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Abstract: In recent years, to infer phylogenies, which are NP-hard problems, more and more
research has focused on using metaheuristics. Maximum Parsimony and Maximum Likelihood
are two effective ways to conduct inference. Based on these methods, which can also be considered
as the optimal criteria for phylogenies, various kinds of multi-objective metaheuristics have been
used to reconstruct phylogenies. However, combining these two time-consuming methods results in
those multi-objective metaheuristics being slower than a single objective. Therefore, we propose a
novel, multi-objective optimization algorithm, MOEA-RC, to accelerate the processes of rebuilding
phylogenies using structural information of elites in current populations. We compare MOEA-RC
with two representative multi-objective algorithms, MOEA /D and NAGA-II, and a non-consensus
version of MOEA-RC on three real-world datasets. The result is, within a given number of iterations,
MOEA-RC achieves better solutions than the other algorithms.
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1. Introduction

With the rapid growth of the number and size of biological molecular sequences discovered,
inferring phylogenetic tree that describes evolutionary relationship between given molecular sequences
is getting more important and harder in field of bioinformatics. The computational methods for
inferring a phylogenetic tree have been split into the following three categories: (1) distance-matrix
methods, such as NJ [1] and BION] [2], generate trees stepwise using genetic distance information
obtained from multiple sequence alignments under the assumption that the tree with the smallest sum
of branch lengths is the best; (2) Maximum Parsimony (MP) [3] calculates and minimizes the total
amounts of variation of phylogenetic trees on the hypothesis that, the fewer mutation events occur,
the more authentic they are; and (3) Maximum Likelihood (ML) [3], which estimates phylogenetic
trees based on alternative evolutionary Markov models, such as JC69 [4], HKY85 [5], TN93 [6] and
GTR [7] that describe the rates at which one nucleotide replaces another. One tree, having a high ML
value, indicates the genetic relations between the sequences described in the tree are more realistic.

Inferring phylogenetic tree can be treated as single objective optimization problem or
multi-objective optimization problem (MOP) [8] which we discuss later. When it comes to single
objective problem, the process of inferring phylogenetic tree is guided by one of criteria described
above, such as ML or MP. Phylogenetic trees about same molecular sequences are always comparable
under single criterion. As explained by Lemmon [9], to obtain the optimal solution, using any one of
these two methods, we must rebuild all possible phylogenetic trees from one set of sequences, and that
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becomes difficult or impossible as the number of sequences increases. It becomes a NP-hard problem
that cannot be solved in polynomial time [10]. Thus, to save computational time, a more practical way
to solve this kind of problem is to find an approximate solution which is near optimal solution, instead
of a real optimal solution. The following are three strategies that can be used to find an approximate
solution: (1) Hill-climbing, i.e., repeating branch swapping and parameter optimizing (including
branch length optimizing) until a better solution cannot be obtained after several iterations [11];
(2) divide-and-conquer, such as the quartet puzzling method [12]; and (3) the relative effective
way is to use metaheuristics, such as genetic algorithms [13-15], particle swarm [16], etc. Besides
these algorithms, there is much software, available online, based on a single criterion. For example,
TNT [17] and PHYLIP [11] are based on MP. RAXML [18], IQPNNI [19], MrBays [20], Garli [21],
and MetaPIGA [22] are based on ML. TNT implements different heuristic, such as sectorial and tree
fusing, to address the inference of maximum parsimony trees.

Compared to single objective optimization problem, MOP is more complex, which deals with two
or more objective functions. In MOP, no solution can optimize all objective functions simultaneously
since objective functions are not all compatible. Instead of one optimal solution, each MOP has a
Pareto Front (PF) that is composed by optimal solutions. The Pareto dominance concept is used to
compare two solutions. A solution x dominates a solution y if x is not worse than y in all objectives
and if it is better for at least one. Those optimal solutions in PF are non-dominated. In solving MOP,
we search some Pareto-optimal solutions that must be uniformly approaching to PF. Multi-objective
evolutionary algorithms (MOEAs) is a common way to deal with MOP.

