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Demographic history inference
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Demographic history inference — Motivation

e Understand population history:
bottlenecks, gene flow, etc.
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Demographic history inference — Motivation

National Geographic

* Understand population history:
bottlenecks, gene flow, etc.

* Conservation: historical genetic
diversity of endangered species
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Demographic history inference — Motivation
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Demographic history inference — Motivation

e Understand population history:
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Diffusion approximation for demographic inference (dadi)
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Diffusion approximation for demographic inference (dadi)
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Diffusion approximation for demographic inference (dadi)
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Diffusion approximation for demographic inference (dadi)
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Diffusion approximation for demographic inference (dadi)
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Diffusion approximation for demographic inference (dadi)
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Diffusion approximation for demographic inference (dadi)
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Diffusion approximation for demographic inference (dadi)

Data / \
Data Summary Calculate many expected FS

TCACTCTT. B I
10 20 I
y TGGTCAGTCTT 2 F /
} ": TG TC CTT o 100 %20
: TCATTCTTA o .
TCACTCTT. 0
0 pop1 20 b 10!

Input parameterized model \ Converged output model

2 8 8 5

NASEENIS i 7:300 4500 $ §
/ I MAFB  mareu 9 / I 15x10° 2 5x10° g
Tar % o 0 148 kya /_90 o ©
Ts Neuo o 51 kya 1,000 e

MEU-AS 3.1x10%

Naso o Y 550 04 ©

I',qs 7S . 8% 8 8

Teu-as S <L 23 kya S <

(also mar.as) (maF-as =0.8x10)



Diffusion approximation for demographic inference (dadi)

Data / \
Data Summary Calculate many expected FS

TCACTCTT. @4
TCACTCTT. “ I
20
y rofrosdioril 3 IF' |
TCATTCTTA 1w
TCACTCTT. 0

0 pop1

/

Converged output model

Input parameterized model

'G;!' 8 t,a (o]
N g 7300 $ ':(5_
/ MAF-8 MAF.EU SuperVISed / 15105 254105
- ') 5 . )
Tar ” o 8 Machine 148 kya ‘s, &k O
( . ‘5 | 58
Te Neuo 3 Learning 51 kya 1000 &7 3
MEU-AS 3.1x10%
550
Naso - /7 0.439; % .o
Teu-as g <L 23 kya 8 <

(also mar.as) (mar.as =0.8x|1 0'5)
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dadi-machine learning workflow
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dadi-machine learning workflow
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dadi-machine learning workflow
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dadi-machine learning workflow
Training data
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dadi-machine learning workflow Test data
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dadi-machine learning workflow Test data
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Testing and validation Test data
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Results — prediction accuracy
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Results — prediction accuracy
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summary

* Machine learning approach to improve the
computational efficiency of a widely used likelihood-
based demographic inference method

* Comparable accuracy with significantly reduced
computational cost & complexity

* Robust to test simulations generated with linkage

* Accompanying uncertainty quantification method
that provides prediction intervals

* Trained MLPRs for frequently used demographic

models and workflow will be distributed /

,@LnTranZG http://gutengroup.arizona.edu
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