
Next-­‐genera*on	
  sequencing	
  

Lecture	
  6	
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Typical contig coverage 
 

1 
2 
3 
4 
5 
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e 

Contig 

Reads 

Imagine raindrops on a sidewalk:  
It can be modeled by Poisson distribution 

L = read length 
G = genome size 
N = number of reads 
c = coverage= (NL / G) Average	
  coverage	
  



Why?	
  



1.  fragmen*ng	
  the	
  
DNA	
  (sonica*on,	
  
nebuliza*on,	
  or	
  
shearing)	
  

2.  DNA	
  repair	
  and	
  
end	
  polishing	
  
(blunt	
  end,	
  
phosphorylated	
  
end	
  that	
  is	
  ready	
  
for	
  liga*on)	
  

3.  plaIorm-­‐specific	
  
adaptor	
  liga*on.	
  

4.  Size-­‐selec*on	
  	
  



Distribu*on	
  of	
  distances	
  between	
  two	
  
paired-­‐end	
  reads	
  

0 

500 

1000 

1500 

2000 

2500 

1 104 207 310 413 516 619 722 825 928 1031 1134 

Library	
  size	
  =	
  400	
  bp	
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Removing	
  



Strain covera
ge # of Reads used Longest 

contig N50 # of 
contigs 

Contigs 
>500/1000 

# of Used 
contigs 

980 40 915274/924368 1578387 1578387 30 20/17 17 

982 40 829927/846400 44096 8775 713 608/492   

983 30 681053/696114 26649 6090 938 799/608   

985 30 738515/754370 53527 17916 398 336/287   

988 60 1494832/1509718 219011 87065 84 75/72   
030 60 1345113/1357034 2,004,569 2004569 15 10/8 9 

033 34 777226/790462 1,353,777 520746 72 18/12 13 
  

037 18 425061/429622 530,371 203421 30 23/22 23 
038 38 846722/855856 1,478,783 477506 15 8/7 8 
040 22 496806/502234 1,488,066 520651 35 18/12 12 
041 27 656227/664846 1,085,840 905754 14 8/7 8 
042 21 544711/554070 481,065 206399 960 34/29 28 
043 25 635572/651446 1,092,671 1012472 1244 23/12 13 



Scaffolding	
  
•  Scaffolding	
  groups	
  con*gs	
  into	
  subsets	
  
with	
  known	
  order	
  and	
  orienta*on.	
  

•  Nodes	
  are	
  con*gs	
  
•  Directed	
  edge	
  is	
  between	
  two	
  nodes	
  if	
  
they	
  are	
  adjacent	
  in	
  the	
  genome.	
  
	
  

Contig 1 Contig 2	
  



Scaffolding	
  
•  Mate	
  pairs	
  ,	
  if	
  in	
  different	
  con*gs,	
  have	
  a	
  
chance	
  of	
  being	
  neighbors.	
  
	
  



Scaffolding	
  	
  

Align	
  reads	
  from	
  short	
  
insert	
  or	
  long	
  insert	
  
library	
  

Join	
  con*gs	
  using	
  evidence	
  from	
  
paired	
  end	
  data	
  

Con*gs	
  from	
  assembly	
  

Scaffold	
  



Scaffolding	
  Algorithm	
  
•  Find	
  all	
  connected	
  components	
  
•  Find	
  a	
  consistent	
  orienta*on	
  for	
  all	
  nodes	
  in	
  the	
  
graph	
  (all	
  con*gs).	
  	
  
– Nodes	
  (con*gs)	
  have	
  two	
  types	
  of	
  edges	
  

• Same	
  orienta*on	
  
• Different	
  orienta*on	
  

– Make	
  sure	
  linked	
  con*gs	
  have	
  consistent	
  
orienta*on.	
  

– Op*miza*on	
  problem	
  –	
  find	
  the	
  smallest	
  number	
  
of	
  edges	
  to	
  be	
  removed	
  so	
  that	
  	
  all	
  con*gs	
  have	
  
consistent	
  orienta*on.	
  