Since two criteria can be the objective functions of MOP and the results of these two criteria are
conflicting [23-25], more and more studies [26] focus on considering the inferring of phylogenetic trees
as a MOP. Besides inferring phylogenetic trees, actually, a wide range of biological problems have been
regarded as MOP [27]. It has been testified [28] that multi-objective genetic algorithms will outperform
single-objective genetic algorithms because multi-objective genetic algorithms are more likely to escape
from local optima. Based on a well-known MOEA called NSGA-II [29], PhyloMOEA [8] was proposed
for phylogenetic inference and it performs well in both ML and MP.

For any MOEAs applied to inferring phylogenetic tree, they must evaluate all trees at each
generation. If ML and MP were chosen as objective functions, computing the result of these
two functions for all trees can be very time-consuming. In general, two kinds of method can be
used to enhance algorithm’s time efficiency: (1) parallelizing algorithm [16,30,31]; and (2) improving
algorithm to achieve fine convergence in fewer generations. Our work is focused on the second one.

Lemmon used the inter-population consensus information to enhance accuracy and speed of
genetic algorithm [9] which is used to infer phylogenetic tree. In this context, consensus information
refers to the consensus branches, obtaining from several elitist phylogenetic trees that can be treated as
common topological features contributing much to the evaluation result of those elitists. Under the
assumption that those consensus branches are correct, Lemmon’s algorithm protects these consensus
branches from any topological mutation. With the help of consensus information, the algorithm avoids
many random searches in solution space and converges in fewer generations. However, only one
criterion, ML, has been considered in Lemmon’s algorithm. Therefore, in this paper, to use consensus
information to speedup MOP in inferring phylogenetic tree, we designed new MOEA—Multi-Objective
Evolutionary Algorithm using Redistribution and Consensus (MOEA-RC)—that fits consensus
branches well.

2. Materials and Methods

In this paper, two classical MOEAs were chosen to try to fit consensus: MOEA/D [32] and
NSGA-II [29]. The main procedure for NSGA-Il is as follows: In every generation, NSGA-II generates
new offspring by a genetic operation and then splits the population, including parents and offspring,
into several subsets called non-dominated front that are marked as different fitness levels by a
domination relationship. Then, the better subsets are chosen as the parents of the next generation.
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Because consensus must be computed from several solutions, consensus may be obtained from
NSGA-II’s non-dominated front. As we view inferring phylogenetic tree as MODP, no tree can optimize
the two objectives simultaneously, which is the same as consensus that represents tree’s topological
characteristics. Different consensuses contribute to different objective functions in different degrees.
Those solutions in NSGA-II's non-dominated front represent diverse topological characteristics and,
usually, are good at one objective function but inferior at another one. Therefore, we cannot compute
right consensus from non-dominated front.

MOEA/D [32] is a MOEA based on decomposition that, via an aggregation function, separates
the MOP into several smaller, single objective sub-problems and then, using a common evolutionary
algorithm, solves the sub-problems. In MOEA /D [32], weight vector is used to aggregates multiple
objective functions to one by aggregation function; therefore, trees owning the same weight vector
have the similar topological characteristics. However, this is not suited for computing consensus,
because every weight vector corresponds to only one solution, while consensus needs to be computed
from more than one solution.

To fit the concept of consensus into MOEAs, we designed a new MOEA called MOEA-RC to
infer phylogenetic tree. The RC in the name of MOEA-RC is an abbreviation of redistribution and
consensus that are core operations in this new MOEA. The range of values of the two objectives,
MP and ML, is different in most cases. Consequently, the following normalization must be applied
when evaluating solutions:
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reference point; z04 = (zf12d, | znad) js the nadir point; and f; is the original ith objective function
value. z* and z"* will be dynamically obtained at runtime. We check the best value and worst value

for every objective function and update the value of z* and z"*? at each generation.

