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Summary

The ancestry deconvolution problem!

Input:     unphased genotype data for admixed individual!
Output:  ancestral origin of each chromosomal region!

•  Straightforward when populations are sufficiently distinct.!
•  Hard for closely-related populations (e.g., within Europe).!
•  Want efficient algorithm that scales to reference panels 

containing thousands of individuals.!
•  Want well-calibrated confidence estimates to avoid 

making predictions where algorithm is too uncertain.!

Overview!
We describe a modular four-stage pipeline for efficiently 
and accurately identifying the ancestral origin of 
chromosomal segments in admixed individuals: !

1.  Phase genotypes with population- or trio-based methods.!
2.  Assign ancestry labels to short, phased windows.!
3.  Correct phasing/labeling errors with probabilistic model.!
4.  Recalibrate confidence scores and assign final labels.!

Methods


Stage 1: Phasing!

Stage 1a: Population-based phasing!

Out-of-sample phasing (BEAGLE++)!

Implementation details!
1.  Need really large haplotype graphs to ensure good 

generalization performance for out-of-sample phasing.  
So, we built per-chromosome haplotype graphs over 
~500k markers across a dataset of >100k individuals 
derived from the customer database of 23andMe, Inc.!

2.  Standard dynamic programming (O(LW2)) is too slow 
when haplotype graph is thick (W > 103).  Use sparse 
dynamic programming heuristic in which partial paths 
with low probability are pruned early.!

3.  During graph construction, represent graph using 
compressed segments (i.e., sequences of consecutive 
edges with no incoming or outgoing edges to internal 
nodes), and store bit-packed genotype data separately.!

Stage 1b: Trio phasing!
Phasing is straightforward for close relatives (i.e., mother, 
father, child) except for doubly heterozygous sites. Want 
model that doesnʼt re-do work of population-based phaser.!

Dynamic Bayesian network model (TRIO++)


Stage 2: Local classification!
Divide haplotypes into 100-SNP windows, and classify 
window using SVM with a specialized string kernel.!

Substring-based feature encoding!

Window size should be large enough to give some amount 
of predictive power, but small enough to be of homogeneous 
ancestry while containing few phasing errors.  In practice, 
phasing accuracy is often the limiting factor:!

Stage 3: Error correction!

An autoregressive hidden Markov model that:!
1.  Identifies and corrects phasing switch errors.!
2.  Models first-order dependencies between consecutive 

SVM predictions within blocks of uniform ancestry.!
3.  Uses O(LK2) dynamic programming algorithm, where K is 

the number of populations (~20).!
4.  Produces per-window ancestry posterior probabilities.!

Parameter learning!
•  Emission parameters (i.e., P(O | H)): confusion matrix of 

SVM errors (estimated on a holdout set).!
•  Multiple transition parameter models (i.e., P(H)): 

unsupervised EM on 9 subsets of possibly admixed 
23andMe customers (grouped using PCA/AIMs):!

Stage 4: Recalibration and clustering!
Apply a regularized variant of isotonic regression to perform 
recalibration of posterior probabilities to ensure that model 
predictions are not “overconfident.”!

Phasing errors greatly affect accuracy/calibration; split 
individuals into two groups based on estimated “effective 
switch error”, and recalibrate each group separately.!

Then assign labels based on hierarchy in order to reach a 
desired level of confidence (e.g., 80% post-calibration).!

Results

Examples!

Preliminary benchmarks!
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•  Exponentially many possible patterns.!

•  Feature selection algorithms ineffective in 
practice – the more features the better 
(consistent with lots of weakly informative 
haplotypes; highly informative population-
specific haplotypes are rare).!

•  Use dynamic programming-based algorithm 
to evaluate kernel efficiently.!
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