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Introduction

In this exercise we will look at a couple of different ways to try to identify differentially methylated regions,
and will look at how we can visualise and validate the predictions which are made.

We’'re going to be running the statistical analysis in SeqMonk, but using methods which are present in
most of the available methylation analysis packages, so the same tests could be performed in a non-
interactive way by using those packages.

Software
The software packages used in this practical are:

e SegMonk (http://www.bioinformatics.babraham.ac.uk/projects/seqmonk/)
e R (https://www.r-project.org/)
e EdgeR (https://bioconductor.org/packages/release/bioc/html/edgeR.html)

Data

The data in this practical are the Bisulphite Sequence data from GEO accession GSE30199. This study
looked at allele specific methylation to identify imprinted genes in the mouse genome.

The data used here was processed using Bismark initially and was then run through SNPSplit
(https://www.bioinformatics.babraham.ac.uk/projects/SNPsplit/), to separate out the reads coming from
the two different parental genotypes. The final data still looks the same as for a normal bismark bisulphite
run, just separated into two groups.

All of the processed data using in this practical can be downloaded from the Babraham Bioinformatics
web site (http://www.bioinformatics.babraham.ac.uk/training.html).



http://www.bioinformatics.babraham.ac.uk/projects/seqmonk/
https://www.r-project.org/
https://bioconductor.org/packages/release/bioc/html/edgeR.html
https://www.bioinformatics.babraham.ac.uk/projects/SNPsplit/
http://www.bioinformatics.babraham.ac.uk/training.html
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Exercise 1 — Loading Data
To save time the data for this practical have already been imported and grouped in a SeqgMonk project,
S0 you can just load this.

The project file is called allele specific methylation.smk if you select
File > Open Project

You should be able to see it in the recently used file list.

Some work has already been performed on this data, namely:
e The Bismark coverage files were imported into SeqMonk
e The names of the data sets were shortened

e Replicate sets were created from the replicates from the two different parental strains (called
allele1 and allele2)
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Exercise 2 — Quantitation
We need to quantitate the data. As in the first exercise we'’re going to take an unbiased view of the
genome to start with and see what seems to be happening overall in these samples.

Looking at the raw methylation calls you should see that we really only have about a 1x coverage of the
genome. The changes we’re looking for are likely to be quite high (potentially 50% or more), so looking
back at our power analysis table we can see that we would be justified in using an unbiased window size
of 100 CpGs.

Window Size (# CpG cytosines)
A

158805

Absolute
) 6794 608 232 112 54 26 10

methylation

change 1825 164 63 30 15 7 3

; 8gO‘V 509 46 18 9 5 2 1
(from 80%) 94 9 4 2 1 1

L ]
Y

Required Fold Genome Coverage

Create 100 CpG probes in the data. To do this go to
Data > Define Probes > Read Position Probe Generator.

You need to select the two replicate sets to define the data then increase the “Valid positions per window”
up to 100.

i Define Probes... l&]

| Probe Generator Options Stores to use
Running Window Generator
Feature Probe Generator
Feature Percentile Probe Generator RR306566_F1i_MethylC_Seq
Contig Probe Generator RR306565_F1i_MethylC_Seq
RR306577_F1i_MethylC_Seq
RR306577_F1i_MethylC_Seq
RR306573_F1i_MethylC_Seq

Even Coverage Probe Generator
MACS peak caller

Random Position Generator -
Existing Probe List Generator Use reads on strand All Reads
Shuffle Existing List Generator Minimum read count per position 1
Interstitial Probe Generator
Deduplication Probe Generator
Merge Consecutive Probe Generator Limit to region [ | Active Probe List

Valid positions per window 100

l Current Region Generator Ignore Strand

[ Close ][ Create Probes ]

Once you've created the probes you can dismiss the default quantitation options (press cancel) since
we’re going to use the bisulphite pipeline to quantitate the data.

Select Data > Quantitation Pipelines then select the “Bisulphite Methylation over Features”
pipeline.

