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Course Over Eight Sessions:
I. Sequencing	Methods,	Single-Cell	Dynamics,	and	Molecular	Detection	

Techniques	(March	14th)
II. RNA	Sequencing,	Epitranscriptomes,	and	Gene	Fusions	(March	21st)
III. Epigenomes,	DNA	Modifications,	and	Chromatin	Dynamics	(March	28th)
IV. Microbiome	and	Metagenome	Characterizations	and	Cross-Species	Analysis	

(April	4th)
V.	 Complex	Genome	Re-arrangements,	Transposons,	and	Tools	for	Genetic	Variant	

Calling	(April	11th)
VI.				Cancer	Genomics,	Non-coding	Regulation	and	Variation,	and	Statistical	Power	

(April	25th)
VII. Systems	Biology,	Big	Data,	and	Disease	Classification	(May	2nd)
VIII. Big	Health,	Sculpting	Evolution,	Synthetic	Biology,	&	Genome	Engineering		(May	

9th)
All classes on Wednesday, 10:00-11:30
1305 York Avenue, 13th floor, Y13-01

Stay updated with the course webpage: 
http://physiology.med.cornell.edu/faculty/mason/lab/clinicalgenomics/schedule.html
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Our genes come from the migration patterns of  haplotypes 
throughout human history

(“Population Stratification”)



Genotype	data	can	even	predict	your	birthplace

Genes mirror geography within Europe
Novembre et al., 2008



Specific	genes	can	have	significant	impact
Myostatin (MSTN) homozygous nulls (-/-) give lean and large muscles

Low density lipoprotein receptor 5 (LRP5) heterozygotes (+/-) can have strong bones

C-C chemokine receptor type 5 (CCR5) homozygous nulls (-/-) have HIV protection

http://thevoiceofnetizen.blogspot.com





The	effects	from	Moore’s	Law	ushered	in	a	whole	new	
era	of	technology

By Wgsimon



Initially	we	expected	a	$1K	Genome	in	2040

George Church









https://www.genome.gov/images/illustrations/sequencing.pdf



Kahvejian,	2008

Since DNA defines the biochemical recipe for the genesis of 
organisms, sequencing allows us to create molecular portraits 

of development and disease at single-base resolution.



The	future	is	already	here;
it's	just	not	evenly	distributed.

—William	Gibson



NGS	has	also	enabled	a	democratization	of	
the	genomes	by	2009,	making	it	personal	

and	ubiquitous

http://arep.med.harvard.edu/gmc/nexgen.html



NGS	sites	are	globally	distributed

http://omicsmaps.com/



And	cover	a	wide	range	of	applications	in	
academia,	government,	and	industry



But,	hard	drive	space	is	not	keeping	pace,	
creating	a	phalanx	of	companies	aimed	at	the	cloud



Genome,	NGS,	
and	Clinical	
Standards	
Groups

Personalized	
Medicine	
using	
Variant	

Annotation	and	
Contextualization

Cloud-based	
Approaches	to	
Informatics	and	
Sequencing

Patient	and	Data	
Sharing	Initiatives	
for	Treatment

-SEQC-NGS

Does a $1,000 genome need a $100,000 interpretation? At least a big phone bill.  



Quantum	sequencing?



Tunneling	to	measure	base	
changes



Sequencing Technologies

1. “Old School” dye-terminator sequencing 
(Sanger).  300-1000bp

2. “New School” methods
a. Emulsion PCR Pyrosequencing
b. Solid-phase amplification sequencing by 

synthesis (clonal or single molecule)
c. Sequencing by ligation
d. Single-molecule, real-time (SMRT) 

sequencing
e. Electrical sequencing



Sequencing Technologies

1. “Old School” dye-terminator 
sequencing (Sanger).  300-1000bp



By 2009, many options emerged

Michael	
Metzker,	
2010



Then,	by	2014,	an	ecosystem	of	options	erupted

Platform Instrument Template0Preparation Chemistry Avearge0Length Longest0Read
Illumina HiSeq2500 BridgePCR/cluster Rev.<Term.,<SBS 100 150

Illumina HiSeq2000 BridgePCR/cluster Rev.<Term.,<SBS 100 150

Illumina MiSeq BridgePCR/cluster Rev.<Term.,<SBS 250 300

GnuBio GnuBio emPCR HybFAssist<Sequencing 1000* 64,000*

Life<Technologies SOLiD<5500 emPCR Seq.<by<Lig. 75 100

LaserGen LaserGen emPCR Rev.<Term.,<SBS 25* 100*

Pacific<Biosciences RS Polymerase<Binding RealFtime 1800 15,000

454 Titanium emPCR PyroSequencing 650 1100

454 Junior emPCR PyroSequencing 400 650

Helicos Heliscope adaptor<ligation Rev.<Term.,<SBS 35 57

Intelligent<BioSystems MAXFSeq Rolony<amplification TwoFStep<SBS<(label/unlabell) 2x100 300

