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1. Setup Docker/Ubuntu
2. Initialize Tools
3. Download Reference Genome & Reads
4. Decode the secret message

1. Estimate coverage, check read quality
2. Check kmer distribution
3. Assemble the reads with spades
4. Align to reference with MUMmer
5. Extract foreign sequence
6. dna-encode.pl -d

https://github.com/schatzlab/appliedgenomics2020/blob/mas
ter/assignments/assignment2/README.md

Assignment 2: Genome Assembly
Due Wednesday Feb 12 @ 11:59pm



Genomic Coordinates

What are coordinates of “TAC” 
in GATTACA?

GATTACA
1234567

1-based coordinates
• Base 4 through 6: [4,6]  “closed”
• Base 4 through 7: [4,7)  “half-open”
• 3 bases starting at base 4: [4, +3]

0-based coordinates
• Position 3 through 5: [3,5] “closed”
• Position 3 through 6: [3,6) “half-open”
• 3 bases starting at position 3: [3, +3]

GATTACA
0123456



Genomic Conventions

GATTACA
1234567

1-based coordinates
• BLAST/MUMmer alignments
• Ensembl Genome Browser
• SAM, VCF, GFF and Wiggle

0-based coordinates
• BAM, BCFv2, BED, and PSL
• UCSC Genome Browser
• C/C++, Perl, Python, Java

GATTACA
0123456

Always double check the manual!
You will get this wrong someday L



Assignment 3: Due Wed Feb 19



Part 1: Recap



Pop Quiz 2
Assemble these reads using a de Bruijn graph approach (k=3):

ACGA
ACGT
ATAC
CGAC
CGTA
GACG
GTAT
TACG

ATACGACGTAT

ACG

CGA

CGT

TAC

ATA GAC

GTA

TAT
Note: there is no edge from ATA to TAT





Genomics Arsenal in the Year 2020

Sample Preparation Sequencing Chromosome Mapping



Recent Long Read Assemblies

Third-generation sequencing and the future of genomics
Lee et al (2016) bioRxiv
doi: http://dx.doi.org/10.1101/048603

Assemblytics: a web analytics tool for the detection of variants
from an assembly
Nattestad & Schatz (2016) Bioinformatics.
doi: 10.1093/bioinformatics/btw369

Insertions

Repeat Expansion

Tandem ExpansionTandem Contraction

Repeat Contraction

Deletions

Structural Variants in CHM1 



First Telomere-to-Telomere Human Chromosome

Telomere-to-telomere assembly of a complete human X chromosome
Miga et al. (2019) bioRxiv. https://doi.org/10.1101/735928



Part 2. Variant Calling



Personal Genomics
How does your genome compare to the reference?

Heart Disease

Cancer

Creates magical 
technology



Personal Genomics
How does your genome compare to the reference?

Heart Disease

Cancer

Creates magical 
technology



Algorithm Overview

3. Evaluate end-to-end match

2. Lookup each segment and prioritize

1. Split read into segments

(Langmead & Salzberg, 2012)



Genotyping Theory

• If there were no sequencing errors, identifying 
SNPs would be very easy: any time a read 
disagrees with the reference, it must be a variant!

• Sequencing instruments make mistakes
– Quality of read decreases over the read length

• A single read differing from the reference is 
probably just an error, but it becomes more likely 
to be real as we see it multiple times

…CCATAGGCTATATGCGCCCTATCGGCAATTTGCGGTATAC…
GCGCCCTA
GCCCTATCG
GCCCTATCG

CCTATCGGA
CTATCGGAAA

AAATTTGC
AAATTTGC

TTTGCGGT
TTGCGGTA

GCGGCATA

GTATAC…

TCGGAAATT
CGGAAATTT CGGTATAC

TAGGCTATA
AGGCTATAT
AGGCTATAT
AGGCTATAT
GGCTATGTG

CTATGTGCG

…CC
…CC
…CCA
…CCA
…CCAT

ATAC…
C…
C…

…CCAT
…CCATAG TGTGCGCCC

GGTATAC…
CGGTATAC

Homozygous variant (6/6)

Reference

Subject

Heterozygous variant (3/7)

Error or Het (1/7)?