For the pipeline we’ll set a minimum number of observations to 20. We know that there are 100 CpGs
in each window, so only 1 in 5 need to be observed in each sample for it to be quantitated.
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r% Define Quantitation... @1

Quantitation Options ) .
RMNA-Seq gquantitation pipeline Features to quantitate [Existing Probes] -
Active transcription quantitation pipeline ) i
Intron regression pipeline

Gene trap guantitation pipeline

'Wiggle Plot for Initial Data Inspection |
Apply min count over all stores [
Splicing effidency quantitation
Antisense transcription pipeline
Codon Bias Fipeline Minimum observations to indude feature 20 I
Transcription termination pipeline

Minimum count to indude position 1

Combined value to report :Mean -

Only quantitate visible stores ]

I [ Close ][ Run Pipeline ] I

After the quantitation has finished then run Reports > DataStore Summary Report and look at the last
column (Valid Quantitations) to see how many probes in each sample had enough data to be successfully
quantitated. Compare this number to the total number of probes in your project. You want to see that
the vast majority of probes in each sample were able to be quantitated.



BioTrain-TV Exercises: Differential Methylation 7

#Babraham Bioinformatics

Exercise 3 — Data Inspection

Now that we have some quantitative values for the data we can start to do a more systematic profiling of
the distributions of methylation values we see, and the differences between samples. The sorts of
questions we are trying to address are:

1. What is the overall distribution of methylation values and levels in the samples. How methylated
are they overall and do the methylation values form a single distribution, or are there obviously
separate high and low methylated regions.

2. Do the distributions of methylation values between the different samples look very similar
overall? If not then do we need to consider some additional normalisation, or are the differences
likely to reflect interesting biology meaning we should characterise them directly.

3. Do we see clear methylation differences between samples or are there not obvious candidates
for differential methylation? If there are differences then do they cluster by the replicates for a
given allele, or are they more randomly patterned over the samples?

To try to answer these questions use the visualisation tools in segmonk to explore the quantitated values
you have created. Some suggestions for plots which will be informative;

1. To look at the distributions you can use:
a. Plots > BeanPlot
b. Plots > Cumulative Distribution Plot

2. To look at the comparison of methylation values you can use
a. Plots > Scatterplot — one the plot is drawn you can double click on any of the points to
see the corresponding region in the main chromosome view
b. The various tools under Plots > Data Store Similarity to look at the overall similarity of
all of the samples together.
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Exercise 4: Unreplicated differential methylation using a Chi-Square test

We are going to get you to run a few different statistical tests to look for differential methylation. The first
is a simple Chi-Square test. This isn’t an ideal test to run on this data because it takes no account of the
variance we see between the replicates which exist in this experimental design, but it could be useful if
we had very low coverage and needed to merge raw data to get sufficient observations to achieve a
significant result.

To run the test use:

Filtering >
Filter by Statistical Test >
Proportion Based Statistics >
Unreplicated Data >
Chi-Square (for/rev)

We'll remove the default constraint of requiring a 10% absolute difference, so we just filter on the basis
of significance.

r N
G Chi Square Filter 2
Testing probes in "All Probes' (136465 probes)

Data Sets/Groups P-value cutoff 0.05
RR306566_F 11 MethylC.5eq _ Apply Multiple Testing Correction
RR306566_F 1i_MethylC_Seq 3 o
RR306577_Fii_MethylC_Seq Resample counts from current quantitation [l
RR.306577_F1i_MethylC_Seq ) )

RR.306578_F1i_MethylC_Seq Min Cbservations 10
RR306578_Fii MethylC_Seq
RR3I77620_F1i_MethylC_Seq Min Percentage Diff 0|
BRATIEIN F1i Methul® Sen aie
’ Close l ’ Run Filter l
“

We will analyse these samples using the merged data in the replicate sets. This won’t take any account
of how consistent the methylation differences are, but groups all of the data together to allow us to
perform a simple test. We need to select our two replicate sets, which will cause the test to analyse the
merged raw data contained in each of these.

Run the test and save the results. The filtered list will become a sub-list of “All Probes” in your Data
View. You will need to expand the All Probes part of the tree to see the new list which was created.

How many hits did you get?