•  Find	
  the	
  Hamiltonian	
  path	
  again.	
  



Scaffolding	
  soZware	
  

•  Some	
  assembly	
  soZware,	
  such	
  velvet,	
  can	
  do	
  scaffolding	
  
as	
  well.	
  

•  Bambus	
  -­‐	
  h[p://www.cbcb.umd.edu/soZware/bambus	
  
•  SSPACE	
  -­‐	
  
h[p://www.baseclear.com/landingpages/basetools-­‐a-­‐
wide-­‐range-­‐of-­‐bioinforma*cs-­‐solu*ons/sspacev12/	
  

•  GRASS	
  -­‐	
  h[p://code.google.com/p/tud-­‐scaffolding/	
  	
  
•  Volvet	
  and	
  Soap-­‐denovo	
  have	
  buid-­‐in	
  scaffolding	
  tools.	
  

	
  



Addi*onal	
  techniques	
  for	
  orienta*on	
  

•  Physical	
  mapping.	
  Using	
  informa*on	
  from	
  Bacterial	
  
Ar*ficial	
  Chromosome	
  (BAC)-­‐based	
  physical	
  maps.	
  
Physical	
  maps	
  are	
  built	
  by	
  clustering	
  together	
  of	
  
BACs	
  sharing	
  por*ons	
  of	
  a	
  DNA	
  “fingerprint,”	
  which	
  
is	
  a	
  pa[ern	
  of	
  DNA	
  fragments	
  of	
  various	
  sizes.	
  

•  Using	
  markers	
  along	
  a	
  DNA	
  strand	
  as	
  independent	
  
informa*on	
  for	
  scaffolding	
  soZware.	
  Markers	
  are	
  
known	
  sequences	
  of	
  nucleo*des	
  and	
  tags.	
  Markers	
  
are	
  searched	
  in	
  the	
  con*gs.	
  

•  Using	
  large	
  scale	
  maps	
  of	
  landmarks	
  that	
  lie	
  along	
  
the	
  the	
  chromosomal	
  DNA.	
  

	
  



Scaffolding	
  

•  Addi*onal	
  informa*on	
  is	
  also	
  useful:	
  
– Sequences	
  of	
  closely	
  related	
  organisms	
  are	
  also	
  
used	
  as	
  scaffolding	
  informa*on.	
  

	
  	
  	
  	
  Example:	
  aligning	
  scaffolds	
  of	
  a	
  mouse	
  genome	
  to	
  
the	
  human	
  genome	
  



With	
  reference	
  genome	
  
1	
  3,063,596	
  

Node_4	
  
477,506bp	
  	
   Node_9	
  

386,450	
  bp	
  	
  

Node_2	
  
145,226	
  bp	
  

Node_11	
  
1478783	
  	
  

Node_1	
  
224,745	
  bp	
  

Node_3	
  
347,484	
  bp	
  

Two	
  repeats	
  
5k	
  bp	
  	
  

Reference	
  genome	
  
	
  	
  

Node_5	
  
708	
  bp	
  



Scaffolding:	
  Issues	
  

•  Errors	
  in	
  length	
  of	
  inserts	
  (affec*ng	
  distances	
  between	
  
clone	
  mates)	
  

•  Physical	
  mapping	
  is	
  error	
  prone.	
  
•  first	
  builds	
  a	
  sequence	
  based	
  on	
  linking	
  informa*on	
  
with	
  high	
  confidence,	
  then	
  factors	
  in	
  linking	
  informa*on	
  
with	
  lower	
  confidence.	
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The variability in repetitiveness among 
species species.  

Schatz M C et al. Genome Res. 2010;20:1165-1173 Copyright © 2010 by Cold Spring Harbor Laboratory Press 

The k-mer uniqueness ratio for five well-known 
organisms and one single-celled human parasite.  

