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What does an alignment 
look like?

Ref=TAGATCAGATTCGATACCAGACCATGATCATACGATCCA

 Read=AGACCATG

Found at offset 18!
TAGATCAGATTCGATACCAGACCATGATCATACGATCCA



What is an alignment look like?

gatkforums.broadinstitute.org



What does an alignment look like?

https://vlsci.github.io/lscc_docs/tutorials/rna_seq_dge_basic/rna_seq_basic_tutorial/



Why is alignment a difficult 
problem?

• 100’s of millions of reads 

• Billions of bases to search 
through 

• Approximate matching 

• Looking for a tiny pattern 
(~100-120 bp read) in a large, 
often redundant sequence.



Basic	  steps	  of	  mapping	  reads	  

•  Pre-‐mapping	  QC	  
•  Build	  a	  reference	  sequence	  index.	  	  
•  Map	  sequencing	  reads	  to	  the	  reference	  index.	  
•  Convert	  results	  to	  SAM/BAM	  format	  and	  
obtain	  mapping	  staJsJcs.	  

•  Post-‐mapping	  analysis.	  



What	  to	  know	  about	  your	  data	  before	  mapping?	  

KNOW	  YOUR	  DATA!	  
•  Paired	  end?	  Single	  end?	  	  	  	  	  	  	  	  	  	  	  	  	  	  
•  TradiJonal	  RNA-‐Seq?	  3’	  tag	  ?	  
•  Insert	  size	  esJmate?	  
	  
PREPROCESSING	  
•  Adaptor	  sequences	  trimmed?	  
•  Primer	  sequences/barcodes	  removed?	  
•  Poor	  quality	  regions	  trimmed?	  
	  



What	  will	  your	  reads	  look	  like?	  

FASTQ	  FORMAT	  
	  
	  	  	  	  	  	  	  	  	  	  	  	  @HWI-‐EAS216_91209:1:2:454:192#0/1	  	  
	  	  	  	  	  	  	  	  	  	  	  	  GTTGATGAATTTCTCCAGCGCGAATTTGTGGGCT	  	  
	  	  	  	  	  	  	  	  	  	  	  	  +HWI-‐EAS216_91209:1:2:454:192#0/1	  	  
	  	  	  	  	  	  	  	  	  	  	  	  B@BBBBBB@BBBBAAAA>@AABA?BBBAAB??>A?	  	  

	  
Line	  1:	  @read	  name	  	  
Line	  2:	  called	  base	  sequence	  	  
Line	  3:	  +read	  name	  (opJonal	  aher	  +)	  	  
Line	  4:	  base	  quality	  scores	  



What	  to	  know	  about	  your	  reference	  before	  
mapping?	  

•  Mapping	  to	  genome	  vs	  transcriptome?	  
	  	  	  	  	  	  	  	  	  	  	  	  	  

•  Is	  your	  reference	  the	  right	  version?	  
•  Does	  your	  annotaJon	  match	  your	  reference?	  



What	  will	  your	  reference	  look	  like?	  
•  FASTA	  Format	  	  

	  >gi|254160123|ref|NC_012967.1|	  Escherichia	  coli	  B	  str.	  REL606	  	  
	  agcmmcamctgactgcaacgggcaatatgtctctgtgtggamaaaaaaagagtgtc	  	  
	  tgatagcagcmctgaactggmacctgccgtgagtaaamaaaammamgacmagg	  	  
	  tcactaaatacmtaaccaatataggcatagcgcacagacagataaaaamacagagtac	  	  
	  acaacatccatgaaacgcamagcaccaccamaccaccaccatcaccamaccacaggt	  	  
	  ....	  	  

•  Using	  complex	  reference	  sequence	  names	  is	  a	  common	  problem	  
during	  analysis.	  Might	  rename:	  	  
	  	  
	  >REL606	  	  
	  agcmmcamctgactgcaacgggcaatatgtctctgtgtggamaaaaaaagagtgtc	  	  
	  tgatagcagcmctgaactggmacctgccgtgagtaaamaaaammamgacmagg	  	  



