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Through alternative splicing, most human genes express 
multiple isoforms that often differ in function. To infer 
isoform regulation from high-throughput sequencing of cDNA 
fragments (RNA-seq), we developed the mixture-of-isoforms 
(MISO) model, a statistical model that estimates expression 
of alternatively spliced exons and isoforms and assesses 
confidence in these estimates. Incorporation of mRNA fragment 
length distribution in paired-end RNA-seq greatly improved 
estimation of alternative-splicing levels. MISO also detects 
differentially regulated exons or isoforms. Application of 
MISO implicated the RNA splicing factor hnRNP H1 in the 
regulation of alternative cleavage and polyadenylation, a role 
that was supported by UV cross-linking–immunoprecipitation 
sequencing (CLIP-seq) analysis in human cells. Our results 
provide a probabilistic framework for RNA-seq analysis, 
give functional insights into pre-mRNA processing and yield 
guidelines for the optimal design of RNA-seq experiments for 
studies of gene and isoform expression.

The distinct isoforms expressed from metazoan genes through 
alternative splicing can be important in development, differen-
tiation and disease1. For example, the pyruvate kinase gene pro-
duces two distinct tissue-specific spliced isoforms that differ in 
their enzymatic activity, allosteric regulation and ability to sup-
port tumor growth2. Conservative estimates predict 2–12 mRNA 
isoforms for most mammalian genes (Supplementary Fig. 1), 
though some genes, including neurexins, may express more than 
1,000 isoforms each3.

Recently, high-throughput sequencing of short cDNA frag-
ments, RNA-seq, has emerged as a powerful approach to char-
acterizing the transcriptome. RNA-seq data have recently been 
used to show that the vast majority of human genes are alter-
natively spliced and that most alternative exons show tissue-
specific regulation4. To date, RNA-seq analysis methods have 
focused mostly on estimation of gene expression levels and 
discovery of novel exons and genes4–6, assembly and annota-
tion of mRNA transcripts5,7, and estimation of the expression 
levels of alternative exons4. Two recent methods, Cufflinks and 
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Scripture, can produce de novo annotations of transcripts in 
metazoan genomes using RNA-seq data alone8–10.

Accurate quantification of alternative-exon abundance and 
detection of differentially regulated exons and isoforms remain 
challenging. Paired-end RNA-seq protocols, in which both ends of 
a cDNA fragment are sequenced, are paving the way for isoform-
centric rather than exon-centric analyses. Here we have developed 
the MISO model, a probabilistic framework that uses information 
in single-end or paired-end RNA-seq data to enable more compre-
hensive and accurate analysis of alternative splicing, at either the 
exon or isoform level. MISO provides confidence intervals (CIs) 
for estimates of exon and isoform abundance, detects differential 
expression and uses latent information to improve accuracy. We 
applied MISO to analyze isoform regulation by the splicing factor 
hnRNP H. Using MISO, we showed how the mean and variance 
of the library insert length affects the information obtained about 
splicing events in paired-end RNA-seq data, yielding guidelines 
for the design of RNA-seq experiments.

RESULTS
Quantifying alternative splicing with MISO
To detect alternative splicing using RNA-seq data, MISO and 
other methods use sequence reads aligned to splice-junction 
sequences that are either precomputed from known or predicted 
exon-intron boundaries, or discovered de novo by spliced align-
ment to the genome (Online Methods). In the most common 
type of alternative splicing in mammals, an exon is included or 
excluded from the mature mRNA; ‘percentage spliced in’ (PSI or 

)11 denotes the fraction of mRNAs that represent the inclusion 
isoform. Reads aligning to the alternative exon or to its junctions 
with adjacent constitutive exons provide support for the inclusion 
isoform, whereas reads aligning to the junction between the adja-
cent constitutive exons support the exclusion isoform; the relative 
read density of these two sets forms the standard estimate of , 
denoted ˆSJ (Fig. 1 and Supplementary Fig. 2)4.

This estimate ignores reads that align to the bodies of the flank-
ing constitutive exons, which could have derived from either 
isoform. Nevertheless, these constitutive reads contain latent 
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information about the splicing of the alternative exon, as higher 
expression of the exclusion isoform will generally increase the 
density of reads in the flanking exons relative to the alternative 
exon, and lower expression of the exclusion isoform will decrease 
this ratio of densities. MISO captures this, as well as the infor-
mation in the lengths of library inserts in paired-end data, by 
recasting the analysis of isoforms as a Bayesian inference problem. 
Our approach is related to the alternative-splicing quantification 
method12, which does not use paired-end information.

MISO samples reads uniformly from the chosen isoform, then 
recovers the underlying abundances of isoforms (  and 1 !  in the 
case of a single alternative exon) using the short read data (Fig. 1a 
and Supplementary Fig. 3). As a result of mRNA fragmentation 
in library preparation, mRNA abundance and length contribute 
roughly linearly to read sampling in RNA-seq. This effect is treated 
by rescaling the abundances  and 1 !  of the two isoforms by 
the number of possible reads that could be generated from each 
isoform, respectively. In the model, reads from a gene locus are 
produced by a generative process in which an isoform is first chosen 
according to its rescaled abundance, and a sequence read is then 
sampled uniformly from possible read positions along the mRNA 
(Online Methods). For the exon-centric analyses involving a single 
alternative exon we derived an analytic solution to the inference 
problem, whereas for isoform-centric analyses and estimation using 
CIs we developed an efficient inference technique based on Monte 
Carlo sampling (Online Methods). Our new estimator, ˆ

MISO, 
uses all of the read positions used in ˆSJ, plus reads aligning to the 
adjacent exons (Fig. 1b,c) and information about the library insert 
length distribution in paired-end RNA-seq. Both ˆSJ and ˆ

MISO 
are unbiased estimators of .

An improved measure of exon expression
Simulating read generation from an alternatively spliced gene, we 
observed that the ˆ

MISO estimate had consistently much lower 
variance and error than ˆSJ (Fig. 1d). For reference, the dis-
tribution of read-coverage values at depths typically obtained 
from one lane of sequencing on an Illumina Genome Analyzer 2  
(GA2) and on a HiSeq 2000 are shown, in units of reads per 
kilobase of exon model (RPK). For a gene with median cover-
age in the GA2 data set (~220 RPK), the s.d. of the estimated  
value was reduced more than twofold, from 0.21 for ˆSJ to 0.09 
for ˆ

MISO.  

Validation of MISO estimates
To assess the uncertainty in the splicing estimates for each exon, 
we calculated CIs for  (Online Methods) from moderate-depth 
breast cancer RNA-seq data (Supplementary Table 1; examples 
are shown in Fig. 2a,b). Comparing ˆ

MISO estimates for 52 alter-
native exons to corresponding quantitative reverse-transcription  
PCR (qRT-PCR) values11,13 yielded a Pearson correlation  
r = 0.87 (Fig. 2c and Supplementary Table 2; a bias in the  
RT-PCR data was analyzed in Supplementary Figs. 4–6). 
Restricting the analysis to exons with 95% CI width <0.25 
increased the correlation with qRT-PCR data considerably, to  
r = 0.96 (Fig. 2d). Thus, MISO CIs identify exons whose  
RNA-seq–based -value estimates are more reliable.

Detection of differentially expressed isoforms
Differential splicing of alternative exons entails a difference in 

 values, , and can be evaluated statistically using the Bayes 
factor (BF), which quantifies the odds of differential regulation 
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Figure 1 | More accurate inference of splicing 
levels using MISO. (a) Generative process for 
MISO model. White, alternatively spliced exon; 
gray and black, flanking constitutive exons. 
RNA-seq reads aligning to the alternative exon 
body (white) or to splice junctions involving 
this exon support the inclusive isoform, whereas 
reads joining the two constitutive exons (black-
gray exon junction) support the exclusive 
isoform. Reads aligning to the constitutive 
exons are common to both isoforms.  
(b) The ˆ

SJ estimate uses splice-junction and 
alternative exon–body reads only. (c) The MISO 
estimate, ˆ

MISO (derived here analytically), 
also uses constitutive reads and paired-end 
read information; orange lines connect reads in 
a pair; the insert length distribution is shown 
at right. (d) Comparison of ˆ

SJ and ˆ
MISO 

estimates from simulated data. Reads were 
sampled at varying coverage, measured in RPK, 
from the gene structure shown at top right, 
with underlying true  = 0.5. Mean values from 
3,000 simulations are shown ( s.d.) for each 
coverage value. Percentiles of gene expression 
values are shown for a data set assuming  
25 million mapped paired-end (PE) read pairs 
(25M PE; blue, extrapolating from an Illumina 
GA2 run that yielded 15 million mapped 
read pairs) and for a data set of 78 million 
mapped read pairs from an Illumina HiSeq 
2000 instrument (78M PE; red), both obtained 
from human heart tissue.
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occurring. MISO is used to calculate the posterior probability 
distributions of  and  for the two samples. The latter distribu-
tion is used to calculate the BF, defined as the ratio of the posterior 
probability of the alternative hypothesis,   0, to that of the null 
hypothesis,  = 0 (Online Methods); thus, higher values of the 
BF indicate increased confidence in differential regulation.