The	
  ra*o	
  ==	
  	
  the	
  
percentage	
  of	
  the	
  
genome	
  that	
  is	
  
covered	
  by	
  unique	
  
sequences	
  of	
  length	
  
k	
  or	
  longer.	
  

The	
  figure	
  shows	
  how	
  
much	
  of	
  each	
  genome	
  
would	
  be	
  covered	
  by	
  k-­‐
mers	
  (reads)	
  that	
  occur	
  
exactly	
  once.	
  



Repeat Control Issues	
  

•  Assembly	
  programs	
  should	
  detect	
  repeats	
  in	
  
the	
  assembly	
  process	
  and	
  not	
  aZer.	
  	
  
– Incorrect	
  genome	
  reconstruc*on	
  

•  Assemblers	
  should	
  try	
  to	
  resolve	
  correctly	
  as	
  
many	
  repeats	
  as	
  possible.	
  
– Avoid	
  intensive	
  human	
  labor	
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Repeat Control – When? & How? 
•  pre-assembly: find fragments that belong to repeats 

–  statistically (most existing assemblers) 
–  repeat database (RepeatMasker) 

•  during assembly: detect "tangles" indicative of repeats 
(Pevzner, Tang, Waterman 2001) 

•  post-assembly: find repetitive regions and potential 
mis-assemblies.  
–  Reputer, RepeatMasker 
–  "unhappy" mate-pairs (too close, too far, mis-

oriented) 

sequencing error (2d for positions within a distance d ! l from the
endpoint of the reads). A greedy approach for the Error Correction
Problem is to look for error corrections in the reads that reduce the
size of Sl by 2l (or 2d for positions close to the endpoints). This
simple procedure already eliminates 86.5% of the errors in se-
quencing reads. EULER uses a more involved approach that elimi-
nates 97.7% of sequencing errors and transforms the original
sequencing data with 4.8 errors per read on average into almost
error-free data with 0.11 errors per read on average (22).

A word of caution is in place. Our error-correction procedure is
not perfect while deciding which nucleotide, among, let us say, A or
T is correct in a given l-tuple within a read. If the correct nucleotide
is A, but T is also present in some reads covering the same region,
the error-correction procedure may assign T instead of A to all
reads, i.e., to introduce an error rather than to correct it. Because
our algorithm sometimes introduces errors, data corruption is
probably a more appropriate name for this approach! Introducing
an error in a read is not such a bad thing, as long as the errors from
overlapping reads covering the same position are consistent (i.e.,
they correspond to a single mutation in a genome). An important
insight is that, at this stage of the algorithm, we do not care much
whether we correct or introduce errors in the sequencing reads.
From an algorithmic perspective, introducing a consistent error that
simply corresponds to changing a nucleotide in a final assembly is
not a big deal. It is much more important to make sure that we
eliminate a competition between A and T at this stage, thus
reducing the complexity of the de Bruijn graph. In this way, we
eliminate false edges in our graph and deal with this problem later:
the correct nucleotides are easily reconstructed either by a majority
rule or by a variation of the Churchill–Waterman algorithm (23).
For the NM sequencing project, orphan elimination corrects
234,410 errors and introduces 1,452 errors.