2.1. Selection Operator-Redistribution

Our proposed algorithm is composed of two critical components: redistribution and consensus.
Redistribution, which selects survivals and offers a reasonable condition for computing a consensus,
is described as follows. Let P, having size m, denote the parent populations, which survived from the
last selection of the algorithm. S, also having size m, denotes the offspring generated by the genetic
operation from P. C is the union of P and S. As shown in Figure 1, C is the input of redistribution. In the
solution sets, each solution is distributed to the sub-population which most closely related with this
solution. The number of sets, defined by the user, is identical to the number of weights. The method
for measuring relative degree is expressed by Equation (2). R denotes relative degree; f; and f, are
normalized values of objective functions of individuals; and wl1 is the first dimension value of the ith
weight vector.

f1 1
fitha wi
subjecttoi € {1, 2, .., n}

Minimize R =

)

As mentioned above, redistribution is responsible for selecting survivors from the population.
Therefore, after the above operation, we choose the solution that can survive. The size of Cis 2 x m;
thus, the number of solutions, m, in C are eliminated. Ideally, after selection, each solution set has the
same number of solutions as the other solution sets. To approach the ideal, after sorting the solutions
according to their fitness computed by the Weighted Sum (WS) approach (Equation (3)), we eliminate
the worst solutions in those sets with size exceeding m/n.
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The grey solutions in Figure 1 are eliminated; only those solutions outside the dashed line are
possibly eliminated. The reason for doing this is to keep as sufficient a number of solutions as possible
to improve the validity of the consensus generated in the next step. On the other hand, retaining those
few population solutions enhances the distribution and variety of the populations.
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Figure 1. Illustration of redistribution. Rectangles marked W1-Wn are populations for different weight
vectors. m is the number of defaults of all the individuals. The number of individual cycles is denoted
by 2 x m. m number of grey cycles are eliminated in each iteration of redistribution.

2.2. Consensus

After selection, we compute the consensus for those solution sets that have a different search
direction. For example, for solution set T, compute the consensus from T and T’s two neighboring
sets, which depend on the distance of their corresponding weight vectors. We implemented the
more efficient method to compute majority rule (+) consensus described in the work [33]. However,
differing from the work [33], instead of consensus trees, we compute the consensus branches of trees.
Those consensus branches are viewed as the most correct branches in the current population. We try
to protect those branches in any subsequent operation, such as crossover and mutation, that would
change the topology of the trees.

Three sets are used to compute the consensus for one set for the following reason: Those solutions
that are involved in computing a consensus are regarded as elites in the population. Moreover, if we
choose all the solutions in the population to compute consensus branches, the result would be that
all the solutions in one direction are exactly the same after a few generations because of consensus.
Therefore, to compute a consensus, we choose prior solutions, rather than all the solutions in the set.
However, the elites in one solution are too few to result in a correct consensus. We fix this problem
by using the idea of the neighbor in MOEA /D [32]. The neighbors of one weight vector are seen as
being in the same direction to some degree. Thus, instead of all the solutions in T, we use the few best
solutions in the three sets neighboring T.

2.3. MOEA-RC

The step-by-step procedure for MOEA-RC is as follows:

Step 1. Population initiation: Two options can be chosen to initialize population: (1) using molecular
sequences, which have been pre-processed, such as alignment, to randomly build N
phylogenetic trees; and (2) using user given trees.

Step2. Evaluation: Evaluate trees by MP and ML and update reference point at the same time.
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Step3. Redistribution: As described in Section 2.1, separate the population into several
sub-populations according to Equation (2) and Sort trees in each sub-population by their
fitness computed by Equation (3).

Step4. Computation of consensus: Generate consensus branches for each sub-population as
described above.

Step5. Generation of offspring: Randomly select two individuals from the current population and do
a crossover operation to generate two new solutions. Many crossover operators are available
in the literature (Lewis 1998 [13]; Congdon 2002 [34]). We chose Prune-Delete-Graft (PDG),
which is described by Lewis (1998) [13], because it has been successfully applied under
different criteria. Then, use the nearest neighbor interchange (NNI) [35] to mutate the two new
solutions. Repeat this step until N new solutions have been generated.

Step 6. Merging: Merge the offspring with the current population.

