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Epigenomics in a browser

• Genomic tracks are generally stored as bigwig files.

• bigwig files store long numerical vectors in a binarized format

• In R, bigwig files can be imported with `import()` from the `rtracklayer` package

Analyzing NGS data with R/Bioconductor 

> library(rtracklayer)

> import('….bw')

GRanges object with 6243328 ranges and 1 metadata column:
            seqnames    ranges strand |     score
               <Rle> <IRanges>  <Rle> | <numeric>
        [1]        I       3-5      * |  0.153096
        [2]        I       6-7      * |  0.459288
        [3]        I       8-9      * |  0.612384
        [4]        I     10-11      * |  0.765480
        [5]        I     12-15      * |  0.918576
        ...      ...       ...    ... .       ...
  [6243324]     Mito     85775      * |   9.79815
  [6243325]     Mito     85776      * |   8.26719
  [6243326]     Mito     85777      * |   6.43003
  [6243327]     Mito     85778      * |   5.66455
  [6243328]     Mito     85779      * |   3.21502
  -------
  seqinfo: 17 sequences from an unspecified genome
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Run-length encoding vectors

• Genomic tracks are generally stored as bigwig files.
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Epigenomics in a browser
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> library(rtracklayer)

> import('….bw')

GRanges object with 6243328 ranges and 1 metadata column:
            seqnames    ranges strand |     score
               <Rle> <IRanges>  <Rle> | <numeric>
        [1]        I       3-5      * |  0.153096
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Epigenomics in a browser

• Genomic tracks are generally stored as bigwig files.

• bigwig files store long numerical vectors in a binarized format.

• In R, bigwig files can be imported with `import()` from the `rtracklayer` package.

• bigwig files can be imported as numerical vectors, stored as Run-length encoding vectors.
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> import('….bw', as = 'RLE')

RleList of length 17
$I
numeric-Rle of length 230218 with 104639 runs
  Lengths:         2         3         2         2         2 ...         2        30         1      1084
  Values :  0.000000  0.153096  0.459288  0.612384  0.765480 ...  0.612384  0.459288  0.306192  0.000000

$II
numeric-Rle of length 813184 with 424729 runs
  Lengths:         2         1         1         2         1 ... 6         1         5         2
  Values :  0.153096  0.306192  0.612384  0.918576  1.071670 ...   0.459288  0.306192  0.153096  0.000000

...
<15 more elements>



SummarizedExperiment

An NGS analysis workflow typically involves: 

1. Defining features of interest (e.g. gene annotations for RNA-seq, or accessibility peaks for ATAC-seq)

2. Counting reads overlapping with each feature

3. Performing differential analysis 

4. Extracting results

Analyzing NGS data with R/Bioconductor 



SummarizedExperiment

Huber et al., Nat. Meth. 2015
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• colData(): Annotations on each column, as a DataFrame.

o E.g., description of each sample
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• colData(): Annotations on each column, as a DataFrame.

o E.g., description of each sample

• rowData/rowRanges(): Annotations on each row.

o E.g., coordinates of gene / exons /peaks in transcripts / etc.

• assay(), assays(): A matrix-like or list of matrix-like objects 
of identical dimension

o rows: refer to rowRanges: genes, genomic coordinates, etc.

o columns: refer to colData: samples, cells, etc.

o Implements dim(), dimnames() and 2-dimensional [ , ]

o Can be several assays!!!
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• colData(): Annotations on each column, as a DataFrame.

o E.g., description of each sample

• rowData/rowRanges(): Annotations on each row.

o E.g., coordinates of gene / exons /peaks in transcripts / etc.

• assay(), assays(): A matrix-like or list of matrix-like objects 
of identical dimension

o rows: refer to rowRanges: genes, genomic coordinates, etc.

o columns: refer to colData: samples, cells, etc.

o Implements dim(), dimnames() and 2-dimensional [ , ]

o Can be several assays!!!

• metadata(): List of unstructured metadata describing the 
overall content of the object.
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SummarizedExperiment

SummarizedExperiment is a key data structure in 
Bioconductor, reused by or modified in:

o clusterExperiment

o SingleCellExperiment

o LoomExperiment

o MsExperiment

o TreeSummarizedExperiment

o SpatialExperiment

o And 100s more…
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BiocParallel: executing code in parallel

• Genomic analyses require heavy resources.