In a recent study we used RNA-seq to characterize transcriptome 
changes after RNA-interference knockdown of the splicing factor 
hnRNP H in cultured human cells14. This factor is known to bind 
polyguanine (poly(G)) runs, typically activating splicing when 
binding in introns flanking an exon and repressing splicing when 
binding in exons (Fig. 3a,b). An example of BF calculation for a 
gene with moderately high read coverage is shown in Figure 3c.  
When we compared RNA-seq to qRT-PCR data, we found that 
100% of exons (6 of 6) with BF  20 were detected as differentially 

regulated by qRT-PCR, compared to 21% of exons (4 of 19) with 
BF < 20 (P < 0.0004, Fisher’s exact test), and the magnitude of  
showed good agreement (Supplementary Fig. 7). Overall, 15% 
of alternative exons changed with BF  20 (Fig. 3d); similarly 
widespread changes in splicing have been observed by all-exon 
microarray analysis14.

Genome-wide validation of isoform regulation by CLIP-seq
To identify events directly regulated by hnRNP H and further 
validate the BF analysis, we performed CLIP-seq analysis of 
hnRNP H1 under the same conditions as in ref. 14 to identify 
RNA binding sites of hnRNP H transcriptome-wide. Notably, 
the percentage of exons with CLIP tags in their flanking introns 
whose splicing was enhanced by hnRNP H (  > 0 between con-
trol and knockdown conditions) increased from 60% to over 90% 
as the BF threshold was increased, approaching a plateau at a  
BF = 5 (Fig. 3e), corresponding to 5:1 odds of regulation. This 
effect was stronger for hnRNP H binding in the downstream intron 
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Figure 2 | MISO CIs for  values and qRT-PCR validation. qRT-PCR 
measurements from ref. 13 for a set of 52 alternatively skipped exons were 
compared to MISO posterior mean estimates of , denoted ˆ

MISO.  
Full listing of events is given in Supplementary Table 1. (a,b) The  
posterior distributions obtained by sampling and 95% CIs are shown for 
two representative exons, one with a wide (NFYA, exon 3) and one with a 
narrower (ZNF207, exon 6) CI. qRT-PCR  measurements are indicated in 
red. (c) Scatterplot of MISO and qRT-PCR  estimates for the full set of 
52 events. (d) Scatterplot of MISO and qRT-PCR estimates for the subset 
of 23 high-confidence events, for which CI width <0.25. One exon was 
excluded from this plot because of expressed sequence tag (EST) evidence 
of an alternative isoform expected to confound the qRT-PCR analysis 
(Supplementary Fig. 6).
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Figure 3 | Bayes factor analysis of hnRNP H regulation of exon splicing. 
(a) CLIP tag density (H CLIP; green) and RNA-seq read densities in hnRNP 
H–knockdown and control conditions (H KD and H Ctrl; light and dark 
blue, respectively) for an alternative exon in human C17orf49. Number of 
guanines in poly(G) runs in upstream and downstream introns is shown. 
(b) Model of hnRNP H function in splicing regulation: binding of poly(G) 
runs (Gn) adjacent to an exon enhances the exon’s splicing (+ arrows); 
binding in exon body represses splicing (! arrow). A 250-nt window 
in flanking introns was used to count CLIP tags in analyses. (c) BF for 
exon 2 of PRMT2 gene. Gray dashed line, distribution over  under the 
null hypothesis; black solid line, posterior distribution. (d) Cumulative 
distribution of BFs using hnRNP H RNA-seq data for exons with sufficiently 
high read coverage. Inset, fraction of differentially regulated exons (  
 0.15 by qRT-PCR), grouping exons by BF (n = 25 exons). (e) Percentage 

of exons enhanced by hnRNP H (  > 0), plotted against increasing BF 
thresholds, for exons with CLIP tags in downstream or upstream introns 
but not in exon body (red and orange curves), for exons with CLIP tags in 
exon body but not in flanking introns (blue curve) and for exons with no 
CLIP tags (dotted black line). (f) Guanines in poly(G) runs in downstream 
intron, plotted against increasing BFs.
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and was reversed for events with exonic CLIP tags, consistent 
with previous studies (for example, ref. 14 and references therein);  
virtually no bias was detected, on average, for exons not associated  
with CLIP tags. Further evidence that BF values reflect regu-
lated exons came from the observation that exons with larger  
BFs had more guanines in poly(G) runs in their downstream 
introns (Fig. 3f).

A possible role for hnRNP H in alternative polyadenylation
We used a similar approach to examine whether hnRNP H also 
has a role in regulating tandem alternative cleavage and poly-
adenylation (APA), in which cleavage at distinct polyadenylation 
sites (PASs), without intervening splicing, results in mRNAs with 
longer or shorter 3  untranslated regions (UTRs), often affecting  
mRNA stability, localization or translation15. Evidence that 
hnRNP H1 and its paralogs hnRNPs F and H2 affect the effi-
ciency of constitutive cleavage and polyadenylation has been 
described16,17, but regulation of alternative 3  UTR events by this 
factor has not previously been reported. Notably, we observed that 
increased density of CLIP tags just upstream of the core (5 ) PAS 
correlated with greater use of this site in control conditions than 
in the hnRNP H knockdown, suggesting a role for hnRNP H in 
promoting core PAS use.

For example, a high density of hnRNP H CLIP tags was 
observed upstream of the core PAS of the NFATC4 gene, and 
RNA-seq data indicated greater use of this site in control condi-
tions than in knockdown conditions (Fig. 4a). Because MISO 
encodes isoforms in a general way as lists of exon coordinates, 
APA events can be analyzed similarly to alternative splicing 
events (Online Methods). Applying MISO to RNA-seq data 
from control and hnRNP H knockdown cells, we observed that 
genes with higher expression of the shorter 3  UTR isoform 
in the presence of hnRNP H—particularly those with large BF  
values—had higher CLIP tag density near the core PAS (Fig. 4b). 
Together, these analyses implicate hnRNP H1 in widespread 
regulation of APA in human genes by activation of the core 
PAS when bound nearby. Elevated levels of hnRNP H1 have 
been observed in certain cancers18, and it would be of interest 
to determine whether hnRNP H1 contributes to the widespread 
‘3  UTR shortening’ (preferential expression of upstream PASs) 
that occurs in cancer cells19,20.

RNA-seq design: paired-end reads and insert length
A size-selection step is used in RNA-seq library preparation to 
control the mean length of inserted cDNA fragments. In paired-
end sequencing, the full distribution of the lengths of these inserts 
can be measured precisely from read pairs that map to large con-
stitutive regions such as 3  UTRs, which are typically intronless. 
This length distribution can then be used to make qualitatively 
new types of inferences about alternative isoforms. For example, 
when the reads in a pair map upstream and downstream of an 
alternatively spliced exon, the inclusion and exclusion isoforms 
will typically imply different intervening insert lengths, often 
enabling the isoform from which the read was generated to be 
inferred with high confidence.

These considerations led us to compare the fraction of reads 
that are ‘assignable’—that is, consistent with only one of the two 
isoforms—in simulations of paired-end and single-end sequenc-
ing, varying the mean, , of the insert length distribution (Fig. 5).  
To assess the amount of splicing information present in the length 
distribution, we considered read pairs that were 20 times more 
likely to have derived from one isoform than the other under the 
insert length distribution to be ‘probabilistically assignable’, with 
a ‘false read assignment’ (FRA) frequency of 1/20 = 5%. In Figure 
5d, the insert length distribution has a mean ~260  10 nucle-
otides (nt), making it far more likely that the read pair shown 
derived from the inclusion isoform.

Variability in the insert length distribution influences the confi-
dence with which read pairs can be assigned to isoforms. Varying 
the s.d., , of the insert length distribution by a dispersion factor, 
d (where  = d ), we observed that even for a relatively broad 
insert length distribution (d = 2), inclusion of the 5% FRA reads 
substantially increased the fraction of assignable reads for a gene 
containing a (typically sized) 100-nt alternative exon (Fig. 5b). 
For tighter length distributions (d = 1 or d = 0.5), the fraction of 
assignable reads increased markedly, from ~15% when ignoring 
insert length information to >50% when considering insert length 
for large mean lengths, indicating that paired-end data with low-
dispersion length distributions can potentially increase the yield 
of information about splicing by threefold or more at a given 
sequencing depth. Obtaining a length distribution with d near 1 
requires care in library preparation but is achievable in practice 
(the libraries used in this study had d values between 0.6 and 1.5). 
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For d < 1.5, the proportion of assignable reads increased steadily 
with insert length (Fig. 5a), as larger inserts make it more likely 
that reads from a pair will fall on opposite sides of an alternative 
exon and be probabilistically assignable. Thus, if dispersion is kept 
near or below 1, use of longer insert lengths should yield more 
information about splicing. However, changing mRNA fragment 
size can have other effects on RNA-seq experiments, potentially 
affecting the priming and reverse-transcription steps and the 
sampling of mRNAs of different lengths.