Step7. Repeat: Return to Step 2 and repeat until the stop condition is reached. The stop condition in
this paper is the maximum number of evaluation times set by the user. The stop condition in
this paper is a given specific number of generations.

The major computational costs in MOEA-RC are Steps 2-5. It takes O(IN) time to evaluate population
in Step 2. In Step 3, every tree in population needs O(w) time to compute Equations (2) and (3). Thus,
the complexity of this step is O(w xN). For Step 4, as reported by Jansson [33], given an input of k
phylogenetic trees with identical leaf label sets and n leaves each, we can obtain consensus branches in
O(kxn) time. Because we need w sets of consensus branches and the upper bound of k in this context is
3 N/w, Step 5 takes O(nxN) time.

3. Results

To validate our proposed algorithm, we conducted a series of experiments. Firstly, we compare
our algorithm with the two most popular and representative algorithms, MOEA /D and NSGA-I],
on three real-world datasets (See Table 1) using random starting trees as initial population. Likewise,
another algorithm (MOEA-R) without a computing consensus that could testify to the efficacy of
the consensus was used in the experiments. Secondly, we compare our algorithm with PhyloMOEA,
MOEA /D and NSGA-II using same starting trees, which were generated by bootstrap analysis before
running experiments, as initial population for the sake of fairness. The reason for using given tree is
the same as mentioned in [8]: random starting trees are poor estimations of ML and MP. Our proposal
algorithm was also compared with several single-criterion phylogenetic software. All experiments in
this paper were independently run ten times on the same server (Intel(R) Xeon(R) E5-2630 v3 CPU at
2.4GHz and 64G RAM, PowerEdge R730, Dell Inc., Xiamen, China). The server’s operating system is
Ubuntu 5.4.0-6. The common parameters for all evolutionary algorithms in this experiment are listed
in Table 2. Those experiments on same dataset used same substitution model, GTR + GAMMA, with
same specific parameters generated by RAXML. The aggregation function used by MOEA /D in this
paper is Tchebycheff [32].

Table 1. Three datasets for experimentation.

Dataset Number of Sequence Nucleotides per Sequence Data Description
rbcl_55 55 1314 rbcl plastid gene [13]
mtDNA_186 186 16,608 Human mitochondrial DNA [36]

ZILLA_500 500 759 500 rbcL sequences from plant plastids [37]
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Table 2. Common parameters of the algorithms in the experiments.

Parameter Value
Population size 100
Generations 100
Selection method Binary tournament [9]
Crossover method Prune-Delete-Graft [13]
Crossover probability 0.8
Mutation method NNI [35]
Mutation probability 0.2
Substitution model GTR [7]

The Pareto Front (PF) of the four algorithms in the three datasets at a 100 evaluation is shown in
Figures 2—4. Figures 2-4 show the change of MP and ML of the algorithms with various multiples of
evaluation on rbcl_55 and mtDNA_186. In these figures, the results are composed by the best one time
of 10 times independent run for each algorithm and the value of ML have been multiplied by —1 so
that we can simply minimize all objective functions.

As shown in Figure 2, MOEA-RC has a better PF than the three other algorithms at 100 the
evaluation. The non-consensus version of MOEA-RC, MOEA-R, achieved a performance about the
same as that for NSGA-II and MOEA /D. Specifically, MOEA-R performs better than MOEA /D in
mtDNA_186 and ZILLA_500. In dataset mtDNA, the PF of MOEA-R and NSGA-II are mutually
non-dominated. To a certain degree, the advantage of MOEA-RC compared with MOEA-R
demonstrates the efficacy of consensus.

