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Abstract. Technological advances in experimental and computational molecu-

lar biology have revolutionized the whole fields of biology and medicine. 

Large-scale sequencing, expression and localization data have provided us with 

a great opportunity to study biology at the system level. I will introduce some 

outstanding problems in genome expression and regulation network in which 

better modern statistical and machine learning technologies are desperately 

needed.  

Recent revolution in genomics has transformed life science. For the first time 

in history, mankind has been able to sequence the entire human own genome. 

Bioinformatics, especially computational molecular biology, has played a vital 

role in extracting knowledge from vast amount of information generated by the 

high throughput genomics technologies. Today, I am very happy to deliver this 

key lecture at the First International Conference on Pattern Recognition and 

Machine Intelligence at the world renowned Indian Statistical Institute (ISI) 

where such luminaries as Mahalanobis, Bose, Rao and others had worked be-

fore. And it is very timely that genomics has attracted new generation of tal-

ented young statisticians, reminding us the fact that statistics was essentially 

conceived from and continuously nurtured by biological problems. Pattern/rule 

recognition is at the heart of all learning process and hence of all disciplines of 

sciences, and comparison is the fundamental method: it is the similarities that 

allow inferring common rules; and it is the differences that allow deriving new 

rules. 



Gene expression, normally referring to the cellular processes that lead to pro-

tein production, is controlled and regulated at multiple levels. Cells use this 

elaborate system of “circuits” and “switches” to decide when, where and by 

how much each gene should be turned on (activated, expressed) or off (re-

pressed, silenced) in response to environmental clues. Genome expression and 

regulation refer to coordinated expression and regulation of many genes at 

large-scales for which advanced computational methods become indispensable. 

Due to space limitations, I can only highlight some of the pattern recognition 

problems in transcriptional regulation, which is the most important and best 

studied. 

Currently, there are two general outstanding problems in transcriptional 

regulation studies: (1) How to find the regulatory regions, in particular, the 

promoters regions in the genome (throughout most of this lecture, we use pro-

moter to refer to proximal promoters, e.g. ~ 1kb DNA at the beginning of each 

gene); (2) How to identify functional cis-regulatory DNA elements within each 

such region. 

 
 

1   Introduction 
 
Recent revolution in genomics has transformed life science. For the first time in his-
tory, mankind has been able to sequence the entire human genome. Bioinformatics, 
especially computational molecular biology, has played a vital role in extracting 
knowledge from vast amounts of information generated by high throughput genomics 
technologies. Today, I am very happy to deliver this key lecture at the First Interna-
tional Conference on Pattern Recognition and Machine Intelligence at the world re-
nowned Indian Statistical Institute (ISI) where such luminaries as Mahalanobis, Bose, 
Rao and others have worked before. And it is very timely that genomics has attracted 
a new generation of talented young statisticians, reminding us of the fact that statistics 
was essentially conceived from and is continuously nurtured by biological problems. 
Pattern/rule recognition is at the heart of all learning processes and hence, of all disci-
plines of sciences, and comparison is the fundamental method: It is the similarities 
that allow inferring common rules and it is the differences that allow deriving new 
rules. 



Gene expression (normally referring to the cellular processes that lead to protein 
production) is controlled and regulated at multiple levels. Cells use this elaborate sys-
tem of “circuits” and “switches” to decide when, where and by how much each gene 
should be turned on (activated, expressed) or off (repressed, silenced) in response to 
environmental clues. Genome expression and regulation refer to coordinated expres-
sion and regulation of many genes of large-scales for which advanced computational 
methods become indispensable. Due to space limitations, I can only highlight some 
pattern recognition problems in transcriptional regulation, which is the most important 
and best studied. Currently, there are two general outstanding problems in transcrip-
tional regulation studies: (1) how to find the regulatory regions, in particular, the 
promoters (throughout most of this lecture, we use promoter to refer to proximal pro-
moter, e.g. ~ 1kb DNA at the beginning of each gene) regions in the genome; (2) how 
to identify functional cis-regulatory DNA elements within each such region. 