To assess the nature and extent of these effects, we generated 
libraries with mean insert lengths of ~100 nt and ~280 nt from the 
same RNA sample, derived from control mouse myoblasts, and 
generated similar libraries from myoblasts depleted of the splic-
ing factor CUGBP1 (Supplementary Fig. 8a). Gene expression 
estimates were relatively unaffected by insert length for mRNAs 
1 kilobase (kb) or longer, but, as expected, read coverage of very 
short mRNAs only a few hundred bases in length was reduced by 
~20–40% in the longer-insert libraries (Supplementary Fig. 8b). 
The precise pattern of fluctuations in read coverage along consti-
tutive regions differed between libraries with different insert sizes 
but was highly correlated between libraries generated with similar 
insert sizes (Supplementary Fig. 8c). The reproducibility of the 
patterns of local fluctuations indicated that they are primarily 
determined by fragment size21—which could affect RNA second-
ary structure and therefore the priming and reverse-transcription 
steps—rather than by technical noise. Because such fluctua-
tions could affect analysis of alternative splicing, comparisons 
made between RNA-seq data sets prepared using similar library 
insert lengths will be most accurate. Changes in gene expres-
sion resulting from the knockdown of CUGBP1 were detected 
highly reproducibly at the two different library insert sizes (r  
0.9; Supplementary Fig. 8d), indicating that library insert size 

can be varied at least over this range without affecting the ability  
to detect changes in expression. The overall magnitude of read- 
coverage fluctuations was only modestly greater for the 100-
nt-insert library than for the library with 280-nt inserts 
(Supplementary Fig. 8e), but further tests of longer insert librar-
ies will be needed to determine the magnitude and impact of the 
expected increases in local read-coverage fluctuations. Overall, 
the optimal insert size to use in an RNA-seq experiment will 
depend on the importance one places on outputs such as detection 
of splicing changes relative to efficient capture of short mRNAs.

More accurate  values using insert length information
Insert length information is incorporated in MISO by probabil-
istic assignment of read pairs to isoforms that are consistent with 
both individual reads, weighting the assignment of read pairs 
by the relative probability of observing the given insert length, 
according to the structure of each isoform. To quantify the impact 
of the increased assignability of reads on accuracy of  estimates, 
we simulated paired-end reads from a typical gene model con-
taining an alternative exon (Fig. 5a). Use of paired-end reads 
with insert length information markedly increased the accuracy 
of estimates of  in simulations, reducing the error by a factor of 
~2–5 (Fig. 5c). With a typical gene model containing a typically 
sized alternative exon, applying the ˆ

MISO estimation method 
that makes use of paired-end length information, rather than the 
standard ˆ

MISO estimate, reduced the error in estimated  from 
about 8% to ~4% for a gene with RPK of 200, and the error was 
further reduced to ~2% at higher coverage values.

Applications to complex alternative splicing
Paired-end data can also be used to make inferences about iso-
form levels for genes that contain multiple alternative splicing 

a 1.7 kb
1.6 kb

96 7 8541 2 3

100 nt

200 220 240 260 280 300
Insert length (nt)

P
ro

ba
bi

lit
y

d High prob. length
Low prob. length

e

100 nt

200 400 600 800
Mean insert length (nt)

20

40

60

80

100

A
ss

ig
na

bl
e 

re
ad

s 
(%

)

Single-end, 1-bit 
Paired-end, 1-bit
d = 2.0
d = 1.5
d = 1.0
d = 0.5

Paired-end using
insert length dist.
(5% FRA) 

0 1 2 3
No. intervening exons, k

10

20

30

40

50

60

70

80

90

100

A
ss

ig
na

bl
e 

re
ad

s 
(%

)

......

......
...

...

...

...

AS exons
Single-end, 2-bit 
Paired-end, 2-bit
Single-end, 1-bit 
Paired-end, 1-bit 
2-bit
1-bit 

Paired-end using
insert length dist.
(5% FRA)  

k = 1

......

1-bit2-bit

d = 1.0

150 nt

200 800 1,400 2,000
Coverage (RPK)

5

10

15

20

25

 = 400 nt

 = 400 nt = 258.1 nt
 = 9.8 nt

–2 +2

Single-end
Paired-end

cb

E
rr

or
 in

 
 (%

)

Insert variability:
= d 

d = = 0.6

d = 1.0

Figure 5 | Improved estimation of isoform 
abundance using paired-end reads.  
(a) Representative gene model with 100-nt 
first exon, 100-nt skipped exon (exon 5, in 
white), 150-nt constitutive exons and 600-nt 
last exon. (b) We simulated reads from the 
two-isoform gene model shown in a while 
varying the mean, , of the insert length 
distribution, setting the s.d.  to adjust 
for the higher variability expected in the 
size selection for longer fragments. Fraction 
of 1-bit (assignable to only one isoform) 
paired and single-end reads is plotted ( s.d.). 
(c) Distribution of errors for paired-end and 
single-end estimation as coverage increases 
(measured in RPK). (d) Histogram shows 
library insert length distribution computed 
from read pairs mapped to long constitutive 
3  UTRs in a human testes RNA-seq data set. 
In the example exon trio shown (similar to 
that in Fig. 1d), the insert length distribution 
assigns a higher probability to the top 
(inclusion) isoform than to the bottom 
(exclusion) isoform, for which the inferred 
insert length is improbably small. (e) Fraction 
of assignable 2-bit and 1-bit reads ( s.d.)  
for paired-end and single-end reads as 
a function of the number of intervening 
constitutive exons, k.
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events. To assess how much information can be gained about 
splicing by paired-end sequencing in these cases, we simulated 
reads from a gene model containing a pair of alternative exons 
while varying the number of exons, k, separating the two alterna-
tive exons (Fig. 5e). In this gene model, 2 bits of information are 
required to uniquely specify an isoform: 1 bit to indicate whether 
the first alternative exon was included or excluded, and 1 bit to 
describe the splicing of the second alternative exon. Reads that 
can be uniquely assigned to one of the four isoforms are there-
fore considered ‘2-bit reads’, whereas reads that are assignable 
to exactly two of the four isoforms are considered ‘1-bit reads’ 
(Fig. 5e). When k = 0, a single read may overlap the junction of 
the two alternative exons or the junction between the flanking 
constitutive exons, providing 2 bits of information. For k  1, 
no 2-bit reads occurred for the typical read and exon lengths 
used in the simulation, but read pairs can sometimes provide 2 
bits of information—for example, if the two reads derive from 
the two alternative exons or from junctions that are informative 
about the splicing of these exons, though this is fairly rare. When 
insert length information is used and probabilistically assignable 
reads are considered, far more read pairs yield 1 or even 2 bits of 
information (Fig. 5c and Online Methods), indicating that short-
read data has some potential to address more complex alternative 
splicing events.

The MISO model generalizes to the isoform-centric case  
in which genes express arbitrarily many isoforms through 
alternative splicing (Supplementary Note and Supplementary 
Figs. 9–11); an application of MISO to estimate the abun-
dance of four isoforms from the GRIN1 gene is shown in 
Supplementary Figure 12. However, sequencing methods 
involving longer reads, longer library insert lengths or both 
are needed to quantify isoforms in genes with multiple distant 
alternative splicing events.

DISCUSSION
Alternative splicing is highly regulated during development and 
differentiation, and misregulation of RNA processing underlies 
a variety of human diseases2,22. Because individual alternative 
exons typically represent only a few percent of the length of the 
mRNA, analysis of splicing requires greater sequencing depth 
and more powerful statistical methods than are needed to study 
gene expression. The MISO model introduced here represents a 
detailed probabilistic model of RNA-seq, and it has a variety of 
advantages, including improved accuracy and the ability to ana-
lyze all major types of alternative pre-mRNA processing at either 
the exon level or the isoform level.

This study also has important implications for the design of 
RNA-seq experiments. Our analyses indicate that paired-end 
sequencing yields far more information about alternative exons 
and isoforms than single-end sequencing does. This informa-
tion derives primarily from cases in which the reads in a pair 
flank an alternative exon, so that the inclusion and exclusion 
isoforms imply different intervening mRNA lengths. Use of 
somewhat longer mRNA fragments, of 300 bases or more, in 
library preparation should generally enhance isoform inference 
by increasing the occurrence of such read pairs, with tradeoffs 
related to the capture of very short mRNAs and changes in the 
pattern and extent of local fluctuations in read coverage along 
exons. Our analyses of read-coverage fluctuations strongly imply 

that RNA-seq–based comparisons of expression and splicing 
will be most accurate when the insert lengths of the libraries 
being compared are similar. In some cases a mixed experimen-
tal design involving use of different library insert sizes from 
a single sample may be appropriate—for example, combining 
one lane of paired-end sequencing from a longer-insert RNA-
seq library for inference of mRNA isoform abundance together 
with a lane of shorter-insert single-end sequencing for analysis 
of gene expression.

METHODS
Methods and any associated references are available in the online 
version of the paper at http://www.nature.com/naturemethods/.

Accession codes. Gene Expression Omnibus: GSE23694.

Note: Supplementary information is available on the Nature Methods website.
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ONLINE METHODS
Software availability. All software implementations used in this 
paper are available at http://genes.mit.edu/burgelab/miso.

Cell culture and CUG-BP1 RNA-seq experiments. Control and 
CUG-BP1 knockdown C2C12 myoblasts23 were a generous gift of 
Carol Wilusz (Colorado State University). Cells were cultured at 
37 °C, 5% CO2 in Dulbecco’s modified Eagle’s Medium contain-
ing 20% (v/v) FBS and maintained in subconfluency conditions. 
Total RNA was isolated from cells at 50–60% confluency by lysis 
with Trizol, followed by chloroform extraction, precipitation and 
cleanup plus DNase treatment on RNeasy columns (Qiagen). Total 
RNA was poly(A)-selected using poly(T) Dynabeads (Invitrogen) 
and prepared for Illumina sequencing. After adaptor ligation, 
libraries were agarose gel purified; two 1-mm-thick bands cen-
tered at ~250 and ~400 nt were excised with razor blades. These 
gel-purified products were amplified by 11 cycles of PCR using 
adaptor primers and subjected to a final gel purification to main-
tain a tight size distribution.

