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Outline

1. Background | What was the ERICA model designed to do?
2. Method | How was ERICA trained, and how does it address the problem of introgression analysis?

3. Result | How well does ERICA perform in introgression analysis?



Resolving the relationships among taxa

Evolution isn’t always a family tree with

genome-wide patterns of admixture have been
neat branches

characterized in different organisms
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Algorithm for Admixutre | 4 categories

depict an overall demographic pattern of admixture
G-PhoCS, Treemix and PhyloNet
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Research Aim

« allow direct processing of sequence data instead of requiring predefined population genetic statistics or inferred gene trees

* be capable of resolving local introgression signals in genomes with heterogeneous gene flow

* be applicable to model and non-model systems, and be robust across taxa

+ low computational complexity and should be capable of handling genome-scale data in an acceptable amount of time
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cross-linking of branches on the Tree of Life. Zhang and collaborators propose a deep-learning approach to
study these evolutionary events, and apply it to different organisms shown in the image
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Deep Learning
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Deep Learning | CNN
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previous studies:
distinguished using classification tasks
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(Gower et al.,eLife, 2021)

problem occurs:

when more than two species were
considered, there were multiple potential
gene flow events

Design Principles of ERICA

identify introgressed regions

ERICA (Evolutionary Relationship Inference using a CNN-based Approach)

« the discordance between the gene trees and the species tree provides a way to
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c)

Phylogenetic relationship
encoding for CNN

1. (((P1, P2), P3), 0)
2. (((P1, P3), P2), O)
3. (P2, P3), P1), O)

multi-dimensional vector:

derived from quartet sampling (Estabrook et
al.1985) and topology weighting (Martin and Van
Belleghem 2017)
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Design Principles of ERICA

ERICA (Evolutionary Relationship Inference using a CNN-based Approach)
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Data simulation for CNN model
training

generated a training dataset covering
scenarios with varying degrees of ILS
and gene flow
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generated multiple sequence alignments
(MSAs) for training and testing

» coalescent simulator ms & Seq-Gen
« 5000 bp in length

« eight haplotypes per taxon

Design Principles of ERICA

identify introgressed regions
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Sequence Encoding

genomatnn: divided a sequence into a
fixed number of bins and counted the
number of minor alleles in each bin
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(Gower et al.,eLife, 2021)
ERICA: one-hot encoding
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Design Principles of ERICA

identify introgressed regions

ERICA (Evolutionary Relationship Inference using a CNN-based Approach)
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Design Principles of ERICA | CNN Architecture
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Performance evaluation of the four-taxon ERICA model | Simulation
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Inferring Gene Flow Based on Real Genomic Data | Case 1
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» distributed throughout the tropical and
subtropical regions

« Adults exhibit bright wing color patterns
which signal their distastefulness to
potential predators

« Miullerian mimics [Z K]

(Edelman et al., Science, 2019)

_play complex relationships owing to intensive hybridization during adaptive
iation, even without an available bifurcating tree [93 X ]




pology proportion

Inferring Gene Flow Based on Real Genomic Data | Case 1
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(Martin et al.,PLoS Biol,2019)

Consistent with the order of species differentiation



Topology proportion
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Inferring Gene Flow Based on Real Genomic Data | Case 1

D
B/D ——— Topo A (((H. m. aglaope, H. m. amaryllis), H. t. thelxinoe), H. ethilla)
1.00 ——— Topo B (((H. m. aglaope, H. t. theixinoe), H. m. amaryliis), H. ethilla) &
—— Topo C (((H. m. amaryllis, H. t. thelxinoe), H. m. aglaope), H. ethilia)
0.75 ﬂ r\;‘ o4
U‘E r | fd
- L’ | n | | | h AN 'w A l& ERICA-specific results
| | | / "
|l it Lt W T hatl UL Dkl I\
Wi AL A W VY UL )
025 | IW RS WYY il k" T A AV W i Y » ERICA - bihii082
Al | ) \ \; / | ! | B L -eth11050
Eu 1000 ethi1051
0.00 i o .
T T T I 'gu.zs o
d 5 PosononChr. 18 ° 1 e - -
10 fd: no significance [ -MJI11-3189
c) 93
' =90 "*‘"I".ﬁﬁ".”hs'“ww P\F'* ' ol
3 05 "y ” '{
g -1.0 5
B . . ——
£ ws| D: no significance -
5 004 %
-0.5- N -EU.US B :
0.02 .
— ERICA (Topo C minus Topo B) o s 100 _[ MJ12-3308
-1.04 T T T :
' : ' Y ; : 05 06 07 08 09 10 ;
0.5 0.6 07 08 0.9 1.0 Position on Chr. 18 (Mb) Bk A 8 1&1?2!21;53350{;%;0 H. m. agfaope- H. m. amaryllis H.t thelxinoe- H. ethilla

* chromosome 18 (ranging from 700 kb to 850 kb)
» B/D locus: control wing color patterns



Inferring Gene Flow Based on Real Genomic Data | Case 2
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Summary
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e
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Old Tool (D-statistic)

ERICA

Metal detector: beeps but can’t locate the treasure.

Fails with >2 species or small DNA chunks.

Needs species-specific tuning.

MRI scanner: Maps exact locations of gene flow.

Handles 4-5 species and 5-kb fragments.

Train once, apply to any organism




Thanks for attention!
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