned sequence segments [Henikoff & Henikoff, 1991], thePRINTS database of protein motif fingerprints [Attwood et al., 1994], and theProDom protein domain database [Sonnhammer & Kahn, 1994]. While severaldomain/motif databases are being compiled, itis important todevelop database searchmethods that fully utilize the conserved structural and functional informationembedded in those databases to enhance search sensitivity. In this paper we report anew method, termed MOTIFIND (Motif Identification Neural Design), for rapid andsensitive protein family identification, and compare it to the current state-of-the-artmethods of the BLAST database search, the PROSITE pattern search, and theBLIMPS search of BLOCKS [Wallace & Henikoff, 1992].MOTIFIND Design PrincipalsThere are two basic design concepts underlying the new search method: (i) afast one-step family identification that replaces pair-wise sequence comparisons of highcomputational cost; and (ii) the combination of global sequence similarity with

MOTIFIND for rapid and sensitive protein family identification. The sequence strings areconverted into to encode global sequence similarity and a term weighting method to extract motif information. Theinformationembedded individual three-layered, feed-forward, back-propagation network.accuracy. While we used the first design concept in our previous gene classificationto implement the second concept, an n-gram term weighting algorithmglobal (full-length) and local (motif) sequence information.As depicted in Figure the MOTIFIND search involves sequenceencoding step to convert protein sequences into neural network input and a certain insertion/deletion invariance, the encoding, each unit of the neural input vector represents an n-gramthus, the size of the input where m is the size of the alphabet anddifferent alphabet sets in the encoding, including the 20-letter amino acids and the sixemphasize the conservative replacement unique for the family.extract gram term with its weight factor. The weight factor is calculated by dividing the totaln-gram counts in all motif sequences (term frequency) with total n-gram counts in allfull-length sequences of the training set (inverse set frequency), as in:W� i where Wthe weight factor the k-th n-gram term in the input ikare total counts of the k-th n-gram term in the i-th sequence of the full-lengthequation illustrates n-gramtraining high term frequency, and unique (present in motif regions only) with high inverse setThe neural network classification employs threelayered, feed-forward, back-propagation networks [Wu etAsatechniquestudies involving sequence data analysis [Hirst & as proteinmultiple classification the inputdetermined particular concatenated andresulted to a vector size 24vectors were generated from contained counts of the n-gram terms from the full-length sequence, scaled between multiplied beforescaling.motif) for two classes (positive and negative sets). Other network parameters, whichwere derived from preliminary included: a hidden layer size randomweights a momentum term of architecture favor minimal architecture and interconnections) forits better generalization capability [Le et Due to the large number ofparameters interconnections) determined relative architecture may not be optimal generalization. The algorithm developed forto reduce the number neurons [Wu et 1995] will be evaluated forits suitability toMOTIFIND. Meanwhile, because of the large number of input units,instead bias units and their additional trained a constant bias termimplemented DECalpha workstation, using aprogram structure similar toGenCANS [Wu, The system software has three components: a preprocessor to create the training andprediction classification results.c,cytochrome and were used to test the system (Table The positiveset consisted of all sequences of the protein family studied, including those catalogedselected directly fromdatabase that protein family

Table 1. Data sets used for neural network training and prediction. Protein Prosite Motif Training Set Prediction Set Family Number Length1 #Positive#Negative #Positive#NegativeCytochrome C PS00190Cytochrome B PS00192Flavodoxin1[LIVMF]-R-x(2)-H-x(13)-H-x(6) (Cytochrome B); and x-(2)-[LIV]-[LIVFY]-[FY]x-[ST]-x(2)-[AG]-x-T-x(3)-A-x(2)-[LIV] (Flavodoxin). The training set for the neural network consisted of both positive (membersthe protein family) and negative (non-members) patterns at a ratio of Theratio arbitrarily, since the number of negative patterns had little effect onthe predictive accuracy as found in preliminary studies where ratios ranging from 1:1Approximately cataloged inPROSITE were chosen randomly as the positive training set ("T" sequences are thosetotal prediction SwissProtdatabase (Release 31.0), containing 43,470 sequences.full-length directly the n-gram weight factors were compiled pattern-matchingBLOCKS format [Henikoff & Henikoff, 1991].system performance was evaluated based on speed different eachquery sequence after network prediction, the neural network score and the probability(P) score. The P score was computed using a logistic regression function,hit/(1-Phita11223344where Phitis the probability of hit, a§1to §4are the regression parameters, and O1O234perceptron) logistic activation function implemented theA positive sequence is considered to be accurately predicted (i.e., true positive) ifand +M scores) are higher than certain pre-determined threshold values. Conversely,accurately either score lower than the Note that both neural network score program [Smith & Waterman, 1981; Pearson, to determine the overall network training sequences.The MOTIFIND results were compared to those obtainedwere selected for every method in order to optimize the sensitivity and specificity ofeach given As mentioned the prediction set the entire SwissProtcontaining database were identical PROSITE database(Release categorized (true positivecontaining signature), "N" (false negative containing degenerated motif not detectableby signature), "P" (false negative lacking motif region, mostly fragmentary), and "F"(false positive containing signature).October that adopted Sum statistics [Karlin & Altschul, The programobtained implemented on

