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Al phylogeny

Our research aims to harness Al to improve phylogenetic

Inference
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Abstract
Staristical eriteria have long been the standard for selecting the best model for phylogenetic reconstruction and down-
stream statistical inference. Although model selection is regarded as a fund; I step in phyl ics, existing

methods for this task consume computational resources for long processing time, they are mot always feasible, and
sometimes depend on preliminary assumptions which do not hold for sequence dara. Moreover, although these methods
are dedi d o g the p that underlie the sequence data, they do not always produce the most accurate
trees. Motably, phylogeny reconstruction consists of two related tasks, topology reconstruction and branch-length esti-
mation. |t was previously shown that in many cases the most complex model, GTR+ 1+ G, leads to topologies that are as
agcurate as using existing model selection criteria, but overestimares branch lengths. Here, we present ModelTeller, a

iewnal hadnle Four bl i mndel selectinn. devised within the machine-learnine framewards. anri-
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Abstract

The computational search for the likelihood phyl tree is an NP-hard problem. As such, eurrent

tree search algorichms might result in a tree thar is the local optima, not the global one. Here, we introduce a para-
digm shift for predicting the maximum-likelihood tree. bv anoroximating lone-term gains of likelihood rather than
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Part 1:

Al phylogeny
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Abstract

Motiwation: Currertly uzed methods for =ztimating branch zupport in phylogenestic anakyzes often rety on the claczic Felenztein’z bootztrap,
parametric tests, or ther spproaimations. As these branch cupport zcores are widely uzed in phylogenetic araly=ez, having acourate, fa=t, and
rit=rpretable zcones iz of high importance.

Results: Here, we employed a data-diven approach to eztimate branch zupport values with a probabiiztic interpresation. To thiz end, we Simu-
ated thouzands of realiztic phylogenetic treez and the correzponding multiple zeguence alignmentz. Each of the abtained aligrments was uzed
1o infer the phylogeny uzing state-ofthe-art phylogenstic inference software, which was then compared to the tnes tree. Uzing these extenziee
datz, we treined machine-lmaming algarithms to eztimate branch cupport values for sach bipartiton within the maximurelioslicod trees
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Phylogenetic-based tools and algorithms
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The tree score = log-likelihood

T = Tree e it M = Evolutionary model

Ml pareidala
Mo anglenarg
g
Aeloedia_chinenzis €
Actedia_undara
Mhghelia_gerrata

Al snadulata
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———— bl mencang

Aearihoclys_albus

Tree likelihood D = Data = Alignment
P(D|M,T): The conditional SO et s oo pree

Abelia engleriana tcgaaacctg cacagcagaa cgacccgcga acacgttcegt

R o Abelia chinensis tcgaaacctg cacagcagaa cgacccgcga acacgttcegt

Abelia parvifolia ~ —————— g cacagcagaa cgacccgcga acacgttcgt

p rO b a b I | Ity Of t h e d a ta ’ g Ive n t h e Abelia_Agrandiflora tcgaaacctg cacagcagaa cgacccgcga acacgttcegt

Abelia mexicana —-tcgaaactg cacagcagaa cgacccgcga acacgttcgt
Abelia occidentalis tcgaaacctg cacagcagaa cgacccgcga acacgttcgt

model, M, and the tree, T



Finding trees keeps becoming more difficult

oday:
*Data: Aligned genomic sequences

*Size: Up to GB of DNA sites, thousands of species
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The tree space Is huge

Number of Number of
Taxa rooted trees

3 3
4 15
5 105
6 945
7 10,395
8 135,135
9 2,027,025
10 34,459,425
20 8.20%10%!
30 4.95x1038
40 1.01x10°/
50 2.75%107°




Heuristic search

e Start the search with a good guess for a starting tree

*Examine all “neighboring” trees by making small
C modifications to the current tree

* Move to the neighbor with the highest (likelihood) score

:\ _ \. *To avoid local

fl e 7\ \ \ maxima, we start
% A from multiple

starting points

‘-_ Start tree



We can infer the ML tree
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Different (unrooted) trees

LL score =-110

Human Chicken
—
Chimp Gorilla

Human Chimp

N /
A
orilia Chicken

LL score =-117

LL score =-107

How confidence we
are in the best tree?




The phylogenetic jackknife




Jackknife

* We create new data sets by sampling randomly half of
the characters without replacement.

 We generate 100 pseudo-data sets.

* We do not change the number of sequences, just the
number of positions!



Jackknife

Original data Pseudo-data 1
s1 zlAGj:Azl s1 AGA
s2 (ARAAA(Q s2 AAA
s3 (AGGAA s3 AGA
s4 AAATA(Q s4 AAA

@ F

We removed positions 1,4, and 6



Jackknife

Pseudo-data 1

sl AGA
s?2 AAA
s3 AGA
sd AAA

s S2

Best tree for
pseudo-data 1

N/
PaN

S3 s4




Jackknife

* We repeat the process 100 times and get 100 best trees

s S2S3 s1

\ / s3 \ /1
33/ s3 \3%1 / \34
B\

s1
83: S3 i s1 %1 S4<4
S2 / s:[ /: /\ )

S2 S2 s4 s4




Jackknife percentage
s1 S2
N /
RN

sS3 s4

30 times 50 times

s1 S2 Our confidence in the
pink tree in terms of

\ /
/ \ jackknife support is
S

s4 3 50%.

