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even when the population size is set to the largest possible value in these simulations, the
performance is much better than that of ML on gene tree topologies alone.

MPL had the lowest accuracy in this category of methods. This makes sense as pseudo-
likelihood is an approximation of the full likelihood designed to speed up the calculations.
Indeed, for larger data sets, running ML, especially when using gene tree topologies alone,
is infeasible, whereas MPL could be used.

We observe very similar trends on data from Scenarios 2 and 3 (supplementary figs.
S1-S3, Supplementary Material online), though the accuracy on Scenario 2 was highest.
The reason for this is that in Scenario 2, even when t; is small, the parents of the hybrid
are much more diverged than in the other two scenarios, which involve two sister taxa.

As counting only correctly inferred networks is a strict measure of accuracy, we also
quantified the true positive and negative rates of all inferences (both values are 1 when
the network is correctly inferred). The results are shown in figure 6 for all three scenarios
combined. These results show clearly that, except for the largest value of N.,, ML, ML_b],

Figure 6: Accuracy of inference results on simulated data. True positive rates (a) and true
negative rates (b) are shown for 10 replicate data sets and all three scenarios and all values of t,
combined.

and MPL have very good accuracy of the inferences, even when not inferring the true
network. For the largest population size, the accuracy of all three methods is over 85%
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when 100 gene trees are used. In other words, while not many networks were inferred
perfectly for the largest population size, the accuracy of the inferred networks is very high.

It is important to note that while inference under the MSNC could result in the correct
phylogenetic network topology, several of the branch lengths could be inferred incorrectly.
Consider the scenario of figure 1c. Since inference under the MSNC assumes that x1 and
x2 are two alleles of species X, and the same for the pair (y1,y2) and the pair (z1, z2), the
lengths of all four branches in the subtree ((X, Y), Z) would be underestimated to account
for the absence of coalescence events on these branches. Indeed, we inspected the length
of the branch connected to T in the ML inferred networks and found out that 178 out of
180 inferred networks have shorter branch length than the ground truth. Moreover, all
the ML correctly inferred networks have shorter branch lengths, which is consistent with
our expectation.

In other words, while both ML and MPL happen to provide good results in these
simulations in terms of the phylogenetic network topology, they did so at the expense of
the branch lengths. For example, for Scenario 1, the coalescent times of the homoeologous
alleles from the tetraploid T have to be more ancient than the divergence time between
species A and B. That is to say, no homoeologs could coalesce along the two horizontal
edges or the branch connected to T. So, even when the tetraploid T was correctly inferred
as the hybrid species, ML worked by forcing the age of the hybridization to be zero.

3.2 Performance of Parsimony Methods

Next, we ran InferNetwork MP, which implements the maximum parsimony method
of [35] (labeled MP below), and InferNetwork_ MP_Allopp, which is the new method
described above (labeled MPAllopp below). Results in terms of the frequency of correctly
inferred networks for Scenario 1 are shown in figure 7.

As the figure shows, both methods have almost identical performance, and both are
very similar to ML above. Furthermore, as with the methods above, we observe very sim-
ilar trends on data from Scenarios 2 and 3 (supplementary figs. 54 and S5, Supplementary
Material online), though the accuracy on Scenario 2 was highest. Figure 6 shows that in
terms of accuracy of the inferred networks the two methods are identical.

However, as with ML and MPL, while MP inferred the network topology with the
same accuracy as the new method, this does not mean that MP is equally appropriate as
MPAllopp. We illustrate this through an example. Consider the phylogenetic network
of figure 8a. The model network and parameters were obtained from [11], where the
population size was 10° individuals, and the mutation rate was 8 X 1078 per site per
generation. 30 gene trees were simulated (supplementary fig. S6, Supplementary Material
online), using the simulation program AlloppDT of [11]. Then InferNetwork_MP and
InferNetwork_MP_Allopp were used to infer the species network with one reticulation
node. As shown in figure 8, MP failed to infer an evolutionary history with hybridization,
returning a species tree instead. MPAllopp, on the other hand, made correct inference
with a MPAllopp score of 108. To ensure that the failure of MP on this data set was not
due to failed search, we calculated the MP score of the true network topology using the
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Figure 7: The number of correct estimates of networks with specified hybridization on simu-
lated data: Parsimony methods. Each bar represents the number of correctly inferred networks
out of 10. The true phylogenetic network is the one in Scenario 1. Top row: Each data set consists
of 50 gene trees. Bottom row: Each data set consists of 100 gene trees.

