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Africa is inferred to be the continent of origin for all modern hu-
man populations, but the details of human prehistory and evo-
lution in Africa remain largely obscure owing to the complex
histories of hundreds of distinct populations. We present data for
more than 580,000 SNPs for several hunter-gatherer populations:
the Hadza and Sandawe of Tanzania, and the !Khomani Bushmen
of South Africa, including speakers of the nearly extinct N|u lan-
guage. We find that African hunter-gatherer populations today
remain highly differentiated, encompassing major components
of variation that are not found in other African populations.
Hunter-gatherer populations also tend to have the lowest levels
of genome-wide linkage disequilibrium among 27 African popula-
tions. We analyzed geographic patterns of linkage disequilibrium
and population differentiation, as measured by FST, in Africa. The
observed patterns are consistent with an origin of modern humans
in southern Africa rather than eastern Africa, as is generally as-
sumed. Additionally, genetic variation in African hunter-gatherer
populations has been significantly affected by interaction with
farmers and herders over the past 5,000 y, through both severe
population bottlenecks and sex-biased migration. However, Afri-
can hunter-gatherer populations continue to maintain the highest
levels of genetic diversity in the world.

human evolution | population genetics | Khoisan

African human populations are the most genetically diverse in
the world (1–4), but inference about African demographic

history, evolution, and disease associations has been limited by
relatively few genetic samples and scarce archaeological remains
in many regions (5, 6). Modern humans are generally thought to
have originated in eastern Africa, where the earliest anatomically
modern skulls have been found (5), and because populations
outside of Africa carry a subset of the genetic diversity found in
eastern Africa (1, 7). Before 5,000 y ago, most of sub-Saharan
Africa was sparsely occupied by a collection of linguistically and
culturally diverse hunter-gatherer (HG) populations (5). Within
the past 5,000 y the majority of HG populations in Africa have
disappeared, either through assimilation into expanding agro-
pastoral (farmer and herder) groups or by extinction. The re-
maining HG groups include the forest Pygmy populations of
central Africa, isolated click-speaking populations of Tanzania,
and the “Bushmen” of the Kalahari Desert region of southern
Africa. Even some of these groups, however, have been experi-
encing a transition to agricultural subsistence over the past 100 y (8).
The expansion of agropastoralist populations has likely had

a major impact on the distribution of genetic variation within
Africa (3, 9–12). However, the extent to which these groups

interacted with local HG is poorly understood because HG
variation has been poorly characterized. Do the current HG
populations represent agriculturalists who recently reverted to
hunting-gathering or mixed subsistence strategies, as has been
seen in other parts of the world (13), or do sub-Saharan HG
represent geographically isolated remnants of populations from
which other African populations diverged early in human pre-
history? A recent study of noncoding autosomal sequences sug-
gests that central African Pygmies and their agriculturalist
neighbors diverged approximately 60,000 y ago, but inference of
divergence was based on fewer than 500 SNPs (14). Further,
a recently published Kalahari “Bushman” genome identified
more than 700,000 unique SNPs, suggestive of high and ancient
phylogenetic divergence of southern African KhoeSan (15).
However, population genetic inference of African demographic
history requires both the characterization of intrapopulation
variation and the comparison of samples from the numerous
geographically dispersed and highly structured populations of
this continent. To explore questions about HG demographic
history, we present the largest dataset to date of genomic SNPs
for the remaining click-speaking (or Khoisan-speaking) HG
populations in eastern and southern Africa, analyzed jointly with
three other HG and 21 agriculturalist populations, including
newly generated data from seven northern African populations.
The Khoisan languages of Africa are unique in incorporating

a large variety of click consonants. The Hadza and Sandawe of
Tanzania are the only Khoisan-speaking populations to reside
outside of southern Africa. However, inclusion of the Hadza and
Sandawe in the Khoisan language family is highly contentious
among linguists (16, 17). Despite their small population sizes
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SILDENAFIL RESPONSE IS INFLUENCED BY THE G PROTEIN !3
SUBUNIT GNB3 C825T POLYMORPHISM: A PILOT STUDY
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ABSTRACT

Purpose: Sildenafil is the oral phosphodiesterase-5 inhibitor that revolutionized treatment for
erectile dysfunction. We investigated a potential association of the G protein !3 subunit (GNB3)
C825T polymorphism, a determinant of intracellular signal transduction, with the drug response
to sildenafil in patients with erectile dysfunction.