The results (Figure 3) show the convergence of those algorithms. Compared with the other three
algorithms, MOEA-RC has better convergence. Although the curves of MOEA-RC and MOEA-R
are very close, MOEA-RC is better than MOEA-R; the high quality of MOEA-RC is more obvious at
20,000 to 60,000 evaluations. In particular, the shape of the curve of MOEA-RC is smoother than the
shape of the curve of MOEA-R, illustrating that consensus not only accelerates convergence, but also
enhances the stability of the search procedure. On the other hand, the two graphs in Figure 3 also
show that MOEA-RC is superior to MOEA /D and NSGA-II. Because either MP or ML and the result
of convergence were not good enough, MOEA /D almost ceased improving from 40,000 evaluation.
NSGA-II, although better than MOEA /D, still ceased earlier than MOEA-RC. In Figure 4, MOEA-RC
also has better result than other three algorithms.

22,8001 \*w —= NSGA-Il 3 49,800 \“\.\.
— MOEAD

rbcl_55 mtDNA_186
-»- MOEA-RC
23,400+ 50,400 = NSGA-II

o 23,200 % < 50,200 = MOEAD
8 ‘\\\ 8 -+ MOEAR
£ 2 i < i
5 3,000 ~ MOEARC 2 50,000 —e—a
3 3

22,600 -— MOEA-R 49,600
5,400 5,500 5,600 5,700 4,600 4,650 4,700 4,750 4,800
Parsimony Parsimony

(a) (b)

Figure 2. Cont.



Int. ]. Mol. Sci. 2018, 19, 62 7 of 10

ZILLA_500
138,200 - MOEA-RC
138,000 -= NSGA-II
s -+ MOEAD
g tomsoo; \\’_\ ~ MOEAR
5 137,600
< ",
3 137,400- .'-\'
137,200
137,0001— : : T T
36,600 36,800 37,000 37,200 37,400
Parsimony
(c)

Figure 2. Pareto Front (PF) of the four algorithms in the three datasets at 1000 evaluation:
(a) performances on rbcl_55; (b) performances on mtDNA_186; and (c) performances on ZILLA_500.
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Figure 3. Change of ML and MP of the algorithms with various multiples of evaluation on rbcl_55:
(a) Maximum Parsimony; and (b) Maximum Likelihood.
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Figure 4. Change of MP and ML of the algorithms with various multiples of evaluation on mtDNA_186:
(a) Maximum Parsimony; and (b) Maximum Likelihood.

We conclude that consensus can help MOEAs converge in less generations. In fact, as we know,
the complexity of NSGA-II is O(N?), thus MOEA-RC will not take more time to run than NSGA-II
while N > n. Table 3 shows MP, ML and execution time of MOEA-RC, MOEA /D, NSGA-II and
PhyloMOEA on three datasets. In this table, MP and ML are the best results of 10 independent runs of
each program and run time is average run time of 10 independent runs. As we can see, MOEA-RC has
the best result among these algorithms. In terms of run time, when the number of taxon (molecular
sequence) is smaller than the size of the population, the run time of MOEA-RC is less than the others.
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This advantage reduces when the number of taxon increases. However, MOEA-RC’s actual run time is
still not longer than the others.

Table 3. The comparison of several multi-objective algorithms on three real-world datasets. The ML
and MP in this table is the best value after 100 generations of each algorithm. The mark of (+) means
the value is better than the other algorithms.

Dataset
Algorithm Metrics
rbcl_55 mtDNA_186 ZILLA_500
ML —22,156.4 (+) —39,927.6 (+) —84,633.1 (+)
MOEA-RC MP 4977 (+) 2460 (+) 17,186 (+)
Run time 1059.80 66,215.13 13,016.22
ML —22,169.6 —39,937.5 —84,715.9
MOEA/D MP 4979 2461 17,194
Run time 1302.64 65,620.20 13,082.54
ML —22,193.3 —39,942.5 —84,719.4
NSGA-II MP 4979 2463 17,192
Run time 1287.07 66,010.94 12,812.62
ML —2200.1 —39,938.2 —84,704.6
PhyloMOEA MP 4982 2461 17,191
Run time 2163.4 >24 h >24 h
ML —22,244.7 —39,984.6 —84,714.6
MOEA-R MP 4979 2464 17,196
Run time 1061.13 65,174.37 12,442.53