(a) (b)

Figure 8: An example scenario where MP fails to recover allopolyploidization when it is
present. (a) The true evolutionary history. Here, a hybridization occurred between these two
diploid species A and B, forming an allotetraploid from which the XYZ clade descended. (b) The
phylogenetic network inferred by MP.
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command DeepCoalCount_network, and we found that the true topology has a score of
280, which is worse than that of the inferred tree, which is 245.

3.3 Distinguishing Auto- and Allo-polyploidy Under the Parsimony
Criterion

We illustrate here how the parsimony criterion can be used to determine whether auto-
or allo-polyploidization took place. As we discussed above, in the former case, the
evolutionary history of the species should be a tree, not a network, whereas in the latter
case it should be a network. Therefore, when running MP or MPAllopp on data including
autopolyploids, the method would find that a tree fits the data equally well to a network
(barring weak signal) and return a tree. In the presence of allopolyploids, the method
would find that a network fits the data better than a tree.

To demonstrate the utility of MP for identifying autopolyploidy, we applied MP to
an example data set obtained from https://gwct.github.io/grampa/examplel.html. This
data set includes 1000 gene trees whose underlying species phylogeny is shown in figure 9.
We ran MP, setting the number of allowable reticulations to 1, and MP accurately recovered
the underlying singly-labeled species tree even though hybridization was allowed, as
shown in figure 9.
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Figure 9: An example data set involving autopolyploidy. Here, a WGD event took place at the
MRCA of ((x,y),z). Left: the species MUL-tree used to simulate the gene trees in the presence of
autopolyploidy. Right: the species tree topology inferred by MP, which is identical to the true
singly-labeled topology.
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3.4 Running Times of the Methods

The average running times across all conditions and data sets in CPU minutes of ML,
ML_bl, MPL, MP and MPAllopp are 1503.60, 23.87, 256.91, 19.93, and 19.95, respectively.
Figure 10 gives a more detailed view of the running times as a function of the two
parameters that affect running time most, namely the number of gene trees in the input
and the effective population size.
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Figure 10: Running times of the five methods in CPU minutes. Results are shown for 10 replicate
data sets. Note: The scales of the y axes in the three panels differ significantly.

As the population size increases, the heterogeneity between the gene trees and the
phylogenetic network, as well as among the gene trees themselves, increases due to ILS.
This in turn results in increased running times of computing the gene tree probabilities.
This explains the differences in running times of ML across the three population sizes.
Furthermore, this also explains the sharper increase in ML's running time as the number
of gene trees increases in the case of the larger population sizes than in the smaller ones.

When the branch lengths of the gene trees are used (ML_bl), the likelihood calculations
are cut significantly because the number of possible coalescent histories decreases sharply
[37].

As maximum pseudo-likelihood relies on frequencies of triplets of taxa [38], the run-
ning times are hardly impacted by the population sizes and are impacted linearly in terms
of the number of gene trees.

The running times of both parsimony methods are negligible as these methods do not
estimate branch lengths of the networks.

3.5 Analysis of a Biological Data Set

We ran InferNetwork_MP_Allopp on the biological data set in [22], which consists of
diploid, tetraploid and hexaploid representatives of the genus Leucanthemopsis (Com-
positae, Anthemideae). The data set consists of four nuclear single-copy genes and two
plastidic intergenic spacer regions. We downloaded the sequences from the GenBank
database using the accession numbers provided in [22], and aligned the sequences using
MAFEFT version 7.453 [13]. For each locus, we ran BEAST version 1.10 [26] to infer a sam-
ple of trees, based on which we computed the maximum clade credibility tree, resulting
in five inferred gene trees, as one tree was inferred on the two intergenic spacer regions
(supplementary figs. S7-511, Supplementary Material online).
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In our analysis, we set the maximum number of allowed reticulations to 0, 1, 2 and 3,
and with 0, 1 (the hexaploid L. alpina subsp. cuneata) or 2 (the hexaploid L. alpina subsp.
cuneata and the hexaploid L. longipectinata) specified hybrid species.

