Figure 4: Kinase emission en trop plot and distribution. ragmen ts. Journal of Molecular Biology 223 159-170. Ch urc hill, G. A. (1989) Sto hastic Mo dels for Heterogeneous DNA Sequences. Bul- letin of Mathematical Biology 51 1, 79-94. Hanks, S. K., Quinn, A. M. (1991) Protein Kinase Catalytic Domain Sequences Database: Iden ti�cation of Conserv ed eatures of Primary Structure and Classi�- cation of amily Mem ers. Metho ds in Enzymology 200 38-62. Haussler, D., Krogh, A., Mian, S. and Sjolander, K. (1992) Protein Mo deling using Hidden Mark Mo dels. Computer and Information Sciences ec hnical Rep ort (UCSC-CRL-92-93), Univ ersit of California, San ta Cruz. Hunk apiller, T. and Ho d, L. (1989) Div ersit of the Imm unoglobulin Gene Sup er- family Adv ances in Imm unology 44 1-63, Academic Press, Inc. Hun ter, T. (1987) Thousand and One Protein Kinases. Cell, 50 823-829. La wrence, C. E. and Reilly A. A. (1990) An Exp ectation Maximization (EM) Al- gorithm for the Iden ti�cation and Characterization of Common Sites in Unaligned Biop olymer Sequences. Proteins: Struct. unct. Genet., 41-51. Rabiner, L. R. (1989) utorial on Hidden Mark or Mo dels and Selected Applica- tions in Sp eec Recognition. Pro ceedings of the IEEE, 77 2, 257-286. Figure 3: Kinase alignmen of 12 represen tativ sequences. of the sequences in the family ha some sort of \header" (leader signal eptide) whereas the others do not. did not remo the headers prior to training and used the sequences as they ere giv en to us. The mo del as able to detect and accomo date these \headers" treating them as initial inserts as can seen from the alignmen of of the sequences. 4.2 KINASES Euk ary otic protein kinases constitute ery large family of proteins that regu- late the most basic of cellular pro cesses through phosphorylation. They ha een termed the \transistors" of the cell (Hun ter (1987)). ha used the sequences ailable in the kinase data base main tained at the Salk Institute. Our basic set consists of 224 sequences, with minim um length 156, erage length 287, and max- imal length 569. Only one sequence con taining sp ecial sym ol (X) as discarded. In one exp erimen t, trained mo del of length 287 using random subset of 150 kinase sequences. Figure displa ys the corresp onding alignmen for subset of 12 ph ylogenetically represen tativ sequences. These include serine/threonine, yrosine and dual sp eci�cit kinases from mammals, birds, fungi and retro viruses and herp es viruses. The ercen tage of iden tical residues within the kinase data sets ranges from 8-30%, suggesting that only those residues in olv ed in catalysis are conserv ed among these highly div ergen sequences. All the 12 haracteristic catalytic domains or sub domains describ ed in Hanks and Quinn (1991) are easily recognizable and mark ed. Additional highly conserv ed ositions can also ob- serv ed consisten with previously constructed ultiple alignmen ts. or instance, the initial ydrophobic consensus Gly-X-Gly-XX-Gly together with the Lys lo cated 15 or 20 residues do wnstream are part of the TP/GTP binding site. The carb xyl termin us is haracterized the presence of an in arian Arg residue. Conserv ed residues in pro ximit to the acceptor amino acid are found in the VIb (Asp), VI (Asp-Phe-Gly) and VI domains (Ala-Pro-Glu). In Figure 4, the en trop of the emission distribution of eac main state is plotted: motifs are easily detectable and corresp ond to ositions with ery lo en trop DISCUSSION HMMs are emerging as erful, adaptiv e, and mo dular to ol for computational biology Here, they ha een used, together with new learning algorithm, to mo del families of proteins. In all cases, the mo dels deriv ed capture all the imp ortan statistical prop erties of the families. Additional results and oten tial applications, suc as ph ylogenetic tree reconstruction, classi�cation, and sup erfamily mo deling, are discussed in Baldi et al. (1992). References Baldi, ., Chauvin, Y., Hunk apiller, T. and McClure, M. A. (1992) Adaptiv Al- gorithms for Mo deling and Analysis of Biological Primary Sequence Information. ec hnical Rep ort. Cardon, L. R. and Stormo, G. D. (1992) Exp ectation Maximization Algorithm for Iden tifying Protein-binding Sites with ariable Lengths from Unaligned DNA Figure 2: Imm unoglobulin alignmen t. Here, for �xed state ij and ij are the target transition and emission al- ues: ij ev ery time the transition is part of the Viterbi path of the corresp onding