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Introduction

In this follow-on exercise to the basic RNA-Seq exercises we will look at the same data, but this time
trying to find evidence for differential splicing between the two conditions. This might be to extend our
list of candidate differentially expressed genes, or it might be to specifically look for differential splicing

regulation.

Software

The software which will be used in this session is listed below. In this case we are starting with data
which has already been mapped and loaded into a segqmonk project so we’re only looking at the software
we’re using for visualisation and statistical analysis:

e SegMonk (http://www.bioinformatics.babraham.ac.uk/projects/segmonk/)
e R (http://www.r-project.org/)
e DESeq2 - part of bioconductor (http://www.bioconductor.org/)

Data

This data is the exact same BAM files used for the original differential expression exercise. The only
difference is that this time the import options used were different, and the “Import introns rather than
exons” option was selected so that we are looking at the set of observed splice junctions.

The data should be provided to you in a SeqMonk project file called “mouse_mapped_data_splicing.smk”
which you can open with File > Open Project.


http://www.bioinformatics.babraham.ac.uk/projects/seqmonk/
http://www.r-project.org/
http://www.bioconductor.org/
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Exercise 1: Initial Exploration

We've already looked at this dataset so we shouldn’t need to do too much more with it at this stage.
What you can do though is to spend a few minutes looking through the data you are going to work with.
You should be able to see that the ‘reads’ you get in this dataset are actually the intron positions from
reads which spanned a splice junction.

You should be able to see that the vast majority of the introns match with the known, expected structure
in the reference genome we’re working with. You will also see that in most genes there will be a single
splicing structure for each gene which will dominate in each sample.

Exercise 2: Probe Generation and Quantitation

There are two possible approaches to analysing this data. We could quantitate all of the splice junctions
we observed, or we could limit ourselves to those with match exactly with what we expect from the
annotation we have in the genome.

In this exercise we’ll use the second approach, which could mean that we might potentially miss any
completely novel splice sites, but it will make the overall analysis a bit cleaner, and would be fine if we're
only really interested in looking at known genes and transcripts.

Step 2.1 — Generating Intron Probe and Quantitating

We will therefore measure specifically over annotated introns. To do this we’re going to use the Feature
Probe Generator and the mRNA track.

Data > Define Probes > Feature Probe Generator

We will put probes over all introns and then quantitate the reads which match with them. To make
intronic probes we use the mRNA track, and then opt to use the Split into SubFeatures option to generate
intron probes. We are going to remove duplicate probes, since the same intron will often appear in
several different transcripts.

S8 Define Probes... x

: Pro?}e Generator Options iRNA =

Running Window Generator ~ .
misc_RMA

Feature Probe Generator
Feature Percentile Probe Generator Features to design around

_ pseudogene
Contig Probe Generator RNA
Even Coverage Probe Generator SnoRNA v
MACS peak caller
Read Position Probe Generator Split into subfeatures Introns P
Random Position Generator
Existing Probe List Generator Remove exact duplicates
Shuffle Existing List Generator
Interstitial Probe Generator Ignore feature strand information O
Deduplication Probe Generator
Merge Consecutive Probe Generator Make probes Over feature ~ |From-|0 |to+(0 |bp
Current Reqion Generator N

Close Create Probes

Once we've generated the probes we need to quantitate them. The appropriate quantitation here is the
Exact Overlap Quantitation is the appropriate one to use since the reads should exactly mirror the start
and end positions of the corresponding intron probe.

For an initial analysis we will just use the default options which will generate raw, uncorrected counts.
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R Define Quantitation... x| We could limit by strand since this is a

Quantitation Opti . . . s .

E::;ﬂmenotnquzn;::ﬁqn Count reads on strand All Reads ~ dlreCtlonal Ilbrary’ bUt were nOt 90|ng to get

e b Qiptation any places where introns from both strands

e s e mpe ey Correct for total read count |:| . . . ,

Difference Quantitton will align exactly so it doesn’t really matter.