We obtained the optimal results of MPAllopp after 20 runs of search, as are shown in
Table 1. As the table shows, when the hybrid species were specified, an optimal network

Table 1: Results of InferNetwork_MP_Allopp on the
Leucanthemopsis data.

InferNetwork_MP_Allopp

#Specified Maximum
hybr}i)d species #reticulations MPAllopp score
0 0 241
1 1 233
1 2 233
1 3 233
2 2 227
2 3 227

was obtained even when allowing extra hybridizations to be added. Based on these
results, the optimal network with a single hybridization is the one with the hexaploid L.
alpina subsp. cuneata specified as hybrid. The optimal network with two hybridizations
is the one with the hexaploid L. alpina subsp. cuneata and the hexaploid L. longipectinata
specified as hybrids.

The optimal network with two hybrids is shown in figure 11. This network shows that

Hymenostemma_pseudanthemis
Prolongoa_hispanica
Leucanthemopsis_alpina4x
Leucanthemopsis_alpina
Leucanthemopsis_alpina_subsp_tomentosa
Leucanthemopsis_pallida_var_bilbilitanum
Leucanthemopsis_pallida_var_virescens
Leucanthemopsis_pectinata
Leucanthemopsis_pallida_subsp_spathulifolia
Leucanthemopsis_pulverulenta
Leucanthemopsis_longipectinata
Leucanthemopsis_alpina_subsp_cuneata
Castrilanthemum_debeauxii

Figure 11: Inference results using the MPAllopp criterion on the example data set of Leucan-
themopsis representatives in [22]. The optimal network with a MPAllopp score of 227 when the
maximum number of reticulations was set to 2 and L. alpina subsp. cuneata (6x) and L. longipectinata
(6x) were specified to be the hybrid species.
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thatan allotetraploid was created through allopolyploidzation, and this allotetraploid later
hybridized with a diploid species (Castrilanthemum debeauuxii), giving rise to a hexaploid
that is the ancestor of the two hexaploid species L. alpina subsp. cuneata (6x) and L.
longipectinata (6x).

The tetraploid L. alpina was found to be an autopolyploid. Even though the L. alpina
subsp. cuneata (6x) is one of the intraspecific taxa of the widespread L. alpina Heywood, it
is postulated to have a closer relationship with other Iberian species. This might be due
to the spatial locality, as the L. alpina subsp. cuneata (6x) lives in Northern Spain.

Finally, the network we inferred and reported in figure 11 above is different from
the network inferred and reported by [22]. Using the DeepCoalCount_AlloppNet we
calculated the MPAllopp score of the network of [22] using the gene trees we inferred. The
score is 269, which is much worse than the tree we inferred (which has a score of 241). It
is important to note here that [22] used different gene tree estimates. When we used the
gene tree estimates reported in the original study, we found that the MPAllopp score of
the network of [22] was 154, whereas the network we reported in figure 11 had a score of
134. To summarize, regardless of the gene trees used (which differ in the way they were
inferred), the network we report here is a better network in terms of the MPAllopp score.

4 Concluding Remarks

In this paper, we introduced a new maximum parsimony method for inferring phyloge-
netic networks from gene tree topologies while accounting for polyploidy and incomplete
lineage sorting simultaneously. The method employs a heuristic search for walking the
network space while evaluating the parsimony score on the MUL-tree representation of
the network.

