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Why IQ-TREE?Why IQ-TREE?

Next generation sequencing data represent both a blessing and a curse: 

• Blessing: (Phylo)genomic data help to elucidate many phylogenetic questions. 

• Curse: Many model assumptions become increasingly distant from the truth due to 
growing data complexity. 
 
“All models are wrong, but some are useful” (Box, 1976) 

With IQ-TREE we aim to: 

• Analyze ultra-large data sets. 
• Provide many (if not most) “useful” models of sequence evolution. 

• But still, there are RAxML, PhyML out there, why do I need IQ-TREE?  

• We better have at least 2 software independently developed for similar purpose. 
Only then, the pros and cons (sometimes bugs) can be identified. This creates a 
friendly competition, which helps to advance the field!  

• Same as having MrBayes, RevBayes, BEAST for Bayesian inference. 



An independent benchmark by Zhou et al. (2018)



likelihood

IQ-TREE: A new stochastic algorithm

Tree space

A

B

C

D

NNI1

NNI2

Nearest neighbor 
interchange

Lam-Tung Nguyen   Heiko Schmidt    Arndt von Haeseler

* 100 starting trees (99 parsimony, 1 NJ)
* Keeping a “population” of 20 best trees
* Stop if unsuccessful for 100 consecutive 
down-hill + up-hill moves
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Typical phylogenetic analysis
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----------
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Sequence alignment

Substitution models

Phylogeny

Model  
selection

Tree  
search

Bootstrap



Models of sequence evolution

JC  
(Jukes & Cantor 1969)

Rate model Explanation

+I Some sites are invariable (zero rate), e.g. due to selective force.

+G Site rates follow a Gamma distribution.

+I+G Some sites are invariable, the rest follow a Gamma distribution.

+R Sites fall into several categories from slow to fast rates. No 
assumption of rate distribution (free-rate model).
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Models of sequence evolution

JC  
(Jukes & Cantor 1969)

HKY 
 (Hasegawa, Kishino,  

Yano 1985)

GTR 
 (General Time  

Reversible, 1986)

Rate heterogeneity: alignment sites evolved at different rates. Some slow, some fast.

Rate model Explanation

+I Some sites are invariable (zero rate), e.g. due to selective force.

+G Site rates follow a Gamma distribution.

+I+G Some sites are invariable, the rest follow a Gamma distribution.

+R Sites fall into several categories from slow to fast rates. No 
assumption of rate distribution (free-rate model).

A model = substitution model + rate heterogeneity, e.g. “GTR+G”
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Model selection

JC 
JC+G 
JC+I 
JC+I+G 
JC+R2 
… 
JC+R10

Which model 
is best?

GTR 
GTR+G 
GTR+I 
GTR+I+G 
GTR+R2 
… 
GTR+R10

..…

Mixture models
Does not assign alignment sites to a specific model

Rather, assigns each alignment site a probability/ 
weight of belonging to each mixture class (models)

Gamma-distributed site-rate heterogeneity is 
an example of a mixture model

iqtree -s example.phy -m "MIX{JC,HKY}"
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Bootstrap: How reliable are branches of the tree?

ML tree

Consensus tree

Generally time and resource heavy



UFBoot: Ultrafast bootstrap approximation
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Phylogenomic 
Inference

Genome-scale data: Concatenation methods

Species tree of life
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“Data-model gap” is increasing!

Model violation        Systematic bias

Level of model violations in 35 phylogenomic datasets (https://doi.org/10.1101/460121) 

1. Resulting trees tend to be biased towards the genes that 
violated model assumptions. 

2. Bootstrap supports tend to 100% as #genes increases.



“Data-model gap” is increasing!