Eulerian Superpaths
Given a set of reads S " {s1, . . ., sn}, define the de Bruijn graph
G(Sl) with vertex set Sl#1 (the set of all (l # 1)-tuples from S) as
follows. An (l # 1)-tuple v ! Sl#1 is joined by a directed edge with
an (l # 1)-tuple w ! Sl#1, if Sl contains an l-tuple for which the first
l # 1 nucleotides coincide with v and the last l # 1 nucleotides
coincide with w. Each l-tuple from Sl corresponds to an edge in G.
If S contains the only sequence s1, then this sequence corresponds
to a path visiting each edge of the de Bruijn graph, a Chinese
Postman path (20). The Chinese Postman Problem is closely related
to the problem of finding a path visiting every edge of a graph
exactly once, an Eulerian Path Problem (24). One can transform the
Chinese Postman Problem into the Eulerian Path Problem by
introducing multiplicities of edges in the de Bruijn graph. For
example, one can substitute every edge in the de Bruijn graph by
k parallel edges, where k is the number of times the edge is used in
the Chinese Postman path. If S contains the only sequence s1, this
operation creates k ‘‘parallel’’ edges for every l-tuple repeating k
times in s1 (23). Finding Eulerian paths is a well known problem that
can be efficiently solved in linear time. We assume that S contains
a complement of every read and that the de Bruijn graph can be
partitioned into two subgraphs (the ‘‘canonical’’ one and its reverse
complement).

With real data, the errors hide the correct path among many
erroneous edges. The graph corresponding to the error-free data
from the NM project has 4,039,248 vertices (roughly twice the
length of the genome), whereas the graph corresponding to real
sequencing reads has 9,474,411 vertices (for 20-tuples). After the
error-correction procedure, this number is reduced to 4,081,857.

A vertex v is called a source if indegree(v) " 0, a sink if
outdegree(v) " 0, and a branching vertex if indegree(v)!
outdegree(v) $ 1. For the NM genome, the de Bruijn graph has
502,843 branching vertices for original reads (for l-tuple size 20).
Error corrections simplify this graph and lead to a graph with 382
sources and sinks and 12,175 branching vertices. Because the de

Bruijn graph gets very complicated even in the error-free case,
taking into account the information about which l-tuples belong to
the same reads (that was lost after the construction of the de Bruijn
graph) helps us to untangle this graph.

A path v1 . . . vn in the de Bruijn graph is called a repeat if
indegree(v1) $ 1, outdegree(vn) $ 1, and indegree (v1) "
outdegree(vi) " 1 for 1 ! i ! n # 1 (Fig. 3). Edges entering the
vertex v1 are called entrances into a repeat, whereas edges
leaving the vertex vn are called exits from a repeat. An Eulerian
path visits a repeat a few times, and every such visit defines a
pairing between an entrance and an exit. Repeats may create
problems in fragment assembly, because there are a few en-
trances in a repeat and a few exits from a repeat, but it is not clear
which exit is visited after which entrance in the Eulerian path. A
read-path covers a repeat if it contains an entrance into and an
exit from this repeat. Every covering read-path reveals some
information about the correct pairings between entrances and
exits. A repeat is called a tangle if there is no read-path
containing this repeat (Fig. 3). Tangles create problems in
fragment assembly, because pairings of entrances and exits in a
tangle cannot be resolved via the analysis of read-paths. To
address this issue, we formulate the following generalization of
the Eulerian Path Problem:

Eulerian Superpath Problem. Given an Eulerian graph and a
collection of paths in this graph, find an Eulerian path in this
graph that contains all these paths as subpaths.

To solve the Eulerian Superpath Problem, we transform both
the graph G and the system of paths ! in this graph into a new
graph G1 with a new system of paths !1. Such transformation is
called equivalent if there exists a one-to-one correspondence
between Eulerian superpaths in (", !) and ("1, !1). Our goal is
to make a series of equivalent transformations

%", !& 3 %"1 , !1& 3 · · · 3 %"k , !k&

that lead to a system of paths !k, with every path being a single
edge. Because all transformations on the way from (", !) to
("k, !k) are equivalent, every solution of the Eulerian Path
Problem in ("k, !k) provides a solution of the Eulerian Super-
path Problem in (", !).