20 times



The phylogenetic bootstrap

3 Strand Also Availible
b il o5

SEE%se" 2 Strand Boot Strap
=" withconcho %1005




Bootstrap

Original data Pseudo-data 1
sl AAGTAA sl AGAGAT
s2 CAAAAC s2 AAAAAA
s3 CAGGAA s3 AAAGAG

Same idea as jackknife but we sample with repetition. In this
example, we sample positions 2 twice and position 5 twice and
zero for position 1 and 6.



Bootstrap

» Bootstrap is used more than jackknife in phylogeny,
because it has the same data-size as the original data.



Bootstrap for splits

* |nstead of getting the support for each tree, we can compute
the support for a given split.

* The support for a given split is the percentage of pseudo-
tree in which this split appears.



Bootstrap for splits

32 [3

0 tlmes‘

‘25 tlmesH(

S1

O[The support for
the split

{S1,S3}{S2,54,S5} |S

is 60%

b
K

5 times

3L

40 times | S3




Bootstrap is very slow




There’s a need for faster estimates

Table 1. Several branch support methods implemented in current tree

wsearch software.

Program Branch-support method  References
RAXMIL-NG Standard Felsenstein’s (Kozlov et al., 2019)
bootstrap
RAXML-NG Transfer bootstrap ex- (Kozlov et al., 2019;
pectation Lemoine et al., 2018)
IQTREE Ultrafast bootstrap (Hoang et al., 2018;
Minh et al., 2013)
IQTREE aLRT test (Soang et al., 2018;
Anisimova and
Gascuel, 2006)
IQTREE aBayes test (Hoang et al., 2018;
Anisimova et al., 2011)
FastTree SH-like test (Price et al., 2010)




Likelihood based methods

S1 S1

S3 S3

>2 54 >2 54

e Likelihood-based methods will estimate the
support using differences in log-likelihood



How to evaluate different branch-support

methods?
“TRUE TREE” ML tree with BP

S1 s3 s1

S3

P=65%

52 s4 - o

*|n this case we have a true positive inference (TP)
* POSITIVE = the estimate is that the split exists

*TRUE = the estimate is correct



How to evaluate different branch-support

methods?
“TRUE TREE” ML tree with BP

S3 S1

S1
S3

P = 35%

52 s4 - o

*|n this case we have a false negative inference (FN)
* NEGATIVE = the estimate is that the split does not exist

* FALSE = the estimate is wrong



How to evaluate different branch-support

methods?
“TRUE TREE” ML tree with BP
>1 53 51 .
P = 65%
S2 s4 -

S4

*|In this case we have a false positive inference (FP)

* POSITIVE = the estimate is that the split exists

* FALSE = the estimate is wrong



We can compute confusion matrices and AUC

SCOres

Perfect
classifier ROC curve
10e@

Predicted Class

Yes Mo o
©
% & :%—-J Worse
©  Yes TP FN o~ 'g 09
) = a
— =
u =
= No FF TN
L 0.0
0.0 . 1.0

False positive rate

FP/N



ML (machine learning) for branch support values

Noa Ecker



ML (machine learning) for branch support values

Prof. Yishay Prof. Itay Prof. Dorothee
Mansour Mayrose Huchon



| would trust the red branch more than the blue one

S7

N
SZ/Z S6
> S5
S4



Features (out of 39)

*Branch length at the partition site

*Branch length divided by the mean branch length across the
tree

*Branch length divided by the mean branch length among the
four neighboring branches

* Number of MSA columns

*Number of unique MSA columns

* Percentage of constant sites

* The LL of NNI neighbors around the branch



Features (out of a 39)

*The count and proportion of taxa on the smaller or equal side of
the bipartition

: Y
7

Proportion of taxa on the smaller side of the bipartition = 0.25
Number of taxa on the smaller side of the bipartition = 2




Train and test datasets

e 6,000 simulated MSAs with 100 to 10,000 sites and between 30
to 1,000 taxa.

 Each MSA was simulated along a different tree topology using
Alisim (Ly-Trong et al., 2022), based on the script provided in the
Github repository of RAxML-grove (Hohler et al., 2022).

* Each MSA was simulated using the DNA model associated with
that tree in RAXML-Grove.

* Train set: 70% of the data; test set: the remaining 30%



Results, performance

*RAXML BP =0.946 Machine-learning = 0.968
 RAXML transfer BP = 0.907

=]
=" —— IQTREE machine-learning model
—— |QTREE aLRT test
=—— |QTREE Ultrafast
—— IQTREE aBayes test
|

1.0

—
- |

-

—— PRAxML machine-learning model
——— RAxML bootstrap
—— RAxML TBE bootstrap

1.0

—— FastTree machine-learning model
—— FastTree SH test




Results, running time

21 times faster without optimizing the feature extraction
algorithms:

The computation time of RAXML-NG standard bootstrap
exhibited a median running time of 138 min on a single CPU.
On the same data, our machine-learning model had a median
running time of 6.5 min.