Intelligent<BioSystems MINIF20 Rolony<amplification TwoFStep<SBS<(label/unlabell) 2x100 300

ZS<Genetics N/A Atomic<Lableing Electron<Microscope N/A N/A

Halcyon<Molecular N/A N/A Direct<Observation<of<DNA N/A N/A

Platform Instrument Template0Preparation Chemistry Avearge0Length Longest0Read
IBM<DNA<Transistor N/A none Microchip<Nanopore N/A N/A

NABsys N/A none Nanochannel N/A N/A

Bionanogenomics N/A anneal<7mers Nanochannel N/A N/A

Life<Technologies PGM emPCR SemiFconductor 150 300

Life<Technologies Proton emPCR SemiFconductor 120 240

Life<Technologies Proton<2 emPCR SemiFconductor 400* 800*

Genia N/A none Protein<nanopore<(aFhemalysin) N/A N/A

Oxford<Nanopore MinION none Protein<Nanopore 10,000 10,000*

Oxford<Nanopore GridION<2K none Protein<Nanopore 10,000 500,000*

Oxford<Nanopore GridION<8K none Protein<Nanopore 10,000 500,000*

*Values<are<estimates<from<companies<that<have<not<yet<released<actual<data

Optical<Sequencing

Electical<Sequencing

Table<1:<Types<of<HighFThroughput<Sequencing<Technologies

Mason, Porter, Smith, 2014





Costs	vary	widely,	some	unknown
Chemistry Company Release Instrument Notes Instrument

Run 
Time 

(h)

wells / pores / 
clusters / 
channels

active 
wells / 
pores / 
cluster

PassFilter 
Reads    -----------

------  Active 
Pores

Output / 
Sequenc
e Site or 

Pore

Mean 
Read 

Length
Mb / Run Gb / Run Raw Cost / 

Run ($)
Reagent 

Cost /Gb ($)

Cost / 30X 
Human 

Genome ($)

ExAmp Illumina Q1 2017 NovaSeq6000 6Tb run (dual FC S4) $950,000 48 20,000,000,000  100% ############ 1.00     300 6,000,000    6,000      ######### 10.17$        915$          

ExAmp Illumina Q1 2017 NovaSeq5000 2Tb run (dual FC S2) $850,000 60 6,800,000,000    95% 6,460,000,000  1.00     300 1,938,000    1,938      ######### 15.43$        1,389$       

ExAmp Illumina Q1 2014 X10 1Tb run $1,000,000 72 6,200,000,000    95% 5,890,000,000  1.00     302 1,778,780    1,779      ######### 7.17$          645$          

ExAmp Illumina Q1 2015 X5 1Tb run $1,000,000 72 6,200,000,000    95% 5,890,000,000  1.00     302 1,778,780    1,779      ######### 10.79$        971$          

ExAmp Illumina Q1 2015 HiSeq4000 Regular (v4, 1TB) $900,000 144 5,200,000,000    97% 5,044,000,000  1.00     300 1,513,200    1,513      ######### 19.76$        1,778$       

TruSBS Illumina Q1 2012 HiSeq2500 Regular $740,000 __ 4,000,000,000    95% 3,800,000,000  1.00     250 950,000       950         ######### 31.47$        2,833$       

TruSBS Illumina Q1 2012 HiSeq2500 RapidGenome $740,000 __ 600,000,000       95% 570,000,000     1.00     300 171,000       171         6,972.00$  40.77$        3,669$       

TruSBS Illumina Q1 2015 NextSeq 2x150bp run $225,000 30 520,000,000       95% 494,000,000     1.00     300 148,200       148         4,000.00$  26.99$        2,429$       

TruSBS Illumina Q1 2015 NextSeq 2x75bp run $225,000 30 520,000,000       95% 494,000,000     1.00     150 74,100         74           2,500.00$  33.74$        3,036$       

TruSBS Illumina Q1 2015 NextSeq 1x75bp run $225,000 30 520,000,000       95% 494,000,000     1.00     75 37,050         37           1,300.00$  35.09$        3,158$       

TruSBS Illumina Q1 2013 MiSeq v2 $125,000 24 25,000,000         95% 23,750,000       1.00     500 11,875         12           1,000.00$  84.21$        7,579$       

TruSBS Illumina Q1 2016 MiniSeq v1 $49,500 24 26,000,000         95% 24,700,000       1.00     300 7,410           7             1,000.00$  134.95$      12,146$     

Solid-state Illumina Q3 2017 Firefly v1 $19,900 4 5,000,000           95% 4,750,000         1.00     300 1,425           1             400.00$     280.70$      25,263$     

Nanopore Genia 2019? UNK v1 unk 48 8,000                 50% 4,000               500      5,000   10,000         7             1,000.00$  100.00$      9,000$       

cPAS-DNB BGI Q1 2018 MGISEQ-2000 2x100 48 200 600,000.00  600         5,000.00$  8.33$          

cPAS-DNB BGI Q1 2018 MGISEQ-200 2x100 $150,000 48 200 60           

cPAS-DNB BGI Q1 2018 MGIFLP 2x100?