In addition, we compare our proposal algorithm with DNAPARS, RAXML and MEGA 7 (Table 4).
DNAPARS is one program of PHYLIP that is phylogeny inference package computer programs for
inferring phylogenies. RAXML is one of the state-of-the-art tools for Maximumd-likelihood based
phylogenetic inference. MEGA 7, which is sophisticated software suite for analyzing DNA and
protein sequence, can be used to infer maximum parsimony trees and maximum likelihood trees.
The configuration of DNAPARS is as follows, search option is more thorough search, the number of
trees to save is 100. RAXML’s substitution model setting is GTRGAMMA and starting trees are same
as MOEA-RC. The substitution model and starting trees of MEGA 7 are same as RAXxML. The other
settings of these software packages are default. Because the evaluation method is diverse in different
software, we reevaluated the optimal trees generated by all algorithm and software using Bio++ and
Phylogenetic Likelihood Library (PPL). In Table 4, we can find MOEA-RC is much better than the other
software in terms of likelihood. However, for parsimony, it is only better for one dataset (rbcl_55).

Table 4. The comparison of MOEA-RC and several phylogenetic software packages on three real-world
datasets. The mark of (+) means the value is better than the other algorithms.

Dataset
Metrics Algorithm
rbcl_55 mtDNA_186 ZILLA_500
MOEA-RC 4977 (+) 2460 17,186
MP DNAPARS 4984 2438 (+) 17,055 (+)
MEGA 7 4978 2457 17,077
MOEA-RC —22,156.4 (+) —39,927.6 (+) —84,633.1 (+)
ML Raxml —22,188.2 —40,921.0 —95,577.0
MEGA 7 —22,205.2 —40,957.0 —95,834.0
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4. Conclusions

In this paper, we proposed a novel MOEA called MOEA-RC for phylogenetic inference. MOEA-RC
can get better convergence in shorter time using consensus information of phylogenetic trees. We did
comparisons of effectivity and efficiency between several state-of-the-art algorithms and tools for
inferring phylogenetic tree. The experiments shows that, with help of consensus information, our new
algorithm has better convergence to some degree. However, due to weak crossover and mutation
operator, the final result of the algorithm is not ideal. Our algorithm underperforms MEGA7 and
DNAPARS on two datasets in terms of maximum parsimony. Therefore, in future work, we will find a
more reasonable genetic operator to apply consensus information.

Acknowledgments: This work was supported by National Natural Science Foundation of China (61202011,
61272152, 81672111 and 61562001), Ningxia college scientific research project (NGY20140131), the Key Research
Item of Science and Technology of Fujian Province (2014Y0073), Natural Science Foundation of Fujian Province
(No. 2015]J06019), and President Fund of Xiamen University (No. 20720170054).

Author Contributions: Xiaoping Min put forward the idea of the paper. Xiaoping Min and Mouzhao Zhang
conceived and designed the study. Mouzhao Zhang and Sisi Yuan performed the experiments and wrote the
paper. Shengxiang Ge, Ningshao Xia, Xiangrong Liu and Xiangxiang Zeng reviewed and edited the manuscript.
All authors read and approved the final manuscript.

Conflicts of Interest: The authors declare no conflict of interest.

References

1.  Saitou, N.; Nei, M. The neighbor-joining method: A new method for reconstructing phylogenetic trees.
Mol. Biol. Evol. 1987, 4, 406—425. [PubMed]

2. Gascuel, O. BIONJ: An improved version of the NJ algorithm based on a simple model of sequence data.
Mol. Biol. Evol. 1997, 14, 685-695. [CrossRef] [PubMed]

3. Felsenstein, J. Inferring Phylogenies; Sinauer Associates: Sunderland, MA, USA, 2004; Volume 2.

4. Jukes, TH.; Cantor, C.R.; Munro, H. Evolution of protein molecules. In Mammalian Protein Metabolism;
Elsevier: New York, NY, USA, 1969; pp. 21-132.