DEC alpha workstation running on OSF/1 operating The same trainingMOTIFIND (Table database Thenegative set was included database entries BLAST search because it providedmuch better class separation for BLAST (results The program all default parameters. The result reported was based on the probability scoreof the first-hit pattern.training sets (containing only positive sequences) were sent directly tothe BLOCKMAKER E-Mail server (blockmaker@howards.fhcrc.org) individual search the prediction set with BLIMPS (version 2.2 A, May 1994) obtained from therespectively, for the cytochrome c, cytochrome b and flavodoxin families.Resultsprotein familiesThere are several factors that may affect the predictive accuracy a givensequence: the degree overall sequence similarity, the sequence the prevalence MOTIFIND capable of identifying not only full-length, closely related sequences,but also distantly related sequences, fragmentary sequences, and sequences of underrepresented groups within the family. Close inspection of sequence patterns revealsthat MOTIFIND can detect with high the distantly related sequence that has adegree overall sequence similarity, but a conserved motif Examplesinclude CYC4_PSEAE (31.8% identity in 85 aa overlap), CYCL_PARDE (26.5% inhave a MOTIFIND is in identifying fragmentary sequencescontaining FLAV_NOSSM fragmentary sequences that contain partial FLAW_AZOCH. Sequences belonging to under-represented also besignificantly

Table 2. Comparisons of the MOTIFIND and other search methods.Protein SearchCPU SensitivitySpecificityFamily MethodTime (%) True+(%) False+Cytochrome C MOTIFIND100.0099.61 BLAST100.0099.08 ProSite 99.46 BLIMPS98.49Cytochrome B MOTIFIND 1,452100.0099.95 BLAST100.0099.99 ProSite BLIMPS99.86Flavodoxin MOTIFIND 1,019100.0099.99 BLAST100.0099.95 ProSite 99.99 BLIMPS100.0099.991The time shown is the total required on a DEC alpha workstation toprocess the entire prediction set of 43,470 sequences.2The sensitivity is the percentage of true positives (True+) over the total number ofpositive patterns in the prediction Table 1). The specificity is 1 - thepercentage of false positives (False+) over the total number of negative patterns in theprediction set (Column 7, Table 1).database number of database sequences (training sequences). But ittook less than 25 minutesMOTIFIND, an average speed up of 20 times. MOTIFIND is better than BLAST forregions. The latter is seen in the case for cytochrome c family.MOTIFIND is much more sensitive than the PROSITE search, which is based on

PROSITE search fails to identify motif sequences that are not completely conserved,handling ambiguous motifMOTIFIND with the incorporation of global information.Furthermore, like PROSITE search, the number of false positives increases when theBLOCKS/motif the cytochrome Many falsesearch result.Discussionfamily identification tool, MOTIFIND networkscan be easily built and custom-tailored for specific families. Due to the small neuralnetwork size for each protein family, it is feasible to use MOTIFIND for both on-lineencoding and neural network are general, which allows easy expansion andresidues by using n-gram terms of different lengths, alphabet distances and theirsalient functional/structural patterns.Although still in its early development, MOTIFIND has the potential to become afull-scale DNA/RNA/protein database search and sequence analysis tool. Since moreentries (database size), the search time of MOTIFIND and other family-based searchmethods only increase with the number of gene families. The current system can beextended into a full-scale protein search tool by adopting the modular neural networkdesign of our protein classification system [Wu et al., 1995]. It can also be extended especially to identify the limits of the protein family size, if there is any. Afull-scale family identification tool would be especially important to help organize theever-growing molecular sequence databases according to family relationship.Acknowledgmentfrom the NationalReferencesAltschul, Miler, & Lipman, Basicsearching molecular sequence databases. Nature Genetics 6, 119-129.3583-3589.Evolution: Computer Analysis of Proteins and Nucleic Acid Sequences, Methodsin Enzymology, Vol F.Doolittle, Ed., Academic Detection distantly related 4358.& Automated assembly protein blocks and functionalApplications statistics multiple highscoring segments inmolecular Natl. Acad. Sci. 5877.biology:applications Neural Information Processing Systems 2. San Mateo, CA: Morgan Kaufman.search for similarities in the amino acid sequences of two proteins. J. Mol. Biol.,sequenceMurvai, Bevilacqua, V. (1994) The SBASE protein domain library, releasea collection annotated protein sequence 22,3610-3615.(1981) Comparison of Protein classification artificial neural system. Prot.Sci., 1, 667-677. Classification neural networks for rapid sequence annotation andautomated database organization. Comp. & Chem., 17, 219-227.Wu,& McLarty, full-scale protein sequence classification:Sequence encoding with singular valuedecomposition. Machine Learning, 21, 1-17.Enzymology: Computer Methods for Macromolecular Sequence Analysis", R. F.