Materials and Methods: In 113 men with erectile dysfunction and 111 healthy male controls
genotype status of the GNB3 C825T polymorphism was determined by polymerase chain reaction
and restriction analysis. Patients with erectile dysfunction received sildenafil at a dose of 25 to
100 mg. according to the individual erectile response. Drug response was measured by inter-
viewing the patient according to the erection scale of 0 to 5.

Results: The GNB3 genotype distribution of patients with erectile dysfunction exactly matched
that of healthy controls. Analysis of the response to sildenafil revealed a significant association
of C825T allele status with the erectile response to sildenafil. In the group with TT genotype we
observed a 90.9% response but only a 50.9% and 48.9% response in patients with the CC and TC
genotype, respectively. The odds ratio for a positive erectile response was 10.0 (95% CI 1.2 to
81.1) for patients with the TT versus the TC/CC genotype (p ! 0.01).

Conclusions: The response to sildenafil is significantly associated with GNB3 C825T genotype
status in patients with erectile dysfunction.

KEY WORDS: penis; impotence; gene expression; dose-response relationship, drug; polymorphism (genetics)

Erectile dysfunction is a common disorder with an inci-
dence of up to 52% in 40 to 70-year-old men.1 The tone and
contractility of corporal smooth muscle are determined by a
balance of regulatory components such as nitric oxide (NO),
which are produced by endothelial cells, and sympathetic
hormones/transmitters such as epinephrine and norepineph-
rine, which are released by sympathetic stimulation.1–3 Erec-
tion results from the relaxation of smooth muscle cells in the
corpora cavernosa, which is induced by the release of NO
from the cavernous nerves and vascular endothelium. It ac-
tivates guanylyl cyclase and the formation of cyclic guanosine
monophosphate (cGMP) from guanosine triphosphate.2 De-
tumescence is initiated by sympathetic stimulation.4

Sildenafil is an orally active selective inhibitor of cGMP
specific phosphodiesterase 5, which is the predominant iso-
form of phosphodiesterases in human penile tissue.5 Silde-
nafil enhances the relaxant effect of NO released in response
to sexual stimulation by preventing the degradation of cGMP
in corporeal smooth muscle. Many studies of the efficacy of
sildenafil have been done. In a representative double-blind,
placebo controlled study of 329 erectile dysfunction cases the
overall improvement in erection with treatment was 74%
versus 16% in the placebo group.6 The sildenafil response is
dose dependent and 63% to 82% at a dose of 25 to 100 mg.7
However, to our knowledge no test exists to date that can be

used for identifying responders or nonresponders. Moreover,
some deaths have been reported, which may be related to the
blood pressure lowering and heart rate increasing actions of
this drug.8 Tests that identify individuals with strongest
cardiovascular reactions on sildenafil treatment could signif-
icantly improve drug safety.

Heterotrimeric G proteins are key components of intracel-
lular signal transduction in all cells of the body. They consist
of a G", a G! and a G# subunit, of which the G" and G!#
subunits are considered functional units.9 We identified the
single nucleotide polymorphism C825T in exon 10 of the gene
encoding the G protein subunit G!3. In this polymorphism
the genotype CC is the WT, the genotype TC characterizes
the heterozygous form and the genotype TT represents the
homozygous variant. The GNB3 825T allele is associated
with alternative splicing, which gives rise to a G!3 variant
referred to as G!3s. G protein ! subunits belong to the family
of “propeller proteins” and consist of 7 regular protein do-
mains, of which each codes for 1 propeller blade. The splice
variant G!3s lacks the equivalent of 1 propeller domain.
Despite this structural deletion G!3s is functionally active
and causes increased signal transduction via G protein cou-
pled receptors.9, 10 GNB3 C825T allele status has been shown
to be strongly predictive of individual drug responses. Coro-
nary vasoconstriction in response to azepexol, the response to
intravenous clonidine and the blood pressure decrease in
response to a thiazide diuretic were significantly increased in
825T allele carriers.11–13 Moreover, depressive 825T allele
carriers had enhanced improvement of symptoms on treat-
ment with different antidepressants.14 We investigated
whether GNB3 genotypes could be associated with altered
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Abstract

Background: One of the most robust genetic associations for cardiovascular disease (CVD) is the Chromosome 9p21 region.
However, the interaction of this locus with environmental factors has not been extensively explored. We investigated the
association of 9p21 with myocardial infarction (MI) in individuals of different ethnicities, and tested for an interaction with
environmental factors.

