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1 Introduction.

Gene transcription depends on the binding of some transcription factors (TFs) to promoters,
and the expressions of TFs. Traditional approaches to studying transcriptional regulations
usually model these dependencies separately, i.e., either from promoters to gene expressions
(e.g., [4]), or from the expressions of TF's to the expressions of genes (e.g., [6]).

Here we propose a new method, called Two-Dimensional Regression Tree (BD'Tree), to
model gene expressions from both promoter sequences and TF expressions. The model built
by BDTree provides testable hypotheses about condition-specific binding motifs and TF's for
genes, and can also be used to predict the expression levels of unknown genes under unknown
conditions, given some attributes of the genes and conditions.

2 Algorithms.

Suppose that we are given the expression matrix for m genes under n conditions, E =
(eij)mxn, where e;; is the expression level of the ith gene under the jth condition. We are also
given the scores of p candidate motifs on the promoter of each gene, s;1, 82, .. ., Sip, ¢ € [1..m],
and the expression levels of g putative TFs under these conditions, t1;,t2;,...,tq;,7 € [1..n].
We call each motif a gene attribute, and each TF a condition attribute. The BDTree algorithm
recursively partitions E horizontally or vertically. An eligible horizontal partition splits genes
into two subsets, I and J, such that s;; < sjx, for all ¢ € I,j € J and some k € [1..p].
Similarly, an eligible vertical partition splits conditions into two subsets, I and J, such that
tri < tr;, for all ¢ € I,j € J and some k € [1..q]. The outline of the algorithm is as follows:

1. Initially there is only the root node containing all genes and conditions.

2. If the stopping criterion has not yet been met, examine every eligible horizontal or
vertical partition and measure the goodness of the partition.

3. Choose the best partition and create two child nodes for the current node.

4. Repeat steps 2 and 3 for each child node.

5. Post-prune and cross-validate the tree.

The goodness of a partition is defined to reflect the within-node homogeneity of expres-
sion submatrices, where homogeneity is measured by a sum-of-squares function as in [1].
This measurement does not always look for constant-valued submatrices; a matrix is homo-
geneous if the variance within it can be explained by the variance of its rows and columns.
The algorithm effectively divides E into many small homogeneous blocks, which is analo-
gous to Biclustering [1]. However, the partitioning of genes and conditions in BDTree is
supervised by some intrinsic attributes of the genes and conditions, i.e., motifs and TFs. In
contrast, the partitioning in Biclustering is unconstrained by these attributes.
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3 Results.

We first applied BDTree to the microarray data of 800 yeast cell cycle genes under 77 time
points [7]. We combined ChIP-chip data [3], all pentamers, and 356 known and putative
motifs [5] as gene attributes, and used 475 putative TF's as condition attributes [6]. A portion
of the resulting tree is shown in Figure 1. To identify important attributes, we ranked all
attributes by their significance scores [4]. Surprisingly, 18 of the top 20 gene attributes and
15 of the top 20 condition attributes are well known for their roles in regulating cell cycle
genes, including eight of the nine essential cell cycle TFs. We also applied BDTree to the
expression of ~4000 yeast genes under 173 stress conditions [2], and found many known
motifs and TF's for stress responses.

We estimated the prediction accuracy of BDTree with 10-fold cross validations and com-
pared it to a K-nearest-neighbors method. The correlation coefficient between the actual
expression levels and the values predicted by BDTree is 0.31, which is significantly better
than 0.18 for the K-nearest-neighbors method (p < 10720).

Figure 1: Regression tree learned for 800 yeast cell cycle genes. The tree was pruned to show
only the top portion. Each circle represents an attribute. Prefix ‘h’ and ‘v’ represent horizontal and
vertical splits, respectively. The labels associated with branches are attribute threshold values for
partitioning the training data. Each square represents a submatrix of the expression matrix.
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