Sanger LifeTech Q1 1995 3730xl capillary/Sanger $300,000 2 96                      100% 96                    1.00     750 0.07             ####### 90.00$       1,250.00$   112,500$   

IonTorrent LifeTech Q1 2010 PGM 318chip $75,000 2 11,000,000         50% 5,500,000         1.00     400 2,200           2             1,100.00$  500.00$      45,000$     

IonTorrent LifeTech Q3 2012 Proton Proton 1 $225,000 2 100,000,000       65% 65,000,000       1.00     120 7,800           8             1,525.00$  195.51$      17,596$     

IonTorrent LifeTech Q3 2015 S5 / S5XL 520 chip $50,000 2 5,000,000           95% 4,750,000         1.00     400 1,900           2             300.00$     157.89$      14,211$     

IonTorrent LifeTech Q3 2015 S5 / S5XL 530 chip $50,000 2 20,000,000         95% 19,000,000       1.00     400 7,600           8             300.00$     39.47$        3,553$       

IonTorrent LifeTech Q3 2015 S5 / S5XL 540 chip $50,000 2 80,000,000         95% 76,000,000       1.00     200 15,200         15           300.00$     19.74$        1,776$       

IonTorrent LifeTech Q1 2015 Proton Proton 2 $225,000 6 300,000,000       80% 240,000,000     1.00     120 28,800         29           1,000.00$  34.72$        3,125$       

CsgG Oxford Nanopore Q2 2015 MinION Min500 $500 6 512                    75% 384                  778      15000 4,479           4.48        500.00$     111.63$      10,047$     

CsgG Oxford Nanopore Q2 2017 GridIONx5 5 pores $125,000 2,560                 75% 1,920               3,888   15,000 111,974       111.97    2,500         22.33$        2,009$       

CsgG Oxford Nanopore Q2 2017 PrOmethION 100,000 pores $75,000 6 98,304                75% 73,728              6,221   15000 6,879,707    6,879.71 ######### 4.33$          389$          

DNA Pol PacBio Q1 2014 RSII C2XL (120 min) $700,000 6 150,000              45% 67,500              1.00     11000 743              0.74        150.00$     202.02$      18,182$     

DNA Pol PacBio Q1 2016 Sequel C2XL (360 min) $350,000 8 1,000,000           60% 600,000            1.00     11000 6,600           6.60        700.00$     106.06$      9,545$       

DNA Pol PacBio Q4 2018 Sequel v3 (P6-c4) $350,000 8 8,000,000           35% 2,800,000         1.00     11000 30,800         30.80      350.00$     11.36$        1,023$       

SBS QIAGEN Q1 2015 GeneReader 150 bp run $225,000 33 16,000,000         95% 15,200,000       1.00     150 2,280           2.28        500.00$     219.30$      19,737$     

Pyroseq Roche Q1 2007 454 FLX $100,000 8 1,600,000           65% 1,040,000         1.00     500 520              0.52        1,200.00$  2,307.69$   207,692$   

2018 Sequencing Costs Per Platform



The	$1000	genome	is	here!

• More	often	~$1100	per	genome.		Coming	down.
• Exome	sequencing	costs	also	are	dropping
• Certain	platforms	are	better	suited	for	certain	tasks:

– Counting	applications	(ChIP-Seq,	RNA-Seq)	need	more	
reads

– De	novo	assembly	work	needs	longer	reads
– Whole	genome	re-sequencing	requires	lower	errors	rate	
and	high	processivity



https://www.genomicsengland.co.uk/





1	million	U.S.	Veterans	too!



A	lot	of	genomic	and	medical	data	coming
Announcements	of	Large	Genome	Consortia:

– AllOfUs	– 1M	U.S.	Patients	with	medical	data
– Netherlands	GoNL– 250trios	– preclinical	(http://www.nlgenome.nl/)
– Faroer	islands	100k	–pre-clinical
– Qatar	300k	– pre-clinical
– Iceland	2.5k	– pre-clinical
– UK	100k	– clinical
– Genomics	Medicine	Ireland		(GMI)	with	AbbVie
– Finland,	number	unknown	– clinical	

(https://www.fimm.fi/en/research/grand-challenge-programs/finnish-
genome-sequencing-and-preventive-health-care)

– Poland	100K
– Swiss	Genome	100K
– Geisinger	Health	100K	(with	Regeneron)
– Astrozenica	(2M	with	HLI)
– 1	million	U.S.	Veterans	Project
– Newfoundland	100K



Large	impact	for	normal	genomes	
and	diseases,	especially	cancer

ICGC Goal: To obtain a comprehensive description of genomic, epigenomic, and transcriptomic (GET) changes in 
50 different tumor types and/or subtypes which are of clinical and societal importance across the globe.





