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Options for Genotyping SNPs

THROUGHPUTLOW HIGH

Taqman

Sequenom

OpenArray
Illumina
VeraCode

Affymetrix
Axiom

Affymetrix
Gene Chip 
Array Illumina

Infinium

1 10-30
SNP
Plex: 16-256 48-384 ~750K >906K 

(6.0)
300K-1.5M

# Samples   Per “Run”

384 384 144-12 96 96 1-5* 96-16*



Assay Type Technology Basis Throughput/person Multiplexing 
(# SNPs)

Application

TaqMan / 
OpenArray

5’ exonuclease/PCR TaqMan probes 384-1536 samples/day 64-256 Medium custom SNP 
density; medium-large 

sample size

SNPlex OLA/PCR Capillary 
electrophoresis

1536 samples/ 3 days 24-48plex Medium custom SNP 
density; large sample size

iPlex Primer extension MALDI-TOF Mass 
spec

3840 samples/ 2.5 days 12-40 plex Medium custom SNP 
density; large sample size

Goldengate Primer extension/
ligation

Bead Array 172 samples/ 3 days 384-1536 High custom or off-shelf 
SNP density; medium-large 

sample size

GeneChip Hybridization Oligonucleotide
array

96 samples/ 5 days 10,000 – 1.8M WGA studies;  off-shelf 
assays; small-large sample 

size

Infinium II Hybridization/Primer
extension and ligation

Bead Array 32-128 samples/5 days 6,000-1.2M WGA studies; very high 
density custom SNP studies; 

small-large sample size

Genotyping Platforms

Ragoussis, J. Genotyping Technologies for Genetic Research. Annu. Rev. Genom. Hum. Genet 2009. 10:117-133.



Genotyping Platforms

Assay Type Technology Basis Throughput/person Multiplexing 
(# SNPs)

Application

TaqMan / 
OpenArray

5’ exonuclease/PCR TaqMan probes 384-1536 samples/day 64-256 Medium custom SNP 
density; medium-large 

sample size

SNPlex OLA/PCR Capillary 
electrophoresis

1536 samples/ 3 days 24-48plex Medium custom SNP 
density; large sample size

iPlex Primer extension MALDI-TOF Mass 
spec

3840 samples/ 2.5 days 12-40 plex Medium custom SNP 
density; large sample size

Goldengate Primer extension/
ligation

Bead Array 172 samples/ 3 days 384-1536 High custom or off-shelf 
SNP density; medium-large 

sample size

GeneChip Hybridization Oligonucleotide
array

96 samples/ 5 days 10,000 – 1.8M WGA studies;  off-shelf 
assays; small-large sample 

size

Infinium II Hybridization/Primer
extension and ligation

Bead Array 32-128 samples/5 days 6,000-1.2M WGA studies; very high 
density custom SNP studies; 

small-large sample size

Ragoussis, J. Genotyping Technologies for Genetic Research. Annu. Rev. Genom. Hum. Genet 2009. 10:117-133.



TaqMan/OpenArray

• 5’ nuclease assay

• Single tube/well

• Real-time PCR required (ABI 7900HT)

• Detects fluorescence

• Advantages
• 1 reaction
• several million validated assays available off-the-shelf

• OpenArray
• Multiplexed TaqMan
• 64-256 SNPs at one time on 12-48 samples



TaqMan/OpenArray

Homozygous YY

Homozygous XX

Heterozygous XY

??????Undetermined



TaqMan/OpenArray



iPlex - Sequenom



Illumina Goldengate



Hardware for Genotyping



Nature Reviews Genetics 7, 632-644 (August 2006)





Deletion

Duplication



Sequencing by Synthesis: Reverse 
Terminator Chain Sequencing

G

T

C

A

G

T

C

A

G

T

C

A

G

T

5’

C

A

G

T

C

A

T

C

A

C

C

T

A

G

C

G

T

A

First base incorporated

Cycle 1: Add sequencing reagents

Remove unincorporated bases

Detect signal

Cycle 2-n:  Add sequencing reagents and repeat

• All four labeled nucleotides in 
one reaction 

• Base-by-base sequencing

• Polymerase can only extend by 
one base

Every base has a 
different fluorophore
(diff color for laser)

Slide courtesy of Holli Dilks



Genotyping vs. Sequencing

● Genotyping is primer-based
o What comes after “...ATGATCTTATTAA”?
o Pro: High quality answers
o Con: Need to know the primer a priori