%% Coverage Quantitation

Coverage Depth Quantitation Correct to what? Largest DataStore

gyﬂcaﬁn:ogua:ftagnn stat O h o I i .

Istance eawre Quan Ion

Prob Lengh uanionon ottt oty it s nce we have an |n|t|§1 guantitation You can

fved Vaue Quantitation look at the quantitated data in the

pewpm——e——— A U chromosome view. You should be able to see
Cose | | Quantiate a roughly even representation of introns

across the length of larger transcripts. You
will also see more clearly where there are cases where more than one structure is present, since you
should see a local change in quantitated values at the point where the two splice variants diverge.

After you've looked around the quantitation we can also do a QC check where we find out how much of
the data is captured by using the annotated introns. The easiest way to do this is to run:

Reports > Data Store Summary Report

This will provide a lot of potentially useful metrics, but the relevant ones for us are the “Total Read Count”
(the first quantitative column) and the “Total Quantitation” which is the sum of the intron counts. The
difference between these two represents the number of non-canonical splice sites which were seen
somewhere in the data. You can either just look at these to determine if the quantitation strategy we
have used has been effective, or you could even export the table and then plot the two columns as a
figure in R if you wanted a more formal answer.

Step 2.2 — Removing unmeasured introns

To save testing introns which are completely unmeasured within our data we can use a simple values
filter to remove those which were never observed anywhere in any of the samples. As we’re still
quantitated by raw counts we can simply select only probes which have a value of 1 or more in any
sample. To do this select:

Filtering > Filter on Values > Individual Probes

We'll filter on the individual data sets rather than the replicate sets, which is the most lax filter we can
apply.

G Probe Values Filter >
Testing probes in "All Probes' (267085 probes)

Data Sets/Groups

Value must be between |1 and

1 of the & selected Data Stores

Close Run Filter

Save the list to use later, and see how many of the original introns remain after this filter.



Bab'am Exercises: RNA-Seq Splicing Analysis 6

Bioinformatics

Exercise 3: Exploration
Before we do any statistical analysis we should do a bit more exploration. As we’re going to look at the

quantitations we need to re-quantitate the data using log transformed, normalised measures. To do this
simply go back to:

Data > Quantitate Existing Probes > Exact Overlap Count Quantitation

..and turn on the normalisation and log transformation options.

R Define Quantitation... *

Quantitation Options
Enrichment Quantitation - Count reads on strand All Reads e
Read Count Quantitation
Base Pair Quantitation

Correct for total read count

act Overlap Count Quantitation
Difference Quantitation
% Coverage Quantitation Correct to what? Largest DataStore ~
Coverage Depth Quantitation
Duplication Quantitation L
Distance to Feature Quantitation Count total only within probes D

Probe Length Quantitation
) - v

Log Transform Count
Only guantitate visible stores O

Close Quantitate

You can now perform some of the same exploration steps you used before. Comparing the distributions
of the values using the Cumulative Distribution Plot and the relatedness of the samples using
a Sscatterplot. When performing these parts use your filtered list of measured introns to get rid of the
large number of zeros within the data.

When looking at the data in a scatterplot look at some of the more extreme changes and see if they are
localised to a specific intron, or whether there is a wider change in the gene.

Exercise 4: Statistical Analysis for Differential Splicing

In this part we’re going to use two different statistical tests to identify potentially interesting introns. We
will use a standard DESeq2 workflow to identify introns with differential abundance (either because of
expression or splicing changes) and we’ll use logistic regression to identify pairs of introns with differing
ratios between the two conditions.

Step 4.1 - Requantitation
As we’re going to be running count based statistics we need to go back and re-quantitate the data as
completely raw counts.