Mapping and processing of RNA-seq reads. Reads were aligned 
to the genome and to a precomputed set of splice junctions (as 
described4) using the Bowtie alignment program24. Reads were 
required to map with two mismatches or fewer, and junction reads 
were required to include four bases or more from each spanning 
exon. For simplicity, we considered only reads that map uniquely 
to the union of the genome and splice junctions, and correct 
for differing uniqueness of different regions by excluding non-
unique positions from the analysis; for an alternative treatment, 
see ref. 25. Alternative exons used in all analyses were derived as 
described4, by considering an exon as skipped if it is supported by 
one or more annotated ESTs or cDNAs. Alternative poly(A) sites 
were compiled from PolyA DB26. Here we used a precomputed 
junction database, but an alternative is to discover splice junctions 
de novo using one of several available tools for junction discov-
ery and transcript annotation (for example, refs. 8,9,27–32). The 
human heart and testis RNA-seq data listed in Supplementary 
Table 1 were provided by G. Schroth (Illumina) and are available 
upon request. The breast cancer RNA-seq data were generated by 
R. Nutiu (MIT) from tissue provided by S. Abou Elela (University 
of Sherbrooke). Read data relevant to Figure 2 will be provided 
upon request.

Notation and model. After aligning reads to the genome and 
splice junctions, we considered only reads that map uniquely to 
genes for both exon-centric and isoform-centric analyses. 
Assuming N reads that align to a given gene with K isoforms, each 
read Rn (where 1  n  N) is associated with a vector with com-
ponents R1

n through RK
n indicating its compatibility with the K 

different isoforms: if the nth read maps to the kth isoform of the 
gene, then Rk

n is set to 1, and 0 otherwise. Given a set of uniquely 
aligning reads, we seek to infer the ‘percentage spliced isoform’ 
values , representing the relative abundances of the gene’s iso-
forms. Here, k denotes the fraction of mRNAs corresponding  
to the kth isoform (and thus 

k
k 1). Faithfully modeling the  

physical process of fragmentation and subsequent size selection 
is not yet feasible, but the general effect of these processes on the 
data is that the probability of sampling a read from an mRNA 

increases approximately linearly with the mRNA’s length. To cap-
ture this effect, we rescale the isoform abundances 1 through 

k by the numbers c1 through ck of reads of length RL that could 
be generated from these isoforms: if lk is the length of the kth 
isoform, then ck = lk! RL + 1. In the two-isoform case, this rescal-
ing yields the values 

f f f
c

c c1
1 1

1 1 2 2
2 11and

corresponding to the expected proportion of reads generated 
from each isoform. Let In be a variable representing the isoform 
from which the nth read was sequenced, where 1  n  N. The 
rescaled abundances then correspond to the probability that the 
nth read was generated from the kth isoform, denoted P(In | ), 
 accounting for fragmentation. Given the assignment of the nth 
read to the kth isoform, we then define the probability of observing 
a specific read from that isoform. This probability will depend 
on a set of fixed parameters " of the experiment, such as the 
length of a read (RL) and the minimum overhang length for reads  
that span splice junctions. To account for uniqueness of reads  
in the alignment, let m(RL, In) be the number of mappable read 
positions in some isoform In for an experiment where the read 
length is RL. For convenience, only reads and read positions that 
satisfy the overhang constraint are considered mappable. The 
probability of observing read Rn from the kth isoform, denoted 
P(Rn | In = k, "), is defined to be uniform over the number of reads 
observable from isoform k—that is, Rk

n equals 1 with probability 
1/m(RL, In), and is 0 otherwise. Our goal is to invert the genera-
tive process by which reads are produced and infer the under-
lying isoform abundances that best explain the observed reads. 
Formally, this is achieved by computing a probability distribution, 
called the ‘posterior’, over the unobserved random variable ( ), 
given the RNA-seq data. This is done using Bayes’ rule, which 
states how the posterior distribution can be computed in terms of 
two quantities: (i) the probability of the data given a setting of the 
variable, referred to as the ‘likelihood’ of the data, and (ii) our a 
priori expectation about the values of this variable, referred to as 
the ‘prior’ distribution. The relationships between the prior, likeli-
hood and posterior distributions are depicted in Supplementary 
Figure 3. In our case, the prior specifies our expectation about 
the value of  before observation of reads (we use a prior that is 
unbiased, not favoring any particular abundance value), and the 
likelihood specifies the probability of observing a set of reads 
given a  value. The posterior describes the probability of  
given a set of reads. Given a set of N reads R1:N, the posterior 
distribution denoted P R N( | ):1 , Bayes’ rule gives 

P P R PN( ) ( | ) ( ):1   
Intuitively, this equation states that the probability of a set of abun-
dances given the reads are proportional to our a priori expectation 
about the values of these abundances (the prior), weighted by how 
likely reads we observed are to have been produced from these 
abundances (the likelihood). To compute the posterior, we need to 
consider all possible assignments of every read to each isoform and 
use the probabilities defined above to score these assignments: 

P R P R I P I PN N

NI

K

n N
n

N

I

K
( | ) ( | , ) ( | ) ( ): ::1

1

1

1
1

11
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where In indicates the isoform from which the nth read was gen-
erated. For exon-centric analyses where there are only two iso-
forms, we use a prior distribution uniform over [0, 1], which is 
a special case of the Beta distribution commonly used as a prior 
in Bayesian statistics33. In this case, our model is a variant of the 
well-studied ‘Beta-Bernoulli’ model33. Whereas in the general 
case of many isoforms inference is performed using approxi-
mate techniques34,35, an analytic solution can be obtained in the 
two-isoform case under certain assumptions about the prior dis-
tribution (Supplementary Note). We can extend the model to 
isoform-centric analyses (where there are many isoforms) using 
the Dirichlet-Multinomial distributions33, which are the multi-
variate generalization of the Beta-Bernoulli distributions used in 
the exon-centric case. The general model is specified as follows: 

~ (

| ~ (

Dirichlet )oncefor every gene ,

I Multinomial 1, )f

g

n oor every read thatmaps togene ,

I , )for every read tha

n

R P R nn n n

g

~ ( | ttmaps togene g

where the corrected abundances that account for the lengths of 
multiple isoforms are now defined as a vector f , and where an 
entry

fk k k
j

K

j jc c( ) ( )
1

corresponds to the probability of sampling a read from the kth iso-
form. As above, we consider a symmetric Dirichlet distribution with 
all parameters equal to encode a uniform prior over , not favoring 
any particular distribution of isoforms. As in the exon-centric case, we 
seek the posterior distribution P(  | R1:N), which can be obtained by 
Bayes’ rule. A graphical model representation of MISO summarizing 
the relations between all these variables is shown in Supplementary 
Figure 9, where variables are indicated by nodes and probabilistic 
dependencies are indicated as edges between the nodes.

Quantitation of diverse classes of alternative pre-mRNA 
processing events. By representing alternative pre-mRNA 
processing events generically as a mixture of isoforms, with each 
isoform defined by a list of exon coordinates, it is possible to 
quantify diverse classes of events can, including alternative 5  and 
3  splice sites, alternative first and last exons, tandem APA sites, 
mutually exclusive exons and retained introns. Different event 
types will be supported by distinct types of reads—for example, 
tandem APA events are currently quantified using reads that are 
unique to the extended isoform and reads that map to the core 
region shared by both isoforms. The  value in this case is defined 
as the ratio of the abundance of the long isoform relative to the 
sum of the abundances of long and short isoforms. Intuitively, 
MISO uses the density of reads in the extended region relative 
to that in the core region to estimate this quantity. Similarly, the 
absolute and relative sizes of alternative regions will affect the read 
coverage and the power to reliably quantify isoform abundances 
(for example, alternative 3  splice sites can differ by as few as three 
bases, whereas tandem APA events typically differ by ~1 kb).