● Sequencing is DNA replication based
o I have “GCCCTGGACA” and “GGGATGGACA” and 

“GCTATAGTCT” … what does that mean?
o Pro: Can detect novel variation
o Con: Highly susceptible to error, many steps

● Sequencing is more powerful, but many things can 
go wrong, from DNA -> VCF





Quality assessment

• Evaluate the quality of raw reads and to remove, trim 
or correct reads that do not meet the defined 
standards

• Need to filter out:
• Base calling errors, INDELs, poor quality reads and adaptor 

contamination

• Generally, these steps include:
• visualization of base quality scores and nucleotide 

distributions
• trimming of reads and read filtering based on base quality 

score and sequence properties such as primer 
contaminations

• N content and GC bias.

Pabinger et a. 2013 Briefings in Bioinformatics



Name OS Input Output Supported 
platforms

Report Tag (1) 
removal

Filtering Trimming

ContEST [1] Lin, Mac, Win BAM, VCF, FASTA (ref) TXT Illumina, 
ABI SOLiD, 454

no no no no

FastQC [2] Lin, Mac, Win (CS) FASTQ, SAM, 
BAM

HTML Illumina, 
ABI SOLiD

yes no no no

FASTX-Toolkit [3] Lin, Mac,
web interface

FASTA, FASTQ FASTA, FASTQ Illumina yes yes yes yes

Galaxy [4] Lin, Mac,
web 

interface, 
Cloud 

instance

FASTQ FASTQ Illumina yes yes yes yes

htSeqTools [5] Lin, Mac, Win FASTQ Graphs Illumina yes no no no

NGSQC [6] Lin FASTA (ref), FASTQ, 
CSFASTA, QUAL 

FASTA

HTML Illumina,
ABI SOLiD

yes no no no

PIQA [7] Lin, Mac, Win FASTQ, bustard, 
output, SCARF

HTML, TXT Illumina yes no no no

PRINSEQ [8] Lin, Mac, 
Win,

web interface

FASTA, FASTQ, QUAL 
FASTA

FASTA, FASTQ, 
QUAL FASTA, 

HTML

Illumina, 454 yes no yes yes

SolexaQA [9] Lin, Mac FASTQ FASTQ, PNG Illumina, 454 yes no no yes

TagCleaner [10] Lin, Mac,
web interface

FASTA, FASTQ FASTA 454 no yes no no

TileQC [11] Lin, Mac Eland output Graphs Illumina yes no no no

Quality assessment tools





Step 1: Output + Alignment

● Alignment is the process of assigning a position in 
the genome to each read

● Output from sequencers is FASTQ format
o Each read lists all bases
o Each base has an associated quality
o No associated reference

● Need to align each read to the chosen reference 
genome
o Reference must be consistent throughout the project
o We typically use bwa (Burrows-Wheeler Aligner)
o Other options are Novoalign



Step 1: Alignment Considerations

• Alignment is VERY computationally intensive
• Claim 3 hrs, 6 GB for a full human genome
• We have seen 2 hrs, 12 GB on 4 threads for a targeted 

exome (PGX project)
• Input for alignment is FASTQ
• Output of alignment is a SAM (or BAM) file
• Using a reference with decoy sequences can give 

better results
• Decoy sequences attract common forms of contamination 

(e.g. herpes simplex)



Alignment

• After quality assessment is completed

• Aligned to a reference genome



Name OS Input Output Supported 
platforms

Indexing method Gapped 
alignment

BarraCUDA [12] Lin FASTQ SAM Illumina FM index (BWT) yes

BFAST [13] Lin FASTQ SAM Illumina, ABI 
SOLiD, 454

Multiple (hash, 
tree, …)

yes

Bowtie [14] Lin, Mac, 
Win

FASTQ, FASTA SAM Illumina, ABI 
SOLiD

FM index (BWT) no

Bowtie2 [15] Lin, Mac, 
Win

FASTQ, FASTA, 
QSEQ

SAM Illumina, 454 FM index (BWT) yes

BWA [16] Lin (CS)FASTQ, FASTA SAM Illumina, ABI 
SOLiD(1)

