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1 The ISP algorithm

The details of ISP are described in Algorithm 1. The value of W determines how much error can be tolerated
in the solution. A larger value of W tends to result in more isoforms (thus recovering more true ones), but
isoforms with higher weights are more likely to be erroneous. The values of the parameters W, A,y can be
determined empirically using simulation. In our experiments, we set W =0, A= 1.1 and v = 1.1.

Algorithm 1 ISP

Requ1re a MSCG G, the paired-end read set R = {p}, W >0,A >1,~v> 1.
: Initialize the weights w;;, 0 <4i,7 < M +1; S = {}.
Solve the LP or ILP problem and find a path P from s to ¢ with weight Wp = Z(z‘,j)eP Wi j.
if Wp > W then

Terminate the algorithm and return S.
end if
Convert the path P to an isoform I, and remove all reads that are compatible with I in R.
if I ¢ S then

Set S=SU{I}.
end if
cfor0<i,5<M+1do
if w;; > 0 then

Set wi,; = )\wi,j;
else

Ws,5 = wm/)\.
end if
: end for
: for each edge or vertex (¢,7): do
if the corresponding segment (or junction) is already used in S then

if Wi, 5 2 0 then

Set Wi,5 = YWi,j;
else
Set Wi,5 = wiﬁj/'y.

end if
end if
: end for
: Go to Line 2.
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2 The complexity of the ISP problem

In this section, we show that finding a path to maximize Equation (7) is NP-hard. Consider the following
ISP problem with a special MSCG Gy = (Vo, Ep) satisfying three conditions:

~ (i,]) € By for every i,j € Vo\{s, }, i # j;
- w;; =0
— ap > 0.

From the construction of Gy, for every non-empty subset of vertices Vj C V) in Gy, there is a path from
s to t that connects all vertices (and only vertices) in V{. Also, maximizing Equation (7) is equivalent to
maximizing » .z gp~p (or the number of compatible paired-end reads with P).

The following theorem holds true:

Theorem 1. The following decision problem is NP-complete:
Input: An MSCG Gy = (V, Ep) and a set of mapped paired-end reads R; an integer k.
Question: Is there a path P in G such that ZpeR qpopr =k?

Proof. The theorem can be proven by a reduction from the well-known CLIQUE problem.
First, given an MSCG Gy and a read set R with m reads, construct a graph G = (V# EH) such that:

- VHE =Lt i
— (vf',vf") € EM if and only if IS; N ES; = () and 1S; N ES; = 0.

We show that for each path P, the read set {p € R: p ~ P} correspond to a clique C = {vf,p ~ P} in
GH such that
> tr =C] (1)
PER
This is because for any p,q € R satisfying p ~ P and ¢ ~ P, we have IS, N ES, =0 and IS, N ES, = 0. As

a result, (vf, vf) € EH and C is a clique.

Next, for an arbitrary graph G = (VH Ef) we construct a MSCG Gy and a read set R. We show that
for every clique C' in G, there exists a path P satisfying Equation (1). Let V = {off vl .. v} and we

construct Go = (Vp, Ep) as follows:

- VO = {S,t} U {vi,ja]- S 27] S mai #]}a
— (p,q) € Ey for every p,q € V except (s,t). As usual, s is labelled 0 and ¢ labelled m(m — 1)/2 4 1.

R is constructed as follows: R = {r1,...7r,} and let the Inclusion and Exclusion Set of read r; as I.5(r;)
and ES(r;), respectively. For every vertex v; ; € Vo\ {s,t}, if (v/1,v!) € EH then
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Vi, j GIS(TZ'),”UZ‘,]‘ EIS(T‘]'); (2)
otherwise if (v;,v;) ¢ EX, then
v; 5 € 18(r;),vi 5 € ES(rj). (3)
Suppose C = {c{{, . ckH} is a clique in G. Now we show that the corresponding read set R’ =

{re,c € C} and a path P connecting all vertices ISp = {v; ; : v;; € IS(r.),c € C} (but not other vertices)
satisfy Equation (1).

First of all, according to the construction of Gg, there is a path connecting all vertices of P. Next, let
ESp = {v;; 1v;j € ES(rc),c € C}, then ISp N ESp = (. Otherwise if v; ; € ISp N ESp, then v;; €
IS(r;),vi5 € ES(r;), or v; j € IS(r;),vi; € ES(r;). In either case, ¢/’ and ¢}’ are not connected according
to the construction of R, which contradicts the fact that C is a clique. As a result, we have r ~ P for all

r € R', and |R'| = k = |C|. Therefore, Equation (1) holds. O



3 Comparison with CLIIQ

CLIIQ [1] is a recently developed tool for assembling transcripts directly from multiple samples. To compare
the performance of CLIIQ and ISP indirectly (since we were unable to run CLIIQ on our servers, perhaps
due to software incompatibility issues), we followed the simulation experiments in the CLIIQ paper and
compare the performance of ISP with the results shown in [1]. Simulated RNA-Seq data were generated as
described in [1]. More specifically, 770 genes containing 2 to 10 exons were chosen from chromosomes 1-4 in
the UCSC human hgl9 gene annotation. For the corresponding 2151 isoforms from these 770 genes, 50 bp
single-end RNA-Seq reads were generated at the coverage of 30X.