Model violation        Systematic bias

Level of model violations in 35 phylogenomic datasets (https://doi.org/10.1101/460121) 

1. Resulting trees tend to be biased towards the genes that 
violated model assumptions. 

2. Bootstrap supports tend to 100% as #genes increases.

1. Remove “bad” loci 
2. Use more realistic models



Partition model
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Example partition file (turtle.nex)
#nexus
begin sets;

charset ENSGALG00000000223.macse_DNA_gb = 1-846;
charset ENSGALG00000001529.macse_DNA_gb = 847-1368;
charset ENSGALG00000002002.macse_DNA_gb = 1369-2040;
charset ENSGALG00000002514.macse_DNA_gb = 2041-2772;
charset ENSGALG00000003337.macse_DNA_gb = 2773-3738;
charset ENSGALG00000003700.macse_DNA_gb = 3739-4623;
charset ENSGALG00000003702.macse_DNA_gb = 4624-6168;
charset ENSGALG00000003907.macse_DNA_gb = 6169-6648;
charset ENSGALG00000005820.macse_DNA_gb = 6649-7224;
charset ENSGALG00000005834.macse_DNA_gb = 7225-7920;
charset ENSGALG00000005902.macse_DNA_gb = 7921-8490;
charset ENSGALG00000008338.macse_DNA_gb = 8491-9282;
charset ENSGALG00000008517.macse_DNA_gb = 9283-9822;
charset ENSGALG00000008916.macse_DNA_gb = 9823-10368;
charset ENSGALG00000009085.macse_DNA_gb = 10369-11298;
charset ENSGALG00000009879.macse_DNA_gb = 11299-11895;
charset ENSGALG00000011323.macse_DNA_gb = 11896-12795;
charset ENSGALG00000011434.macse_DNA_gb = 12796-13242;
charset ENSGALG00000011917.macse_DNA_gb = 13243-14223;
charset ENSGALG00000011966.macse_DNA_gb = 14224-14691;
charset ENSGALG00000012244.macse_DNA_gb = 14692-15444;
charset ENSGALG00000012379.macse_DNA_gb = 15445-15963;
charset ENSGALG00000012568.macse_DNA_gb = 15964-16593;
charset ENSGALG00000013227.macse_DNA_gb = 16594-17895;
charset ENSGALG00000014038.macse_DNA_gb = 17896-18456;
charset ENSGALG00000014648.macse_DNA_gb = 18457-18954;
charset ENSGALG00000015326.macse_DNA_gb = 18955-19551;
charset ENSGALG00000015397.macse_DNA_gb = 19552-20145;
charset ENSGALG00000016241.macse_DNA_gb = 20146-20820;

end;



Partition model

Substitution 
models:                JC             HKY+G         ……          GTR+G

Recommended for typical analysis, 
confirmed by Dunchene et al. (2018) 
https://doi.org/10.1101/467449 
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How to reduce potential model overfitting?
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Model overfitting: Model too complex relative to data 
Poor predictive performance
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Tree topology tests

Is the difference 
statistically 
significant?

Testing two trees (Kishino & Hasegawa, 1989): 

1. Statistic: . 
2. Generate distribution of  from many “random” data (e.g. 

by 1000 bootstrap resampling). 
3. Compare the statistic between original and random data to 

obtain p-value. 
4. If p-value < 0.05: YES! two trees are significantly different. 
• If p-value >= 0.05: NO! they are not.



Mixture Across Sites and Trees (MAST) model

iqtree2 -s ALN_FILE –te TREES_FILE –m GTR+G+T

S1: A   A   -   T   A   A   A   T
S2: T   A   A   C   C   T   T   T
S3: T   A   T   A   A   G   T   T
S4: A   C   -   A   C   A   A   A

!!!    !"! !#!   !$! !%!   !&!   !'!  !(!

!!"    !""   !#"   !$"   !%"  !&"   !'"   !("

Log-likelihood of the trees: ∑# log %#

Likelihood for site i: %# = '$%#$ +'$%#%  
where '& represents the portion of sites belonging to tree )

Concatenated alignment



Toy example: Site log-likelihood 



Toy example: Site log-likelihood 



The classical example of Human, Chimp, Gorilla

Gene tree frequencies: 19.8%    20.1%     60.1%
MAST model weights:   17.9%    17.4%        64.7%

Data: 1,595 genes; 1,618,506 bp (Vanderpool et al. 2020)



Gene trees discordance due to deep coalescence

Deep coalescence
(Incomplete lineage 

sorting)

HumanChimp Gorilla



Phylogenomic 
Inference

Concatenation methods: Limitation
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Concatenation methods: Limitation

Species tree of life
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100
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Bootstrap supports and Bayesian posteriors 
tend to 100% as #genes increases!