Below, we describe a simple equivalent transformation that solves
the Eulerian Superpath Problem in the case when the graph G has
no multiple edges. Let x " (vin, vmid) and y " (vmid, vout) be two
consecutive edges in graph G, and let !x,y be a collection of all paths
from ! that include both these edges as a subpath. Informally,
x,y-detachment bypasses the edges x and y via a new edge z and
directs all paths in !x,y through z, thus simplifying the graph.
However, this transformation affects other paths and needs to be
defined carefully. Define !3x as a collection of paths from ! that
end with x and !y3 as a collection of paths from ! that start with
y. The x, y-detachment is a transformation that adds a new edge z "
(vin, vout) and deletes the edges x and y from G (Fig. 4a). This
detachment alters the system of paths ! as follows: (i) substitute z

Fig. 3. A repeat v1 . . . vn and a system of paths overlapping with this repeat.
The uppermost path contains the repeat and defines the correct pairing
between the corresponding entrance and exit. If this path were not present,
the repeat v1 . . . vn would become a tangle.

Pevzner et al. PNAS ! August 14, 2001 ! vol. 98 ! no. 17 ! 9751
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Detec*ng	
  repeats	
  
pre-assembly: 	
  

•  Sta*s*cal	
  methods	
  
– Assemblers assume that reads are sampled 

uniformly at random. 
– Significant deviations from average coverage 

flagged as repeats. 
–  frequent k-mers are ignored 
– “arrival” rate of reads in contigs compared 

with theoretical value.  
(e.g., 800 bp reads & 8x coverage - reads "arrive" every 100 bp) 
 



Detec*ng	
  repeats	
  
during assembly	
  

•  Example:	
  In	
  Euler	
  assembly	
  program	
  
– Finds	
  repeats	
  by	
  complex	
  parts	
  of	
  the	
  graph	
  
constructed	
  during	
  the	
  assembly	
  process.	
  

– Researchers	
  look	
  into	
  these	
  complex	
  areas	
  to	
  try	
  
and	
  resolve	
  repeats.	
  

– Assemblers	
  can	
  use	
  clone	
  mate	
  informa*on	
  to	
  
find	
  incorrect	
  assemblies.	
  This	
  is	
  based	
  on	
  finding	
  
clone-­‐mate	
  pairs	
  too	
  close	
  or	
  too	
  far	
  from	
  one	
  
another.	
  (“unhappy”	
  mate-­‐pairs)	
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Detec*ng	
  repeats	
  
post-assembly: Mis-assembled repeats 

 a b c 

a c 
b 

 

a b c d 
I II III 

I 

II 

III 
a 

b c 

d 

b c 

 

 

a b d c e f 

I II III IV 
 

I III II IV 

a d b e c f 

a 

collapsed tandem excision 

rearrangement 
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Repeat resolution 
•  Assemblers deduce that areas covered by a large 

number of reads may show an over-collapsed 

repeat. 

•  Problems with this - samples are not uniformly 

distributed (for example, non-random libraries and 

poor clonability regions). leads to false positives. 

•  Repeats with low copy number are missed - leads 

to false negatives. 



Repeat resolution 
•  Techniques	
  for	
  repairing	
  sequencing	
  errors	
  during	
  repeat	
  

resolu*on	
  
– find	
  clusters	
  of	
  reads	
  where	
  the	
  clusters	
  share	
  
differences.	
  	
  

•  For	
  example,	
  four	
  reads	
  contain	
  an	
  A	
  ,	
  four	
  contain	
  a	
  B.	
  
it	
  is	
  likely	
  that	
  the	
  first	
  four	
  reads	
  are	
  from	
  one	
  copy	
  
and	
  the	
  last	
  four	
  from	
  a	
  different	
  one.	
  

– Drawbacks	
  are	
  if	
  certain	
  areas	
  of	
  the	
  sequence	
  
have	
  low	
  coverage.	
  	
  

– Difficult	
  to	
  separate	
  from	
  true	
  polymorphism	
  
	
  



Assembled genome validation 
•  Quality	
  at	
  the	
  nucleo*de	
  level	
  for	
  con*gs	
  can	
  be	
  

used	
  to	
  detect	
  fine-­‐scale	
  inaccuracies,	
  such	
  as	
  
subs*tu*on	
  and	
  indel	
  errors.	
  