FM index (BWT) yes

BWA-SW [17] Lin FASTQ, FASTA SAM 454 FM index (BWT) yes

ELAND [18] Lin FASTQ, FASTA SAM Illumina - no

MAQ [19] Lin FASTQ, FASTA Maq Illumina Hash based yes

Mosaik [20] Lin, Mac, 
Win

FASTQ, FASTA SAM, BED,
several others

Illumina, ABI 
SOLiD, 454

- yes

mrFAST [21] Lin FASTQ, FASTA SAM, DIVET Illumina Hash based yes

mrsFAST [22] Lin FASTQ, FASTA SAM, DIVET Illumina Hash based no

Novoalign [23] Lin, Mac FASTQ, (CS)FASTA SAM, TXT Illumina, ABI 
SOLiD

- yes

SOAP2 [24] Lin FASTQ, FASTA SOAP (2) Illumina FM index (BWT) yes

SOAP3 [25] Lin FASTQ, FASTA SAM Illumina FM index (BWT) no

SSAHA2 [26] Lin, Mac FASTA SAM, GFF Illumina, ABI 
SOLiD, 454

Tree index yes

Stampy [27] Lin, Mac (3) FASTQ, FASTA SAM Illumina, 454 FM index (BWT) -

YOABS [28] Lin - - Illumina FM & Tree index yes

Alignment



Step 2: Variant Calling

● Variant Calling is the process of determining a 
person’s genotype at a position.

● Input is BAM / SAM format, output VCF
● Many options available

o We will focus on GATK’s HaplotypeCaller, vers 3.x
o Multi-sample calling is preferable

● Overall process:
o For each sample, generate a GVCF using the option “-ERC 

GVCF -variant_index_type LINEAR -
variant_index_parameter 128000”

o Also, use vectorized calculations “-pairHMM 
VECTOR_LOGLESS_CACHING”



Step 2: Variant Merging

● Generating the GVCFs is an embarrassingly parallel 
problem, merging creates VCFs
o Generating GVCF takes ~ 30 minutes for PGX targeted 

exome
o Ensure genotype-level annotations in GVCF

● Use GATK’s GenotypeGVCFs tool
o Time increases with # of samples (approx 1 minute / 

sample for PGX)
o Significant memory requirements (14 GB for 3,000 PGX 

samples)
o Add Variant-level annotations here



Variant Calling



Variant Calling



Step 3: Filtration / Recalibration

● Raw VCFs typically include many errors, so filtration 
is essential

● For whole genome/exome, use GATK’s 
VariantRecalibrator for automatic filtering

● For targeted exome, must use hard filters.  Good 
generic candidates are:
o “QD” (Qual by Depth) for variant-level filters
o “QUAL” for variant-level filters
o “GQ” (Genomic Quality) for genotype-level filters

● IMPORTANT: If using hard filters, make sure to filter 
individual calls!



Summary + Resources

● General pipeline is FASTQ -> BAM -> VCF -> Filtered 
VCF

● PGX Pipeline located on RCC at 
~/group/projects/eMERGE-PGX/scripts

● Other Tools / Resources
o GATK Best Practices
o GATK Forums
o Picard tools (SAM/BAM processing)
o BWA help
o SeqAnswers Forum

http://www.broadinstitute.org/gatk/guide/best-practices
http://gatkforums.broadinstitute.org/
http://picard.sourceforge.net/
http://bio-bwa.sourceforge.net/
http://seqanswers.com/






• Impact from large amounts of data
• data management
• QC analysis



Data Management

•Generating 300,000-1,000,000 SNPs on 
1,000-5,000 individuals means 300 
Million-5 Billion genotypes.

• Then there’s all the clinical data you 
have to match with the genotypes (age, 
smoking status, BMI, etc.)

• This is way beyond Excel. Can your 
computer handle it?



Data Management

• Most files stored in binary compressed format
• This means you cannot open them and look at it on the 

screen

• Need to rely on scripts and computer programs to 
work with the data

• Led to an influx in jobs in bioinformatics



Quality control analysis

• Two different types of QA/QC performed
• QA in the lab where genotyping is done

• QC in the lab where data analysis is underway

• Each checking for different things
• With some overlap

• Important to ensure data integrity

• Without QC, can lead to spurious results
• Type I errors and Type II errors



Quality control analysis

• VERY different QA pipelines in genotyping labs for 
research and clinical use
• CLIA: Clinical Laboratory Improvement Amendments

• CLIA: United States federal regulatory standards that 
apply to all clinical laboratory testing performed on 
humans in the United States, except clinical trials and 
basic research.



