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BACKGROUND

Publicly and easily available online genomic resources
 Used to prioritize putative causal variants in rare diseases

 External pseudo controls in case-control analysis

genome Aggregation Database (gnomAD)
 ~140,000 sequenced invididuals

 V2.1 contains precise information (e.g. controls, precise European ancestry)

Reported in genotype counts/frequencies

Can mask within or between sample heterogeneity
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MOTIVATING EXAMPLE

Incomplete ancestry information can result in incorrect 
analyses and conclusions about genetic associations
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MOTIVATION CONT.

Individuals from understudied and admixed populations 
most likely to lack large public resources with precisely 
matched ancestry

Difficult choice:

•Use closest but still poorly matched ancestral group
•Can bias results

•Not use publicly available data as resource
•Reduced sample sizes and thus power
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OUR METHOD

Goal:

Precisely estimate continental ancestry from allele 
frequency data

Adjust allele frequency data to match target population
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THE MIXTURE MODEL

Observed summary allele frequency, 𝐴𝐹𝑂𝐵𝑆, can be modeled 
as a mixture of reference ancestries

𝐴𝐹𝑂𝐵𝑆 = 

𝑘=1

𝐾

𝜋𝑘 × 𝐴𝐹𝑅𝐸𝐹,𝑘

•Estimate proportion of each reference ancestry, 𝜋𝑘
•AF are vectors of N SNPs
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MIXTURE MODEL CONT.
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Estimate 𝜋𝑘 using least squares

Subject to the constraints: 𝜋𝑘 ≥ 0 and σ𝑘=1
𝐾 𝜋𝑘 = 1

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒: 𝑓 𝜋 = 𝐴𝐹𝑂𝐵𝑆 −

𝑘=1

𝐾

𝜋𝑘 × 𝐴𝐹𝑅𝐸𝐹,𝑘
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REFERENCE DATA

Four 1000 Genomes continental populations
•African (AFR) – Removed Americans of African Ancestry (ASW) and African 
Caribbean’s in Barbados (ACB)

•East Asian (EAS)

•European (EUR) – removed Finnish (FIN)

•South Asian (SAS)

Indigenous American (IAM)
•Affy 6.0 previously harmonized with 1000Genomes

•Martin et al., 2017 

Greater than 1% MAF in at least one population
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OPTIMIZATION

Need to find the solution over K dimensions:

Our loss function is: continuous, convex, twice differentiable

Allows us to use Sequential Quadratic Programming (SQP)
 “gradient descent” to find global minimum

 Equivalent to applying Karush-Kuhn-Tucker conditions
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𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒: 𝑓 𝜋 = 𝐴𝐹𝑂𝐵𝑆 −

𝑘=1

𝐾

𝜋𝑘 × 𝐴𝐹𝑅𝐸𝐹,𝑘
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SIMULATION DESIGN

Using reference data:
•Randomly chose 100,000 variants

•Assuming HWE, simulate variants from K ancestries

•Weighted sum of ancestry to create summary data

Simulation parameters:
•N (people) = 10,000

•Ancestry proportions randomly chosen from bin

• 0-0.015, 0.010-0.055, 0.05-0.105, 0.10-0.255, 0.25-0.505 

•All combinations of ancestries

•Over 5000 simulation scenarios in total
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Ancestry Proportion



IAN ARRIAGA MACKENZIE 15



APPLICATION TO GNOMAD V2.1
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•Estimated ancestry proportions for all groups and sub-
groups (non-topmed, non-neuro, controls)

•1000 Genomes used for reference panel

•After gnomAD-reference merge
•9,835 exome SNPs

•582,550 genome SNPs



BLOCK BOOTSTRAPPING

•SQP estimates are fast (within seconds)

•Use block bootstrapping to estimate error and 95% 
confidence intervals
•3357 cM blocks across genome

•1000 bootstrap replicates
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Estimated ancestry proportions for gnomAD groups (95% Block Bootstrap CI)

Exome
African/
African 

American
(N=8,128)

American/
Latinx 

(N=17,296)

Other
(N=3,070)

Non-Finnish 
European

(N=56,885)

East Asian
(N=9,197)

South Asian
(N=15,308)

AFR 0.840 
(0.838, 0.842)

0.043
(0.039, 0.047)

0.034 
(0.032, 0.037)

0.000
(0.000, 0.000)

0.000
(0.000, 0.000)

0.002
(0.000, 0.004)

EAS 0.005 
(0.001, 0.008)

0.049
(0.040, 0.059)

0.046 
(0.041, 0.051)