•  Method	
  1:	
  Once	
  assembled,	
  a	
  base	
  is	
  assigned	
  a	
  
consensus	
  quality	
  score	
  (CQS)	
  depending	
  on	
  its	
  read	
  
depth	
  and	
  the	
  quality	
  of	
  each	
  base	
  contribu*ng	
  to	
  
that	
  posi*on.	
  (Huang	
  and	
  Madan	
  1999,	
  Genome	
  
Research,	
  9:	
  868–877).	
  

•  Method	
  2:	
  A	
  mul*ple	
  sequence	
  alignment	
  of	
  reads	
  
is	
  constructed	
  and	
  a	
  consensus	
  sequence	
  along	
  with	
  
a	
  quality	
  value	
  for	
  each	
  base	
  is	
  computed	
  for	
  each	
  
con*g.	
  	
  



Assembled genome validation 
•  Method	
  3:	
  a	
  sta*s*cal	
  and	
  compara*ve	
  genomics	
  

method	
  that	
  quan*fies	
  the	
  fine-­‐scale	
  quality	
  of	
  a	
  
genome	
  assembly	
  and	
  that	
  has	
  the	
  merit	
  of	
  being	
  
complementary	
  to	
  the	
  aforemen*oned	
  approaches.	
  	
  

•  This	
  approach	
  es*mates	
  the	
  abundance	
  of	
  indel	
  errors	
  
between	
  aligned	
  genome	
  pairs,	
  by	
  separa*ng	
  these	
  
from	
  true	
  evolu*onary	
  indels.	
  	
  

•  indel	
  muta*ons	
  leave	
  a	
  precise	
  and	
  determinable	
  
fingerprint	
  on	
  the	
  distribu*on	
  of	
  ungapped	
  alignment	
  
block	
  lengths.	
  These	
  block	
  lengths,	
  which	
  represent	
  
distances	
  between	
  successive	
  indel	
  muta*ons	
  are	
  
intergap	
  segment	
  (IGS)	
  lengths.	
  	
  



Assembled genome validation 

Under	
  the	
  neutral	
  indel	
  model,	
  
these	
  inter-­‐gap	
  segment	
  (IGS)	
  
lengths	
  are	
  expected	
  to	
  follow	
  a	
  
geometric	
  frequency	
  distribu*on.	
  

Meader	
  et	
  al.,	
  Genome	
  Research,	
  2010,	
  20(5):675	
  

errors	
  



Assembled genome validation 
Compare	
  with	
  exis*ng	
  genes.	
  
	
  
CEGMA:	
  Core	
  Eukaryo*c	
  Genes	
  Mapping	
  Approach	
  
•  Looks	
  in	
  your	
  assembly	
  for	
  genes	
  that	
  should	
  be	
  
there	
  

•  Usually	
  best	
  assembly	
  have	
  best	
  CEGMA	
  score	
  
h[p://korflab.ucdavis.edu/datasets/cegma/	
  

	
  



What makes an assembly good? 
•  High	
  coverage:	
  50	
  to	
  300X	
  
•  Different	
  but	
  precise	
  insert	
  size	
  libraries	
  (Paired	
  end	
  
from	
  different	
  library	
  sizes	
  will	
  allow	
  you	
  to	
  s*tch	
  across	
  
several	
  repeat	
  type.)	
  

•  Avoid	
  large	
  number	
  of	
  variant.	
  
•  Error	
  Correc*on:	
  Correct	
  the	
  read	
  before	
  assembly	
  



What makes your assembly better? 

Tsai	
  et	
  al.	
  Genome	
  biology	
  2010	
  

IMAGE:	
  Gap	
  Filling.	
  improve	
  draZ	
  genome	
  assemblies	
  by	
  aligning	
  
sequences	
  against	
  con*g	
  ends	
  and	
  performing	
  local	
  assemblies	
  to	
  produce	
  gap-­‐
spanning	
  con*gs.	
  