Quality control analysis

• Primary differences between CLIA and research lab 
genotyping
• Sample tracking

• Assay validation

• Security

• Equipment validation/calibration

• SOPs (standard operating procedures)
• With verification

• COST



Quality control analysis

• Differences between CLIA and research plays a role 
in 
• What variants go into clinical practice

• Timeline for variants being used in clinic



Quality control analysis
Variable Comments

Genotyping Call Rate Low call rate often correlates with error.  Some low call rate SNPs or samples 
may still be good.

Genotyping Quality Worse quality score (GenCall) correlates strongly with error rate

Sex concordance Check expectations for X marker heterozygosity and Y marker positive results.  
Can estimate error rate.

Sample Relatedness Check for related samples (expected or unexpected)

Mendelian Inheritance Errors For trio/family data, can identify problem samples and families. Can estimate 
error rate.

Replicate concordance Check for consistent genotype calls in duplicate samples

Batch effects Check for genotyping call differences due to plate

Hardy-Weinberg Equilibrium Violation across all sample groups may indicate error, but can also be a good 
test of association

Population Stratification Check for population substructure using the genome-wide data



Marker and Sample Call Rate



Quality control analysis
Variable Comments

Genotyping Call Rate Low call rate often correlates with error.  Some low call rate SNPs or samples 
may still be good.

Genotyping Quality Worse quality score (GenCall) correlates strongly with error rate

Sex concordance Check expectations for X marker heterozygosity and Y marker positive results.  
Can estimate error rate.

Sample Relatedness Check for related samples (expected or unexpected)

Mendelian Inheritance Errors For trio/family data, can identify problem samples and families. Can estimate 
error rate.

Replicate concordance Check for consistent genotype calls in duplicate samples

Batch effects Check for genotyping call differences due to plate

Hardy-Weinberg Equilibrium Violation across all sample groups may indicate error, but can also be a good 
test of association

Population Stratification Check for population substructure using the genome-wide data



Genotyping Failures

NHANES III
(Failed)

NHANES 99-02
(OK) Courtesy of Dana Crawford



Genotyping success



Quality control analysis
Variable Comments

Genotyping Call Rate Low call rate often correlates with error.  Some low call rate SNPs or samples 
may still be good.

Genotyping Quality Worse quality score (GenCall) correlates strongly with error rate

Sex concordance Check expectations for X marker heterozygosity and Y marker positive results.  
Can estimate error rate.

Sample Relatedness Check for related samples (expected or unexpected)

Mendelian Inheritance Errors For trio/family data, can identify problem samples and families. Can estimate 
error rate.

Replicate concordance Check for consistent genotype calls in duplicate samples

Batch effects Check for genotyping call differences due to plate

Hardy-Weinberg Equilibrium Violation across all sample groups may indicate error, but can also be a good 
test of association

Population Stratification Check for population substructure using the genome-wide data



Sex Concordance Check

emerge_id Pedsex SNPsex PLINK_F Note

16230834 2 0 0.4746 CIDR comment after review of B allele freq and Log R ratio plots for all 

chromosomes:  This sample has large loss-of-heterozygosity (LOH) blocks 

on X (and other autosomes). The sample is definitely female (2 X 

chromosomes by intensities). 

16228083 2 0 0.2654 Same as above

16231930 2 0 0.4376 Same as above

16233764 2 0 0.2603 Same as above

16221112 2 0 0.2048 XX/XO mosaic not caught by initial check completed by CIDR

16222319 2 0 0.7452 Annotation by CIDR at data release:  Appears to be XX/XO mosaic

16228204 2 1 1 Annotation by CIDR at data release:  Appears to be XX/XO mosaic

16233113 1 0 0.4752 Annotation by CIDR at data release:  Appears to be XXY

16214881 1 2 0.136 Annotation by CIDR at data release:  Appears to be XXY/XY mosaic

Female: pedsex=2, SNPsex=2
Male: pedsex= 1, SNPsex=1
Female: pedsex=2, SNPsex=2
Male: pedsex= 1, SNPsex=1
Female: pedsex=2, SNPsex=2
Male: pedsex= 1, SNPsex=1

- Female: pedsex=2, SNPsex=2
- Male: pedsex= 1, SNPsex=1
- A male call is made if the F (actual X chromosome inbreeding estimate) is 
more than 0.8; a female call is made if the F is less than 0.2. 