After running each filter we want to do some sanity checking to make sure the results we see are
sensible. The easiest way to do this is to draw a scatterplot of the two alleles against each other using
All Probes (Plots > Scatterplot) and then use the “Highlight Sublists” option to highlight on the plot
the hits from the statistical test. You should be able to see that the points which were selected fell on
the outside of the main cloud of points.
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Exercise 5: Replicated differential methylation using EdgeR

EdgeR has an alternative method of analysing replicated methylation data based on the binomial
distribution of linked pairs of counts. It is applied in the same way as logistic regression and should
achieve roughly similar results. We will run this version of the test so we can compare the hits we get.

We’re again going to start from the All Probes list so make sure this is selected in your Data View
Window, then we’re going to select:

Filtering >
Filter by Statistical Test >
Proportion Based Statistics >
Replicated Data >
[R] EdgeR (for/rev)

As before we are going to select the two replicate sets (allele1 and allele2), and require a p<0.05
difference after multiple testing correction.

G EdgeR for/rev Stats Filter =

Testing probes in "All Probes' (136465 probes)

Replicate Sets to Test
P-value cutoffi0.05

Absolute diff cutoffi0.0
| Apply multiple testing correction (i
Resample counts from current quantitation [
| |
[ Cloze ] [ Run Filter

You will again see the R script running. Again it will take a few minutes to complete so please be patient.

After you have saved the hits then review them in a scatterplot as you did for the chi-square test.
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Exercise 6: Collating the hit lists

You should now have sets of hits from two different statistical methods. We now want to see how similar
these lists are. We can look at the overall statistics for the degree of overlap between the lists using:

Plots > Probe List Overlap > Probe List Overlap Matrix

Are the lists largely similar?

For the final set of hits we're going to take the subset of hits which were detected by both of the methods
we used. To do this we're going to use the Collate Lists Filter.

Filtering > Combine Existing Lists > Collate Multiple Lists

We’re going to keep probes which were present in both of the hit lists we generated.

% Collate Probe Lists Filter A X
Testing probes in "All Probes’ (136443 probes)

Probe Lists Probe must be present in
All Probes (136443)

Chisquare p<0.05 (10604)
EdgeR for/rev p<0.05 after ¢

[Exa(tly 'vi'z of the 2 selected Probe Lists

[ Il [»]

Close Run Filter

Finally, we are going to add a constraint for a certain degree of absolute change between the two
conditions. Imprinted genes should show fairly large changes, so we’re going to require at least a 25%
absolute difference in methylation to make it through to our final hit list.

We are therefore going to start by selecting the collated hit list in the Data View Window and then
applying a differences filter.

Filtering > Filter on Value Differences > Individual Probes

r% Differences Filter @1

Testing probes in 'Signficant in all methods' (5483 probes)
From Data Store / Group

‘Maximum -~ | difference in quantitated value

RR306566_F1i MethylC_Seq
RR306566 F1i MethylC Seq
To Data Store [ Group

must be between |25 | and

RR306566_F1i_MethylC_Seq
RR306566 Fii MethylC Seq i

ﬂ [ Close ][ Run Filter ] H

By selecting both replicate sets in the From and To groups we do the subtraction both ways round, so
filtering on the maximum differences will find changes which went up in either allele.
How much did this filter reduce our hit list by?
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Exercise 7: Reporting and linking to imprinted genes

The final part of the exercise is to create a report on the hits we made, and to link these to known
imprinted genes.

Your project file already has an annotation track of known imprinted genes. This was taken from
http://www.geneimprint.com/site/genes-by-species and we are going to use this to annotate our hits.

Select your 25% filtered list of consistent hits, and then select:
Reports > Annotated Probe Report

We’re going to annotate the hits with the closest imprinted gene (up to 2kb away)

% Annotated Probe Report Options @

Reporting on probes in "Difference above 25" (60 probes)

Annotate with :dasest - :?.Imprinted GEnes P
Annotation distance cutoff | 2000 bp
:Indude - unannotated probes

I :Indude - data for currently visible stores I

Cancel H Ok ]

Once you've got the report window up you can sort the hits by their difference (since this was the value
annotated by the differences filter).