R Define Quantitation... Pad

Quantitation Options
Enrichment Quantitation Count reads on strand All Reads ~
Read Count Quantitation
Base Pair Quantitation

EEmge e ae eIy Correct for total read count |:|

Difference Quantitation

% Coverage Quantitation

Coverage Depth Quantitation Correct to what? Largest DataStore

Duplication Quantitation
Distance to Feature Quantitation

Probe Length Quantitation Count total only within probes
Fixed Value Quantitation

Log Transform Count O

Only quantitate visible stores [_]

Close Quantitate

Step 4.2 — Run DESeq
As before, run:
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Filtering > Filter by Statistical Test > Count Based Statistics > Replicated
Data > DESeq2

Select the two replicate sets and run the test. Save the list of hits.

Step 4.3 — Run Logistic Regression
The splicing logistic regression filter can be found at:

Filtering > Filter by Statistical Test > Proportion based statistics >
Replicated Data > Logistic Regression Splicing

Make sure you definitely use the Splicing form of the logistic regression filter. Select the two replicate
sets and run the test.

Step 4.4 — Review the DESeq2 hits

Having run the tests we want to be able to review the hits. This means we’re going to need to move
back to normalised log transformed counts. Go back to the Exact Overlap Count Quantiation and turn
the normalisation and log transformation back on.

Start by reviewing the DESeq2 hits. Draw a scatterplot of the two replicate sets against each other and
highlight the DESeq hits onto it and check that they make sense.

Since our DESeq?2 hits could come from either expression or splicing changes we want to see if any of
the hits look like they are specifically related to splicing changes. To determine this you have been
provided with a list of genes which changed in the gene level analysis. This is a very lax filtered list which
should capture any gene with any appreciable level of overall change. For a specific splicing hit we would
want one of our DESeq hits to not overlap with the genes in the global change list.

To import the new annotations into our project we use:
File > Import Annotation > Text (Generic)

.and then select the gene_level_changes_id_0.2_no_mtc.txt file you were given. You will need to tell
SegMonk which column is which in the text file.
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% Format for gene_level_changes_id_0.2_no_mtc.tt... X

Row ... Call Col 2 Col 3 Col 4 Col 5 Col6 Col 7 Col 8 Col 8 Col10 Col1l Col12 Col 13 Column Delimiter| Tab "
a A

1 Wkr4 1 3205901 |3671498 |- 0.0154... [¥kr4 EMSMUL... [¥Hinke... |- gene Mame ... [0 Start at Row oo

2 Gm16041|1 4970857 |4975820 |+ 0.0314...(Gm16041ENSMU... |predict... |+ gene Mame ... 0

3 Pcmtdl |1 7088920 |7173628 |+ 0.0612...[Pcmtdl  |ENSMU... |protei... |+ gene Mame ... [0 Chr Cal 5 o

4 Gm383372|1 7148110 |7152137 |+ 0.0750...(Gm38372[ENSMU. .. |predict... |+ gene Mame ... [0

5 26102... |1 9560832 |9631175 |- 0.0873..,(26102,., [ENSMU. .. RIKEM ...|- gene Mame ... 0 Start Col oo

5 17000... |1 9747548 |9791924 |+ 0.0774...{17000.., [ENSMU...|RIKEM ... |+ gene Mame ... [0