training sequence sequence and otherwise and similarly for ij After training, the mo del deriv ed can used for um er of tasks. First, computing for eac sequence its most lik ely path through the mo del using the Viterbi algorithm, ultiple sequences can aligned to eac other in time ), linear in the um er of sequences. The mo del can also used for classi�cation and data base searc hes. The lik eliho of an sequence (randomly generated or tak en from an data base) can calculated and compared to the lik eliho of the sequences in the family eing mo deled. Additional applications are discussed in Baldi et al. (1992). EXPERIMENTS AND RESUL TS The previous approac has een applied to um er of protein families including globins, imm unoglobulins, kinases, aspartic acid proteases and G-coupled receptor proteins. The �rst application and alignmen of the globin family using HMMs (trained with the Viterbi appro ximation of the Baum-W elc algorithm, and um- er of additional heuristics) as giv en Haussler et al. (1992). Here, brie y describ some of our results on the imm unoglobulin and the kinase families 4.1 IMMUNOGLOBULINS Imm unoglobulins or an tib dies are proteins pro duced cells that bind with sp eci�cit to foreign an tigens in order to neutralize them or target their destruction other e�ector cells (e.g., Hunk apiller Ho d, 1989). The set of sequences used in our exp erimen ts consists of imm unoglobulins region sequences from the Protein Iden ti�cation Resources (PIR) data base. It corresp onds to 294 sequences, with minim um length 90, erage length 117 and maxim um length 254. The ariation in length resulted from including an sequence with region, including those that also included signal or leader sequences, germline sequences that did not include the segmen t, and some that con tained the region as ell. Sev en seqences con tained one or more sp ecial haracters indicating an am biguous amino acid determination and ere remo ed. or the imm unoglobulins ariable regions, ha trained mo del of length 117 using random subset of 150 sequences. Figure displa ys the alignmen corre- sp onding to the �rst 20 sequences in this random subset. Letters emitted from the main states are upp er case and letters emitted from insertion states are lo er case. Dashes represen deletions or accomo date for insertions. As can observ ed, the algorithm has een able to detect all the main regions of highly conserv ed residues. Most imp ortan tly the cysteine residues to ards the eginning and the end resp on- sible for the disulphide onds whic holds the hains together are erfectly aligned and mark ed. The only exception is the �fth sequence from the ottom whic has serine residue in its terminal ortion. It is also imp ortan to remark that some Recen tly Hausssler et al. ha also indep enden tly applied their approac to the kinase family (Haussler, priv ate comm unication). Figure 1: The basic left-righ HMM arc hitecture. and are the start and end states. probabilities are then reset to the observ ed frequencies ij ij and ij ij (1) where ij and ij It is clear that this algorithm can lead to abrupt jumps in parameter space and that the pro cedure cannot used for on- line learning (after eac training example). This is ev en more so if, in order to sa some computations, the Viterbi appro ximation is used to estimate lik eliho ds and transition and emission statistics computing only the most lik ely paths as opp osed to the forw ard-bacw ard pro cedure where all ossible paths are examined. new algorithm for HMM learning whic is smo oth and can used on-line or in batc mo de, with or without the Viterbi appro ximation, can de�ned as follo ws. First, use Boltzmann-Gibbs represen tation for the parameters. or eac ij (resp. ij de�ne new parameter ij (resp. ij ij ij ik and ij ij ik (2) Normalisation constrain ts are naturally enforced this represen tation throughout learning with the added adv an tage that none of the parameters can reac the ab- sorbing alue 0. After computing on-line or in batc mo de the statistics ij and ij using the forw ard-bac kw ard pro cedure (or the usual Viterbi appro ximation), the up date equations are particularly simple and giv en ij ij ij and ij ij ij (3) where is the learning rate. In Baldi et al. (1992) pro of is giv en that this algorithm ust con erge to maxim um of the pro duct of the lik eliho ds of the training sequences. In the case of an on-line Viterbi appro ximation, the optimal path asso ciated