Methods and Findings: We genotyped four 9p21 SNPs in 8,114 individuals from the global INTERHEART study. All four
variants were associated with MI, with odds ratios (ORs) of 1.18 to 1.20 (1.8561028#p#5.2161027). A significant interaction
(p = 4.061024) was observed between rs2383206 and a factor-analysis-derived ‘‘prudent’’ diet pattern score, for which a
major component was raw vegetables. An effect of 9p21 on MI was observed in the group with a low prudent diet score
(OR = 1.32, p = 6.8261027), but the effect was diminished in a step-wise fashion in the medium (OR = 1.17, p = 4.961023) and
high prudent diet scoring groups (OR = 1.02, p = 0.68) (p = 0.014 for difference). We also analyzed data from 19,129
individuals (including 1,014 incident cases of CVD) from the prospective FINRISK study, which used a closely related dietary
variable. In this analysis, the 9p21 risk allele demonstrated a larger effect on CVD risk in the groups with diets low or average
for fresh vegetables, fruits, and berries (hazard ratio [HR] = 1.22, p = 3.061024, and HR = 1.35, p = 4.161023, respectively)
compared to the group with high consumption of these foods (HR = 0.96, p = 0.73) (p = 0.0011 for difference). The
combination of the least prudent diet and two copies of the risk allele was associated with a 2-fold increase in risk for MI
(OR = 1.98, p = 2.1161029) in the INTERHEART study and a 1.66-fold increase in risk for CVD in the FINRISK study (HR = 1.66,
p = 0.0026).

Conclusions: The risk of MI and CVD conferred by Chromosome 9p21 SNPs appears to be modified by a prudent diet high
in raw vegetables and fruits.
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23andMe/DTC model

[me and my genome]

[curators]

[fantastic science]



23andMe/DTC model



23andMe/DTC model
Pros Cons

• Easy (for users)

• Expert curation

• Lack of Privacy

• Expert curation

• Slow updates

• Not customizable



Time for a new system

• Personal Genome 
Interpretation

• Private

• Customizable

• Freely Available



Personal Genome 
Education

• Stanford (Genetics 210; Personalized Medicine 
and Genomics)

• Graduate/medical students genotyped; 
analyze own data

• Harvard (Personal Genetics Education Project)

• High school, colleges, workshops



Informatics 
contributions

• Build a new software model

• Leverage client-side computation for 
private data processing

• Provide a plugin framework that 
maintains privacy



Biomedical 
contributions

• Provide a resource for the public for:

• More disease risk

• More pharmacogenomics

• In-depth ancestry

• Other interesting biology



• Provide a resource for the public for:

• More disease risk

• More pharmacogenomics

• In-depth ancestry

• Other interesting biology

What else would I want 
to know?

“Interpretome”



www.interpretome.com

• Browser-based software for personal genome 
interpretation

• Client-side computation

• HTML5 and Javascript

• Server-side databases

• Download data as needed

• NO genotypes are transferred

http://www.interpretome.com
http://www.interpretome.com


Client-side computation, 
server-side resources



Open Data, Plugins, API

• HTML5 File API

• Google Charts API

• Google Map API

• Highcharts

• JQuery

• PharmGKB

• DrugBank

• dbNSFP

• NHGRI GWAS Catalog

• Hapmap

• 1000 Genomes

• HGDP



Imputation

Personal genotypes             RSID/population



Client-side analysis

• Get relevant data

• Publicly available meta-data for each SNP

• Do all computation

• Compute exercise, visualize



Disease analysis
Diabetes Risk

dbSNP Genotype Study size Imputed from R squared LR Running LR Probability

Prior 0.311 0.311 23.700% 

2237897 CC 9387 1.023 0.318 24.116% 

2237895 AA 9387 0.836 0.266 20.994% 

2283228 AA 9387 1.031 0.274 21.501% 

4712524 AG 9294 0.972 0.266 21.019% 

9295475 AA 9294 0.922 0.245 19.700% 

6769511 CT 9294 1.066 0.261 20.726% 

9460546 GT 9294 0.972 0.254 20.271% 

Clinical Assessment
Type 2 diabetes mellitus is a complex polygenic trait and is
the most common form of diabetes. Heritability is
estimated at about 20%, but thus far, variants discovered
by GWAS have only been able to explain a fraction of the
heritability.