5. Hasegawa, M.; Kishino, H.; Yano, T.-A. Dating of the human-ape splitting by a molecular clock of
mitochondrial DNA. J. Mol. Evol. 1985, 22, 160-174. [CrossRef] [PubMed]

6. Tamura, K.; Nei, M. Estimation of the number of nucleotide substitutions in the control region of
mitochondrial DNA in humans and chimpanzees. Mol. Biol. Evol. 1993, 10, 512-526. [PubMed]

7. Tavaré, S. Some probabilistic and statistical problems in the analysis of DNA sequences. Lect. Math. Life Sci.
1986, 17, 57-86.

8.  Cancino, W.; Delbem, A. A multi-criterion evolutionary approach applied to phylogenetic reconstruction.
In New Achievements in Evolutionary Computation; InTech: Rijeka, Croatia, 2010.

9.  Lemmon, A.R; Milinkovitch, M.C. The metapopulation genetic algorithm: An efficient solution for the
problem of large phylogeny estimation. Proc. Natl. Acad. Sci. USA 2002, 99, 10516-10521. [CrossRef]
[PubMed]

10.  Chor, B.; Tuller, T. Maximum likelihood of evolutionary trees: Hardness and approximation. Bioinformatics
2005, 21, 197-i106. [CrossRef] [PubMed]

11. Felsenstein, J. PHYLIP: Phylogeny Inference Package. Cladistics 1989, 5, 164-166.

12.  Strimmer, K.; Von Haeseler, A. Quartet puzzling: A quartet maximum-likelihood method for reconstructing
tree topologies. Mol. Biol. Evol. 1996, 13, 964-969. [CrossRef]

13. Lewis, PO. A genetic algorithm for maximum-likelihood phylogeny inference using nucleotide sequence
data. Mol. Biol. Evol. 1998, 15, 277-283. [CrossRef] [PubMed]

14. Matsuda, H. Construction of phylogenetic trees from amino acid sequences using a genetic algorithm.
Genome Inform. 1995, 6, 19-28.

15. Moilanen, A. Searching for most parsimonious trees with simulated evolutionary optimization. Cladistics
1999, 15, 39-50. [CrossRef]

16. Santander-Jiménez, S.; Vega-Rodriguez, M.A. On the design of shared memory approaches to parallelize a
multiobjective bee-inspired proposal for phylogenetic reconstruction. Inf. Sci. 2015, 324, 163-185. [CrossRef]


http://www.ncbi.nlm.nih.gov/pubmed/3447015
http://dx.doi.org/10.1093/oxfordjournals.molbev.a025808
http://www.ncbi.nlm.nih.gov/pubmed/9254330
http://dx.doi.org/10.1007/BF02101694
http://www.ncbi.nlm.nih.gov/pubmed/3934395
http://www.ncbi.nlm.nih.gov/pubmed/8336541
http://dx.doi.org/10.1073/pnas.162224399
http://www.ncbi.nlm.nih.gov/pubmed/12142465
http://dx.doi.org/10.1093/bioinformatics/bti1027
http://www.ncbi.nlm.nih.gov/pubmed/15961504
http://dx.doi.org/10.1093/oxfordjournals.molbev.a025664
http://dx.doi.org/10.1093/oxfordjournals.molbev.a025924
http://www.ncbi.nlm.nih.gov/pubmed/9501494
http://dx.doi.org/10.1111/j.1096-0031.1999.tb00393.x
http://dx.doi.org/10.1016/j.ins.2015.06.040

Int. ]. Mol. Sci. 2018, 19, 62 10 of 10

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

Goloboff, P.A_; Farris, ].S.; Nixon, K.C. TNT, a free program for phylogenetic analysis. Cladistics 2008, 24,
774-786. [CrossRef]

Stamatakis, A. RAXML version 8: A tool for phylogenetic analysis and post-analysis of large phylogenies.
Bioinformatics 2014, 30, 1312-1313. [CrossRef] [PubMed]

Minh, B.Q.; Vinh, L.S.; Von Haeseler, A.; Schmidt, H.A. pIQPNNI: Parallel reconstruction of large maximum
likelihood phylogenies. Bioinformatics 2005, 21, 3794-3796. [CrossRef] [PubMed]

