FlipFlop: Fast Lasso based Isoform Prediction as a FLOw Problem
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ABSTRACT: Several state-of-the-art methods for isoform identification and quantification are based on sparse probabilistic models, such as Lasso regression. However, explicitly listing the — possibly

exponentially — large set of candidate transcripts is intractable for genes with many exons. For this reason, existing approaches using s
the regression algorithm on a small set of pre-selected isoforms. We introduce a new technique called FlipFlop which can efficiently tac
by using network flow optimization. Our technique removes the need of a preselection step, leading to better isoform identification whi

an R package at http://cbio.mines-paristech.fr/flipflop.

Background

e keeping a low comp

parse models are either restricted to genes with few exons, or only run
kle the sparse estimation problem on the full set of candidate isoforms

utational cost. Source code is freely available as

Alternative Splicing

exon 1 exon exon 3
— /&—

gene

|
transcription &
splicing
alternatively
[ N :
| spliced mRNA
isoform 1 isoform 2

Salzman et al., 2011

m During transcription of eukaryotic genes, exons and introns are

alternatively spliced, producing different isoforms.
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From RNA-Seq to Isoforms
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m RNA-Seq measures abundance of each exon and exon-exon junc-

tion of a gene.
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- FlipFlop

Regularization approachs

Isoform Deconvolution

Alignment using TopHat
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(c) Graph G’ when the length of exon 3 is smaller than the read length.
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Figure : Precision and Recall and human simulated RNA-Seq
single-end and paired-end reads with different read lengths and

coverages.

FlipFlop performances increase with read length and

coverage
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Notations
m N exons
m K candidate isoforms (up to 2" — 1)
m Binary design:

exony ... exon, junction; 5 ... junction,
1 ... 0 1 .o 1
U=
1 ... 1 0 S 1

n
1Isoformq

Isoform g

mp € ]Rfl(_ vector of abundance of isoforms (unknown)

mU’¢ € R’ vector of abundance of exons/junctions (data)

GOAL: estimate isoform abundance ¢

Network Flow Formulation

Isoform detection in sparse regression is equivalent to a convex
cost flow problem which can be solved in polynomial time

with the number of exons
|deas:

m Combinaisons of isoforms are flows
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(a) Reads at every node corresponding to one isoform.

A flow f is a non-negative function on arcs on [f, ](u,v)ee that

satisfies conservation constraints.

Speed Comparison

(b) Reads at every node after adding another isoform.
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FlipFlop: a few seconds regardless the number of exons!

m We show the problem is equivalent to a simpler one
m [ he full problem can be solved in polynomial time

m Transcript selection over all possible candidates is hard

Sparse Regression via Lasso

Estimate ® sparse by solving:
min R(U ') + Al|#]|1 ,
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with R a convex loss function.

rQuant (Bohnert et al., 2010) [1]
IsoLasso (Li et al., 2011) |[2]
NSMAP (Xia et al., 2011) [3]
SLIDE (Li et al., 2011) [4]

Computationally
challenging to enumerate
all candidate isoforms for

genes with many exons

m f, = sz’P’ ¢p1((u,v)6p) Is a flow,
and there exists a linear time decomposition algorithm

m Reformulation as Convex Cost Flow problem
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Then sparse isoform detection is equivalent to

There are efficien
nomial time [4,5]

m Related Work:
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t algorithms for convex cost flow problem in poly-

Traph (Tomescu et al., 2013) [5] (no sparsity)
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