What	  will	  your	  annotaOon	  look	  like?	  
•  GFF3	  Format	  	  

–  seqname	  -‐	  The	  name	  of	  the	  sequence.	  
–  source	  -‐	  The	  program	  that	  generated	  this	  feature.	  
–  feature	  –	  Examples:	  "CDS",	  "start_codon",	  "stop_codon",	  and	  "exon".	  
–  start	  -‐	  The	  starJng	  posiJon	  of	  the	  feature	  in	  the	  sequence.	  
–  end	  -‐	  The	  ending	  posiJon	  of	  the	  feature	  (inclusive).	  
–  score	  -‐	  A	  score	  between	  0	  and	  1000.	  
–  strand	  -‐	  Valid	  entries	  include	  '+',	  '-‐',	  or	  '.'	  (for	  don't	  know/don't	  care).	  
–  Frame	  –	  reading	  frame	  
–  group	  –	  ID	  and	  other	  informaJon	  about	  the	  entry	  
	  
Example:	  
	  Rel606 	  refseq 	  cds 	  1450 	  1540 	  500	  + 	  . 	  Gene_id=«	  test_gene	  »	  
	  

•  Make	  sure	  the	  GFF3	  file	  matches	  your	  reference	  fasta	  file.	  
	  	  
	  	  



Where	  to	  get	  your	  references?	  

•  BioIteam	  
•  UCSC	  	  
•  Ensembl	  
•  Organism	  specific	  databases/websites.	  



Mapping	  RNA-‐Seq	  Data	  

Figure	  :	  
Garber	  et	  al,	  Nature	  Methods,	  2011	  



Types	  of	  Unspliced	  Mappers	  
DIFFERENT	  FLAVORS	  
	  
SEED	  BASED:	  
•  Hash-‐table	  based	  implementaJons,	  MulJ-‐seed	  mappers	  	  	  

•  Spaced	  seed	  implementaJons	  	  
	  
BWT	  BASED:	  
•  Burrows	  Wheeler	  Transform	  (BWT)	  based	  
mappers	  	  

	  
	  
	  



Hash table enables lookup of exact matches. 

Subsequence) Reference)Posi0ons)

ATAGCTAATCCAAA! 2341,226172642

ATAGCTAATCCAAT!

ATAGCTAATCCAAC! 134,213311,2732661,22

ATAGCTATCCAAAG!

ATAGCTAATCCATA!

ATAGCTAATCCATT! 34522

ATAGCTAATCCATC!

ATAGCTATCCAATG! 2344566732

Table is sorted and complete so you 
can jump immediately to matches. 
(But this can take a lot of memory.) 

May include N bases, skip positions, etc.2

Trapnell, C. & Salzberg, S. L. How to map billions of short 
reads onto genomes. Nature Biotech. 27, 455–457 (2009). 



Trapnell, C. & Salzberg, S. L. How to map billions of short 
reads onto genomes. Nature Biotech. 27, 455–457 (2009). 

Exact matches at all positions below a node. 

Burrows-Wheeler transform compresses sequence. 

Suffix tree enables fast lookup of subsequences. 

http://en.wikipedia.org/wiki/Suffix_tree 



Paired	  end	  mapping	  Types of DNA fragment libraries 

•  Pairs	  map	  with	  expected	  insert	  size.	  
•  One	  part	  of	  the	  pair,	  aher	  mapping,	  
is	  the	  anchor	  for	  the	  next	  read’s	  
mapping.	  

	  

	  
PAIRED	  END	  READ	  MAPPING	  IS	  
VERY	  HELPFUL	  IN	  RNA	  SEQ!!	  
	  

	  

Need	  to	  cite:	  hmp://genomebiology.com/content/12/1/R6	  



Spliced	  mapping	  

•  Needed	  for	  quanJfying	  and	  idenJfying	  splice	  
variants	  from	  RNA	  Seq	  data.	  

•  Tools:	  
– Tophat/HISAT2	  
– SpliceMap	  
– MapSplice	  
– STAR	  
– RUM	  
	  

Split-read alignment (SRA) 

•  Useful for predicting splice variants or 
structural variants.  

•  Not many mappers do this directly, usually 
happens in a post-processing step. 

Trapnell, C. & Salzberg, S. L. How to map 
billions of short reads onto genomes. 
Nature Biotech. 27, 455–457 (2009). 

Split-read alignment (SRA) 

•  Useful for predicting splice variants or 
structural variants.  

•  Not many mappers do this directly, usually 
happens in a post-processing step. 

Trapnell, C. & Salzberg, S. L. How to map 
billions of short reads onto genomes. 
Nature Biotech. 27, 455–457 (2009). 



