RNA-Seq: Isoforms Quantification and the
Mixture of Beta Regression

Billy Chang, Rafal Kustra, Quaid Morris

Graduate Student Research Day
April 29, 2010

Billy Chang () RNA-Seq Aor 29, 2010 1/17



Background on Alternative Splicing

@ Gene contains EXONS and introns.

Billy Chang () RNA-Seq



Background on Alternative Splicing

@ Gene contains EXONS and introns.
B intron EXON2 intron NSNS

@ Remove introns.

Billy Chang () RNA-Seq



Background on Alternative Splicing

@ Gene contains EXONS and introns.
B intron EXON2 intron NSNS
@ Remove introns.

@ Joint Exons.

I EXON2EE [(soform A

Billy Chang () RNA-Seq Aor29,2010  2/17



Background on Alternative Splicing

@ Gene contains EXONS and introns.
B intron EXON2 intron NSNS

@ Remove introns.

@ Joint Exons.
BN EXONO' I 1soform A

@ Exons can be skipped too.

I EXON2 TIsoform B
IEXON2'EIENN 1soform C

[EXOINE EXON3 Isoform D

Billy Chang () RNA-Seq Aor 29, 2010

2/17



Background on Alternative Splicing

@ Gene contains EXONS and introns.

B intron EXON2 intron DS
@ Remove introns.

. D Exonz DG
@ Joint Exons.
N EXON2IE 1soform A

@ Exons can be skipped too.

I EXON2 TIsoform B
IEXON2'EIENN 1soform C
[EXOINE EXON3 Isoform D

@ A single gene can produce multiple proteins.
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Why Quantify Isoforms?
@ Disease associated isoforms.

“CASE . CONTROL

Isoform A Isoform A
Isoform B

Isoform B Isoform B

Isofgrm C
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Why Quantify Isoforms?
@ Disease associated isoforms.
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Why Quantify Isoforms?
@ Disease associated isoforms.

_~~ CASE . CONTROL"

Isoform A
Isoform B
Isoform B

Isoform A
Isoform B

Isoform C
Tsoform C . IsoformD
@ Gene level...
 CASE _ CONTROL
/  Gene 1 / Gene 1 i
( Gene 1 1 Gene 1 |
\ Gecr‘:e 1 L I\ Gene 1 /
k en.e S ~ Gene 1 g

@ How to Count?
@ Microarray: noisy, design issues.
@ Classical Sequencing technology: slow and expensive.
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Next Generation Sequencing
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Next Generation Sequencing

@ Isoform fragmentation (100 - 400 bp):
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Next Generation Sequencing

@ Isoform fragmentation (100 - 400 bp):

@ Sequence one end of each fragment (36 bp).

@ “Reads”: subsequences of the isoform.
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Big Picture

@ Isoform from donor, fragment and sequence:

DONOR
— — — ———————
N —
—— I ———————
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Big Picture

@ Isoform from donor, fragment and sequence:

DONOR
—_— e "
_—— ——
—— —_———

@ Obtain reads.

@ Align to currently known isoforms (reference)

REFERENCE
— e e S e e e
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Alignment: lllustration (Integrative Genomic Viewer (IGV))
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0 by
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| | | | | |

0- 26|

GTTCTTGCCATGRTAATCCTOCTC G ACE © 6
GTTGTTGCCATGGTAATCCTGCTCAGTIACGAGAGLA
GTTGTTGCCATGGTAATCCTGLTCAGTACG 6 GG
GTTGTTGCCATGGTAATCCTGCTCAGTACGAG LA
CITCTIGCCATGGTAATCCTGCTCAGTACGAGAGGA
CTTOTTGCCATOGTAATCCT CTC (T ¢ GG
GTTGTTGCCATGGTAATCCTGCTCAGTACGE (G
TTOTT CCATGGTAATCCTGCTCAGTACGAGAGGA
GTTGTTGCCATGGTAATCCTLCTCACTAC A
GTTGTTGCCATGGTAATCCTGCTCAGIACG G GG
GTTGTTCCCATCGTAATCCTCCTCACTACLAGIGGA
GTTGTTGCCATGGTAATCCTLCTCAGIACG CALG
CTTOTTOCCATOOTAATCCTOCTCACTACE G G0
GTTGTTGCCATCGTAATCCTCCTCAGTACE G GO
GTTGTTGCCATCGTAATCCTGCTC GRACE (LA
GTTOTTGCCATCOTAATCCTCCTCAGTACCIGIGE
CTT TTGCCATGGTAATCCTGCTCAGTACGAGAGGA
GTTCTTGCCATGGTAATCCTGCTCACT (CC © GO
GITGTTGCCATGGTAATCCTGCTCA TACL L &