0.000 
(0.000, 0.000)

1.000
(1.000, 1.000)

0.000
(0.000, 0.000)

EUR 0.146
(0.142, 0.149)

0.432
(0.423, 0.441)

0.780
(0.775, 0.787)

0.975 
(0.969, 0.982)

0.000
(0.000, 0.000)

0.150
(0.144, 0.157)

IAM 0.009 
(0.006, 0.012)

0.463 
(0.455, 0.471)

0.051
(0.047, 0.054)

0.008 
(0.005, 0.012)

0.000
(0.000, 0.000)

0.002
(0.000, 0.005)

SAS 0.000 
(0.000, 0.006)

0.013
(0.000, 0.027)

0.089
(0.080, 0.098)

0.017 
(0.009, 0.023)

0.000
(0.000, 0.000)

0.845
(0.838, 0.852)
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ANCESTRY ESTIMATION RESULTS



NUMBER OF SNPS/VARIANTS

•Simulations used sets of 100K randomly sampled SNPs

•gnomAD exome data is limited to ~10K SNPs

•What is the lower limit of SNPs we can reliably use?
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SENSITIVITY OF REFERENCE DATA
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LOSS PER 1000 SNPS

Ancestry
Exome Genome

SNPs Iterations Loss/1000 SNPs Iterations Loss/1000

African/African-American 9750 24 0.234 582156 32 0.221

American/Latinx 9722 38 1.080 582155 45 0.824

Other 9749 25 0.451 582156 42 0.680

Non-Finnish European 9763 29 0.374 582156 24 0.500

East Asian 9732 30 0.346 582155 20 0.433

South Asian 9719 44 0.337 -- -- --

Finnish 9728 49 2.617 582155 85 2.618

Ashkenazi Jewish 9749 121 2.047 582156 68 2.462
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ANCESTRY ADJUSTED ALLELE FREQUENCIES

Estimate ancestry-adjusted AF matching ancestry 
proportions for a target individual or sample

Use K-1 reference ancestries
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𝑥 =
𝜋𝑡𝑎𝑟𝑔𝑒𝑡,𝑙

ෝ𝜋𝑙
𝐴𝐹𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑−

𝑘≠𝑙
ෞ𝜋𝑘𝐴𝐹𝑟𝑒𝑓,𝑘 +

𝑘≠𝑙
𝜋𝑡𝑎𝑟𝑔𝑒𝑡,𝑘 𝐴𝐹𝑟𝑒𝑓,𝑘

𝐴𝐹∗𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑 = ቐ
0, 𝑥 < 0
𝑥, 0 ≤ 𝑥 ≤ 1
1, 𝑥 > 1

Where, 

𝐴𝐹𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑
∗ is the ancestry-adjusted allele frequency

𝑙 - ancestry group for which the reference allele frequency data is not used

𝑘 - ancestry group index

𝜋𝑡𝑎𝑟𝑔𝑒𝑡,𝑘 - population k ancestry proportion for target individual or sample

𝜋𝑘 - estimated ancestry proportion of population k for observed publicly available summary data

𝐴𝐹𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 - allele frequency for observed publicly available summary data (e.g. gnomAD)

𝐴𝐹𝑟𝑒𝑓,𝑘 - reference allele frequency for ancestry k; K-1 homogenous reference ancestries are used. 



ANCESTRY ADJUSTED AF
Estimated ancestry-adjusted AF for gnomAD v2.1 exomes
•African/African-American (leave out African reference)

•American/Latinx (leave out Indigenous American reference)

Reference AF
•1000Genomes

•gnomAD
• Use ancestry-adjusted African AF as reference for American/Latinx

Compare to 1000 Genomes to evaluate
•Homogenous African

•Peruvian (admixed)
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RE-ANALYSIS OF PADI3
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Cases

gnomAD v2.1 African

unadjusted
100% AFR 

adjusted
Minor allele 14 1677 1960

No minor allele 44 10810 10527

Chi Square p-value 0.029 0.114

Fisher’s exact test p-value 0.031 0.101

Minor alleles in PADI3 variants reported from Malki et al.



IMPORTANCE

Publically available genetic resources
•Contain population structure

•May not have precise ancestry information

•May result in misunderstanding and misuse of resources

Summix estimates and adjusts for reference ancestry 
proportions in summary data
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FUTURE WORK

More research needed
Diverse reference panels

 Fine-scale and local ancestry estimates

Other sources of heterogeneity (e.g. genetic predisposition to disease)

Estimation of Unknown Reference Data
 Binomial distribution model

 Block Relaxation Algorithm
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