Gene	
  annota*on	
  

•  RAST	
  	
  h[p://rast.nmpdr.org/	
  	
  
•  IGS	
  Prokaryo*c	
  Analysis	
  Engine	
  
Services(
h[p://ae.igs.umaryland.edu/cgi/index.cgi)	
  

•  AGeS	
  	
  	
  h[p://www.bhsai.org/ages.html	
  	
  
•  BG7	
  h[p://bg7.ohnosequences.com/	
  	
  
•  Prokka	
  
h[p://www.vicbioinforma*cs.com/
soZware.prokka.shtml	
  



Gene	
  annota*on	
  

Prodigal	
  (HyaP	
  2010)	
  	
  	
  	
   	
   	
   	
   	
  gene	
  predicRon	
  and	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Coding	
  sequence	
  (CDS)	
  
RNAmmer	
  (Lagesen	
  et	
  al.,	
  2007) 	
  rRNA	
  genes	
  	
  
Aragorn	
  (LasleP	
  et	
  al,	
  2004)	
   	
   	
  Transfer	
  RNA	
  genes	
  
SignalP	
  (Petersen	
  et	
  al.,	
  2011) 	
   	
  Signal	
  leader	
  pepRdes	
  
Infernal	
  (Kolbe	
  and	
  Eddy,	
  2011) 	
  Non-­‐coding	
  RNA	
  



Protein	
  func*on	
  annota*on	
  

Databases:	
  
(1)  Bacterial	
  proteins	
  in	
  UniProt	
  and	
  RefSeq	
  
(2)  Protein	
  domains	
  in	
  Pfam	
  and	
  TIGRFAMs	
  
	
  
Searching	
  tools:	
  
(1)  Blastp	
  
(2) Hidden	
  Markov	
  Model	
  	
  (HMMER	
  3.0)	
  



Strain 
# of 

Used 
contigs 

bases genes CDS Misc_R
NA tRNA tmRNA 

980 13 3036852 2922 2862 9 50 1 
030 8 3058742 2942 2883 8 50 1 

033 11 
  3058510 2936 2882 8 45 1 

037 23 3058614 2945 2887 9 48 1 
038 8 3066896 2949 2892 8 48 1 
040 13 3062944 2954 2896 8 49 1 
041 8 3059145 2939 2886 8 44 1 
043 13 3056218 2947 2891 8 47 1 

Referen
ce 

genome 
3,063,006	
   2817 46 



gene 10782..9301
molybdopterin biosynthesis protein MoeB 10782..9301

gene 8569..9066
hypothetical protein 8569..9066

gene 7699..8211
hypothetical protein 7699..8211

gene 5787..7688
Type IV secretory system Conjugative DNA transfer 5787..7688

gene 3829..5790
AAA-like domain protein 3829..5790

gene 2318..3832
hypothetical protein 2318..3832

gene 729..2318
hypothetical protein 729..2318

gene 7..732
hypothetical protein 7..732

gene 11164..10784
hypothetical protein 11164..10784
gene 11604..11161
hypothetical protein 11604..11161
gene 11833..12069
hypothetical protein 11833..12069