If you look at the most different hits, how many of them match a known imprinted gene? Are there any
strong hits which don’t match the known imprinted genes? If so, is this just an annotation problem, or
are there really potentially new imprinted genes to discover? Look at some of the strong unannotated
regions and zoom out a bit to see if there is an imprinted gene lurking close by.


http://www.geneimprint.com/site/genes-by-species
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Example Figures

The figures below show some of the views you should have created when you run this exercise. You
can check that yours look like these.

Exercise 2: Quantitation

% DataStore Summary Report u
: DataStore  TotalRe... Forward... Reverse... ... .. TotalRead... Fol... Total Quantit... MedianQ... Mean Quantitation WValid Quantitations
G1_SRR.30... 7335943 5572944 1753999 a 1 7335943| 0.003| 9,090,378.059 83,250 75,816 126151
G1_SRR.30... 8330090 6336117 1999973 0 1 8330090 0.003| 9,969,734.792 83.333 76.831 129752
G1_SRR37... 6355490 4825471 1530019 a 1 5355490| 0.002| 9,211,487.979 83.333] 76,713 120078
G1_SRR37... 5311334 4786018 1525366 [u] 1 6311384 0.002| 9,175,6458.923] 83.191 76.631 119751
G1_SRR37... 6504434 4939226 1565258 o] 1 6504484 0.002| 9,298,445.793 83.333 76.721 121198
G1_SRR37... 6374045 4340102] 1533944 0 1 6374046| 0.002| 9,216,645.834] 83.333 76,753 120082]
G1_SRR37... 8452524 68376530 2075994 0 1 8452524 0.003| 9,982,203.955 82,927 75,517 130453
G1_SRR37... 8455257 68376670 2078587, 0 1 8455257 0.003| 9,975,539.318 82,895 76,488 130420
GZ_SRR.30... 7055394 5300680 1743714 0 1 7055394 0.003] 9,383,721.29 82,353 76,033 123408
G2_SRR30... 8033491 6048312 1934579 [u] 1 8033491 0.003| 9,734,323.561 825 76.136 127354
G2_SRR37.. 6128007 45605302 1513205 o] 1 &128007| 0.002| 8,317,802.096 832,311 75.87 116223
G2_SRR37.. 60356104 4573278 1512826 o 1 &086104| 0.002| 8,775,314.252) 82,362 75.804 115777
G2_SRR37... 5266499 4717966 1548533| 0 1 6260499 0.002| 8,919,745.06 82,292 75.894 117529
G2_SRR37... 5142467 4520521 1521946 a 1 9142457 0.002| 8,836,581.941 82,323 75.873 116466
GZ2_SRR37... 8147391 6092913 2054478 a 1 8147391 0.003| 9,734,709.801 82,171 75.751 123492
G2_SRR37... 8161519 5100917 20606020 0O 1 8161519 0.003| 9,735,430.882] 82.197 75.777 123474

The datastore summary report shows that over 90% of all (136,465) of the probes were successfully
quantitated, so the quantitation stringency used was appropriate for this data.

Exercise 3: Data Inspection

F ™y

All Probes
G1_5R... G1SR.. G15R.. G1SR.. G15R.. G1SR.. G15R.. G1 SR.. GZSR.. G2 SR.. GZSR... G2 SR.. GZSR.. G2 SR.. G2SR... G2 SR...

EI.
80 A
nq
B0
S0 A
40

a0 1

| 20 1
10 1

G1_SRRI06STT
G1_SRRI06STE
GI_SRREFTEZ0
G1_SRRIFYEZ1
Gl_SRRI7FTEZE

/
7/

G2_5R@€f??622
2 Sfla7Tees
/'?(




BioTrain-TV

#Babraham Bioinformatics

Exercises: Differential Methylation 13

The distributions of methylation values show that the vast majority of the genome is highly (>=80%)
methylated, with only a small subset staying unmethylated. The Methylation profiles of all of the samples
are extremely similar to each other, showing there are no global differences to explain or normalise and
showing that the analysis can proceed using the current quantitations.