with the curren training sequence is �rst computed. The up date equations are then giv en ij ij ij and ij ij ij (4) INTR ODUCTION Hidden Mark Mo dels (e.g., Rabiner, 1989) and the more general EM algorithm in statistics can applied to the mo deling and analysis of biological primary sequence information (Ch urc hill (1989), La wrence and Reilly (1990), Baldi et al. (1992), Cardon and Stormo (1992), Haussler et al. (1992)). Most notably as in sp eec recognition applications, family of ev olutionarily related sequences can view ed as consisting of di�eren utterances of the same protot ypical sequence resulting from common underlying HMM dynamics. mo del trained from family can then used for um er of tasks including ultiple alignmen ts and classi�cation. The ultiple alignmen is particularly imp ortan since it rev eals the highly conserv ed regions of the molecules with functional and structural signi�cance ev en in the absence of an tertiary information. The ultiple alignmen is also an essen tial to ol for prop er ph ylogenetic tree reconstruction and other imp ortan tasks. Go algorithms based on dynamic programming exist for the alignmen of sequences. Ho ev er they scale exp onen tially with the um er of sequences and the general ultiple alignmen problem is kno wn to NP-complete. Here, brie y presen new algorithm and its ariations for learning in HMMs and the results of some of the applications of this approac to new protein families. HMMs OR BIOLOGICAL PRIMAR SEQUENCES HMM is haracterized set of states, an alphab et of sym ols, probabilit transition matrix ij and probabilit emission matrix ij As in sp eec applications, are going to consider left-righ arc hitectures: once giv en state is left it can nev er visited again. Common kno wledge of ev olutionary mec hanisms suggests the hoice of three yp es of states (in addition to the start and to the end state): the main states :::; the delete states :::; +1 and the insert states :::; +1 is the length of the mo del whic is usually hosen equal to the erage length of the sequences in the family and, if needed, can adjusted in later stages. The details of ypical arc hitecture are giv en in Figure 1. The alphab et has letters in the case of DNA or RNA sequences, one sym ol er ucleotide, and 20 letters in the case of proteins, one sym ol er amino acid. Only the main and insert states emit letters, while the delete states are of course ute. The linear sequence of state transitions star ::: end is the bac kb one of the mo del and correp onds to the path asso ciated with the protot ypical sequence in the family under consideration. Insertions and deletions are de�ned with resp ect to this bac kb one. Insertions and deletions are treated symmetrically except for the lo ops on the insert states needed to accoun for ultiple insertions. The adjustable parameters of the HMM pro vide natural of incorp orating ariable gap enalties. um er of other arc hitectures are also ossible. LEARNING ALGORITHMS Learning from examples in HMMs is ypically accomplished using the Baum-W elc algorithm. In the Baum-W elc algorithm, the exp ected um er ij (resp. ij of transitions (resp. emissions of letter from state induced the data are calculated using the forw ard-bac kw ard pro cedure. The transition and emission Hidden Mark Mo dels in Molecular Biology: New Algorithms and Applications Pierre Baldi Jet Propulsion Lab oratory California Institute of ec hnology asadena, CA 91109 Yv es Chauvin Net-ID, Inc. 8, Cath Place Menlo ark, CA 94305 Tim Hunk apiller Division of Biology California Institute of ec hnology Marcella A. McClure Departmen of Ev olutionary Biology Univ ersit of California, Irvine Abstract Hidden Mark Mo dels (HMMs) can applied to sev eral imp or- tan problems in molecular biology in tro duce new con ergen learning algorithm for HMMs that, unlik the classical Baum-W elc algorithm is smo oth and can applied on-line or in batc mo de, with or without the usual Viterbi most lik ely path appro ximation. Left-righ HMMs with insertion and deletion states are then trained to represen sev eral protein families including imm unoglobulins and kinases. In all cases, the mo dels deriv ed capture all the imp ortan statistical prop erties of the families and can used e�cien tly in um er of imp ortan tasks suc as ultiple alignmen t, motif de- tection, and classi�cation. and Division of Biology California Institute of ec hnology and Departmen of Psyc hology Stanford Univ ersit