A question that begs to be answered is: If MUL-trees can be treated as equivalent to
phylogenetic networks, then what is the gain from using the latter model? The lack of
a one-to-one mapping between MUL-trees and phylogenetic networks notwithstanding
[9, 43], “seeing" the polypoloid hybridization events in a MUL-tree is possible only for
simplistic scenarios: a small number of taxa, a small number of hybridization events,
a small number of gene extinctions, and, most importantly, the absence of confounding
factors such as ILS (figure 1). Indeed, the parsimony algorithms and methods of [8, 29]
do not account for ILS. Identifying the hybridization events computationally is the task
of turning the MUL-tree into a phylogenetic network after a MUL-tree is inferred from
the gene trees. Therefore, our method searches the phylogenetic network space directly
by applying sub-network transfer operations on networks, so that the inference result is a
network, rather than a MUL-tree.

As discussed in [2], statistical modeling of phylogenetic networks with polyploid
hybridization is very complex. We believe that devising stochastic models and inference
methods for restricted classes of polyploids, as in [11, 24], is most likely the way to make
progress in this area.

In the last several years, there has been work on combining the multispecies coalescent
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model with a birth-death model of gene duplication and loss [34, 25, 5, 14]. Most recently,
[6] introduced a model that unifies the multispecies network coalescent and a birth-
death model thus allowing for simultaneous modeling of incomplete lineage sorting,
gene duplication and loss, and diploid hybridization. These works could be relevant for
further advances in modeling polyploid hybridization in phylogenomic inference.

Statistical inference of phylogenetic networks is computationally much more demand-
ing than inference of trees, severely limiting the sizes of data sets that can be analyzed
with phylogenetic network methods. One approach to handling larger data sets is to
analyze smaller subsets of the data (subsets in terms of taxa). This approach could be
automated, as in [40] for example, but this requires developing methods for accurately es-
timating small networks with their evolutionary parameters and for merging these small
networks into a network on the full data set. We view this as an essential direction for
tuture research for phylogenetic network inference on large data sets involving polyploids
to become feasible.

Acknowledgments

This work was supported by grants CCF-1514177, CCF-1800723, and DMS-1547433 from
the National Science Foundation provided to L.N.

References

[1] Camille Berthelot, Frédéric Brunet, Domitille Chalopin, Amélie Juanchich, Maria
Bernard, Benjamin Noél, Pascal Bento, Corinne Da Silva, Karine Labadie, Adriana
Alberti, et al. The rainbow trout genome provides novel insights into evolution after
whole-genome duplication in vertebrates. Nature communications, 5(1):1-10, 2014.

[2] Paul D Blischak, Makenzie E Mabry, Gavin C Conant, and J Chris Pires. Integrating
networks, phylogenomics, and population genomics for the study of polyploidy.
Annual Review of Ecology, Evolution, and Systematics, 49:253-278, 2018.

[3] Zhen Cao, Xinhao Liu, Huw A Ogilvie, Zhi Yan, and Luay Nakhleh. Practical aspects
of phylogenetic network analysis using phylonet. bioRxiv, page 746362, 2019.

[4] Zhen Cao and Luay Nakhleh. Empirical performance of tree-based inference of
phylogenetic networks. In Proceedings of the Workshop of Algorithms in Bioinformatics
(WABI), 2019.

[5] Peng Du and Luay Nakhleh. Species tree and reconciliation estimation under a
duplication-loss-coalescence model. In Proceedings of the 2018 ACM International Con-
ference on Bioinformatics, Computational Biology, and Health Informatics, pages 376-385,
2018.


https://doi.org/10.1101/2020.09.28.317651
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2020.09.28.317651; this version posted September 29, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

[6] Peng Du, Huw A Ogilvie, and Luay Nakhleh. Unifying gene duplication, loss, and
coalescence on phylogenetic networks. In International Symposium on Bioinformatics
Research and Applications, pages 40-51. Springer, 2019.

[7] Stella MK Glasauer and Stephan CF Neuhauss. Whole-genome duplication in teleost
tishes and its evolutionary consequences. Molecular genetics and genomics, 289(6):1045—
1060, 2014.

[8] Katharina T Huber and Vincent Moulton. Phylogenetic networks from multi-labelled
trees. Journal of Mathematical Biology, 52(5):613-632, 2006.