41



Results, calibration

1.0 4 |
IQTREE machine-learning model
05 IQTREE aLRT test
' IQTREE Ultrafast
. IQTREE aBayes test
n':l- L L S Li I I 1 1 I
0.0 0.2 0.4 0.6 0.8 1.0

1.0 = |
_E  —e— RAXML machine-learning model
-
= 0.5 —s— RAXML bootstrap
E —s— RAxML TBE bootstrap

0.0 + ~ T T T T T |

0.0 0.2 0.4 0.6 0.8 1.0

Branch support score

Expected Calibration Error (ECE) of machine-learning method

(IQTREE) = 0.002
ECE for ultrafast bootstrap (IQTREE) = 0.043



Comparison bootstrap score

Comparison bootstrap score

Results, empirical data

Comparison bootstrap score

Comparison bootstrap score
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NLP-based sequence alignment

Sequence 1: GGACCGT — Alignment
Sequence 2: GAACCT Algorithm

m) GGACCGT
GAACC-T



The transformer
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Encoding: the “concat” language

*Each letter in the “concat” language is a word, and the
language has 5 different words (5 tokens)

~
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AAG b Ny
[ » AAG|ACGG » .0 Transformer
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» ACCG




The output language
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Performance

Nucleotides sequences
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CS-error
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Published a5 a conference paper at ICLR 2023

MULTIPLE SEQUENCE ALIGNMENT AS A SEQUENCE-
TO-SEQUENCE LEARNING PROBLEM

Edo Da goda', Noa Ecker!, Michael

otan'?, Yonatan Belinkov'!”", Oren Aveam’, Elya Wygoda', N,
Alburguergue’, Omri Keren', Gil Loewenthal, and Tal Pupko!!
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MAFFT
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Performance

(b) Protein sequences
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An ML-based MSA objective function

*|Inference of MSAs is a very difficult problem

*The implicitly assumed indel evolutionary models are
oversimplified

* Which objective function should be optimized (the likelihood
are very difficult to compute)

* Optimizing the objective function is difficult

*The MSA depends on the tree and vice versa



An ML-based MSA objective function

*|Inference of MSAs is a very difficult problem

*The implicitly assumed indel evolutionary models are
oversimplified

* Which objective function should be optimized (the likelihood
are very difficult to compute)

* Optimizing the objective function is difficult

*The MSA depends on the tree and vice versa



* The sum-of-pairs (SoP) score is widely used for MSA scoring

*Higher SoP is supposed to be an indicator of a better MSA

Naive scoring:
Mismatch: -1
Indel (gap): -1

Perfect match: +1

ATG-C i
Seq1i: AlTlg!|-lc| ] ATGC- 1+1+1-1-1=1
ATG-C
Seq2: AT |G |C |- _ _ i}
ATGC- 1-1+1-1+1=1
Seq: A |- |G |C |C| | ATGC-
A-GCC 1-1+1+1-1=1

SoP=1+1+1=3



Sum of pairs does not corelate well with accuracy
*500 alternative MSAs of a single dataset

SoP Score

Pearsonr = -0.383

dpos_ng ("true") distance

Density



Proposed solution

* Employing Al to develop novel scoring functions for MSAs that
are better than the sum-of-pairs and to use our developed
score to discriminate among MSAs

Features Alternative MSAs Deep Learning
70+ 600K T
We tried to use many Alternative M5As were Many model architectures,
features related to MSA created using four hyperparameters, scaling,
and their corresponding different aligning and batching techniques
MLE trees; 26 features programs, GUIDANCE were tested
were used in the final and by refinement

version of the model



Our score well corelates with accuracy
*500 alternative MSAs of a single dataset
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Our score well corelates with accuracy

e Simulated datasets

Correlation between d_seq and Predicted Scores

Correlation between d_seq and SoP Scores

Density
N

0 T T T T T T T T T 1
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

Absolute value of Pearson Correlation



Our score well corelates with accuracy

*empirical datasets

Density

Correlation between d_seq and Predicted Scores

Correlation between d_seq and SoP Scores

0.1

T T T T T T T
0.2 0.3 0.4 0.5 0.6 0.7 0.8

Absolute value of Pearson Correlation

0.9

1.0



Our score well corelates with accuracy

* Pick me game (simulations)

Percentage (%)

100 -

80

20

mm Default
mam Predicted
B Tie(predicted and default)

) ‘ég«

@"* &

MSA Aligner




Our score well corelates with accuracy

*Pick me game (empirical)

mm Default
mm Predicted
mm Tie(predicted and default)

100 1

80 -

< 60 -

20 -

MSA Aligner
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