We	can	also	observe	the	dynamics	
and	evolution	of	cancers

Ding L, et.al,  Clonal evolution in relapsed acute myeloid leukemia revealed by whole-genome sequencing. Nature. 2012 Jan 
11;481(7382):506-10.



And	look	beyond	just	humans

https://genome10k.soe.ucsc.edu/

https://www.hgsc.bcm.edu/i5k-pilot-project-summary



Plants	as	well!

http://ldl.genomics.cn/page/pa-research.jsp



Consideration	of	WGS	for	each	platform



Reversible	Terminator	Bases	are	Essential	
Technology	Used	in	Many	Chemistries
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Illumina	SBS	Technology
Reversible	Terminator	Chemistry	Foundation

©	Illumina,	Inc.http://www.illumina.com/technology/sequencing_technology.ilmn



Sequencing	by	Synthesis	(SBS)

Michael	Metzker,	2010



Now	three	kinds	of	chemistry



Cluster	
amplification

FLOWCELL

Linearize	DNA

Read 1

FLOWCELL

Sequence	1st	strand	

Read	2

FLOWCELL

Sequence	2nd	strand	

FLOWCELL

Linearize	DNA

FLOWCELL

Strand	re-synthesis	

1st	
cut

2nd	
cut

Paired-End	Sequencing	allows	for	
two	looks	at	a	sequence

©	Illumina,	Inc.



Indexed	sequencing	method	is	now	
standard	for	single	and	paired	reads

©	Illumina,	Inc.



Pacific	Biosciences	
Single	Molecule	Real-Time	(SMRT)	Sequencing

Metzker,	2010



Single	Molecule	Kinetics	Allow	for	the	
Direct	Detection	of	Methylation
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Approach: Kinetic detection of methylated bases during SMRT DNA sequencing

Example: N6-methyladenosine (mA)

Flusberg et al., 2010.



Kinetics	can	detect	other	base	modifications
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Kinetics	allow	one	to	watch	protein	
translation	as	it	occurs

Uemura et al, Nature, 2010Uemura et al., 2010



“Post-Light,”
Semi-Conductor	Sequencing:

Life	Technologies	Personal	Genome	Machine	(PGM)	and	the	Proton	I	and	Proton	II

Essentially, 
11 million 
very small
pH meters Purushothaman et al, 2005

IonTorrent, Inc.



Latest	Ion	Platforms
Thermo	Fisher’s	Ion	S5	&	S5	XL



MinION
PromethION

Exonuclease-Seq Strand-Seq

DNA Sequencing with 
a  protein nanopore



Other (Maybe Killer) Apps

Analyte Protein Aptamer

Direct RNA Sequencing Small molecule



They	are	small



Meyer et al., Cell, 2012 |    Saletore et al., Genome Biology, 2012    |    McIntyre et al., 2015



Base	space	is	now	“squiggle	space”



Zero-G	Pipetting:
Hardest	Lab	Job	Ever

Dr. Andrew Feinberg





McIntyre ABR et al., Nature Microgravity, 2016.





SpaceX	CRS-7	blows	up







SpaceX CRS-9: perfect launch 
and booster return
July 18, 2016











Flight data shows very good accuracy (89-92%) for 2D reads

Plus, good read accuracy (76-79%) for 1D reads
for the template/complement measures.

Flight Data Read Accuracy
(%

 o
f r

ea
ds

)

1-2% better than ground data



Almost	perfect	when	compared	to	PacBio



The	first	genome	sequence,	assembly,	
and	AMR	detection	off	Earth

https://www.nature.com/articles/s41598-017-18364-0



As	good,	or	better	(8/9)	data	in	space



Bacteria	are	splattered	
with	epigenetic	marks



Calling	current	(pA)	differences,	
similar	to	PacBio



Certain	positions	of	the	pore	and	more	
informative	then	others





Is	a	2.6	minute	genome	possible?
No	today,	but	if	the	physics	holds	up…

Parameter

DNA 
fragment 
(avearge 

bp)

Pore Speed 
(bp/s)