Concatenation assumes a single tree across 
all loci 

Potential systematic bias













Coalescent/reconciliation methods
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Coalescent/reconciliation methods
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Coalescent/reconciliation methods

Species tree

Gene tree 1       Gene tree 2                …………          Gene tree 1,000
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Gene Concordance Factor (gCF): 
How often a branch in species 

tree is found among gene trees? 
0% ≤ gCF ≤ 100%

gCF(x) = 
{ i : Ti is concordant with x } 

{ i : Ti is decisive for x } 

i = a gene 
Ti = a gene tree

x = an internal branch in the species tree 



Coalescent/reconciliation methods

Species tree

Gene tree 1       Gene tree 2                …………          Gene tree 1,000
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Gene 1                  Gene 2                  ……                   Gene 1,000

Gene Concordance Factor (gCF): 
How often a branch in species 

tree is found among gene trees? 
0% ≤ gCF ≤ 100%

Problem: Uncertainties in 
gene trees!

Implementation in IQ-TREE 
fully accounts for missing data



Site Concordance Factor (sCF)

A      B           C        D    E         
F A

E F

B C

D

A

E

B

D

A

B

E

D

A

D

B

E

Site Concordance Factor (sCF): 
How often a branch is 

“supported” by alignment sites? 
33.3% ⪍ sCF ≤ 100%
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----------
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GTTTTCTCTG
GTTCTCTCCG
GTGCTCTCAG
----------
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----------
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TCTGGTGCAG
TCTGGTGCAG
TCTGGTACAG
TCTGGTGCAA
----------
TCTGGTGCAG
----------

Supermatrix 
Gene 1                  Gene 2                  ……                   Gene 1,000

sCF(x) = 
{ j : j is concordant with x } 

{ j : j is decisive for x }
∑1

m [ ]
j = a site 
x = an internal branch in the species 
tree 
m = num of quartets to sample

sCF(x) is the mean qCF(x) over m 
random quartets

A B C D E F



An example birds data set (Reddy et al., 2017)

King penguin

Emperor penguin

Little penguin

Adélie penguin

Black-footed albatross

Northern fulmar

Wilson’s storm petrel

Storm petrel

Diving petrel

Sooty shearwater

Penguins

Tubenoses

100/86.8/93.1Bootstrap/gCF/sCF (%)

100/90.8/85.8

100/48.6/33.8

100/1.15/37.3

100/29.6/48.5

99/11.5/29.2

100/30.4/43.3

100/81/73.4

100/40/34

0.003

88 genes
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0.003

88 genes

sCF too low here

gCF very low here
Only 1 gene tree  
recovers this branch!

Generally: 
Use Caution when gCF ≈ 0, or sCF ≤ 33.3%, even with 100% BS prop. 
Feel good when gCF and sCF ≥ 50%



Dataset for IQ-TREE lab: Where is Turtle in the tree?

Thanks Jeremy Brown

Dataset: 16 species, 29 genes, 
20,820 bp
(a subset of Chiari et al. 2012)

Turtle
Crocodile
Bird

Crocodile
Turtle
Bird

Bird
Turtle
Crocodile

2012

Chiar
i e

t a
l.

2013 2014

Fo
ng e

t a
l.

W
an

g e
t a

l.

Craw
ford

 et
 al

.

Lu
 et

 al
.

Sh
aff
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 et

 al
.

Different studies led to different trees!



IQ-TREE lab

1. Input data
2. Inferring the first phylogeny
3. Applying partition model
4. Choosing the best partitioning scheme
5. Tree topology tests
6. Tree mixture model (NEW)
7. Identifying most influential genes
8. Removing influential genes
9. Concordance factors (*advanced)

http://www.iqtree.org/workshop/molevol2023

Fill out your answers in a Google form (shared via Slack) 

1. Input Data


2. Inferring the first phylogeny


3. Applying a partition model


4. Choosing the best partitioning scheme


5. Tree Topology Tests


6. Tree Mixture Model


7. Identifying the most influential genes


8. Removing influential genes


9. Concordance factors

Link to Lab on course website

Link to “quiz” on course website

http://www.iqtree.org/workshop/molevol2023
https://docs.google.com/forms/d/e/1FAIpQLScoyuPHbCEYRxqf_H9Opu0QEmIw3KePZK_aTMAtBi5ktyqHlA/viewform?usp=sf_link