r ™ M
Plot :Gl_SRR30657? v: v :Gl_SRRSOGE?B v: [¥] Common Scale Plot :allelel v: Vs :allelez v: [¥] Commen Scale
G1_SRR30657E allle2 &l Pro

an o0
" &0 y| S0
| || |
&0 &0
50 |50 I
I 40 I I 40 I
i |
an a0
| E I
10 L 1o .
0 : - §=77.576 y=95.697 diff=-21.121 R = 0.584 I 0 g %=F3.15 y=98,208 diff=-25.055 R =0.963 I
1] 10 20 a0 40 50 &0 0 an an 1] 10 20 a0 40 S0 &0 70 a0 ]
I G1_SRR306577 DI I allelel = I

[ Close ][ Save Probe List ][ Save Image ]

[ Close H Save Probe List ][ Save Image ]

The scatterplots show some noise when comparing replicates within the same sample (left), but the
differences seen on an individual comparison are mostly not widespread across other replicates.

When comparing the two replicate sets we can see a clearer picture, but with some large changes in a
small number of points. When looking at the underlying quantitations we generally see very similar
changes in all of the replicates suggesting that these differences should reflect real biology.

.
G PCA Plot [All Probes] 3| "G T-SNE Pt (a1 Pm‘ [
Plot PC1 v |vs [Pc2 | [Lebels | HighlightRep Sets [[JLabels [ Highlight Rep Sets
P2 (7% All Probes Tsne Dimz All Probes
allele1 ] 100 Tallele1 ]
allelez allelez [ ]
1000 A n =
75 Ll
[ | [ |
I 50
500
L u
: |-
o | n =
L [ ] = u o
= I 25
s00
L
1 ! |1 50
I .
I -1000 I - n
- I | -
= n
%=406.301 y=1269.581 diff=-563.58 il =Y f 100 %=-72.227 y=67.139 diff=-139.366 o
I €00 -400 200 0 200 400 600 i -4 20 0 20 40
Lo i R P I TsneDiml
I [ Close ] [ Save Image ] [ Export Data ] I [ Close ] [ Save Image ] [ Export Data ]

Both PCA and tSNE plots show a clear and consistent difference between the replicates from the two
alleles suggesting that the differences in methylation overall divide nicely into the experimental groups
we expect.
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Exercises 4,5 and 6: Differential Expression
The number of hits found using the different statistical tests should be:

e Chi-Square: 19496
e EdgeR: 6339
i Y
§ ScatterPlot [All Probtu G ScatterPlot [All Probes] [
Plot :allelel v: Vs :allelez v: [#] Common Scale || |Plot :allelel v: vs :allelez v: Common Scale
allelez . . all P allelez i . rhas
a0 |Chisquare p=0.05 S an |EdgeR forjrev p<0.05 after correction: Mt
0]
7o
]
50
40
30
20
10 : o o
M o %=66,378 y=06.845 diff=-30.467 R =0.963 i B R =0.963
u] 0 z0 0 40 50 60 ¥O S0 90 i 0 20 30 40 60
allele 1 ] allelet =
[ Close ] [ Save Probe List ] [ Save Image ] JI [ Close ] [ Save Probe List ] [ Save Image ]
= {k

All of the sets of hits look sensible when highlighted on a scatterplot of the entire data set.

When collating the hits 5483 were present in the hits from all techniques.

After applying the 25% absolute difference cutoff then only around 60 probes should remain.
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F B
G ScatterPlot [All Probes] 5
Plot jallelel v: Vs jallelez vj Common Scale Highlight Sublists

allelez Al prohe -
Difference above &

a0 1 "

[ 1]
&0 1

[ I SaE S IS S S e 3
(o]
=
u
u
[ ]
n
[ IS S S I e S e

10 1 .
L I |
| ]
n *=75.776 v=97.189 diff=-21.413 R = 0,953
u] o T T T T T T T T >
u] 10 20 30 40 50 &0 70 g0 o0
i alleder H
i [ Cloze ] ’ Save Probe List ] [ Save Image I

Exercise 8: Reporting
When the report is made, most of the top hits should match to known imprinted genes.