# 
nanopores

% of Pores 
Functional

transit 
time 

(seconds)

transit 
time 

(minutes)

run time 
(hours)

max # 
molecules 
/ pore / 

run

% of time 
pores 

have DNA

actual # 
molecules/ 
pore/run

# of bases sequenced 
per device

Run Cost 
($)

$ / Mb $ / Gb
Hours for 

30X WGS of 
3.1Gb

Model
10,000       100 512 0.5 100 1.67 6 216 80% 172.8 442,368,000               1,000$     2.26$      2,260.56$  1261.4 T1
10,000       100 512 0.5 100 1.67 24 864 80% 691.2 1,769,472,000            1,000$     0.57$      565.14$     1261.4 T2
10,000       100 512 0.5 100 1.67 48 1728 80% 1382.4 3,538,944,000            1,000$     0.28$      282.57$     1261.4 T3

10,000       100 512 0.5 100 1.67 6 216 80% 172.8 442,368,000               1,000$     2.26$      2,260.56$  1261.4 S1
100,000     100 512 0.5 1000 16.67 6 21.6 80% 17.28 442,368,000               1,000$     2.26$      2,260.56$  1261.4 S2

1,000,000  100 512 0.5 10000 166.67 6 2.16 80% 1.728 442,368,000               1,000$     2.26$      2,260.56$  1261.4 S3

10,000       100 512 0.5 100 1.67 6 216 80% 172.8 442,368,000               1,000$     2.26$      2,260.56$  1261.4 S&T1
100,000     100 512 0.5 1000 16.67 24 86.4 80% 69.12 1,769,472,000            1,000$     0.57$      565.14$     1261.4 S&T2

1,000,000  100 512 0.5 10000 166.67 48 17.28 80% 13.824 3,538,944,000            1,000$     0.28$      282.57$     1261.4 S&T3

10,000       100 50000 0.5 100 1.67 6 216 80% 172.8 43,200,000,000           1,000$     0.023$    23.15$       12.9 P&T1
10,000       100 100000 0.5 100 1.67 6 216 80% 172.8 86,400,000,000           1,000$     0.012$    11.57$       6.5 P&T2
10,000       100 150000 0.5 100 1.67 6 216 80% 172.8 129,600,000,000         1,000$     0.008$    7.72$         4.3 P&T3

10,000       100 50000 0.5 100 1.67 6 216 80% 172.8 43,200,000,000           10,000$   0.23$      231.48$     12.9 P&T1
10,000       100 100000 0.5 100 1.67 24 864 80% 691.2 345,600,000,000         20,000$   0.06$      57.87$       6.5 P&T2
10,000       100 150000 0.5 100 1.67 48 1728 80% 1382.4 1,036,800,000,000      30,000$   0.03$      28.94$       4.3 P&T3

10,000       100 50000 0.5 100 1.67 6 216 80% 172.8 43,200,000,000           10,000$   0.23$      231.48$     12.9 PS&T1
10,000       1000 100000 0.5 10 0.17 24 8640 80% 6912 3,456,000,000,000      20,000$   0.01$      5.79$         0.6 PS&T2
10,000       10000 150000 0.5 1 0.02 48 172800 80% 138240 103,680,000,000,000   30,000$   0.00$      0.29$         0.04 PS&T3
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Bionanogenomics	- Irys	System



QIAGEN	GeneReader







Confidential	– Do	Not	Distribute

Chromium:	1M	Partitions	from	4M	Barcode	Pool

Conventional 
Approaches

Partitions

Barcode pool

Input DNA

384

384

100ng+

>100,000

750,000

1ng

GemCode

>1,000,000

4,000,000

1ng

Chromium





Summary:	Subject	2

company confidential

• 45.3X	Sequencing	depth
– 2	lanes,	2x150	HiSeq	4k

• 23	k	mean	molecule	length



Summary:	Subject	2
• 1.5	M	GEMs	detected
• 18	N50	LPM

• 456	k	N50	phase	block



Comparison	to	NA12878	HMW	control

• EA Qiagen MagAttract protocol and chemistry
• ~95 kb mean DNA molecule length

Subject 1 NA12878



Comparison	to	NA12878	HMW	control

company confidential

• 24X increase in N50 phase block length

Subject 1 NA12878



Emerging	Technologies



Hybridization -Assisted Nanopore Sequencing (HANS):

-1 million bases per second
-Variable probe length can be used for HANS
-Long Reads (100kb)
-Single molecule



Single-atom labeling and then visualization with EM

-Long Reads (20kb)
-Single molecule



The	new	Illumina	Firefly	(iSeq100)	can	
sequence	in	<6h.



Nanostring’s Hyb & Seq 

Simple Workflow Single Tube Assay Clinically-relevant Timeframe

No library preparation or 
amplification required 

<30 minutes of hands on 
time Flexible input type 

(tissue, swabs, cells, etc.)

