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Abstract

This thesis reports an investigation of an ab initio method to predict precursor miRNAs
in the human genome. The research program followed is based on a computational study
done from a thermodynamic perspective by Higgs on transfer RNAs (tRNA). Higgs re-
ported that in terms of free energy most of the tRNAs have a significant gap between
the ground state and the next excited state. In contrast, the minimum energy conforma-
tion of random sequences is separated from the next (excited) state by a much smaller
amount. Higgs also observed that, in general, the number of alternative competing states
(i.e., neighbouring local minima) are smaller for random sequences. That is, although the
total number of local minima states is larger for tRNA, the number of local minima states
close to the ground state is larger for random sequences. In effect, the ground state is
less stable in random sequences because there are more alternative secondary structures
with similar Gibbs energies. Since miRNA secondary structures are under similar evo-
lutionary pressures as tRNAs, it is expected that Higgs’s observations for tRNAs would
apply equally to miRNA. Exploration of local minima around a global minimum as sug-

gested by Higgs’s observations requires working with a collection of hairpin-shaped folds.



A straightforward way of exploring all possible alternate folds of a sequence and its im-
mediate periphery by repeatedly folding various subsequences becomes computationally
expensive. We have developed a graph-based model to capture the dynamics of alter-
nate folds along the lines of an earlier investigation carried out as a part of this research
paradigm. The graph consists of nodes which represent complementary matched regions.
Edges represent bulges in the hairpin folds of a precursor miRNA. A path in such a graph
represents a hairpin fold corresponding to a subsequence. The challenge lies in analysing
the graph structure as a whole. It is our thesis that modern image processing techniques,
which are now effective for scene analysis, face recognition, etc., can be used to anal-
yse images of graphs that have encoded in them context-dependent information such as

distribution of local minima.

We have attempted such an analysis using the following steps:

We have developed a graphical representation for the local minima folds of a sequence.

We have developed an algorithm to dynamically maintain a generalized suffix tree where
one of the strings being maintained is a reverse complement of the other. Because of this
reverse complement relationship the challenge is in devising an algorithm that dynamically
updates a suffix tree to simultaneously slide a window in the forward direction over one
string and in the reverse direction over the other string. This suffix tree is then used to

incrementally build the graph for the whole genome.

We have developed a technique to represent the graph and its corresponding sequence

by an image. We have then applied Deep Learning on the images generated, to predict

vi



whether the given sequence of genome has a precursor miRNA.

We have developed a technique to aggregate the results obtained over images that are
shifted by some fixed amount to increase the confidence level in declaring a genomic site

as containing precursor miRNA.
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