GTTOTTGCCTTGGTAATCCTGCTCAGTATGAGAGCAACCACAGATTCAGACATTTOGTGTATGTGCTTOGCTCAGGAACCAATGOGGCCAA
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Alignment: lllustration

15371
» 200bp Hobp
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The Statistical Problem

@ Number of reads aligned to an isoform provide a measure of
abundance.
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The Statistical Problem

@ Number of reads aligned to an isoform provide a measure of
abundance.
@ Multi-read: a read that can be aligned to multiple isoforms.

» Just by chance, repetitive sequences shared by multiple genes.
» Alternative isoforms:

| ]
BN EXON2YIEINN 1soform A
B =<XON2 Isoform B
EEXONZIEEEEEE 1soform C

@ Goal: A statistical model to resolve the ambiguity of multi-read.

>
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Statistical Model

@ Generative mechanism: T isoforms with proportion {m}/_, and

length {/}]_,
ti ~ multinomial(my, ..., 7T)

r,-|t,- =K~ P(I”t/ = k)

=05

h isoform t;
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Statistical Model

@ Generative mechanism: T isoforms with proportion {r}/_, and

length {}]_,
ti ~ multinomial(mq, ..., 771)

r,-|t,- =K~ P(I”t,' = k)

=05

h isoform t;

@ {; is unobserved (due to multi-read), marginalize to get p(r;):

-
:ZPr—I’,k]t,—k) ti=k)= Zp(r—r/k“/—k)
k=1

ri is the mapped location of read i/ on isoform k.
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Statistical Model

@ Generative mechanism: T isoforms with proportion {r}/_, and

length {}]_,
ti ~ multinomial(mq, ..., 771)

r,-|t,- =K~ P(I”t,' = k)

=05

h isoform t;

@ {; is unobserved (due to multi-read), marginalize to get p(r;):

-
:Zp(r:"ik’ti:k)ptl—k Zp(r—r/k“/—k)
k=1

ri is the mapped location of read i/ on isoform k.
@ P(r=ryg|t; = k) = 0if read i cannot be mapped to isoform k.
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P(ri|ti = k)

@ Fragmentation varies as a function of isoform length:

1597tp

» Wiy by [ by 1k 10y 10
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P(ri|ti = k)

@ Fragmentation varies as a function of isoform length:
15370

» Wiy by [ by 1k 10y 10
| | | | | | | |
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P(ri|ti = k)
@ Fragmentation varies as a function of isoform length:

1597tp

» Wiy by [ by 1k 10y 10
| | | | | | | |
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Beta Regression (Ferrari & Cribari-Neto (2004))

@ Assume the relative read location r; follows a beta distribution.

rilti = k ~ beta(juk, ¢k)
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@ Assume the relative read location r; follows a beta distribution.

rilti = k ~ beta(puc, ¢k)

@ w.r.t. usual parametrization beta(ax, bx),
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Beta Regression (Ferrari & Cribari-Neto (2004))
@ Assume the relative read location r; follows a beta distribution.
rilti = k ~ beta(ju, o)

@ w.r.t. usual parametrization beta(ax, bx),
ax = pkdk, bk = (1 — k) bk
@ E(rilti = k) = pk, var(rilti = k) = %}f‘”

k
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Beta Regression (Ferrari & Cribari-Neto (2004))

@ Assume the relative read location r; follows a beta distribution.

rilti = k ~ beta(puc, ¢k)
@ w.r.t. usual parametrization beta(ax, bx),
ax = pkdk, bk = (1 — k) bk
® E(nlty = k) = px, var(r|t; = k) = “eke)
@ Link functions:
puk = logit™" (Bo + B1k)
ok = exp(fo + 01l)
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Beta Regression (Ferrari & Cribari-Neto (2004))

@ Assume the relative read location r; follows a beta distribution.
ri|t; = k ~ beta(ju, ¢k)

@ w.r.t. usual parametrization beta(ax, bx),
ax = pkPk, bk = (1 — k) b
® E(n|ty = k) = py, var(n|t; = k) = L
@ Link functions:
puk = logit™" (8o + Bilk)
ok = exp(Oo + 01lk)
@ log-likelihood:

logP(ri|ti= k) = logl'(¢«) — logl (ukdk) — logT ((1 — puk) k)
+  (ukdk — 1)log(ri) +{(1 — puk)px — 1Hog(1 — r;)
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EM-Algorithm
@ The expected complete data log-likelihood is:

N T N T
Z ZfiklogP(r,-kH,- = k) + Z ZTik/Ogﬂk

i=1 k=1 i=1 k=1
Where Tik = P(t,' = k|f,'k)
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EM-Algorithm
@ The expected complete data log-likelihood is:

N T N T
Z ZfiklogP(r,-kH,- = k) + Z ZTjk/Ogﬂk

i=1 k=1 i=1 k=1
Where 7 = P(t,' = k|f,'k)
@ E-Step:
P(rixlti = K)mk
2,521 P(I’,‘k/|t,' = k’)ﬂ'k/

Tik = P(tj = k|rix) =
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EM-Algorithm
@ The expected complete data log-likelihood is:

N T N T
Z ZfiklogP(r,-kH,- = k) + Z ZTjk/Ogﬂk

i=1 k=1 i=1 k=1
Where Tik = P(t,' = k|f,'k)

@ E-Step:
: P(rilti = K)r
Zk’:1 P(rfk’|ti =k )ﬂ'k/
@ M-Step
new __ Zfi1 Tik
me = =N
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EM-Algorithm
@ The expected complete data log-likelihood is:

N T N T
Z ZT,‘;(/OQP(I‘,';(“,' = k) + Z ZTfk/Ogﬂk

i=1 k=1 i=1 k=1
Where 7y = P(t = K|ri)
@ E-Step:
P(ri|t = K)mk
S b1 Pt = k')

Tik = P(ti = k|rik) =

@ M-Step

N
new __ Zi:1 Tik

T = N

@ For beta regression, solve the weighted beta regression problem:

N T
argmax » > 7ilogP(r|t; = k)
Bo,1,00,1 =1 k=1
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Simulation
@ 500,000 reads, 36 bp.
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@ ¢(length) = 4o~ (W)
@ Most isoforms have small sample proportions (mx ~ 10~°), some
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o u(length) = &~ 1(Lengr500)

o ¢(length) = 41 (‘engih 500y
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Simulation

@ 500,000 reads, 36 bp.
@ 3437 isoforms from the 150 genes with the highest number of
isoforms (28-68) from the Ensembl database.

o u(length) = &~ 1(Lengr500)

@ ¢(length) = 4o~ (W)

@ Most isoforms have small sample proportions (mx ~ 10~°), some
larger (~ 0.001).

@ Recall:

ti ~ multinomial(m+, ..., 7T)
rilti = k ~ beta(p, ¢k)

@ Beta regression: natural cubic splines expansion on log(length), 4
equally spaced knots.
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Simulation

@ 500,000 reads, 36 bp.

@ 3437 isoforms from the 150 genes with the highest number of
isoforms (28-68) from the Ensembl database.

o u(length) = o1 (fengih 500y
@ ¢(length) = 4o~ (7’6”%%’&)500)
@ Most isoforms have small sample proportions (rx ~ 107°), some
larger (~ 0.001).
@ Recall:
ti ~ multinomial(m+, ..., 7T)
rilti = k ~ beta(p, ¢k)
@ Beta regression: natural cubic splines expansion on log(length), 4
equally spaced knots.
@ Bowtie (Langmead (2009)) for read alignment. Reads with > 200

mappable locations are discarded. Obtain ~ 15,000,000
alignments.
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Simulation Results

With Fragmentation Estimation Uniform Fragmentation

estimated prior abundance
0.0010 0.0015 0.0020
1
0.0015 0.0020
1

estimated prior abundance
0.0010

0.0005
0.0005

0.0000
0.0000

T T T T T T T
0.0000 0.0002 0.0004 0.0006 0.0008 0.0010 0.0012 0.0014 0.0000 0.0002 0.0004 0.0006 0.0008 0.0010 0.0012 0.0014

true prior abundance true prior abundance
(14 estimated abundances > 0.002)
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Fitted Model

green = length 100 -> orange = length 1000

green = length 1000 -> orange = length 10000

green = length 10000 -> orange = length 20000

log-likelihood
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Final Thoughts

@ Fragmentation estimations improves isoform abundances
estimation accuracies.
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Final Thoughts

@ Fragmentation estimations improves isoform abundances
estimation accuracies.
@ Computational aspects:

» E-step and updates for 7: sparse matrix manipulation.
» Beta regression: slow.
» Trick: ECM algorithm.

@ Future work: read errors, GC-content bias.
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