In this exercise, you can profile your risk for this common
disease using a few of the SNPs identified by association
studies. We will use the method demonstrated by the first
clinical assessment of a personal genome. For this
assessment, we require likelihood ratios conferred by each
SNP (which are not always provided by the initial GWAS).
The likelihood ratio is then multiplied by your prior
probability (given the background population selected) to
obtain a posterior likelihood. This likelihood represents the
likelihood of the disease given the data observed so far,
and is converted to a probability, which is shown here. This
process is repeated for all the SNPs in the dataset (ordered
by discovery study size) to obtain your final probability.

Note that this does not include all the SNPs associated with
the disease (nor are all these SNPs even known, as the
heritability is not yet fully explained). Note that because of
this:

This analysis is incomplete, as plenty more variants may be
identified
This analysis may di!er from other interpretations o!ered
by other companies (such as 23andme) or programs, which
may consider di!erent SNPs for their interpretation.

Again, note that this information is not intended as a
diagnosis. First, even a full clinical genomic assessment
would not constitute a diagnosis, as these variants simply
alter the disease risk of an individual. In addition, this
exercise does not consider all variants, but simply

Compute my Type 2 Diabetes Risk

Running Total (By Likelihood Ratios)

Running LR

Prior

SNP Index (Ordered By Study Size)
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Pharmacogenomics

 
 

 

 

the first clinical assessment of a personal genome [Ashley et al., 2010]. We have employed the 
risk calculation method of likelihood ratios and demonstrate how each variant affects an 
individual’s risk of Type 2 Diabetes (Figure 3). Prior to the computation, the likelihood ratio for 
each genotype is downloaded from the server (with no genotype data sent to the server). The user 
inputs a population and sex, which define a prior probability for the disease. Then, the likelihood 
ratios are chained together (using the actual genotypes for the individual) as in [Morgan et al., 
2010] to determine a posterior probability. 
 
Additionally, we demonstrate the applications of a personal genome in pharmacogenomics, or the 
study of genetic variation related to drug response. For instance, warfarin, an anti-coagulant 
prescribed to millions of patients every year, has a high therapeutic range and genetic variants in 
genes such as VKORC1 and CYP2C9 have been implicated in this variation. These variants, along 
with clinical factors such as age and weight, can be used to predict an optimal predicted starting 
dose of warfarin [Consortium, 2009]. We have implemented this warfarin dose calculator, which 
predicts an optimal starting dose given a personal genotype and clinical parameters. In addition, 
we extend the pharmacogenomic application of personal genomes to other drugs, using a set of 
annotations from PharmGKB (www.pharmgkb.org; Michelle Carillo; personal communication). 
 
Finally, we include a section for further exploration of rare pharmacogenomics variants (Table 1). 
This analysis searches for rare, non-synonymous variants in putative pharmacogenes (genes with 
drug-gene interaction data from DrugBank; www.drugbank.ca). The functional impact of these 
variants is predicted by PolyPhen2 [Adzhubei et al., 2010], which are pre-computed for all 
variants in dbSNP. 
 

dbSNP Genotype MAF Gene Name Drug Name PolyPhen 
Class 

PolyPhen 
Score 

rs16985442 CG 0.041 SLC12A5 Bumetanide benign 0 
rs10075302 AC 0.049 SLC25A2 L-Ornithine benign 0.064 
rs11548670 AG 0.022 NDUFS1 NADH probably 

damaging 
0.999 

rs933135 CT 0.022 Plcd1 Acetate Ion possibly 
damaging 

0.822 

rs9332608 AG 0.049 F5 Phenylmercury benign 0.021 
rs4252128 CT 0 PLG Bicine possibly 

damaging 
0.418 

rs363504 AG 0.022 GRIK1 Topiramate benign 0 
rs1801690 CG 0.046 APOH Alpha-D-

Mannose 
probably 
damaging 

0.938 

rs1805321 AG 0 PMS2 Adenosine-5'-
Diphosphate 

benign 0.002 

 
Table 1: Rare Pharmacogenomic Variants. Non-synonymous, rare variants (MAF < 5%) in genes predicted to interact 
with drugs from DrugBank are shown for a personal genome. The PolyPhen Class and Score predict whether a 
variant may be damaging to the function of the protein, which may affect an individual’s drug response. 

Interpretome
 

Genome: Konrad  

Select your population: Select a population

17

Advanced Settings Add add'l genome

Clear this genome

          →

Pharmacogenomics of Warfarin Dosing

Age
Vitamin K absorption decreases as you age. Older individuals will require less warfarin.
24
Height
Height and weight are common clinical factors. Individuals with more body mass will require more warfarin.