 

Finding promoter and First Exon (FE) of a multi-exon gene in ver-
tebrate genome 
 
Transcription is the process of pre-mRNA (a gene transcript) synthesis. A typical ver-
tebrate pre-mRNA contains about 9 exons, the intervening sequences (introns) be-
tween exons are spliced out during RNA processing to produce a matured RNA 
(mRNA). Most of the regulatory elements are found in the flanking regions of the FE 
of the target gene. Finding the FE is therefore the key for locating the transcriptional 
regulatory regions. Promoter upstream of (and overlapping with) FE functionally di-
rects RNA polymerase II (PolII) to the correct transcriptional start site (TSS, the first 
base of FE) and the core promoter extending ~35bp on either side of TSS plays a cen-
tral role in regulating initiation of transcription of pre-mRNA transcripts [35]. As the 
most important regulatory region, promoter is enriched by many transcription factor 
binding sites (TFBSs). They form so-called modules, each of which is acting rela-
tively autonomously and responding to a specific set of TFs. Core promoter may be 
regarded as a general module and is the docking region for the Pre-Initiation Complex 
(PIC) of largely basal TFs and PolII itself. Core promoter contains one or more of the 
following cis-elements: TFIIB Recognition Element (BRE: ~-37SSRCGCC) and 
TATA-box (TBP-site: ~-31TATAWAAR) at about -35 upstream of the TSS, Initiator 
(Inr: -2YYANWYY) at the TSS and Downstream Core Promoter Element (DPE: 
+28RGWYV). Although these four elements are relatively position specific (with re-



spect to TSS) and they have been used for TSS prediction [46], they are not enough 
for accurate TSS prediction at the genome-scale because many core promoters may 
only have one or two such elements and many such putative sites may occur fre-
quently by chance in a large genome. One could use a large-scale promoter finder, 
such as CpG_Promoter [20, 47] or PromoterInspector [32]. 

Three general promoter/TSS recognition approaches, briefly described below, may 
represent the current state-of-the-art; they all are based on some specific statistical 
pattern learning/prediction procedures. The first is called Dragon Promoter Finder 
(DPF) [2, 3]. Its algorithm uses sensors for three functional regions (promoters, exons 
and introns) and an Aritficial Neural Network (AAN) for integrating signals. The sec-
ond is called Eponine [14]. Its algorithm uses a hybrid of Relevance Vector Machine 
(RVM) [41] and Monte Carlo sampling from extremely large model space of possible 
motif weight matrices and Gaussian position distributions. The third is called First 
Exon Finder (FirstEF) [13]. Its algorithm uses two-level discriminant analysis: At the 
first level filtering, it computes a Quadratic Discriminant Analysis (QDA) score for 
the splice donor site from several 3’-sensors and another QDA score for the promoter 
from several 5’-sensors; at the second level, it integrates these flanking region sensors 
with additional exon-sensors using yet another QDA to arrive at the a posteriori prob-
ability p(FirstExon|data). It has been demonstrated recently that addition of ortholog 
comparison with other evolutionarily related species can further improve the predic-
tion accuracy [44]. FirstEF not only can provide promoter/TSS predictions, but also 
predict the 5’ splice site (donor site) of the first intron, which also often contains 
many regulatory cis-elements.

Currently, promoter prediction has been hampered by very limited training data 
and poor understanding of molecular details of regulation mechanisms. The perform-
ance of even the best prediction programs are still far from satisfactory [4], leaving 
ample room for further improvements. Because of high false-positives when predict-
ing promoters in the whole genome, it should always locate the beginning (ATG) of 
protein coding regions first [48]. Multiple comparisons of evolutionarily related ge-
nomic DNA sequences can be very useful for finding conserved promoters. Some 
open problems are: (1) identification of alternative promoters [21]; (2) identification 
of non-CpG island related promoters [13]; (3) tissue/developmental specific classifi-
cation and lineage relationship [38]; (4) epigenetic controls [16]; (5) coupling to RNA 
processing [27]; (6) good cross-species promoter alignment algorithms [31, 40]; (7) 
promoter evolution [43]; (8) gene regulation networks [23] and dynamics [26]. 



 

Identifying TFBSs in vertebrate promoters 
 
Once approximate regulatory regions, such as promoters, are located, the next task is 
to identify cis-regulatory elements (largely TFBSs) within such regions. A single 
TFBS pattern (also called motif) can be characterized by either IUPAC consensus (as 
given above for the core promoter motifs) or position weight matrix (PWM), although 
more complicated models, such as WAM [45], HMM [24], ANN [30], VOBN [6], 
etc., are also possible, but less popular. Here I will focus on PWM model as it is the 
most useful and is directly related to protein-DNA binding affinity measurements [7]. 
There are many different PWM definitions, all of which are derived from frequency 
weight matrixes (FWM). 
 