The Binomial Distribution: 
Adventures in Coin Flipping

Aaron Quinlan

P(heads) = 0.5 P(tails) = 0.5



What is the distribution of tails 
(alternate alleles) do we expect to see 

after 5 tosses (sequence reads)?

barplot(table(rbinom(30, 5, 0.5)))

R code:

30 experiments (students tossing coins)
5 tosses each
Probability of Tails

Number of "tails"

N
um

be
r o

f e
xp

er
im

en
ts



What is the distribution of tails 
(alternate alleles) do we expect to see 

after 15 tosses (sequence reads)?

barplot(table(rbinom(30, 15, 0.5)))

R code:

30 experiments (students tossing coins)
15 tosses each
Probability of Tails

Number of "tails"

N
um

be
r o

f e
xp

er
im

en
ts



What is the distribution of tails 
(alternate alleles) do we expect to see 

after 30 tosses (sequence reads)?

barplot(table(rbinom(30, 30, 0.5)))

R code:

30 experiments (students tossing coins)
30 tosses each
Probability of Tails

Number of "tails"

N
um

be
r o

f e
xp

er
im

en
ts



What is the distribution of tails 
(alternate alleles) do we expect to see 

after 30 tosses (sequence reads)?

barplot(table(rbinom(3e6, 30, 0.5)))

R code:

3M experiments (students tossing coins)
30 tosses each
Probability of Tails

Number of "tails"

N
um

be
r o

f e
xp

er
im

en
ts

2 3 4 5 6 7 8 9 10 12 14 16 18 20 22 24 26 28

0e
+0
0

1e
+0
5

2e
+0
5

3e
+0
5

4e
+0
5



So, with 30 tosses (reads), we are 
much more likely to see an even mix 
of alternate and reference alleles at a 

heterozygous locus in a genome

Number of "tails"

N
um

be
r o

f e
xp

er
im

en
ts This is why at least a "30X" 

(30 fold sequence coverage) 
genome is recommended: it 
confers sufficient power to 
distinguish heterozygous 

alleles and from mere 
sequencing errors

P(3/30 het) <?> P(3/30 err)
2 3 4 5 6 7 8 9 10 12 14 16 18 20 22 24 26 28

0e
+0
0

1e
+0
5

2e
+0
5

3e
+0
5

4e
+0
5



Some real examples of SNPs in IGV



Homozygous for the "C" allele

Improper (too far/too 
close) pairs 

What else do you notice?



Sequencing errors fall out as noise 
(most of the time)

Sequencing errors

https://jchoigt.files.wordpress.com/2012/07/igv_e217g_snapshot.png



Heterozygous for the alternate allele

Individual 
1

Individual 
2

Which genotype prediction do you have more confidence in?



It is not always so easy L



Beware of Systematic Errors

Identification and correction of systematic error in high-throughput sequence data
Meacham et al. (2011) BMC Bioinformatics. 12:451

A closer look at RNA editing.
Lior Pachter (2012) Nature Biotechnology. 30:246-247



What information is needed to decide if a 
variant exists?

https://genomebiology.biomedcentral.com/articles/10.1186/gb-2010-11-10-r99

● Depth of coverage at the locus
● Bases observed at the locus
● The base qualities of each 

allele
● The strand composition 
● Mapping qualities
● Proper pairs?
● Expected polymorphism rate



PolyBayes: The first statistically rigorous 
variant detection tool.

http://www.nature.com/ng/journal/v23/n4/full/ng1299_452.html

Its main innovation was the use 
of Bayes's theorem



Bayes' theorem 

https://en.wikipedia.org/wiki/Thomas_Bayes



Bayes theorem

P(A|B) = P(B|A) * P(A)
P(B)

Conditional probability. That 
is, the probability of A 

occurring, given that B has 
occurred.



Bayes' theorem with legos

8x24 = 192 pegs, 64 are white, 128 are blue.
P(White) = 64 / 192 = 0.33
P(Blue) = 128 / 192 = 0.67

Inspired by https://www.countbayesie.com/blog/2015/2/18/bayes-theorem-with-lego

8

24



Our entire probability "space" must add 
up to 1.

P(White) + P(Blue) = 1

Inspired by https://www.countbayesie.com/blog/2015/2/18/bayes-theorem-with-lego



What is the probability of black?