5'9"   

Weight
165   

Race
Not all genetic factors for warfarin dosing are known. Race can still encapsulate these residual genetic factors.

   

Are you taking any of these enzyme inducers
(carbamazepine, phenytoin, rifampin, or rifampicin)?
These drugs induce Cytochrome P450 enzymes, which metabolize warfarin. Inducing these drugs will require additional warfarin.

Are you taking amiodarone?
Amiodarone is an important interacting drug with warfarin. Individuals taking amiodarone should take less warfarin.

 

Feature Multiplier Personal Factor Running Total Multiplier Personal Factor Running Total

Age (in decades) -0.2546 2 3.5284 -0.2614 2 5.0816

Height (in cm) 0.0118 175.26 5.5965 0.0087 175.26 6.6064

Weight (in kg) 0.0134 75 6.6015 0.0128 75 7.5664

Asian -0.6752 0 6.6015 -0.1092 0 7.5664

Black 0.406 0 6.6015 -0.276 0 7.5664

Other/Mixed 0.0443 0 6.6015 -0.1032 0 7.5664

Enzyme Inducer 1.2799 0 6.6015 1.1816 0 7.5664

Warfarin
Warfarin is an anticoagulant prescribed to millions of patients in the United States, with over
30 million prescriptions filled per year. However, the drug has a very narrow therapeutic
range: too much of the drug can cause hemorrhaging, while too little will not have the
desired e!ect in preventing blood clots. Clinicians often begin with an "educated guess" dose
and adjust the dose based on the patient's INR (International Normalized Ratio). Choosing the
best possible "guess" dose can avoid repeated hospital visits and save lives.

This utility calculates an optimal starting dose of warfarin, using a clinical and
pharmacogenetic algorithm. These are based on a well-established calculator (using the two
major genetic components, VKORC1 and CYP2C9) as well as an extension (which includes
CYP4F2).

Each factor has a multiplier associated with it, derived from a linear regression model. In the
table on the left, the cumulative total is shown, multiplying your personal factor by the
multiplier. The final total is squared to compute your predicted starting dose. (In the
extension, an additional multiplier is added to the dose generated by the genetic calculator).

The resulting doses are intended only as a guide based on genetic and clinical factors.
Individuals already taking warfarin should not adjust their dose based on these results. Actual
doses (starting and final) can only be decided by a physician. Consult your physician with
questions and concerns.

Start Lookup Explore Clinical Ancestry Diabetes Disease Warfarin Pharmacogenomics

cm in

kg lbs

Asian Black White Mixed/Other

Yes No

Yes No

Calculate my Warfarin Dose

Submit my Warfarin Doses Clear Table

Clinical

20 70

43.58

Genetic

20 70

34.44

Extended

20 70

34.56
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Warfarin dosing:

Rare variants:
(Get all data, then 

look for rare 
variants in-browser)



Ancestry

Interpretome
 

Genome: Konrad  

Population: European

17

Advanced Settings Add add'l genome

Clear this genome

          →

Similarity (Identity By State)

Individuals
Select individuals to compare. Select all, Select none

Preset comparisons
 Teaching Sta! of Gene 210, Spring 2011
 George Church

Custom comparisons
 Konrad
 Nick
 Snyder
 Mom
 Stuart Kim

Resolution
Limit the number of SNPs to be used in the comparison. A higher number takes longer, but could be more accurate.

Cluster Multiple Individuals
 Compare all individuals to each other (Warning: may take some time)

Choose a linkage criterion: Single Linkage

Based on 529946 SNPs, You (Konrad) have the following IBS:

Individual Similarity

Nick 68.973%

Snyder 69.104%

Mom 79.902%

Stuart Kim 66.552%
                           |                     
                         0.33                    
          __________________________________     
          |                                |     
        0.31                               |     
 ___________________                       |     
 |                 |                       |     
 |               0.31                      |     
 |         _________________               |     
 |         |               |               |     
 |         |              0.2              |     
 |         |          ___________          |     
 |         |          |         |          |     
Nick     Snyder     Konrad     Mom     Stuart Kim

Similarity
Individuals vary at the genetic level by about 1 in 1300 bases, so any 2 individuals share about
99.97%. However, if we zoom into regions that are known to be polymorphic among
populations, we can get a more fine-grained mapping of similarity. Here, we will assess your
similarity to a number of other individuals, using identity by state (IBS). In this approach, we
simply measure the average percent similarity at a number of loci. If 2 individuals have the same
genotype, they are 100% similar at that locus; if they share 0 or 1 alleles, they are 0% or 50%
similar. IBS then calculates the average similarity across the loci that we've chosen.