Enabling simultaneous and 
direct DNA and DNA 

sequencing  

Sample-to-results in 4 hrs

DNA

RNA



Hyb	&	Seq



Long	and	Short	reads	possible	
(up	to	33kb)



Clinical Sample Processing

Clinical sample

Total time: 
15 min

Hands-on time: 
5 min

START

Lyse sample
(bead beat in lysis 

solution)

STEP 1

Cell debris removal,
Nucleic acid 

concentration

STEP 2

Total time: 
45 min

Hands-on time: 
30 min

Multi-plex capture 
of DNA+RNA

STEP 3

Total time: 
30 min

Hands-on time: 
15 min

Captu
re 

probe 
pool

.
1

Purified 
DNA/RN

A

Purify and bind 
DNA and RNA target 

on flow cell

FINISH

Load on to 
sequencer

Completed in 90 min
No amplification, No library 

preparation



Assay Validation: Limit of Detection

Hyb & Seq simultaneously detected 10 pathogens at ≤ 1000 cells/ml 
from a same sample using a single tube assay
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Assay Validation: No cross reactions with human DNA

• Amplification-free sequencing of pathogens 
even in the presence of human cell background 
(5 million cells, cell line GM19240/NA12878)

• High concordance of sequencing results with or 
without excess of human cells background

• Same workflow regardless of sample 
background (swab, cells, tissue, etc)

• Eliminates reads waste due to carrier human 
DNA/RNA

R2 = 0.91
Reproducible results

across replicates
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Sample	Name Site Final	microbiology	report
WCM300 Head	Epidural	Fluid Sparse	P.	aeruginosa,	Sparse	Enterococcus	faecalis
WCM301 Spleen Sparse	E.	coli,	Sparse	Proteus	mirabilis,	Sparse	

Lactobacillus	sp.	(no	final	speciation)*
WCM302 R	tibia Sparse	MRSA
WCM303 R	leg	wound MSSA
WCM304	 R	3rdmetatarsal Sparse	Proteus	mirabilis,	Few	Staphylococcus	

agalactiae,	Sparse	MSSA
WCM305 L	thigh	wound MSSA
WCM306 Lung Many	Pseudomonas	aeruginosa

Clinical	samples	from	WCM	

With Lars Westblade
Precision Clinical Metagenomics
IRB#: 1606017347



Hyb & Seq Sequencing Results

• Six different clinical samples were analyzed

• Five positive calls across three kingdom of organisms

• High concordance with pathology lab analysis (98%; 65/66) and 100% concordance with PCR
analysis 

• Simultaneously detected intra- and inter-species DNA and RNA

• *One discordant same was only found in the broth and flagged as ambiguous



Each	Platform	has	various	sources	of	
noise,	and	thus	Error

• De-Phasing
– Lagging	strand	dephasing	from	incomplete	extension
– Leading	strand	dephasing	from	over-extension

• Dark	Nucleotides
• Polymerase	errors	(10-5 to	10-7)
• Single	molecule	challenges

– High	noise
– Polymerase	“wiggling”	from	tail

• Platform-specific	errors
– Illumina	more	likely	to	have	error	after	‘G’
– PCR-based	methods	miss	GC- and	AT-rich	regions



Each	platform	is	slightly	different,	and	
so	intrinic	errors	are	different

SeQC Consortium



Many	platforms	are	cycle-dependent	
on	error	rate	- ILMN

©	Illumina,	Inc.



Many	platforms	are	cycle-dependent	
on	error	rate	- ION



What	do	you	do	with	the	reads?



Alignment	to	the	genome





The reads: FASTQ
The	most	common	format	is	FASTQ,	based	off
the	FASTA	data	format:

>SequenceID
CGTAGTCTATATATGCGCGAATGCGTA

But….
FASTQ	also	includes	quality	information:

@Sample_Info
CCTTGCTGCC
+
3.6;#$!>><



Understanding FASTQ
For	Illumina,	sequences	have	an	ID:
@HWUSI-EAS100R:6:73:941:1973#0/1	

HWUSI-EAS100R the	unique	instrument	name

6 flowcell	lane

73 tile	number	within	the	flowcell	lane

941 'x'-coordinate	of	the	cluster	within	the	tile

1973 'y'-coordinate	of	the	cluster	within	the	tile

#0 index	number	for	a	multiplexed	sample	(0	for	no	indexing)

/1 the	member	of	a	pair,	/1	or	/2	(paired-end	or	mate-pair	
reads	only)



Understanding Quality Scores
Q-values	are	the	probability	(p)	of	a	base	being	
incorrect.		From	Sanger	sequencing:

Qvalue=-10log10p

So,	if	your	p=0.1,	then	Qvalue = (-10log10(0.1))
= (-10(-1))	=	10

If	your	p=0.01,	then					Qvalue = (-10log10(0.01))
= (-10(-2))	=	20

If	p=0.001,	then Qvalue = (-10log10(0.001))
= (-10(-3))	=	30



Understanding Quality Scores
Q-values	are	the	probability	(p)	of	a	base	being	
incorrect,	but	it	is	most	efficient	to	represent	this	
with	a	single	bit	in	ASCII	(American	Standard	Code	
for	Information	Interchange)	format.