[9] Katharina T Huber, Vincent Moulton, Mike Steel, and Taoyang Wu. Folding and
unfolding phylogenetic trees and networks. Journal of Mathematical Biology, 73(6-
7):1761-1780, 2016.

[10] Yuannian Jiao, Norman ] Wickett, Saravanaraj Ayyampalayam, André S Chanderbali,
Lena Landherr, Paula E Ralph, Lynn P Tomsho, Yi Hu, Haiying Liang, Pamela S Soltis,
et al. Ancestral polyploidy in seed plants and angiosperms. Nature, 473(7345):97-100,
2011.

[11] Graham Jones, Serik Sagitov, and Bengt Oxelman. Statistical inference of allopoly-
ploid species networks in the presence of incomplete lineage sorting. Systematic
Biology, 62(3):467-478, 2013.

[12] Olga K Kamneva, John Syring, Aaron Liston, and Noah A Rosenberg. Evaluating al-
lopolyploid origins in strawberries (fragaria) using haplotypes generated from target
capture sequencing. BMC evolutionary biology, 17(1):180, 2017.

[13] Kazutaka Katoh and Daron M Standley. Mafft multiple sequence alignment software
version 7: improvements in performance and usability. Molecular biology and evolution,
30(4):772-780, 2013.

[14] Qiuyi Li, Nicolas Galtier, Celine Scornavacca, and Yao-Ban Chan. The multilocus
multispecies coalescent: A flexible new model of gene family evolution. bioRxiv,
2020.

[15] Martin Lott, Andreas Spillner, Katharina T Huber, Anna Petri, Bengt Oxelman, and
Vincent Moulton. Inferring polyploid phylogenies from multiply-labeled gene trees.
BMC Evolutionary Biology, 9(1):216, 2009.

[16] W. Maddison. Gene trees in species trees. Systematic Biology, 46(3):523-536, 1997.

[17] W. P. Maddison and L. L. Knowles. Inferring phylogeny despite incomplete lineage
sorting. Systematic Biology, 55:21-30, 2006.


https://doi.org/10.1101/2020.09.28.317651
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2020.09.28.317651; this version posted September 29, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

[18] Marina Marcet-Houben and Toni Gabaldén. Beyond the whole-genome duplication:
Y & P
phylogenetic evidence for an ancient interspecies hybridization in the baker’s yeast
lineage. PLoS Biol, 13(8):€1002220, 2015.

[19] Jane Masterson. Stomatal size in fossil plants: evidence for polyploidy in majority of
angiosperms. Science, 264(5157):421-424, 1994.

[20] Matthieu Muffato and Hugues Roest Crollius. Paleogenomics in vertebrates, or the
recovery of lost genomes from the mist of time. Bioessays, 30(2):122-134, 2008.

[21] Luay Nakhleh. A metric on the space of reduced phylogenetic networks. IEEE/ACM
Transactions on Computational Biology and Bioinformatics (TCBB), 7(2):218-222, 2010.

[22] Christoph Oberprieler, Florian Wagner, Salvatore Tomasello, and Kamil Konowalik.
A permutation approach for inferring species networks from gene trees in poly-
ploid complexes by minimising deep coalescences. Methods in Ecology and Evolution,
8(7):835-849, 2017.

[23] Susumu Ohno. Evolution by gene duplication. Springer Science & Business Media,
2013.

[24] Bengt Oxelman, Anne Krag Brysting, Graham R Jones, Thomas Marcussen, Christoph
Oberprieler, and Bernard E Pfeil. Phylogenetics of allopolyploids. Annual Review of
Ecology, Evolution, and Systematics, 48:543-557, 2017.

[25] Matthew D. Rasmussen and Manolis Kellis. Unified modeling of gene duplication,
loss, and coalescence using a locus tree. Genome Research, 22(4):755-765, 2012.

[26] Marc A Suchard, Philippe Lemey, Guy Baele, Daniel L Ayres, Alexei ] Drummond,
and Andrew Rambaut. Bayesian phylogenetic and phylodynamic data integration
using beast 1.10. Virus evolution, 4(1):vey016, 2018.