If we looked at all sites across the genome, these similarities would be close to 99.97%. However,
since this calculation is restricted to sites which are known to vary across individuals, the
similarities are somewhat lower. Thus, these percent similarities are biased based on which loci
are chosen for this analysis. For this analysis, we are comparing your genotype with a panel of
individuals who have had a 23andme profile (Illumina HumanHap550-Quad+ or Illumina
OmniExpress+) at up to 100,000 loci. Choosing a di!erent set of loci may provide di!erent
results for IBS analysis.

Start Lookup Explore Clinical Ancestry Similarity PCA Painting

1,000 10,000 100,000

Compare!

Clear Table
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Identity-by-state (IBS)
between individuals
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Advanced Settings Add add'l genome

Clear this genome

          →

Global Ancestry by PCA

Data source
Choose a reference panel.

        

Select which labels to display: 

Resolution
Number of SNPs to be used in the projection. A larger the number will capture more variance, but the analysis will take longer.

Principal Components to Plot
PC1 and PC2 explain the most variance, but we may want to observe variation along other axes.
X Axis: PC4
Y Axis: PC1

Additional individuals to plot
The selected individual (upper-right corner) is plotted by default. Load additional genotypes and select other individuals here. Select all, Select none

 Konrad
 Nick
 Snyder
 Mom
 Stuart Kim

 

Principal Component Analysis (PCA)
While each individual's genome is unique in itself, signatures of ancestry are encoded within the genome. We can use these patterns to infer genetic ancestry using a dimensionality reduction
method known as PCA.

We will leverage data from various genetic diversity panels, such as HGDP, POPRES, and other data sources (below), which have generated genotype data from individuals around the world.

Here, we have pre-computed the principal components for these panels and we will "project" ourselves onto these datasets.

Before running PCA, we assign each a value for each locus of an individual, which is defined as the number of reference alleles at that locus, giving us a value between 0 and 2. The output of PCA
generates "loadings" for each SNP, which are essentially a multiplier factor for that SNP for that principal component (that SNP's contribution to that PC). In this way, the principal components are a
linear combination of each of the SNPs, and each of the PCs are orthogonal to each other.

We can use these loadings to compute our own position on this map by simply multiplying our value at that genotype (on the same scale, again between 0 and 2) by the loading for that SNP and
summing over all SNPs.

To get started, choose a reference panel onto which to project yourself and the number of SNPs to use for the projection. First, start with "HGDP: World" or "Hapmap: World" to explore your ancestry
on a global population scale. For more detail in a specific region, choose the reference panel from the relevant population. If applicable, choose a level of detail for the results to be plotted.

For the POPRES dataset, to recapitulate the results of Novembre et al., use PC1 vs. PC4.

Data sources:
HGDP
Hapmap
POPRES
African
Mid-East (Data formatted by Zack from the Harappa Ancestry Project)

Start Lookup Explore Clinical Ancestry Similarity PCA Painting

HGDP: World HGDP: Asian HGDP: African HGDP: European Hapmap: World POPRES: European African Mid-East/Jewish Reference Populations

Full Abbreviations

43,000 (v2) 74,000 (v3)

Visualize!

Loadings plot of first two principal components
Source:

AL AT BA BE BG CH CY CZ DE DK ES FI FR GR
HR HU IE IT KS LV MK NL NO PL PT RO RS RU
Sct SE SI SK TR UA UK YG Konrad
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Reverse x axis Reverse y axis
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Global Ancestry
by PCA



Local Ancestry
• Monte Carlo sampling to avoid need for phasing

• Update Bayesian model based on allele frequencies

Sampling #1

Orange

Blue

Chromosomal position

Blue!

Sampling #2

Chromosomal position

Orange!

Actual ancestry:



Local Ancestry

• Monte Carlo sampling

• Voting scheme based on various parameters

• Chromosome Painting (Canvas)

(Painting of in silico half-European, half-Asian)



Further exploration
• Modular

• Rapid Development



Customizable
• Custom annotations to share

• Tab delimited file

• “Count” syntax currently supported



Social Networking

• Facebook Integration



Challenges ahead

• Create plugin framework

• Retain privacy

• Prevent untrusted code

• send_to_me(your_genome) = bad



Contributions

• Informatics

• Build a new software model for private 
data processing

• Biomedical

• Provide a resource for personal genomics
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