Two different experiments were performed following [1]. In the first experiment, all known isoforms of
each gene were expressed and in the second experiment, at most two isoforms of each gene were expressed.

We compared ISP and CLIIQ in terms of precision, recall and F-score which were used as the evaluation
metrics in [1]. Notice that the definition of precision (and recall) in the CLIIQ paper is identical to the
definition of precision (and sensitivity, respectively) in our paper, and F-score is defined as:

2 X precision X recall

F — score = (4)

precision + recall

Table S1. The performance of CLIIQ and ISP in the first experiment, where all known isoforms of each gene were
expressed.

CLIIQ ISP
1 sample|5 samples|1 sample|5 samples
precision| 0.835 0.883 0.582 0.884
recall 0.735 0.783 0.895 0.840
F-score | 0.782 0.830 0.705 0.860

Table S2. The performance of CLIIQ and ISP in the second experiment, where at most two isoforms of each gene
were expressed.

CLIIQ ISP
1 sample|5 samples|1 sample|5 samples
precision| 0.859 0.857 0.540 0.890
recall 0.808 0.879 0.927 0.879
F-score | 0.833 0.868 0.682 0.884

The comparison of performance of CLIIQ and ISP is shown in Table S1 and S2. When comparing ISP
with CLIIQ on a single sample in both experiments, CLIIQ shows a higher precision but a lower recall than
ISP. Both algorithms are able to take the advantage of multiple samples, as indicated by the increased F-
scores using 5 samples compared with using 1 sample. When 5 samples are used, ISP outperforms CLIIQ in
both precision and recall. Moreover, the precision and F-score of ISP improve drastically with a slight drop
in recall as the number of samples increases, indicating that ISP is able to take full advantage of multiple
samples.

4 An example of ISP /Cuffmerge/Cufflinks predictions using ENCODE
RINA-Seq samples

Figure 1 presents an example of transcriptome assembly results between exon 10 and exon 11 of gene CBP85,
using 6 RNA-Seq samples from different ENCODE cell lines. Both ISP and Cuffmerge predicted transcripts
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Fig. 1. Transcriptome assembly results of ISP, Cuffmerge and Cufflinks between exon 10 and exon 11 of gene CEP85.
Tracks from top to bottom: RNA-Seq signals of 6 ENCODE cell lines (black), RefSeq genes of CEP85 (magenta),
ISP predictions (red), Cuffmerge predictions (blue), and Cufflinks predictions on 6 individual samples (green). Two
Cuffmerge predictions are probably false positives (indicated by the red arrows) and might have resulted from assembly
errors of Cufflinks in individual samples.



that are consistent with the CBP85 RefSeq records. However, Cuffmerge predicted two additional transcripts,
one ends with exon 10 and the other begins from exon 11. Both transcripts are probably false positives because
they correspond to intron retention signals in some of the samples. A closer look at Cufflinks predictions
on individual samples reveals the origins of two putative false positives. Exon 11 was predicted incorrectly
in one transcript in Hlhesc, while exon 10 was predicted incorrectly in on transcript in Helas. The strong
intron intention signal in Helas also led to predict a few short single-exon isoforms, which might have also
affected the results of Cuffmerge.

5 Sensitivity and precision of alternative splicing

We studied the sensitivity and precision of both ISP and Cuffmerge in detecting alternative splicing (AS)
events in the presence of noisy reads. In this study, all AS sites from UCSC human known transcripts were
compared with the AS sites that appear in predicted transcripts by ISP or Cuffmerge. We calculated both
sensitivity and precision in the same way as in isoform inference presented in the Results section. More
specifically, two AS sites are matched if their coordinates are identical. If K of M predicted AS sites match
K of N known AS sites, then the sensitivity and precision are defined as K/N and K /M, respectively.
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Fig. 2. The sensitivity in alternative splicing event detection.

Figure 2 and 3 show the sensitivity and precision of both ISP and Cuffmerge, by using different numbers
of samples. Consistent with the trends in isoform inference (Figure 5), sensitivity increases and precision
decreases slightly as more samples are used. Compared with Cuffmerge, ISP has a similar level of sensitivity
but higher level of precision, suggesting that ISP is able to recover AS sites with a lower false positive rate,
without sacrificing the sensitivity.
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Fig. 3. The precision in alternative splicing event detection.