Sex Concordance

• Check sex chromosome markers for two reasons
1. To identify and sex chromosome anomalies

2. To identify and sample mix-ups
• Phenotype = male, genotype = female or vice versa

• Can be indicative of sample mix-up



Quality control analysis
Variable Comments

Genotyping Call Rate Low call rate often correlates with error.  Some low call rate SNPs or samples 
may still be good.

Genotyping Quality Worse quality score (GenCall) correlates strongly with error rate

Sex concordance Check expectations for X marker heterozygosity and Y marker positive results.  
Can estimate error rate.

Sample Relatedness Check for related samples (expected or unexpected)

Mendelian Inheritance Errors For trio/family data, can identify problem samples and families. Can estimate 
error rate.

Replicate concordance Check for consistent genotype calls in duplicate samples

Batch effects Check for genotyping call differences due to plate

Hardy-Weinberg Equilibrium Violation across all sample groups may indicate error, but can also be a good 
test of association

Population Stratification Check for population substructure using the genome-wide data



Sample Relatedness

Z0 Z1 Z2 Kinship Relationship

0.0 0.0 1.0 1.0 MZ twin or duplicate

0.0 1.0 0.0 0.50 Parent-offspring

0.25 0.50 0.25 0.50 Full siblings

0.50 0.50 0.0 0.25 Half siblings

0.75 0.25 0.0 0.125 Cousins

1.0 0.0 0.0 0.0 Unrelated

Twins or 
dupes

Parent-
offspring or 
full sibs

2nd degree 
relatives



Sample Relatedness



Quality control analysis
Variable Comments

Genotyping Call Rate Low call rate often correlates with error.  Some low call rate SNPs or samples 
may still be good.

Genotyping Quality Worse quality score (GenCall) correlates strongly with error rate

Sex concordance Check expectations for X marker heterozygosity and Y marker positive results.  
Can estimate error rate.

Sample Relatedness Check for related samples (expected or unexpected)

Mendelian Inheritance Errors For trio/family data, can identify problem samples and families. Can estimate 
error rate.

Replicate concordance Check for consistent genotype calls in duplicate samples

Batch effects Check for genotyping call differences due to plate

Hardy-Weinberg Equilibrium Violation across all sample groups may indicate error, but can also be a good 
test of association

Population Stratification Check for population substructure using the genome-wide data



Mendelian Inheritance Errors

• Typically HapMap trios are plated and genotyped in 
addition to study samples

• Allows for an additional QC step 

Number 

Mendelian Errors

Number SNPs 

pre QC

Number SNPs 

post marker QC

0 558821 552346

1 1519 1353

2 97 64

3 5 1



Quality control analysis
Variable Comments

Genotyping Call Rate Low call rate often correlates with error.  Some low call rate SNPs or samples 
may still be good.

Genotyping Quality Worse quality score (GenCall) correlates strongly with error rate

Sex concordance Check expectations for X marker heterozygosity and Y marker positive results.  
Can estimate error rate.

Sample Relatedness Check for related samples (expected or unexpected)

Mendelian Inheritance Errors For trio/family data, can identify problem samples and families. Can estimate 
error rate.

Replicate concordance Check for consistent genotype calls in duplicate samples

Batch effects Check for genotyping call differences due to plate

Hardy-Weinberg Equilibrium Violation across all sample groups may indicate error, but can also be a good 
test of association

Population Stratification Check for population substructure using the genome-wide data



Replicate Concordance
emerge Samp1 samp2 discordant total concordance_rate

16231453 A B 171 558882 0.99969

16223704 A B 137 557783 0.99975

16216270 A B 133 559711 0.99976

16230108 A B 69 559341 0.99987

16224359 A B 67 558868 0.99988

16234120 A B 43 560202 0.99992

16232463 A B 42 560355 0.99992

16234233 A B 33 560384 0.99994

16216349 A B 30 559345 0.99994

16215309 A B 12 560041 0.99997

16224779 A B 7 560412 0.99998

16231724 A B 5 560427 0.99999

16233841 A B 4 560519 0.99999

16221647 A B 2 560457 0.99999

16230404 A B 2 560309 0.99999

16226433 A B 2 560500 0.99999

16234367 A B 2 560373 0.99999

16224635 A B 1 560560 0.99999

16219214 A B 1 560535 0.99999

16231219 A B 1 560547 0.99999

16220060 A B 0 560580 1



Quality control analysis
Variable Comments

Genotyping Call Rate Low call rate often correlates with error.  Some low call rate SNPs or samples 
may still be good.