The	first	32	symbols	in	ASCII	are	control	characters,	
so	we	start	at	33.



Phred-Based Base Quality

If	your	ASCII	character	is	‘B’,	then	66-64=2,	so		
P=10-Q/10

-0.2	=	log10p
10-0.2		=p,	so	p=0.63,	or	63%	change	of	an	incorrect	base.

If	your	ASCII	character	is	‘h’,	then	104-64=40,	so		
40	 =	(-10log10p)
-4.0 =	log10p
10-4 =p,	so	p=0.0001,	or	0.01%	change	of	an	incorrect	base.



Phred-Based Base Quality 
Today

Cock et al (2009) The Sanger FASTQ file format for sequences with quality 
scores, and the Solexa/Illumina FASTQ variants. Nucleic Acids Research,



Many Options for Alignment - 2009



Many Options for Alignment - 2018

Li et al, 2010



Many common methods are BW-based

Trapnell and Salzberg, 2010



Burrows-Wheeler Transformation (BWT)

Burrows M, Wheeler DJ. “A Block Sorting Lossless Data Compression Algorithm.” Technical Report 124. Palo 
Alto, CA: Digital Equipment Corporation; 1994. 

http://bio-bwa.sourceforge.net/

Li H. and Durbin R. “Fast and accurate short read alignment with Burrows-Wheeler transform.” (2009) 
Bioinformatics, 25, 1754-60.

•First discovered in 1983 by Wheeler at AT&T Bell Labs
• Used for compression in 1994. 
• First implemented for aligners with “Bowtie”

Ben Langmead, Cole Trapnell, Mihai Pop,
and Steven Salzberg

•Allows for fast searching with a small memory footprint



Plan ahead for all genomes to be 
sequenced and available

However, your internet browser home page will likely change:



Single	cells



Used	to	be	very	hard	to	look	at	
individual	cells



But	now	it’s	very	easy	– Fluidigm	C1



Drop-Seq

http://www.cell.com/abstract/S0092-8674%2815%2900549-8
http://mccarrolllab.com/dropseq/



WaferGen	iCell8



BioRad	QX200	&	ILMN	system



Chromium	NGS



10X	Genomics	Single-Cell	



The	explosion	of	scRNA-seq	
experiments

Svennson et al., arXiv 2017



Many	options	today	for	single-cell	
sequencing

Source Instrument Number 
of Cells input cells est. cost 

per run
est. cost 
per cell UMIs Cell 

Phenotype DNA RNA ATAC 3' full 
cDNA Size Range (µ m)

10X Genomics Chromium 5,000     100,000     1,290$     0.26$       yes no yes yes yes yes no 1_60
Becton DickinsonFACSseq / BDPrecise 96          unk 10,000$   104.17$   yes no unk unk unk unk unk 5-100
Becton Dickinson Resolve 10,000   50,000       10,000$   1.00$       yes yes unk unk unk unk unk 5-100

BioRad-ILMN ddSeq 1,200     10,000       1,200$     1.00$       unk no no yes unk unk unk unk
Drop-Seq DropSeq 10,000   100,000     1,000$     0.10$       yes no no yes yes yes no 1-100
Fluidigm C1 96          5,000         1,900$     19.79$     yes no yes yes yes no yes 5-10, 11-17, 17-24
Fluidigm scRRBS 96          5,000         1,900$     45.00$     yes no yes yes yes no yes 5-10, 11-17, 17-24
Fluidigm C1- high throughput 800        5,000         4,000$     5.00$       yes no yes yes yes yes no 5-10, 11-17, 17-24
Fluidigm Polaris 800        5,000         10,000$   12.50$     no yes no yes no yes yes 5-10, 11-17, 17-24
In-Drop custom 10,000   100,000     5,000$     0.50$       yes no no yes no yes no 5-100

Raindance RainDrop unk unk unk unk yes no unk unk unk unk unk unk
QIAGEN CellRaft 44,000   unk unk unk unk no unk unk unk unk unk unk
WaferGen iCell8 1,800     40,000       2,750$     1.53$       yes limited soon yes unk unk maybe 5-100