gene 12073..12642
hypothetical protein 12073..12642

gene 13838..12936
hypothetical protein 13838..12936

gene 15364..14057
hypothetical protein 15364..14057

gene 16992..15379
Relaxase/Mobilisation nuclease domain protein 16992..15379

gene 17429..17019
hypothetical protein 17429..17019

gene 17657..17983
hypothetical protein 17657..17983

gene 18147..18539
hypothetical protein 18147..18539

gene 19301..18843
hypothetical protein 19301..18843

gene 20106..19567
hypothetical protein 20106..19567

gene 21071..20463
hypothetical protein 21071..20463

gene 30658..30849
hypothetical protein 30658..30849

gene 30374..30658
hypothetical protein 30374..30658

gene 30169..30264
hypothetical protein 30169..30264

gene 28550..29395
hypothetical protein 28550..29395

gene 28140..27235
hypothetical protein 28140..27235

gene 26859..26161
hypothetical protein 26859..26161

srp54 26004..25363
Signal recognition particle 54 kDa protein 26004..25363

gene 25363..25034
hypothetical protein 25363..25034

gene 24957..24193
hypothetical protein 24957..24193

gene 24113..23964
hypothetical protein 24113..23964

gene 23611..23967
hypothetical protein 23611..23967

gene 22039..23355
hypothetical protein 22039..23355

gene 21205..21759
acetate kinase 21205..21759

source:Clavibacter michiganensis subsp. nebraskens 1..41795

noc 32362..30977
Nucleoid occlusion protein 32362..30977

gene 32941..33186
hypothetical protein 32941..33186

gene 35192..33231
MarR family protein 35192..33231

gene 35557..35315
hypothetical protein 35557..35315

gene 35758..36423
hypothetical protein 35758..36423

gene 36420..36926
hypothetical protein 36420..36926

gene 36927..37907
hypothetical protein 36927..37907

gene 37907..39064
Alpha/beta hydrolase family protein 37907..39064

gene 39567..39190
hypothetical protein 39567..39190

gene 39663..40205
hypothetical protein 39663..40205

gene 40209..41285
hypothetical protein 40209..41285

gene 41361..41669
hypothetical protein 41361..41669

Cmn12030Plasmid

41795 bp

Example	
  

Gene	
  annota*on	
  
for	
  an	
  assembled	
  
plasmid	
  



Discussion:	
  
Virtual	
  genome	
  assembly	
  

•  Plant	
  mitochondrion	
  genome	
  500,000	
  bp	
  	
  	
  	
  DNA	
  	
  	
  	
  	
  circular	
  
•  How	
  can	
  you	
  get	
  mitochondria	
  DNA?	
  What	
  problems	
  do	
  we	
  need	
  to	
  concern	
  for	
  

this	
  step?	
  
•  For	
  DNA	
  fragmen*ng,	
  what	
  sizes	
  of	
  DNA	
  fragments	
  will	
  you	
  use?	
  A.	
  1Kbp,	
  B.	
  5kbp,	
  

C.	
  both	
  
•  Pair-­‐ended	
  or	
  single	
  ended?	
  
•  What	
  depth	
  do	
  you	
  sequence?	
  how	
  many	
  lanes	
  do	
  you	
  need	
  if	
  you	
  use	
  illumina	
  

hiseq	
  2000?	
  or	
  how	
  many	
  reads	
  do	
  you	
  need	
  to	
  get?	
  	
  
•  Which	
  assembler	
  will	
  you	
  use?	
  Why?	
  
•  What	
  computer	
  do	
  you	
  used	
  to	
  do	
  assemble?	
  A.	
  4GB	
  laptop	
  B.	
  50GB	
  worksta*on	
  

C.	
  computer	
  cluster	
  in	
  HCC	
  
•  According	
  to	
  your	
  es*mate,	
  how	
  long	
  does	
  it	
  take	
  for	
  assemble?	
  A.	
  30	
  minutes	
  B.2	
  

hours	
  C.	
  12	
  hours	
  D.	
  4	
  days	
  
•  What	
  soZware	
  do	
  you	
  used	
  to	
  do	
  scaffold?	
  how	
  long	
  does	
  it	
  take?	
  	
  
•  What	
  is	
  longest	
  gap	
  in	
  one	
  scaffold?	
  How	
  do	
  you	
  fill	
  gaps?	
  
•  How	
  do	
  you	
  determine	
  if	
  your	
  assembled	
  genome	
  is	
  good	
  enough?	
  
•  how	
  do	
  you	
  annotate	
  genes?	
  	
  

On	
  Thursday	
  