Incorporation of paired-end information. In single-end sequenc-
ing, it is sufficient to represent a read by the set of isoforms it could 

have been derived from. For paired-end reads, it is also neces-
sary to incorporate information about the insert lengths that are 
consistent with each read. We represent a paired-end read with a 
pair of parameters, (Rn, n), where the first element, Rn, is a binary 
vector representing the alignment of reads to isoforms as in the 
single-end case: Rk

n = 1 if the nth read aligns to the kth isoform; 
Rk

n = 0 otherwise. The second element, n, is a vector of observed 
inserted fragment lengths, where k

n is set to the length of the 
insert implied by isoform k for the nth read pair, assuming the 
read was consistent with isoform k and is undefined otherwise. 
To score how likely observed insert lengths are and use this infor-
mation to assign reads to isoforms, we modeled the distribution 
of isoform lengths in the mRNA-seq sample. This distribution is 
computed empirically by mapping read pairs to long constitu-
tive 3  UTRs, whose size is much larger than the expected insert 
length selected during the sample library preparation. The mean 
( ) and variance ( 2) of this distribution are then used to com-
pute the probability that a read pair came from each isoform, if 
it is consistent with more than one. The probability of assigning 
the nth read pair to the kth isoform given  depends on both the 
lengths of the isoforms l1 through lk and the mean of the insert 
length distribution, , 

P I k
l

l
n

k k

j j
j

K
( | , )

( )

( )

1

1
1

The probability of observing a paired-end read (Rn, n) given its 
assignment to an isoform k and the experiment’s parameters ", 
denoted with P(Rn, n | In = k, "), is assumed to be uniform over 
the number of fragments of the relevant size that can be gener-
ated from isoform k; that is, Rk

n = 1 with probability 1/m( k
n, In), 

and it is 0 otherwise. We modeled the empirical fragment length 
distribution P( n | , ) as a discretized normal distribution, with 
mean  and s.d. . The two parameters ,  can be set to fit the 
empirical distribution of insert lengths in any RNA-seq sample 
before the MISO inference procedure is run. All paired-end simu-
lations were conducted with two 36-nt reads, where insert lengths 
were sampled from a discretized normal distribution whose mean 

 and dispersion d were varied as described in the main text.

Analytic estimates of ! in exon-centric analyses. In exon-centric 
analyses we have two isoforms. In this case, we derive the maxi-
mum a posteriori estimate of , MISO, using single-end reads  
(a complete derivation is provided in the Supplementary Note).  

MISO is a function of five main parameters: the numbers of 
inclusion, exclusion and common reads (NI, NE, NC) and the fixed 
conditional probabilities of a read given its assignment to the first 
and second isoforms (p1 and p2, respectively). Under the assump-
tion of a uniform prior on , it is sufficient to define an estimate 
for f and transform to get an estimate of , using the inverse of 
equation (1). The derivation of ˆ

f  is then reduced to solving a 
quadratic equation, whose relevant solution is

ˆ
f

A B C

D

(described fully in Supplementary Note). We then obtain an esti-
mator for ˆ

MISO by plugging ˆ
f  into the inverse of equation (1). 

Our estimate is compared to ˆ
A3SS and the ˆ

SJ estimates from  
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ref. 4 in Supplementary Figure 2. Calculation of these measures 
and proofs of unbiasedness are given in the Supplementary Note.

Estimates of ! in isoform-centric analyses. To estimate the full 
posterior distribution over abundances in either exon- or isoform-
centric analyses, analytic solutions are not available, and approxi-
mate inference techniques must be used instead35. The correction 
of isoform abundances needed to account for the fragmentation 
step leads to violations of the mathematically convenient con-
jugacy properties of traditional Dirichlet-Multinomial mixture 
models, which are required for standard methods of performing 
inference in such models, such as Gibbs sampling33. To perform 
efficient inference in our model, we devised a Markov chain Monte 
Carlo (MCMC) inference scheme based on a novel proposal dis-
tribution. We use a hybrid MCMC sampler that combines the 
Metropolis-Hastings (MH) algorithm with a Gibbs sampler34. In 
MH, a proposal distribution Q is used to estimate the target dis-
tribution P x( ), where P can be evaluated up to proportionality on 
any set of states but cannot easily be sampled from. Transitions to 
different states of P are repeatedly proposed from Q, and these are 
stochastically accepted or rejected according to the MH ratio, : 

min
( ) ( ; )

( ) ( ; )
,

P x Q x x

P x Q x x
t t t

t t t

1 1

1
1

In our case, P is the joint distribution on  and the latent assign-
ment of reads to isoforms I1:N. A substantial challenge for infer-
ence in our model is to construct a proposal distribution Q that 
efficiently proposes high-probability  values under P while 
respecting the constraint that  must sum to 1. To achieve this, 
we use the logistic-normal distribution36 to construct a random 
walk in the simplex space by drifting over the parameters of 
the Beta distributions from which  values are drawn. See 
Supplementary Note for a full derivation of the inference scheme 
and Supplementary Figure 11 for the resulting algorithm.

Computation of Bayesian confidence intervals. Given a pos-
terior distribution over  obtained with the proposed MCMC 
sampler, a Bayesian CI for k is computed using the method 
described37. The 100(1 ! )% Bayesian CI is an interval (a, b) 
where the probability of a value for k being contained in (a, b) is 
100(1 ! )%. Let S k

i
i
n{ } 1 be a set of n posterior samples for a 

given k. The 100(1 ! )% interval (a, b) is computed as: k
n( / )2 ,  

# k
(1 ! /2)n), where k

n( / )2  is the ( /2)nth smallest sample in S, 
and # k

(1 ! /2)n is the (1 ! /2)nth smallest sample in S. Such an 
interval is a consistent estimator of the Bayesian CI37.

Statistical test for differential isoform expression using Bayes 
factors. To detect the differential expression of an isoform between 
two samples A and B, we use a two-sided point null hypothesis 
test. Let  = A – B, where A, B correspond to the expres-
sion levels of the isoform in samples A, B, respectively. The null 
hypothesis (H0) states that  = 0, and the alternative hypothesis 
(H1) that   0. To choose between the two competing hypotheses, 
we compute the BF38, which can be interpreted as the weight of 
the evidence in the data D in support of H1 over H0: 

BF
P D H P H

P D H P H

( | ) ( )

( | ) ( )
1 1

0 0

The BF can be accurately estimated using the Savage-Dickey den-
sity ratio33—that is, by calculating it as a ratio of the posterior 
density at  = 0 under H1 and the prior density under H1 at the 
same point: 

BF
P H

P D H

( | )

( | , )

0

0
1

1

We assume a uniform prior over A and B, which yields a prior 
distribution that peaks where  = 0, corresponding to the case 
of no differential regulation between the conditions (that is,  
a ‘triangular prior’ where P(  = 0 | H1) = 1). This reduces the BF 
calculation to 1/P(  = 0 | H1, D) = 1.

Analysis of quantitative reverse-transcription PCR data. Only 
alternative exons meeting the coverage criteria outlined above 
were used. To ensure detectable alternative splicing of the exon 
in the breast cancer sample, we required that the qRT-PCR 
value be greater than 0 and smaller than 1. To correct for the 
length bias in the qRT-PCR data when computing the overlap 
between qRT-PCR data and MISO CIs, we used an out-of-sample 
cross-validation scheme to calculate an adjusted qRT-PCR value  
(as described in Supplementary Note).

hnRNP H CLIP-seq experiment and data analysis. CLIP-seq  
for hnRNP H was performed as described14. Read fragments of 
size 15–30 nt were aligned to the human genome (hg18) and a pre-
computed set of splice junctions. CLIP tag densities were normalized 
by RPKM values estimated from the hnRNP H control condition. 
For analyses of alternative and constitutive exons, only tags in the 
exon body and in the intronic region upstream and downstream 
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Supplementary Figure 1. Annotated isoforms in human and mouse genomes. Number of
UCSC annotated mRNAs per gene, showing the large number of multi-isoform genes, even by
conservative estimates that do not take into account RNA-Seq data.
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, for single-end reads
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Read count Supported isoform
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Supplementary Figure 2. Estimates of Ψ using single-end reads. The three Ψ estimates and
the reads used in each estimate. NI , NE correspond to the number of reads supporting the
inclusive isoform, respectively, while NC corresponds to the number of reads supporting both
isoforms (constitutive reads). The Ψ̂SJ estimate shown corresponds to the estimate used in the
majority of the analyses in1, and Ψ̂A3SS was also used in the same study for a subset of exons with
an alternative splice site (see Supplementary Note for a proof of unbiasedness of these estimates.)
The Ψ̂MISO estimate shown corresponds to the analytic estimate from the MISO model (full
derivation described in Supplementary Note), which is only obtained for single-end data.
Estimates incorporate increasing amounts of information present in reads, with Ψ̂A3SS using the
least amount of information and Ψ̂MISO using the most.
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Supplementary Figure 3. Steps of MISO statistical inference procedure from. Reads are
aligned to the genome and a set of junctions that are either precomputed or discovered de novo
using transcript annotation/discovery tools. Aligned reads are then mapped to isoforms, shown
here for the case of a skipped exon, and represented as binary matrices that correspond to their
compatibility with isoforms. Each each row i in the isoform compatibility matrix corresponds to a
read, and each column j to an isoform, where the ijth entry is 1 if read i is consistent with isoform
j and 0 otherwise. In this example, read R1 is consistent only with the inclusive isoform
(containing the white exon), R2 consistent only with the exclusive isoform (excluding the white
exon), while RN consistent with both. Inference is performed by computing a probability
distribution (the posterior) over Ψ given the reads. Bayes’ rule states that this distribution is
proportional to the product of our expectation about the value of Ψ (the prior, here taken to be
uniformly distributed over [0, 1]) and the likelihood of observing the reads given Ψ (the
likelihood). By summing over all possible assignments of reads to isoforms, weighting each
assignment by its probability, the posterior distribution over Ψ is obtained. Inferences are then
summarized by the mean of the posterior distribution, used as an estimate of Ψ, and confidence
intervals that quantitate the confidence in the estimate (as described in Online Methods.)
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Supplementary Figure 4. Evidence for exon size-dependent qRT-PCR bias. Posterior
marginals for each of the 52 alternative splicing events used in the breast cancer tissue sample4.
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Supplementary Figure 5. MISO Ψ estimation for 52 alternative exons in breast cancer
tissue. Posterior distributions for each of the 52 alternative splicing events used in the breast
cancer tissue sample4.
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Supplementary Figure 6. mRNA-Seq data for hnRNPAB in breast cancer tissue. Data from
breast cancer tissue (sample BRC426) from4 and normal breast tissue (provided by Illumina,
available on request).
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dataset. Change in Ψ value based on MISO (x-axis) and qRT-PCR estimates (y-axis) for a set of
25 alternative exons in the hnRNP H control and knockdown data set are shown (ρ = 0.77).
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Supplementary Figure 8. Comparison of read coverage fluctuations and gene expression for
technical replicate libraries with short and long insert lengths. (a) The insert length
distribution of pairs of libraries made from the same batch of RNA with mean fragment lengths of
∼98 nt and ∼277 nt. These are shown in both control (black) and CUGBP1 knockdown
conditions. (b) Fold change between the short and long technical replicate libraries in control
(top, black) and knockdown (bottom, blue) conditions. (c) Read coverage varies across exons, as
illustrated on selected exons on Eef2. Deviation of sequence coverage from the mean can be
computed for each gene. These values can be correlated between libraries, and the cumulative
distribution function of correlation values can be plotted. (d) Changes in gene expression are
preserved between libraries of differing insert lengths. (e) The coefficient of variation in read
coverage across genes does not markedly differ between libraries of differing insert lengths.
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Supplementary Figure 9. Graphical model representation of MISO for single-end reads. A
graphical representation of the probabilistic dependencies between variables in MISO, for a
single gene with K isoforms. Shaded nodes represent observed variables, which include all the
reads for the gene of interest, the parameters of the mRNA-Seq experiment and alignment
procedure (the read length and the overhang length constraint) and features of the gene of interest
(lengths of isoforms and the number of mappable positions in each isoform). The unshaded nodes
represent random variables whose value are to be inferred from data, namely the Ψ value of each
isoform k (Ψk) and the isoform from which each read was generated (In). The vector �α
corresponds to the parameters of the Dirichlet prior distribution on isoform abundances, which is
fixed to encode a uniform prior. MISO models the joint inference problem of finding the best set
of Ψ values for the isoforms and the correct assignment of reads to the isoforms from which they
were generated. For paired-end data, the probability of assigning a read to an isoform also
depends on the parameters µ, σ of the insert length distribution, and are incorporated into the
model as described in main text (for simplicity, these are not shown in the graphical model.)