7 Fpplir42 |1 9908624 |10008... |- 0.0818...|Pppir42 [ENSMU...|protei... |- gene Mame ... [0 End Caol €1 o

3 Arfgefl |1 10137... |10232... |- 0.0475... |Arfgefl |ENSMU...|ADPi... |- gene Mame ... 0

9 Prex2 |1 10993... |[11303... |+ 0.0088...[Prex2  |ENSMU...|phosp... |+ gene Mame ... [0 Strand Caol oo

10 AB300... |1 11414.., |11975... |+ 0.0942,.,|A&300... [ENSMU... |RIKEM ... |+ gene Mame ... [0

11 Sulf1 1 12692... |12861... |+ 0.0017...[5ulf1  |[ENSMU...|sulfata...|+ gene Mame ... |0 Type Cal -

12 Slco5al |1 12866... (12992... |- 0.0662...|5lco5a1 [ENSMU... |solute ... |- gene Mame ... [0

13 Prdmi4 |1 13113... |13127... |- 0.0188...[Prdm14 |[ENSMU...|PR do... |- gene Mame ... [0 Type

14 Lactb2 |1 13623... |13680... |- 0,0500,..|Lactb2  [ENSMU. .. |lactam... |- gene Mame ... [0

15 Gm9347 |1 14752... |14776... |+ 0.0689...(Gm3947 [ENSMU... |predict...|+ gene Mame ... 0 Mame Col 7w

15 Msc 1 14753... [14755... |- 0.0937... Msc ENSMU. .. |muscul... - gene Mame ... |0

17 Sbspon |1 15853... |15892... |- 0.0233...|Sbspon  |ENSMU...|somat... |- gene Mame ... (0 Description Col |5}«

13 Jph1 1 16964... [17057... |- 0.0332...Jph1 ENSMU. .. [juncto... |- gene Mame ... [0 <

Cancel Continue

Once we've imported this we should see a new annotation track with these gene hits in it.

To find out whether we have any novel DESeq hits we can use a feature filter on our DESeq hit probe
list and we’re going to look for probes which don’t overlap the genes we just imported.

Filtering > Filter by Features

G Feature Filter X
Testing probes in ‘DE Seq stats p<0.05 after correction’ (58 probes)
Define Feature Positions

CDS ~
CpG islands

First EF

gene

Features to desi d
Eatres =sign aroun gene_level_changes_id_0.2_no_mtc. bt

1G_segment
miRNA

misc_RMA W

Split into subfeatures Mo w

Make probes Cwver feature ~ |From - |0 to+ 0 bp

Define Relationship with Probes

Select probes which are ot Overlapping e
Distance cutoff (bp) 2000
Use features on strand Any ~

Close Run Filter

Do any of your hits pass this filter?

Step 4.5 Reviewing Logistic Regression Hits

Since we’re looking at a change in ratios we can adjust our quantitation to make these as easy as
possible to see. What we’re going to do is to do a normalised linear quantitation, followed by a per-probe
normalisation so what we’re looking at is the difference in quantiation in each sample from the mean
values across all samples.

Start by rerunning the exact overlap quantitation using linear normalised counts.
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§ Define Quantitation... X

Quantitation Options
nrichment Quantitation -
Read Count Quantitation
Base Pair Quantitation
Exact Qverlap Count Quantitation
Difference Quantitation
% Coverage Quantitation
overage Depth Quantitation
Duplication Quantitation Correct to what? Largest DataStore e
Distance to Feature Quantitation
Probe Length Quantitation
ixed Value Quantitation Count total only within probes O
Relative Quantitation
Manual Correction Quantitation
og Transform Quantitation

Only quantitate visible stores O

Count reads on strand All Reads o

Correct for total read count

<

Log Transform Count O

Close Quantitate

After that, go back to the quantitation options and use the per-probe normalisation quantitation. We will
subtract the mean value across all 6 samples from each individual measurement.

% Define Quantitation... =

Quantitation Options

Relative Quantitation -
Manual Correction Quantitation

Log Transform Quantitation

Percentile Mormalisation Quantitation
Enrichment Normalisation Quantitation
Subset Normalisation Quantitation

Method of correction Subtract

Per Probe Normalisation Quantitation
Rank Quantitation X t
7-Score Quantitation Averaging Method Mean Y

L

Only guantitate visible stores O

Close Quantitate

Once we’ve done this we can create a report from our Logistic Regression hits and then use that to help
us review them. Firstly, use

Reports > Annotated Probe Report

..on your logistic regression hits. Annotate them with the names of the genes from which they originally
came.