Genotyping Quality Worse quality score (GenCall) correlates strongly with error rate

Sex concordance Check expectations for X marker heterozygosity and Y marker positive results.  
Can estimate error rate.

Sample Relatedness Check for related samples (expected or unexpected)

Mendelian Inheritance Errors For trio/family data, can identify problem samples and families. Can estimate 
error rate.

Replicate concordance Check for consistent genotype calls in duplicate samples

Batch effects Check for genotyping call differences due to plate

Hardy-Weinberg Equilibrium Violation across all sample groups may indicate error, but can also be a good 
test of association

Population Stratification Check for population substructure using the genome-wide data



Batch Effects

• Evidence that associations can result due to allele 
frequency difference due to plate effects

• Careful consideration when creating plate maps
• Plate cases and controls together

• Randomize by race, gender, age, BMI, others…

• After genotyping look for plate effects
• MAF differences by plate

• Call rate by plate

• Association tests (one plate versus all others)



Quality control analysis
Variable Comments

Genotyping Call Rate Low call rate often correlates with error.  Some low call rate SNPs or samples 
may still be good.

Genotyping Quality Worse quality score (GenCall) correlates strongly with error rate

Sex concordance Check expectations for X marker heterozygosity and Y marker positive results.  
Can estimate error rate.

Sample Relatedness Check for related samples (expected or unexpected)

Mendelian Inheritance Errors For trio/family data, can identify problem samples and families. Can estimate 
error rate.

Replicate concordance Check for consistent genotype calls in duplicate samples

Batch effects Check for genotyping call differences due to plate

Hardy-Weinberg Equilibrium Violation across all sample groups may indicate error, but can also be a good 
test of association

Population Stratification Check for population substructure using the genome-wide data



Hardy Weinberg Equilibrium

threshhold below exp_below excess_below

0.05 37690 28022 9668

0.01 12774 5604 7170

0.001 4766 560 4206

1.00E-04 2949 56 2893

1.00E-05 2337 5 2332

1.00E-06 2004 0 2004

1.00E-07 1785 0 1785

threshold below exp_below excess_below

0.05 34646 28022 6624

0.01 10843 5604 5239

0.001 3642 560 3082

1.00E-04 2194 56 2138

1.00E-05 1792 5 1787

1.00E-06 1563 0 1563

1.00E-07 1394 0 1394

threshold below exp_below excess_below

0.05 30557 28022 2535

0.01 8859 5604 3255

0.001 2614 560 2054

1.00E-04 1517 56 1461

1.00E-05 1180 5 1175

1.00E-06 982 0 982

1.00E-07 860 0 860

All individuals

All cases

All controls



Quality control analysis
Variable Comments

Genotyping Call Rate Low call rate often correlates with error.  Some low call rate SNPs or samples 
may still be good.

Genotyping Quality Worse quality score (GenCall) correlates strongly with error rate

Sex concordance Check expectations for X marker heterozygosity and Y marker positive results.  
Can estimate error rate.

Sample Relatedness Check for related samples (expected or unexpected)

Mendelian Inheritance Errors For trio/family data, can identify problem samples and families. Can estimate 
error rate.

Replicate concordance Check for consistent genotype calls in duplicate samples

Batch effects Check for genotyping call differences due to plate

Hardy-Weinberg Equilibrium Violation across all sample groups may indicate error, but can also be a good 
test of association

Population Stratification Check for population substructure using the genome-wide data



Population Stratification

STRUCTURE plot (CEU+Marshfield=Red, CHB=Green, YRI=Yellow)

k=3 k=4 k=5



Population Stratification





Quality Control Analysis

Pre-QC Thresholds Post-QC Thresholds

Many false positives disappear after QC



Zuvich et al. Pitfalls of Merging GWAS Data: Lessons Learned in the eMERGE Network and Quality Control Procedures to 
Maintain High Data Quality. Genet Epidemiol. 2011 December; 35(8): 887–898.
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Software for SNP QC

http://pngu.mgh.harvard.edu/~purcell/plink/



Software for SNP QC

https://ritchielab.psu.edu/plato



Software for Sequence QC

https://atgu.mgh.harvard.edu/plinkseq/



Software for Sequence QC

http://vcftools.sourceforge.net/



Software for Sequence QC

https://www.broadinstitute.org/gatk/



Questions???


