No. 1 Leac h and Hun ter 1 Comparativ e Study of Clustering T ec hniques for Gene Expression Microarra y Data Sonia Leac h 1 ; 2 Larry Hun ter 1 sml@cs.brown.edu lhunter@nih.gov 1 Molecular Statistics and Bioinformatics Section, Biometrics Researc h Branc h, National Cancer Institute, 7550 Wisconsin Av e, Ro om 3C06, Bethesda MD 20892-9015, USA 2 Departmen t of Computer Science, Bro wn Univ ersit y , 115 W aterman Street, Pro vidence RI 02901, USA Keyw ords: clustering, gene expression microarra ys 1 In tro duction Scien tists can no w monitor on a genomic scale the patterns of gene expression under v arying en vi- ronmen tal conditions. With this rapidly gro wing w ealth of information comes the need for organizing and analyzing the data. One natural approac h is to group together genes with similar patterns of ex- pression. Sev eral approac hes ha v e suggested v arious alternativ es for similarit y metrics and clustering algorithms [1, 2, 4, 7, 8]. Ho w ev er, the studies rep orted on the use of a particular c hoice of metric and clustering algorithm, with little comparison to other tec hniques. In this pap er, w e systematically in v estigate the relativ e merits of sev eral w ell-kno wn metrics and clustering algorithms as applied to gene expression data. Our in ten t is to pro vide biologists with a useful guide for c ho osing a tec hnique to analyze gene relationships in their data, b y alerting them to the strengths and limitations inheren t in that c hoice. 2 Metho d and Results The gene expression dataset used in this study is a subset of the publicly a v ailable collection of y east expression data (h ttp://www.cmgm.stanford.edu/pbro wn/). The data are in the form of log -ratios of mRNA expression lev els b et w een an exp erimen tal and con trol sample of cells. Com bining data from mitotic cell division, diauxic shift, and sp orulation, w e obtained transcript lev els o v er 92 exp erimen tal conditions. W e c hose 1853 genes sho wing signi�can t v ariation at the 1% lev el under a � 2 -based index. Of these genes, 45% ha v e a MIPS functional classi�cation (h ttp://www.mips.bio c hem.mpg.de/). F our p ercen t of the v alues in the dataset of 1853 genes and 92 exp erimen ts w ere missing; 1110 genes had at least one missing v alue. T o in v estigate the e�ect of missing v alues, w e created an additional dataset where the missing v alues for a particular gene w ere imputed using the a v erage of the 30 nearest neigh b ors. W e compared sev eral clustering tec hniques, including a ba y esian mixture of mo dels algorithm (AutoClass-C v3.2 [3]), K-means, and agglomerativ e hierarc hical clustering. F or the hierarc hical metho d, w e used a euclidean metric, correlation based metrics, and a m utual information based metric [8]. T o apply the m utual information based metric, w e discretized the data, using AutoClass-C to suggest the n um b er of bins and bin b oundaries. F or link age algorithms, w e considered b oth complete link age (furthest neigh b or) and the v arian t of a v erage link age algorithm as used in [4] when the use of suc h an a v erage is appropriate giv en the metric. T o comp ensate for missing v alues, euclidean distance b et w een t w o genes is w eigh ted b y p 92 = N where N is the n um b er of non-missing v alues common to the t w o genes. T o estimate the n um b er of clusters to use in K-means, w e consider a mean square error

2 No. 1 Leac h and Hun ter ratio [5], a log -o dds probabilit y ratio, and a Mon te Carlo Cross V alidation tec hnique [6] for a range of v alues of K . W e found that the three estimators tend to agree on the optimal v alue of K . Using a correlation metric and an a v erage-link v arian t of hierarc hical clustering, [4] found that for this clustering com bination, large groups of genes with similar expression patters clustered together, and that genes of similar function tend to cluster together. Using the non-hierarc hical metho ds, w e w ere able to compare the consistency of the clusterings across man y di�eren t metho ds. W e compared four clusterings found with Auto class, using four di�eren t mo del term t yp es, and t w o di�eren t K- means clusterings. In tersecting these six classi�cations, w e observ ed that large groups of genes are preserv ed across clustering metho ds and that these groups tend to ha v e a consisten t functional clas- si�cation. The same clusters w ere also visible in man y of the hierarc hical clusters, whic h leads us to b eliev e that there are easily iden ti�able classes that will b e found regardless of the c hoice of metric or clustering algorithm. In particular, b oth AutoClass and K-means can easily iden tify clusters with high line ar correlation. The c hoice of metrics used in hierarc hical clustering attempted to capture other correlations as w ell. F or the hierarc hical clusterings, w e found that the c hoice of the a v erage-link v arian t used in [4] with the euclidean or the correlation based metrics tends to pro duce long c hains of clusters. This mak es it di�cult to extract meaningful classes from the dendrogram b ecause cuts m ust b e made deep in the tree to get non-singleton classes. This greatly complicates the cross-metho d comparisons and an y measures that are calculated on a p er-cluster basis. T o capture negativ e linear correlation, w e also used a metric based on the absolute v alue of correlation. Suc h a metric migh t b e used to iden tify genes whic h share a common transcription factor binding site with opp osing e�ect on the activ ation of the genes. As exp ected, w e found that in addition to the easily iden ti�able p ositiv ely correlated groups, the clusters of the dendrogram tend to include highly negativ ely correlated genes as w ell. Use of the m utual information based metric w as an attempt to capture other kinds of relationships of genes, b ey ond the linear correlations. W e found sev eral groups whic h clearly sho w the linearly correlated genes, but in addition include genes whose expression pattern is not so ob viously related. W e are in v estigating the biological signi�cance of the inclusion of these genes. References [1] Alon, U., Bark ai, N., Notterman, D.A., Gish, K., Ybarra, S., Mac k, D. and Levine, A.J., Broad patterns of gene expression rev ealed b y clustering analysis of tumor and normal colon tissues prob ed b y oligon ucleotide arra ys, Pr o c. Natl. A c ad. Sci. USA , 96(12):6745{6750, 1999. [2] Ben-Dor, A., Shamir, R., and Y akhini, Z., Clustering gene expression patterns, J. Comput. Biol. , 6:281{297,1998. [3] Cheeseman, P ., Kelly , J., Self, M., Stutz, J., T a ylor, W., and F reeman, D., AutoClass: a Ba y esian classi�ciation system, Pr o c. Inter. Conf. Machine L e arning ’88 , Morgan Kaufmann, 54{64, 1988. [4] Eisen, M.B., Sp ellman, P .T., Bro wn, P .O. and Botstein, D., Cluster analysis and displa y of genome-wide expression patterns, Pr o c. Natl. A c ad. Sci. USA , 95(25):14863{14868, 1998. [5] Hartigan, J.A., Clustering A lgorithms , Wiley Press, 1975. [6] Sm yth, P ., Clustering using Mon te Carlo Cross Validation, Pr o c. 2nd Inter. Conf. Know le dge Disc overy and Data Mining , 126{133, 1996. [7] T ama y o, P ., Slonim, D., Mesiro v, J., Zh u, Q., Kitareew an, S., Dmitro vsky , E., Lander, E.S. and Golub, T.R., In terpreting patterns of gene expression with self-organizing maps, Pr o c. Natl. A c ad. Sci. USA , 96(6):2907{2912, 1999. [8] W en, X., F uhrman, S., Mic haels, G.S., Carr, D.B., Smith, S., Bark er, J.L. and Somogyi, R., Large- scale temp oral gene expression mapping of cen tral nerv ous system dev elopmen t, Pr o c. Natl. A c ad. Sci. USA , 95(1):334{339, 1998.