9

Nature Methods: doi: 10.1038/nmeth.1528



.5 .0 0.5 0.0 0.5 .0
log(®1)

0.6

0.4

.2

0.0

0.2

0.4

0.6
lo
g
(®
2
)

 
( ®3 = 1 )  

unconstrained random walk Simplex constrained random walk

Initial state

Supplementary Figure 10. Random walk sampling scheme for inference in MISO. A
five-step random walk sampled from a Logistic-Normal proposal distribution in log space of the
parameters of a Dirichlet distribution (left). Each step in this random walk parameterizes a
Dirichlet distribution, from which corresponding points on the simplex can be drawn (right). The
use of the Logistic-Normal proposal distribution allows efficient exploration of the space of �Ψ
values.
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Input: Set of reads   R , set of isoforms G  of a gene, number of iterations  
to run M  

Output: Set S  of sampled   values 
 
Initialize  t = 0  randomly 
 
Initialize assignments of reads to isoforms consistently 
 
Set S = {}   
 
foreach Iteration m = 1,...,M  do 

Propose  new  from a distribution centered around  t  

Compute the probability  of accepting  new  (using Metropolis-Hastings ratio) 
With probability , set  t+1 = new , otherwise set  t+1 = t   
 
foreach Read r R  do 

 
foreach Isoform g G   do 

Compute probability pr ,g   of reassigning read r  to isoform g  
end 

 

Sample reassignment of read r  to an isoform g G based on 
computed probabilities 

 end 

  

 Set S = S { t+1}   
end 

 

return S  
 

Supplementary Figure 11. Sampling-based MISO inference algorithm. Algorithm for
estimating the posterior distribution over �Ψ by Markov chain Monte Carlo sampling is shown.
The algorithm begins with a random initialization of isoform distributions and assignments of
reads to isoforms, and then repeatedly proposes new isoform distributions. These proposals are
probabilistically accepted or rejected. If rejected, the previous isoform distribution is used in the
next step. Each read is then probabilistically reassigned to one of the gene’s isoforms, based on
the new isoform distribution. As the algorithm converges, it is expected that an isoform
distribution and associated assignment of reads to isoforms will be sampled in proportion to their
probability under the model.
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Supplementary Figure 12. Isoform abundance estimation for four isoforms of GRIN1 gene.
(a) A combination of alternative 3� splice sites and exon skipping produces four isoforms in the
region encoding the C-terminus of GRIN1

5, 6. (b) MISO Ψ estimates for reads simulated from an
underlying isoform distribution where splicing of exons 21/C1 and 22/C2 is correlated, causing
the two exons to be frequently included together (simulated isoform abundances shown at left).
The posterior marginal distribution, estimated using the Monte Carlo algorithm described in
Online Methods, is shown for each isoform, with the correct value shown as a vertical red line. (c)
Estimation of isoform abundance for the case where reads were simulated from an GRIN1

isoform distribution where splicing of exons 21/C1 and 22/C2 is anti-correlated, so the exons are
rarely included together. The Ψ values for 21/C1 and 22/C2 are equal (0.5) in both conditions, but
in the correlated condition the conditional probability of including 21/C2 given that 22/C2 is
included is 0.8, while in the anti-correlated condition it is 0.2.
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Supplementary Tables 
 

Supplementary Table 1. Short read datasets used in study 
 
 
Source No. mapped reads Run type 
Human heart (Illumina, HiSeq 2000) 156 M PE, 2x50nt 
Human heart (Illumina, GA2) 30 M PE, 2x54nt 
Human testes (Illumina, GA2) 17 M PE, 2x54nt 
Human breast cancer tissue13 11 M PE, 2x36nt 
HEK 293T cells, control14 16 M SE, 36nt 
HEK 293T cells, hnRNP H knockdown14 21 M SE, 36nt 
HEK 293T cells, hnRNP H CLIP-Seq 
(this work) 

4 M SE, 36nt 
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Supplementary Table 2. Events used in qRT-PCR validation of MISO on breast 
cancer data set 
 
 

Gene   Chromosome   Strand   ASE coords  
ASE 
size  

PCR 
Psi  

 Adj. 
PCR 
Psi  

 MISO 
Psi   PsiSJ   

MAP3K7  
6  -   91311072-

91310992  
81 0.43 0.62 0.49 0.43 

ZDHHC16  
10  +   99203546-

99203593  
48 0.69 0.79 0.64 0.62 

KIF23  
15  +   67520161-

67520472  
312 0.03 0.23 0.23 0.18 

SS18  
18  -   21869885-

21869793  
93 0.3 0.49 0.34 0.4 

MANBAL  
20  +   35360580-

35360696  
117 0.39 0.57 0.55 0.54 

ZNF207  
17  +   27712600-

27712647  
48 0.77 0.87 0.8 0.78 

DHX34  
19  +   52571970-

52572044  
75 0.35 0.45 0.48 0.47 

ITGB4BP  
20  -   33332046-

33331871  
176 0.82 0.99 0.86 0.91 

OS9  
12  +   56400149-

56400313  
165 0.39 0.58 0.69 0.73 

CTBP1  
4  -   1225307-

1225113  
195 0.8 0.99 0.88 0.87 

IL17RC  
3  +   9937609-

9937653  
45 0.17 0.27 0.26 0.22 

ALAS1  
3  +   52207728-

52207904  
177 0.08 0.27 0.24 0.18 

HNRPA2B1  
7  -   26204011-

26203976  
36 0.16 0.26 0.17 0.48 

FBXO44  
1  +  11641177-

11641272  
96 0.34 0.51 0.55 0.49 

SIAHBP1  
8  -   144974874-

144974824  
51 0.7 0.78 0.54 0.58 

NUMB  
14  -   72815885-

72815742  
144 0.27 0.43 0.65 0.51 
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TPD52L1  
6  +   125619943-