The three classical methods for promoter motif discovery are all based on multiple 
sequence alignment [49]: (1) CONSENSUS based on a greedy algorithm [37]; (2) 
MEME based on Expectation-maximization (EM) of likelihood for a mixture model 
[1]; (3) Gibbs sampling based on a simple Monte Carlo Markov Chain model [22]. In 
the mixture model, it is assumed that in the motif region, the base-pairs are generated 
with probabilities specified by P(x, Bx) (x is the position within the motif and BBx is the 
base-pair at x) for which the matrix elements of FWM are the maximum likelihood 
estimator; outside the motif region, the base-pairs are generated according to a uni-
form random background model P0(B) which can be estimated by the composition of 
B (If B were a word of length k, the background model would be a Markov model of 
order k-1.). The mixing coefficient and motif starting positions will be the model pa-
rameters to be optimized by maximizing the Log-likelihood function. All of these 
three methods have since been further improved with more functionalities and user-
friendliness. Better initial seeding may be done by word-based motif-finding methods 
[5]. 
 
The above motif-finding methods are used when the motif is known to be enriched in 
a given set of sequences. To increase specificity and sensitivity, it is better to con-
struct two input sequence sets: One is the positive (foreground) and the other is the 
negative (background). Then the interesting problem is to find motif(s) that can 
maximally discriminate/classify the positive set from the negative set. For example, 
the positive set may be the genes that are co-regulated or bound by a TF and the nega-



tive set contains the genes that are not regulated or bound by the TF. If the consensus 
pattern (word or spaced words) are good enough for motif description, a very fast 
Discriminate Word Enumerator (DWE) algorithm [38] can be used in which all pos-
sible words are efficiently enumerated and ranked by the p-values derived from hy-
per-geometric function (Fisher exact test). The first discriminant matrix method 
ANN-Spec [42] is based on a perceptron (a single layer ANN) and uses a Gibbs sam-
pling to optimize parameters (matrix elements) for maximum specificity (differential 
binding of the positive set vs. the negative set) through local multiple sequence 
alignment. Since the positives and the negatives are usually not linearly separable, the 
simple perceptron maybe generalized by nonlinear models using SVM [29] or Boost-
ing approaches [19]. More recently, a novel matrix-centric approach – Discriminate 
Matrix Enumerator (DME) [36] has also been developed, which allows to exhaus-
tively and efficiently enumerate and rank all possible motifs (satisfying user specified 
minimum information-content requirement) in the entire (discretized) matrix space 
(hence guaranteeing global optimality). This binary classification problem may be 
generalized to multi-classification problems [33]. 
 
If one has a continuous quality score for each gene (such as fold-change in expression 
microarray data or binding probability in ChIP-chip data), one can further generalize 
the classification/discrimination problem to a regression one. The first successful ap-
plication of linear regression for motif finding algorithm in yeast is REDUCE [10], 
using MobyDick [9] to build the initial word motifs. A similar method Mo-
tif_Regressor [11], but using MDscan [25] as a feature extraction tool, can improve 
the sensitivity and specificity due to matrix-based motifs. Recently, nonlinear regres-
sion methods, such as, MARS_Motif [12] based on Multiple Adaptive Regression 
Splines [17], have also been developed, that can model synergistic motifs with a cis-
regulatory module (CRM). Regression methods are very powerful. They can either be 
used for selecting functional motifs or for predicting mRNA expression levels. 
 
Some open problems are: (1) identification of distal enhancers/silencers [28, 8]; (2) 
identification of tissue/developmental specific CRMs [23]; (3) higher order structural 
constraints [34]; (5) TFBS evolution [18]. 
 

Future directions 
 



I have only touched upon one special (albeit an important) area of genome expression 
and regulation. Even for protein-coding gene transcription, there are also many other 
regulatory steps (such as: promoter escape, pausing, elongation and termination in ad-
dition to chromatin remodeling and initiation), let alone those for many other RNA 
genes [15]. There are yet many steps of post-transcription control and regulation, such 
as, Capping, RNA splicing, polyadenylation, RNA transport, in the nucleus; and vari-
ous translational regulation and post-translational modifications [27, 50]. The future 
challenge will include integration of data coming from various levels, especially how 
DNA, RNA (including miRNAs, or ncRNA in general) and protein are interrelated in 
the gene regulation networks. 
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