Spliced	  mapping	  

Figure	  :	  
Garber	  et	  al,	  Nature	  Methods,	  2011	  



Mapping	  Quality	  

•  Mapping	  quality	  is	  the	  probability	  that	  a	  read	  is	  
aligned	  to	  the	  wrong	  place.	  

	  	  	  	  	  	  	  	  	  	  	  	  	  	  p=	  10**	  (-‐q/10)	  
	  

•  BWA	  mapping	  quality	  calculated	  by	  considering:	  
•  Repeat	  structure	  of	  reference	  
•  Read	  base	  quality	  
•  Read	  alignment	  quality	  (mismatches	  etc)	  
•  Number	  of	  mappings	  

	  
	  



Mappers	  comparisons	  Some Comparisons 

Mapping Accuracy - Spliced Data to Whole Genome
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Data courtesy Dhivya Arasappan, GSAF Bioinformatician 



Mappers	  comparison	  

GENOME ASSEMBLY, VARIANT DETECTION, AND BENCHMARKING
    Dhivya Arasappan

Bioinformatics Consultant, CSSB

Office: GDC 7.422   Email: darasappan@austin.utexas.edu

454 and Illumina Data

An ongoing effort by the

Bioinformatics Consulting Group
is to compare different
approaches for performing
hybrid genome assemblies. In
this study, different Mira hybrid

assembly settings were
compared using 454 and
Illumina HiSeq paired end data
from plants.

In collaboration with the Jansen

lab.

Targeted resequencing of the coding regions of the genome (exome sequencing) can be a cost-

effective method for identifying variants in individual samples.  Performing this type of exome
sequencing across a cohort of familial DNA samples can help identify causative genes and
variants associated with a particular phenotype or disorder.  Exome data generated for 12
samples from 4 different pedigrees were used to identify several potential gene candidates that
may be linked to degos disease, an extremely rare degenerative disorder that causes blockage of

small and medium blood vessels.  The variants and genes identified were provided to the
students taking course: TC 357 Problem Solving: Molecular Biology/Epidemiology.  The students
investigated the results using various secondary analysis approaches.

In collaboration with Dr. Marc Lewis and students of his class.

Benchmarking and Comparison of Bioinformatics Tools

New tools are introduced every week for handling NGS data and standardized comparisons can
help in selecting the most appropriate tool.  In order to compare and benchmark available RNA-
Seq tools, a simulated data set was generated (100 bp paired-end reads with 0.5% error rate,
0.0005% indel rate, splice variants and polymorphisms).  We used these data to compare CPU
Time, mapping accuracy, and junction detection accuracy of an array of RNA-Seq tools: SOAP,

Bowtie, BWA, Bfast, SHRiMP, MapSplice, SpliceMap, ABI Bioscope and TopHat.

In collaboration with GSAF.

ASSEMBLY STATISTICS

1,445,001N50

916Min

6,923,550Max

227,726Mean

1166Scaffold Count

Variant Detection in Exome Sequencing DataHybrid de novo Genome Assembly

PacBio and Illumina Data

Variant Detection in Organellar Genomes

Molecular markers such as
SNPs can greatly assist in the
identification of plant cultivars.

With this purpose in mind,
mitochondrial and plastid
genomes of nine Saudi Arabian
date palm culitvars were
sequenced. We identified

cultivar-specific SNPs for seven
of the nine cultivars. During this
process, we developed
methodology for uniquely
identifying mitochondrial and

plastid SNPs from total DNA
despite the fact that nearly half
of the plastid genome has also
been transferred to the
mitochondrion.

In collaboration with the Jansen
lab.
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Figure 4a. The familial pedigrees of the 12 samples.  Figure 4b. The bioinformatics analysis pipeline for exome data

Figure 1. The

bioinformatics

approaches used for

de novo assembly

using Illumina HiSeq

and PacBio data

Table 1. Current assembly

statistics

Figure 2.  Length distribution of

scaffolds in current assembly

Figure 3. Comparison of the largest contigs produced by

different 454-HiSeq hybrid assemblies.

Figure 5. Maximum likelihood trees of mitochondrial (A), plastid (B), and

combined (C) SNPs for 10 date palm cultivars.

