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ABSTRACT: We propose a new method for solving the isoform deconvolution problem jointly across several samples, by penalizing a convex objective function with a group-lasso penalty. We show that the
method outperforms simple pooling strategies and other methods based on mixed integer programming.

Background
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During transcription of eukaryotic genes, exons and introns are
alternatively spliced, producing different isoforms.

RNA-seq data

Costa et al., 2011

RNA-seq measures abundance of each exon and exon-exon
junction of a gene.

Isoform Deconvolution

Xia et al., 2011

Isoforms are paths in a directed acyclic graph (splicing graph).

Questions

RNA-Seq
data

Sample 1 Sample TSample t

Isoforms 1 ? Isoforms t ? Isoforms T ? 

One sample: can we perform fast and accurate de novo
isoform reconstruction for one given sample?

RNA-Seq
data

Sample 1 Sample TSample t

Isoforms 1 ? Isoforms t ? Isoforms T ? 

Multi-samples: can we improve isoform reconstruction by
using all samples simultaneously?

One sample: FlipFlop

Strategy for 1 sample
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FlipFlop
http://cbio.ensmp.fr/flipflop/

Main features

Solve the isoform deconvolution problem in polynomial time with
the number of nodes of the splicing graph

1 candidate isoforms = all paths in the splicing graph
2 find a sparse set of paths that explains the observed read counts
3 network flow formulation with efficient algorithm

R package

FlipFlop software

Multi-samples: Group-Lasso

Multi-sample case
Sample 1 Sample TSample t
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Multi-dimensional
splicing graph

Can we find a sparse set of paths that explains the
multi-dimensional read counts?

Notations

n nodes, T samples

P paths in the
splicing graph

yt ∈ Rn
+ vector of

counts for sample t

y1 . . . yt . . . yT
φt ∈ R|P|

+ vector of
isoform abundances
for sample t

φ1 . . . φt . . . φT

Idea
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⇡
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Group-sparse regression

each isoform defines a group φp = {φt
p, t ∈ [[1, T ]]}

the multi-sample loss is the sum of the independent losses

L(φ) =
T∑

t=1

loss(yt, φt)

ideally we want to solve the NP-hard L0 problem

min
{φp}p∈1,...,|P|

L(φ) + λ
∑
p∈P

1{φp 6=0}

instead we solve the group-lasso convex relaxation

min
{φp}p∈1,...,|P|

L(φ) + λ
∑
p∈P

∥∥φp

∥∥
2

Results

Simulations

Equal: ∀t ∈ {1, . . . , T}, φt = φo + ε

Different: ∀t ∈ {1, . . . , T}, suppφt = suppφo

Different Equal

0

20

40

60

80

1 10 100 1000 1 10 100 1000
Number of reads x 1e−4

F
sc

or
e

Samples
1
2
3
4
5
6
7
8
9
10

Methods
FlipFlop − Merge
GroupLasso
MiTie

Figure : Fscore on human simulations with increasing coverage and
number of samples

Real Data

Time course development of D.melanogaster
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Figure : Fscore on modENCODE data with increasing number of
samples

Summary

New convex optimization formulation for RNA isoform
identification and quantification jointly across several samples

Joint estimation is more powerful than pooling reads across
samples

Competitive with state-of-the-art methods that try to solve a
combinatorial formulation of the problem
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