[27] C. Than and L. Nakhleh. Species tree inference by minimizing deep coalescences.
PLoS Computational Biology, 5(9):e1000501, 2009.

[28] C.Than, D. Ruths, and L. Nakhleh. PhyloNet: a software package for analyzing and
reconstructing reticulate evolutionary relationships. BMC Bioinformatics, 9(1):322,
2008.

[29] Gregg WC Thomas, S Hussain Ather, and Matthew W Hahn. Gene-tree reconciliation
with mul-trees to resolve polyploidy events. Systematic Biology, 66(6):1007-1018, 2017.

[30] D. Wen, Y. Yu, and L. Nakhleh. Bayesian inference of reticulate phylogenies under
the multispecies network coalescent. PLoS Genetics, 12(5):e1006006, 2016.

[31] Dinggiao Wen and Luay Nakhleh. Co-estimating reticulate phylogenies and gene
trees from multi-locus sequence data. Systematic Biology, 67(3):439-457, 2018.


https://doi.org/10.1101/2020.09.28.317651
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2020.09.28.317651; this version posted September 29, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

[32] Dinggiao Wen, Yun Yu, Jiafan Zhu, and Luay Nakhleh. Inferring phylogenetic net-
works using PhyloNet. Systematic Biology, 67(4):735-740, 2018.

[33] Ian G Woods, Catherine Wilson, Brian Friedlander, Patricia Chang, Daengnoy K
Reyes, Rebecca Nix, Peter D Kelly, Felicia Chu, John H Postlethwait, and William S
Talbot. The zebrafish gene map defines ancestral vertebrate chromosomes. Genome
research, 15(9):1307-1314, 2005.

[34] Yi-Chieh Wu, Matthew D Rasmussen, Mukul S Bansal, and Manolis Kellis. Most
parsimonious reconciliation in the presence of gene duplication, loss, and deep coa-
lescence using labeled coalescent trees. Genome research, 24(3):475-486, 2014.

[35] Y. Yu, RM. Barnett, and L. Nakhleh. Parsimonious inference of hybridization in the
presence of incomplete lineage sorting. Systematic Biology, 62(5):738-751, 2013.

[36] Y. Yu, ].H. Degnan, and L. Nakhleh. The probability of a gene tree topology within
a phylogenetic network with applications to hybridization detection. PLoS Genetics,
8:€1002660, 2012.

[37] Y. Yu, J. Dong, K. Liu, and L. Nakhleh. Maximum likelihood inference of reticulate
evolutionary histories. Proceedings of the National Academy of Sciences, 111(46):16448—
6453, 2014.

[38] Y. Yu and L. Nakhleh. A maximum pseudo-likelihood approach for phylogenetic
networks. BMC Genomics, 16:510, 2015.

[39] Jiafan Zhu, Xinhao Liu, Huw A Ogilvie, and Luay K Nakhleh. A divide-and-conquer
method for scalable phylogenetic network inference from multilocus data. Bioinfor-
matics, 35(14):i370-i378, 07 2019.

[40] Jiafan Zhu, Xinhao Liu, Huw A Ogilvie, and Luay K Nakhleh. A divide-and-conquer
method for scalable phylogenetic network inference from multilocus data. Bioinfor-
matics, 35(14):i370-i378, 2019.

[41] Jiafan Zhu and Luay Nakhleh. Inference of species phylogenies from bi-allelic markers
using pseudo-likelihood. Bioinformatics, 34:i376-i385, 2018.

[42] Jiafan Zhu, Dinggiao Wen, Yun Yu, Heidi M. Meudt, and Luay Nakhleh. Bayesian in-
ference of phylogenetic networks from bi-allelic genetic markers. PLOS Computational
Biology, 14(1):1-32, 01 2018.

[43] Jiafan Zhu, Yun Yu, and Luay Nakhleh. In the light of deep coalescence: revisiting
trees within networks. BMC Bioinformatics, 17(14):415, 2016.


https://doi.org/10.1101/2020.09.28.317651
http://creativecommons.org/licenses/by-nc-nd/4.0/