• Generally, this benefits from parallelization.
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for k = {i+1}:j :
    fun(k)

for k = 1:i :
    fun(k)

for k = {j+1}:m :
    fun(k)

for k = {m+1}:N :
    fun(k)

for k = 1:N :
    fun(k)



BiocParallel: execu>ng code in parallel

• Genomic analyses require heavy resources.

• Generally, this benefits from parallelization.

• BiocParallel is a Bioconductor package designed to :

• Reduce the complexity to parallelize tasks, a problem faced by the end-user.

• Expose parallelization options in functions to the end-users, a problem faced by the package developer.
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• Genomic analyses require heavy resources.

• Generally, this benefits from parallelization.

• BiocParallel is a Bioconductor package designed to :

• Reduce the complexity to parallelize tasks, a problem faced by the end-user.

• Expose parallelization options in functions to the end-users, a problem faced by the package developer.

BiocParallel aims to provide a unified interface to existing parallel infrastructures.
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BiocParallel: executing code in parallel

To enable parallelization in Bioconductor, one has to register a parallelization strategy: 

Analyzing NGS data with R/Bioconductor 

> library(BiocParallel)

> BiocParallel::registered()

$MulticoreParam
class: MulticoreParam
  bpisup: FALSE; bpnworkers: 8; bptasks: 0; bpjobname: BPJOB
  bplog: FALSE; bpthreshold: INFO; bpstopOnError: TRUE
  bpRNGseed: ; bptimeout: NA; bpprogressbar: FALSE
  bpexportglobals: TRUE; bpexportvariables: FALSE; bpforceGC: FALSE
  bpfallback: TRUE
  bplogdir: NA
  bpresultdir: NA
  cluster type: FORK

$SerialParam
class: SerialParam
  bpisup: FALSE; bpnworkers: 1; bptasks: 0; bpjobname: BPJOB
  bplog: FALSE; bpthreshold: INFO; bpstopOnError: TRUE
  bpRNGseed: ; bptimeout: NA; bpprogressbar: FALSE
  bpexportglobals: FALSE; bpexportvariables: FALSE; bpforceGC: FALSE
  bpfallback: FALSE
  bplogdir: NA
  bpresultdir: NA



BiocParallel: executing code in parallel

To enable parallelization in Bioconductor, one has to register a parallelization strategy: 
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> register(MulticoreParam(workers = 4, progressbar = TRUE), default = TRUE)

> bpparam()

$MulticoreParam
class: MulticoreParam
  bpisup: FALSE; bpnworkers: 4; bptasks: 2147483647; bpjobname: BPJOB
  bplog: FALSE; bpthreshold: INFO; bpstopOnError: TRUE
  bpRNGseed: ; bptimeout: NA; bpprogressbar: TRUE
  bpexportglobals: TRUE; bpexportvariables: FALSE; bpforceGC: FALSE
  bpfallback: TRUE
  bplogdir: NA
  bpresultdir: NA
  cluster type: FORK



BiocParallel: execu>ng code in parallel

To execute with parallelization in Bioconductor, one has to use the BPPARAM argument (when supported): 
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> t0 <- Sys.time()
> lapply(1:3, \(x) {
    print(x) 
    Sys.sleep(1)
    Sys.time() - t0
})

[1] 1
Time difference of 1.005459 secs
[1] 2
Time difference of 2.01272 secs
[1] 3
Time difference of 3.019525 secs



BiocParallel: executing code in parallel

To execute with parallelization in Bioconductor, one has to use the BPPARAM argument (when supported): 
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> t0 <- Sys.time()
> lapply(1:3, \(x) {
    print(x) 
    Sys.sleep(1)
    Sys.time() - t0
})

[1] 1
Time difference of 1.005459 secs
[1] 2
Time difference of 2.01272 secs
[1] 3
Time difference of 3.019525 secs

> t0 <- Sys.time()
> bplapply(BPPARAM = bpparam(), 1:3, \(x) {
    print(x) 
    Sys.sleep(1)
    Sys.time() - t0
})

[1] 1
Time difference of 1.015662 secs
[2] 2
Time difference of 1.018448 secs
[3] 3
Time difference of 1.021177 secs



Additional packages in Bioconductor

Rsamtools: interacting with BAM files

GenomicAlignements: counting BAM files over Granges

Many others….
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