K B
% Annotated Probe Report r ﬁ
Probe Chromo... Start End Probe ... Diff... - Feature 1D Descrip... Featur... Type Orienta... Distance alelel allele2
Chri15:7... |15 72807234 72810275 90,735 Mot found 0 96,344 5.609| -
Chri7:1... |17 12741767 12744741 88,447 (Igf2r ENSMUS... [insulin-ik... |- Imprinte... (overlapping 1] 97.22| 8. 773
Chr2:17... (2 174295753 174299082 57,929 |Gnas ENSMUS... [GNAS (g... |+ Imprinte... [overlapping "] 95,005 7.078
Chré:30... |6 30734310 30738193 54,949 Mest ENSMUS... |mesoder... |+ Imprinte... |overlapping 1] 92.024 7.074
Chr2:17... |2 174278824( 174286133 76,379 |Mespas EMSMUS... |neurcen... |- Imprinte... (overlapping [u] 19,718 96,007| =
lchr7:14... |7 142577509 142584797 70,227H19 ENSMUS... [H13 feta... |- Imprinte... [overlapping "] 16.48 36,707 f
Chr2:17... (2 174316815 174328042 68,873 |Gnas ENSMUS... |GNAS (g... |+ Imprinte... [overlapping 1] 95,504 26.63
IChr?: 14... |7 143295459( 143303701 56,831Kngl EMSMLUS... |potassiu... |+ Imprinte... (overlapping [u] 92,559 25678 I
Chr7:67... |7 6729472| 6743396 66,247 |Peg3 ENSMUS... |paternall... |- Imprinte... |overlapping 0 95,844 29,598
Chré:47... |6 4738481 4748382 565.079(Sgee ENSMUS... |sarcogly... |- Imprinte... |overlapping 1] 88.321 23.242
Chr7:67... |7 6711416| 6729471 53,986 |Peg3 ENSMUS... |paternall... |- Imprinte... (overlapping 1] 91,602 27.616
Chr6:30... |6 30738194 30803026 59.457Mest ENSMUS.., |mesoder... |+ Imprinte... |overlapping 1] 95.02 35.534
Chr3:39... |3 89868739| 898385125 54.339 Mot found 0 26,283 80.621
15 72810284 72820422 50.925 Mot found a 91,901 40.975
12 109541168| 109551041 47.991Meg3 ENSMUS.., |maternal... |+ Imprinte... |overlapping 1] 38.285 86,275
11 12014455 12036723 46.007|Grb10 ENSMUS... |growth f... |- Imprinte... |overlapping 0 82,9494 36.437
A 128684615| 128694573 44,141 Mot found a 86.06 41.919
L2 152683221| 152690703 44H13 ENSMUS.., |histocom... |+ Imprinte... |overlapping 1] §8.538 44,538
. |18 36973934| 36981518 42,158 Mot found 0 92,509 50.351
.10 13090449| 13101377 41,971 Plagll ENSMUS... |pleiomor... |+ Imprinte... |overlapping i} 94,779 52.808| ~

Close Save

In this version of the report | collapsed the replicate sets in the Data Track Display options so that we
only see the mean values for allele1 and allele2 rather than the values for all of the individual replicates.

Of the top hits which aren’t annotated to an Imprinted gene, there are a cluster of hits to the Trappc9
gene, which look like genuine methylation differences.
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Mus musculus GRCm38 chr15:72491055-73198076 (707 kbp)

| H
gene gene:Trappcd
} } ===t —— ===} HEHHt—
!
u

mRNA

t === ——d ===l H K< <—

40

allelel

T T T T T T T
500,000 72,600,000 72,700,000 72,500,000 72,300,000 73,000,000 73,100,000

There is also a hit to the Rasgrf1 gene, which is a known imprinted gene, but where the DMR was slightly
too far away from the gene to be picked up by the annotation process.

Mus musculus GRCm33 chr9:83808782-90043980 (235. 1 kbp)

gene

mRMNA

cDs

Imprinted Ge Imprinted Genes:Rasgrf1

allelel

T T T T T T T T T
9,525,000 9,850,000 9,575,000 9,900,000 59,925,000 §9,950,000 89,975,000 90,000,000 0,025,000