125620003  
61 0.59 0.67 0.35 0.33 

SNRP70  
19  +   54297183-

54297254  
72 0.05 0.14 0.28 0.46 

UBE2I  
16  +   1302349-

1302605  
257 0.01 0.18 0.2 0.31 

ARID5A  
2  +   96578785-

96578923  
139 0.52 0.69 0.66 0.6 

SSBP4  
19  +   18403163-

18403228  
66 0.12 0.21 0.42 0.44 

FLJ22222  
17  -   77945708-

77945496  
213 0.35 0.52 0.47 0.38 

VKORC1  
16  -   31012243-

31012134  
110 0.76 0.93 0.94 0.88 

CAMK2G  
10  -   75249409-

75249296  
114 0.25 0.43 0.45 0.47 

MAPT  
17  +   41423081-

41423278  
198 0.02 0.18 0.24 0.23 

PPP2R5C  
14  +   101453921-

101454037  
117 0.21 0.38 0.38 0.32 

PTPRS  
19  -   5167778-

5167731  
48 0.19 0.26 0.29 0.26 

SMARCC2  
12  -   54853080-

54852988  
93 0.11 0.28 0.29 0.32 

PTPRC  
1  +   196938139-

196938282  
144 0.1 0.27 0.32 0.28 

FXR1  
3  +   182175795-

182175886  
92 0.18 0.36 0.53 0.35 

MBD1  
18  -   46053839-

46053702  
138 0.66 0.84 0.76 0.81 

HNRPAB  
5  +   177569739-

177569879  
141 0.34 0.51 0.88 0.86 

CTTN  
11  +   69945224-

69945334  
111 0.8 0.98 0.82 0.87 

KIAA0101  
15  -   62456157-

62455995  
163 0.79 0.96 0.9 0.73 

CD46  
1  +   206030221-

206030313  
93 0.03 0.21 0.22 0.12 

TSC2  
16  +   2067600-

2067728  
129 0.22 0.4 0.43 0.57 

AKR1A1  
1  +   45790695-

45790822  
128 0.15 0.33 0.4 0.26 
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HPS1  
10  -   100179636-

100179538  
99 0.41 0.59 0.58 0.62 

MYO18A  
17  -   24436792-

24436748  
45 0.05 0.12 0.25 0.15 

LLGL2  
17  +   71082129-

71082171  
43 0.41 0.5 0.59 0.55 

GTF2I  
7  +   73771134-

73771196  
63 0.29 0.38 0.35 0.22 

HNRPD  
4  -   83496860-

83496714  
147 0.16 0.35 0.3 0.24 

ITGB4  
17  +   71262731-

71262889  
159 0.09 0.28 0.24 0.28 

ADD3  
10  +   111882053-

111882148  
96 0.51 0.7 0.74 0.59 

HNRPD  
4  -   83511761-

83511705  
57 0.77 0.85 0.77 0.83 

MT  
22  -   41863248-

41863031  
218 0.38 0.57 0.76 0.53 

PRRX1  
1  +   168966042-

168966113  
72 0.54 0.62 0.61 0.51 

LGALS8  
1  +   234772838-

234772963  
126 0.04 0.23 0.32 0.22 

RBM39  
20  -   33791933-

33791861  
73 0.12 0.21 0.61 0.71 

ARHGAP17  
16  -   24858419-

24858186  
234 0.14 0.33 0.46 0.41 

NFYA  
6  +   41156528-

41156614  
87 0.08 0.26 0.16 0.09 

FBLN2  
3  +   13638276-

13638416  
141 0.22 0.41 0.31 0.4 

GANAB  
11  -   62158423-

62158358  
66 0.14 0.22 0.23 0.43 
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Supplementary Note: Details of statistical estimators and MISO
inference algorithm

Estimates of Ψ. Multiple approaches for estimating Ψ values have been proposed. One simple
estimate, Ψ̂A3SS, considers the splicing event as a choice between the competing 3� splice sites
(3�ss) of the alternative exon and the downstream constitutive exon, estimating the inclusion of
the exon by the relative numbers of reads that join these 3�ss to the upstream constitutive exon
(Supplementary Fig. 2). This estimate was previously used for a subset of alternative splicing
events.1

A more comprehensive estimate is Ψ̂SJ, which estimates exon inclusion based on the com-
bined read density in the body of the alternative exon and in the two junctions that involve the
alternative exon, relative to the density of junction reads that join the upstream and downstream
constitutive exons1 (Figure 1c). The remaining reads that align to the bodies of the flanking con-
stitutive exons could have derived from either isoform and are not used in Ψ̂SJ.

More formally, Ψ̂SJ =
DI

DI+DE
, where DI is the density of inclusion reads and DE the density

of exclusion reads. Let el be the length of the alternatively spliced exon, rl be the length of mRNA-
seq reads, and ol the overhang constraint placed on splice junctions. Assuming all positions in the
gene of interest are uniquely mappable, DI and DE are computed as follows:

DI =
NI

el − rl + 1 + 2(rl + 1− 2ol)
, DE =

NE

rl + 1− 2ol

where NI and NE are the number of reads supporting inclusion and exclusion reads, respectively.
If non-uniquely mappable read starting positions exist, these are simply subtracted from the de-
nominators of DI and DE .

Computing the maximum a posteriori estimate Ψ̂MISO for single-end reads. As explained in
the main text, constitutive reads contain latent information about Ψ, and can be used to improve
and stabilize Ψ estimates (Figure 1d). For exon-centric analyses, an analytic estimate can be
computed, if only single-end reads are used and certain assumptions are made about the prior
distribution P (Ψ). This estimate is denoted Ψ̂MISO and can be derived by computing the maximum

a posteriori (MAP) estimate of Ψ under the MISO model. (Note that in a subset of figures in
the main text, Ψ̂MISO is used alternatively to denote the mean of the posterior distribution over Ψ
obtained by MCMC-based inference, as indicated by the figure legends.)

Since the prior P (Ψ) is 1 when the hyperparameters α = β = 1, the MAP estimate and
the MLE estimates are equal, and so we proceed by finding the MLE. Given R1:N reads and their
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isoform assignments I1:N , the likelihood function P (R1:N | Ψ) is:

P (R1:N | Ψ) =
N�

n=1

2�

In=1

P (Rn | In)P (In | Ψ)

=
N�

n=1

�
P (Rn | In = 1)Ψf + P (Rn | In = 2)(1−Ψf )

�

where 1 ≤ n ≤ N . We’d like to find a value of Ψ̂ that maximizes this likelihood, which is written
as a function of Ψf . By the equivariance property of maximum likelihood, we can simply find the
MLE Ψ̂f of Ψf and transform it into Ψ̂, since the two are one-to-one, using:

Ψ̂ =
c1Ψ̂f

c1 − c1Ψ̂f + c2Ψ̂f

(1)

To simplify the notation, let p1 and p2 stand for the probabilities of a read being generated from
the first and second isoforms, respectively, assuming read lengths rl:

p1 =
1

m(rl, I1)
, p2 =

1

m(rl, I2)

Substituting our observation model into the likelihood gives:

P (R1:N | Ψf ) =
N�

n=1

(P (Rn | 1,Θ)Ψf + P (Rn | 2,Θ)(1−Ψf ))

=
N�

n=1

�
p1R

1
nΨf + p2R

2
n(1−Ψf )

�

Taking the log, we have:

Ψ̂f = argmax
Ψf

N�

n=1

log
�
p1R

1
nΨf + p2R

2
n(1−Ψf )

�

Differentiating and setting the derivative to zero yields:

d

dΨf

N�

n=1

log
�
p1R

1
nΨf + p2R

2
n(1−Ψf )

�
= 0

N�

n=1

p1R1
n − p2R2

n

p1R1
nΨf + p2R2

n(1−Ψf )
= 0

14

Nature Methods: doi: 10.1038/nmeth.1528



This sum can be rewritten in terms of three sufficient statistics: the number of reads supporting
only isoform 1 (NI), the number of reads supporting only isoform 2 (NE), and the number of reads
supporting both isoforms (NC), to get:

NI

Ψf
− NE

1−Ψf
+

NC(p1 − p2)

p1Ψf + p2(1−Ψf )
= 0

This equation reduces to solving a quadratic equation, whose relevant solution is:

Ψ̂f =
A−

√
B + C

D
, where:

A = NIp1 +NCp1 − 2NIp2 −NEp2 −NCp2

B = 4NIp2(NIp1 +NEp1 +NCp1 −NIp2 −NEp2 −NCp2)

C = (−NIp1 −NCp1 + 2NIp2 +NEp2 +NCp2)
2

D = 2(NIp1 +NEp1 +NCp1 −NIp2 −NEp2 −NCp2)

Now, Ψ̂f can be plugged in to Equation 1 to obtain Ψ̂, which is our MAP/MLE estimate.
This resulting estimate is simply a function of the read counts NI , NE, NC and the probabilities p1
and p2.

Proof that Ψ̂A3SS is unbiased. As an example of analytic estimates of Ψ, we show that the simplest
estimate, Ψ̂A3SS, is unbiased. Recall that Ψ̂A3SS uses only the reads from one inclusion junction
and from the exclusion junction (Supplementary Fig. 2). Given a read length rl and an overhang
constraint of ol, let J be the number of possible read starting positions in a junction:

J = rl + 1− 2ol

Then Ψ̂A3SS can be defined as follows:

Ψ̂A3SS =
NI
J

NI
J + NE

J

=
NI

NI +NE

Proposition 1 (Unbiasedness of Ψ̂A3SS) The symmetric splice junction estimator Ψ̂A3SS is unbi-

ased, i.e. E(Ψ̂A3SS) = Ψ for all Ψ.
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Proof Fix Ψ. Let l1 be the length of the inclusive isoform, and l2 be the length of the exclusive
isoform. Then the number of reads possible from the two isoforms are c1, c2, respectively:

c1 = l1 − rl + 1

c2 = l2 − rl + 1

These constants are used to compute Ψf , the probability of sequencing a read from the inclusive
isoform, which is defined as follows:

Ψf =
c1Ψ

c1Ψ+ c2(1−Ψ)

Recall that J = rl + 1 − 2ol. In general, a read generated in our model falls into one of four
mutually categories. It could support: (1) the inclusive isoform, (2) the exclusive isoform, (3) both
isoforms, or (4) be thrown out due to an overhang violation. Relative to this space of outcomes,
the expected probabilities of inclusion and exclusion reads are as follows:

P (NI) = P (inclusive isoform)P (inclusion junction read | inclusive isoform)

= Ψf
J

c1

P (NE) = P (exclusive isoform)P (exclusion junction read | exclusive isoform)

= (1−Ψf )
J

c2

To show unbiasedness, it suffices to show that E( NI
NI+NE

) = Ψ. Since Ψ̂A3SS uses only the NI and
NE reads, we know that NI +NE = n, where n is the total number of reads used in the estimate.
Therefore,

E

�
NI

NI +NE

�
= E

�
NI

n

�
=

1

n
E(NI)

The expected number of inclusion reads in a sample of n reads, E(NI), is simply n×P (NI). Since
reads other than inclusion or exclusion reads are discarded in the Ψ̂A3SS estimate, the probability of
an inclusion read must be normalized to account for the fact that these are the only two outcomes:

E(NI) = n× P (NI)

P (NI) + P (NE)

= n×
Ψf

J
c1

Ψf
J
c1
+ (1−Ψf )

J
c2
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Substituting Ψf with its definition results in:

E(NI) = n×

c1Ψ

c1Ψ+ c2(1−Ψ)

J

c1
c1Ψ

c1Ψ+ c2(1−Ψ)

J

c1
+

�
1− c1Ψ

c1Ψ+ c2(1−Ψ)

�
J

c2

× c1Ψ+ c2(1−Ψ)

c1Ψ+ c2(1−Ψ)

= n× ΨJ

ΨJ + (c1Ψ+ c2(1−Ψ)− c1Ψ) J
c2

= n× ΨJ

ΨJ + (1−Ψ)J

= n× Ψ

Ψ+ (1−Ψ)

= n×Ψ

Thus, 1
nE(NI) = Ψ, which demonstrates that Ψ̂A3SS is unbiased. A similar argument holds for the

Ψ̂SJ estimate used in1.

Efficient estimation of isoform distributions for genes with many isoforms. We devised a
Markov chain Monte Carlo (MCMC) inference scheme based on a novel proposal distribution.
Considering the length information and length correction in our problem leads to violations of
the mathematically convenient conjugacy properties of traditional Dirichlet-Multinomial mixture
models. For this reason, the use of a standard Gibbs sampler is not possible. Instead, we use
a hybrid MCMC sampler that combines the Metropolis-Hastings (MH) algorithm with a Gibbs
sampler2. In MH, a proposal distribution Q is used to estimate the target distribution P (�x), where
P can be evaluated up to proportionality on any set of states but cannot be easily sampled from.
Transitions to different states of P are repeatedly proposed from Q, and these are stochastically
accepted or rejected according to the MH ratio, α:

α = min

�
P (�xt+1)Q(�xt; �xt+1)

P (�xt)Q(�xt+1; �xt)
, 1

�
(MH ratio)

where α is the probability of transitioning to the proposed state �xt+1 from the current state �xt. The
better the proposal distribution Q is at proposing probable values under P , the faster the sampling
algorithm will converge to the correct distribution.

In our case, the target distribution is the posterior distribution on �Ψ given a set of reads,
P (�Ψ | R1:N). In general, we expect any set of reads from a gene with many isoform to be well-
explained by only a small set of closely related isoform distributions. In other words, we expect
the model’s probability mass to be peaked on a small set of �Ψ values that explain the data, with
little probability mass on other �Ψ that encode a very different set of isoform abundances.
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In light of this unimodal probability landscape, a proposal distribution that uniformly pro-
poses random isoform distributions is unlikely to find values that fit the data. A standard strategy
for solving problems of this form using sampling is to use a proposal distribution that “drifts”—
or forms a random walk—over the sampled variable’s state space. In a random walk proposal,
the proposed value is typically the previously sampled value plus some noise (e.g. the previous
proposal, corrupted by normally distributed noise.)

A challenge in defining a random walk proposal in our case is that isoform distributions
are constrained to sum to one—i.e., they must be probability distributions. Therefore, a random
walk where a proposal is drawn from a normal distribution centered on the previously sampled
isoform distribution will not work. To overcome this, we formulated a random walk using the
Logistic-Normal distribution

3, a distribution on the simplex that generalizes the more commonly
used Dirichlet distribution. With the Logistic-Normal it is possible to to formalize the idea that
the newly proposed isoform distribution is drawn from a distribution whose mean is the previ-
ously sampled distribution, meaning that only small changes to the current isoform distribution are
proposed, while still respecting the constraint that proposed values must sum to one. Intuitively,
this allows the algorithm to ‘hone in’ on the region of highly probable isoform distributions for a
given data set, and move around in that space, without spending too much time sampling lower
probability regions.

The random walk is defined over the parameters of the distribution from which �Ψ is drawn,
in log space, allowing the sampled values to range unconstrained over the space of real numbers.
Each draw of a set of parameters then parameterizes a Dirichlet distribution from which an isoform
distribution is drawn. Supplementary Figure 10 shows proposals drawn according to this process,
illustrating how a five-step unconstrained random walk on the parameters of the distribution in log
space induces a random walk in the constrained space of the 2D simplex, where each point repre-
sents a probability vector. Our algorithm exploits the fact that a random walk over the parameters
of a distribution—which can be conveniently ‘drifted over’ unconstrained—can be used to define
a random walk over the values drawn from this distribution, which in this case are constrained to
lie within the simplex.

Our sampling algorithm, shown in Supplementary Figure 11, proceeds by repeatedly propos-
ing new values for �Ψ, which are stochastically accepted in proportion to their probability under the
model. First, a new isoform distribution is proposed, which is probabilistically accepted or rejected
based on the MH ratio, as described above. For each proposed isoform distribution, the algorithm
then probabilistically reassigns each read to a new isoform, which completes one iteration of the
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algorithm. As the number of iterations increases, the algorithm is guaranteed to eventually sample
isoform distributions and assignments of reads to isoforms in proportion to their posterior proba-
bility in our model.

A distribution that can capture the desired random walk in simplex space is the Logistic-

Normal distribution, parameterized by a mean �µ and covariance matrix Σ, and denoted Lk(�µ,Σ)

for the k-dimensional case3. A k-dimensional vector �θ can be sampled from Lk−1(�µ,Σ) by first
sampling a vector v from a multivariate normal distribution Normal(�µ,Σ) and then taking its in-
verse logistic transform, logit−1:

�θ = logit−1(v) =
ev

1 +
�K

k=1 e
vk

The vector v can be obtained back via the logit transform v = log(θ/θk+1), where θk+1 = 1 −
�K

k=1 θk. The probability density for �θ with parameters �µ,Σ is:

|2πΣ|− 1
2

�
k+1�

j=1

θj

�−1

exp

�
−1

2
{log(θ/θk+1)− �µ}TΣ−1{log(θ/θk+1)}

�
(2)

Given a fixed covariance matrix Σ for the proposal distribution, the sampling scheme is as follows:

1. Initialize �µt, �Ψt = �µ0, �Ψ0, and initialize I to a consistent assignment

2. For m = 1, . . . ,M iterations,

(a) Propose �µt+1, �Ψt+1:

�µt+1 ∼ Normal(�µt,Σ)

�Ψt+1 = logit−1(�µt+1)

(b) Let �µt, �Ψt = �µt+1, �Ψt+1 with probability α (otherwise, keep values from step t):

α = min

�
P (�Ψt+1, I1:N , R1:N)Q(�Ψt; �Ψt+1)

P (�Ψt, I1:N , R1:N)Q(�Ψt+1; �Ψt)
, 1

�

Here, Q is a Logistic-Normal (following the probability density given in Equation 2)
with mean equal to the previous time step’s �Ψ, excluding its last element:

Q(�Ψt+1; �Ψt) ∼ Lk−1(log([Ψ
1
t , . . . ,Ψ

k−1
t ]),Σ)

And similarly for Q(�Ψt; �Ψt+1). The joint distributions in the MH ratio factor into a
product of conditionals, as explained in Online Methods.
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(c) Gibbs step: for j = 1, . . . , N reads,

i. Compute the probability aj,k of reassigning read Rj to the kth isoform, for every
isoform 1 ≤ k ≤ K:

aj,k = P (Ij = k | R1:N , I1:N\{Ij}, �Ψt+1)

ii. Sample reassignment of Ij ∼ Multinomial(1, [aj,1 · · · aj,K ])

Note that Step (c) is the usual Gibbs sampling step for reassigning data points to components in
mixture models.

Cross-validation adjustment of qRT-PCR values. Given the apparent length bias in the qRT-
PCR estimates of Ψ in Figure 2, we computed an adjusted set of qRT-PCR Ψ values using cross-
validation, in order to estimate the overlap between these values and the Bayesian confidence
intervals of Ψ̂MISO. Exons were binned by length (n = 3 bins) and the events used for validation
were split in four sets. An adjusted qRT-PCR estimate of Ψ was then computed for each set by
adding the average ∆Ψ of MISO and qRT-PCR estimates in the remaining three sets, bounding the
resulting value in [0, 1]. The adjusted and raw Ψ estimates for MISO and qRT-PCR, along with the
Bayesian confidence intervals, are shown in Supplementary Figure 5.
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