% Annotated Probe Report Options Pad

Reporting on probes in *Splicing Logistic regression p<0.05 after correction. Min count 10" (18 probes)

Annotate with |name matched w

Annotation distance cutoff | 2000 bp

Indude - | unannotated probes

Indude ~ | data for currently visible stores

Cancel oK

If you sort the report by FDR you should see the top hits. Have a look at the best hits and see if you can
see why they would have been selected, and whether you think the changes you’re seeing would be
worthwhile pursuing.
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Example Plots

So you know what you should be seeing here are copies of the plots you should generate in this practical:

Step 2.1 — Efficiency of intron measurement
% DataStore Summary Report *
DataStore Total Read C... Forward Re... ReverseRe... .. Mean Read ... Total Read Length Fold Coverage Total Quantitation Me... Mean Qua... Valid Qua...
EsC1 2742270 1363354 1378316) 0 1,390 5457855340 2,002 2,731,271 0 10.226 267085
Esc2 2373240 1179565 1198575 0 1,989 4732473974 1.736 2,367,257] 0 8.863 267085
ESC3 2559285 1289250 1310035 0 2,009 5222742568 1916 2,588,038 0 9,69 267085
iPS1 2371694 1170070 1201624) 0 1,881 2463278523 1.638 2,362,122 0 8.344 267085
P52 2508103 1240556 1267547 0 1,378 2961540505 182 2,497,589 0 9,351 267085
iPS3 2626057 1298310 1327747 0 1,300 2300764622 1.831 2,613,454 0 9,785 267085
Close Save

You should see that the vast majority of the data (>99%) matches exactly against an already annotated
intron. Given this, it doesn’t seem that there would be much to gain from analysing the non-standard

introns.

Exercise 3: Exploration

% Cumulative Distribution Graph [Measured introns]

ESCI Measured introns |

ESC2
1 ESC3 )

P51

Ps2 |

'
5 !
!
f
i
;
{
/
& 7
e
f{
Ea
i
4 =
=
F
;fr-ez—"
#EE
e
i

z i
0 T T T T T T T

o 10 20 30 40 s0 en 70 a0 an

Close Save

The cumulative distribution plot shows that the data are very well normalised.
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% ScatterPlot [Measured introns] X

Flot |[ESC w | ¥s |iPS v Highlight Sublists

1z qiPFs Measured introng

*=4.33 y=11.53 diff=-7.201

i z 4 3 3 10 1z
ESC

Close Save Probe List Save Image

The scatterplot shows the two sample groups are very similar overall, but with some individual changes.

Exercise 4: Statistical Analysis



Bab'am Exercises: RNA-Seq Splicing Analysis 12

Bioinformatics

Step 4.4 Reviewing DESeq hits

% ScatterPlot [Measured introns] x
Plot [ESC w | vs |iPS w Commen Scale Highlight Sublists

12 iPS Measured intron;

DESeq stats p<0.05 after correction /

-
o
-
10
g B
S -k
- w
4]

]
4
Z

T

(I
o L | . _ x=0.268y=11.550 dff=2.291 i R =067

0 z 4 & & 10 1z

ESC
Close Save Probe List

There aren’t many DESeq hits, but the ones which have been found seem to make sense.

None of the hits fall outside genes which changed overall, so we can’t see any great splicing specific
candidates to pursue.

Step 4.5 Reviewing Logistic Regression Hits

Mus musculus GRCm38 _vS0 chr10:79859149-78861739 (2.5 kbp)

gene

I ——— . ——— — I
mRNA

CD:

gene_level_changes_Id_0.2_no_mtc.txt

T T T T T
79,859,500 79,860,000 79,860,500 79,861,000 79,861,500

This is the view of the top hit in the logistic regression. I've collapsed the replicate sets down to a single
value to make the overall change clearer.

What you can hopefully see is that in the ESC samples the tendency is for the splicing to occur twice,
leaving an intermediate exon. In the iPS samples the single splice is more frequent, meaning that the
intermediate exon is excluded more frequently than in the ESC.
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You will also see that the consistency between the replicates isn’t great for this change, and none of the
hits here overlap with the DESeq hits. These results are therefore not very convincing so it would be
worth doing some more specific validation on them before committing to any extensive work on the back
of these results.