Figure  6. 5 million

simulated paired-end

reads were mapped to the

mouse genome using

different short-read

aligners (splice aware and

otherwise). The following

were plotted from the

results of each mapper: a)

Percent of all reads

mapped correctly,

mapped incorrectly, not

mapped b) CPU time

required. c) The accuracy

of the junction calls made

by the tools that output

junction information.

Figure 7. 2 RNA-Seq

datasets simulated to

contain differences in

transcript abundance

were provided to different

expression quantification

tools. The DEGs

generated by the tools

were compared to the true

DEGs, plotting the % of

true DEGs, % of false

DEGs and the % of DEGs

not reported.

Data from each sequencing platform come with inherent strengths and weaknesses. De novo
assembly using hybrid technologies that complement each other can help generate a better
assembly. Bioinformaticially, however, challenges still exist in finding assemblers that are well
equipped to handle data from multiple platforms. These challenges are compounded by the fact

that each platform has different error rates and is prone to different types of sequencing errors.

We are currently assembling the nuclear genome of Rhazya stricta using Illumina HiSeq
libraries of three different sizes (180bp paired end, 3kb mate pair, 6kb mate pair) and PacBio
CLR libraries. The hybrid assembler best suited for such data, Allpaths-LG does not scale well
for genomes larger than 10mb, so we have used a mixture of Illumina and PacBio tools to
generate a rough draft of the genome.

c)

a) b)



Mappers	  comparison	  Some Comparisons 

Data courtesy Dhivya Arasappan, GSAF Bioinformatician 
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SAM	  file	  format	  

•  Alignment	  results	  generated	  in	  Sequence	  Alignment/
Map	  format	  

•  Tab	  delimited,	  with	  fixed	  columns	  followed	  by	  user-‐
extendable	  key:data	  values.	  

	  
•  Most	  mappers	  also	  output	  unmapped	  reads	  in	  SAM	  
file.	  

	  
•  SAMTOOLS	  –	  toolkit	  to	  manipulate,	  parse	  SAM	  files.	  



SAM	  File	  Format	  SAM File Format 

h"p://samtools.sourceforge.net/2SAM fixed fields: 

SRR030257.2645292 299 2NC_012967 21521 229 234M2S 2= 21564
279 2CTGGCCATTATCTCGGTGGTAGGACATGGCATGCCC 22
2AAAAAA;AA;AAAAAA??A%.;?&'3735',()0*, 22
2XT:A:M22NM:i:322SM:i:2922AM:i:2922XM:i:322XO:i:022XG:i:022MD:Z:23T0G4T42



CIGAR	  score	  
Sometimes a CIGAR is a just a way of 

describing how a read is aligned... 

Ref  CTGGCCATTATCTC--GGTGGTAGGACATGGCATGCCC!
Read        aaATGTCGCGGTG.TAGGAggatcc!

2S5M2I4M1D4M6S2

*Rarer / newer 

CIGAR = "Concise Idiosyncratic Gapped Alignment Report" 

* 

* 
* 

* 
* 



BAM	  format	  

•  SAM	  files	  are	  converted	  to	  BAM	  format	  through	  
SAMTOOLS	  command:	  

•  samtools	  view	  –b	  –S	  samfile	  >	  bamfile	  

	  
•  BAM	  file	  is	  binary	  format.	  
•  BAM	  file	  is	  compressed.	  
•  BAM	  files	  are	  usually	  what	  you	  need	  for	  post	  
mapping	  analysis	  and	  visualizaJon.	  







SAM	  FILE	  FLAGS	  EXPLAINED	  
	  

	  	  
QNAME 	  SRR035022.2621862	  
FLAG 	  163	  
	  
The	  QNAME	  is	  the	  query	  name.	  For	  the	  FLAG	  of	  163	  we	  transform	  this	  into	  a	  binary	  
string:	  10100011.	  So	  accordingly	  to	  the	  flag	  table:	  
	  

	  
0 	  mate	  is	  not	  unmapped	  
0 	  forward	  strand	  
1 	  mate	  strand	  is	  negaJve	  
0 	  the	  read	  is	  not	  the	  first	  read	  in	  a	  pair	  
1 	  the	  read	  is	  the	  second	  read	  in	  a	  pair	  

	  
1 	  the	  read	  is	  paired	  in	  sequencing,	  no	  
mamer	  whether	  it	  is	  mapped	  in	  a	  pair	  
1 	  the	  read	  is	  mapped	  in	  a	  proper	  pair	  
0 	  not	  unmapped	  