Single	cell	capture	and	RNA	
chemistry	using	nanodroplets

• Drop-seq

http://mccarrolllab.com/dropseq/
Macosko et al., Cell 2015

Beads

Cells + Enzymes Oil



Single	cell	capture	and	RNA	
chemistry	using	nanodroplets

• Drop-seq

http://mccarrolllab.com/dropseq/
Macosko et al., Cell 2015

Beads

Cells + Enzymes Oil

Barcoded beads



Unique	Molecular	Identifiers	
(UMIs)

Islam et al., Nature Methods 2014

Barcoded beads





1.3	million	neurons	catalogued



1.3	million	mouse	embryonic	brain	
cells,	10X	Chromium

10x Genomics | LIT000015 Chromium™ Million Brain Cells Application Note



www.humancellatlas.org



Beyond	single	cell	RNA-seq
Single	nuclei	sequencing scNuc-seq

Epigenomics scBS-seq,	scRRBS-seq,	
scCHIP-seq,	scATAC-seq, scDNase-seq

Genomics Whole	genome,	exome

Multiple simultaneous	measurements

RNA +	DNA DR-seq,	G&T-seq

RNA +	methylation scM&T-seq,	scMT-seq

RNA	+	DNA	+	methylation scTrio-seq

RNA	+	protein index	sorting,	CITE-seq

RNA	+	genome	editing Perturb-seq,	CRISP-seq,	CROP-seq













Other	methods	also	emerging

http://biorxiv.org/content/biorxiv/early/2016/03/27/045989.full.pdf



Analysis:
Structure	of	a	generic	pipeline

Camara, Current Opinions in Systems Biology, 2018



Counting	Molecules

Smith et al., Genome Research 2017

• Counting	reads
• featureCounts,	etc.

• Counting	UMIs
• Unique	

o does	not	account	for	PCR	and	
sequencing	errors

• Directional	adjacency	graph	(UMI-
tools)

• Bayesian	(dropEst)
• Proprietary	(SevenBridges	for	BD	

Precise)



1. Infer	which	barcodes	come	from	valid	cells	–
UMI-tools

2. Extract	cell	barcodes	and	UMIs	from	R1	and	
add	to	R2	– UMI-tools

3. Align	to	reference	genome	(GRCh38)	– STAR
4. Assign	reads	to	genes	(Ensembl)	–

featureCounts
5. Count	unique	UMIs	per	gene	– UMI-tools
6. QC	– fastqc,	picard,	multiqc,	custom	scripts

Commonly	used	open-source	tools



Structure	of	a	generic	pipeline

Camara, Current Opinions in Systems Biology, 2018



Normalization	challenges

Kolodziejczyk et al., Briefings in Functional Genomics 
2017



Normalization	+	Differential	
Expression	Analysis

Soneson and Robinson, Nature Methods 2018



Structure	of	a	generic	pipeline

Camara, Current Opinions in Systems Biology, 2018



Gene	Expression	Imputation

Satija et al., Nature Biotechnology 2015



Gene	Expression	Imputation

Zhang and Zhang, Biorxiv 2017



Structure	of	a	generic	pipeline

Camara, Current Opinions in Systems Biology, 2018



Clustering	Cells
SC3:  consensus clustering of single-cell RNA-seq 
data

Kiselev et al., Nature Methods 2017



Differential	Expression	Analysis
SC3:  consensus clustering of single-cell RNA-seq data

Kiselev et al., Nature Methods 2017



Clustering	Cells

Jiang et al., Genome Biology 2016

GiniClust: detecting rare cell types from 
single-cell gene expression data with Gini 
index



Structure	of	a	generic	pipeline

Camara, Current Opinions in Systems Biology, 2018



• “Pseuodotime”	introduced	
in	Trapnell	et	al.,	Nature	
Biotechnology	2014	
(Monocle)

• Steps:
1. (Optional)	Choose	genes	that	

define	a	biological	process
2. Reduce	dimensionality
3. Order	cells

Single	Cell	Trajectory	Inference

http://cole-trapnell-lab.github.io/monocle-release/



Single	Cell	Trajectory	Inference

Cannoodt et al., 2016



• “Pseuodotime”	
introduced	in	
Trapnell et	al.,	
Nature	
Biotechnology	
2014	(Monocle)

• Steps:
1. (Optional)	Choose	

genes	that	define	
a	biological	
process

2. Reduce	
dimensionality

Single	Cell	Trajectory	Inference

Qiu et al., Nature Methods 2017

Differential Expression Analysis using Monocle



Simulating	scRNA-seq	data

Zappia et al., Genome Biology 2017

PowSimR

Splatter

Vieth et al., Bioinformatics 2017



Database	of	scRNA-seq	data	sets

https://bioinfo.uth.edu/scrnaseqdb/index.php?r=site/index



Questions?

Thanks also to Dr. Priyanka Vijay!