P(Black) = 8 / 192 = 0.042

Inspired by 
https://www.countbayesie.com/blog/2015/2/18/bayes-theorem-
with-lego



No, probability space is >1. 
P(Black) is conditional on P(White) and P(Blue).

P(White) + P(Blue) + P(Black) = 1.042

Inspired by https://www.countbayesie.com/blog/2015/2/18/bayes-theorem-with-lego



P(black | blue): "probability of black given that we are on a 
blue peg"

P(black | blue) = 2 / 128 = 0.015625

Inspired by https://www.countbayesie.com/blog/2015/2/18/bayes-theorem-with-lego



P(black | white): "probability of black given that we are on 
a white peg"

P(black | white) = 6 / 64 = 0.09375

Inspired by https://www.countbayesie.com/blog/2015/2/18/bayes-theorem-with-lego



But what about the P(blue | black)?

P(blue | black) = 2 / 8 = 0.25
This intuition is formalized with Bayes' theorem.

Inspired by https://www.countbayesie.com/blog/2015/2/18/bayes-theorem-with-lego



Bayes theorem

P(A|B) = P(B|A) * P(A)
P(B)

Posterior 
probability

Prior 
Probability

Of A



Bayes theorem

P(black|white) = P(white|black) * P(black)
P(white)

Inspired by https://www.countbayesie.com/blog/2015/2/18/bayes-theorem-with-lego



Bayes theorem

P(black|white) = 0.75 * 0.0408
0.33

Inspired by https://www.countbayesie.com/blog/2015/2/18/bayes-theorem-with-lego



Bayes theorem

P(black|white) = 0.09375

Inspired by https://www.countbayesie.com/blog/2015/2/18/bayes-theorem-with-lego



Bayes theorem

P(white|black) = P(black|white) * P(white)
P(black)

Inspired by https://www.countbayesie.com/blog/2015/2/18/bayes-theorem-with-lego



Bayes theorem

P(white|black) = 0.09375 * 0.33
0.0408

Inspired by https://www.countbayesie.com/blog/2015/2/18/bayes-theorem-with-lego



Bayes theorem

P(white|black) = 0.75

Inspired by https://www.countbayesie.com/blog/2015/2/18/bayes-theorem-with-lego



While we can intuit these probabilities 
spatially with legos, the beauty of Bayes' 
theorem is that it can be generalized to 
situations that we cannot easily intuit.



http://www.nature.com/ng/journal/v23/n4/full/ng1299_452.html

P(SNP|Data) = P(Data|SNP) * P(SNP)
P(Data)

● Depth of coverage at the locus
● Bases observed at the locus
● The base qualities of each allele
● Transition or Transversion? Which 

type?
● The strand composition 
● Mapping qualities
● Proper pairs?
● Expected polymorphism rate

Bayesian SNP calling



PolyBayes: The first statistically rigorous 
variant detection tool.

http://www.nature.com/ng/journal/v23/n4/full/ng1299_452.html

Bayesian 
posterior 
probability

Base call + 
Base quality Expected (prior) 

polymorphism rate

Probability of observed base composition 
(should model sequencing error rate)



PolyBayes: The first statistically rigorous 
variant detection tool.

http://www.nature.com/ng/journal/v23/n4/full/ng1299_452.html

This Bayesian statistical framework 
has been adopted by other modern 
SNP/INDEL callers such as FreeBayes, 
GATK, and samtools



GATK workflow

https://software.broadinstitute.org/gatk/img/BP_workflow_3.6.png



Deep Variant

Creating a universal SNP and small indel variant caller with deep neural networks
Poplin et al. (2018) Nature Biotechnology. https://www.nature.com/articles/nbt.4235

https://www.nature.com/articles/nbt.4235


Clairvoyant

A multi-task convolutional deep neural network for variant calling in single molecule sequencing 
Luo et al. (2019) Nature Communication. https://www.nature.com/articles/s41467-019-09025-z



VCF Format



VCF Format

#CHROM POS ID REF ALT QUAL FILTER INFO FORMAT LF1396
chr7 117175373 . A G 90 PASS AF=0.5 GT 0/1