Ronquist, F.; Teslenko, M.; Van Der Mark, P.; Ayres, D.L.; Darling, A.; Hohna, S.; Larget, B.; Liu, L.;
Suchard, M.A.; Huelsenbeck, ].P. MrBayes 3.2: Efficient Bayesian phylogenetic inference and model choice
across a large model space. Syst. Biol. 2012, 61, 539-542. [CrossRef] [PubMed]

Zwickl, D.J. Genetic Algorithm Approaches for the Phylogenetic Analysis of Large Biological Sequence Datasets under
the Maximum Likelihood Criterion; University of Texas at Austin: Austin, TX, USA, 2006.

Helaers, R.; Milinkovitch, M.C. MetaPIGA v2.0: Maximum likelihood large phylogeny estimation using the
metapopulation genetic algorithm and other stochastic heuristics. BMC Bioinform. 2010, 11, 379. [CrossRef]
[PubMed]

Macey, ].R. Plethodontid salamander mitochondrial genomics: A parsimony evaluation of character conflict
and implications for historical biogeography. Cladistics 2005, 21, 194-202. [CrossRef]

Burleigh, J.G.; Mathews, S. Assessing systematic error in the inference of seed plant phylogeny. Int. J.
Plant Sci. 2007, 168, 125-135. [CrossRef]

Schmidt, O.; Drake, H.L.; Horn, M.A. Hitherto unknown [Fe-Fe]-hydrogenase gene diversity in anaerobes
and anoxic enrichments from a moderately acidic fen. Appl. Environ. Microbiol. 2010, 76, 2027-2031.
[CrossRef] [PubMed]

Poladian, L.; Jermiin, L. Multi-objective evolutionary algorithms and phylogenetic inference with multiple
data sets. Soft Comput. 2006, 10, 359-368. [CrossRef]

Coello, C.C.; Dhaenens, C.; Jourdan, L. Advances in Multi-Objective Nature Inspired Computing; Springer:
Berlin/Heidelberg, Germany, 2009; Volume 272.

Ishibuchi, H.; Nojima, Y.; Doi, T. Comparison between single-objective and multi-objective genetic algorithms:
Performance comparison and performance measures. In Proceedings of the 2006 IEEE International
Conference on Evolutionary Computation, Vancouver, BC, Canada, 16-21 July 2006; pp. 1143-1150.

Deb, K. A fast elitist multi-objective genetic algorithm: NSGA-IIL. IEEE Trans. Evol. Comput. 2000, 6, 182-197.
[CrossRef]

Santander-Jiménez, S.; Vega-Rodriguez, M.A. A hybrid approach to parallelize a fast non-dominated sorting
genetic algorithm for phylogenetic inference. Concurr. Comput. 2015, 27, 702-734. [CrossRef]
Santander-Jiménez, S.; Vega-Rodriguez, M. A. Parallel multiobjective metaheuristics for inferring phylogenies
on multicore clusters. IEEE Trans. Parallel Distrib. Syst. 2015, 26, 1678-1692. [CrossRef]

Zhang, Q.; Li, H. MOEA /D: A Multiobjective Evolutionary Algorithm Based on Decomposition. IEEE Trans.
Evol. Comput. 2007, 11, 712-731. [CrossRef]

Jansson, J.; Shen, C.; Sung, W.-K. Improved algorithms for constructing consensus trees. JACM 2016, 63, 28.
[CrossRef]

Congdon, C.B. Gaphyl: An evolutionary algorithms approach for the study of natural evolution.
In Proceedings of the 4th Annual Conference on Genetic and Evolutionary Computation, New York, NY,
USA, 9-13 July 2002; Morgan Kaufmann Publishers Inc.: Burlington, MA, USA, 2002; pp. 1057-1064.
Waterman, M.S.; Smith, T.F. On the similarity of dendrograms. J. Theor. Biol. 1978, 73, 789-800. [CrossRef]
Ingman, M.; Gyllensten, U. mtDB: Human Mitochondrial Genome Database, a resource for population
genetics and medical sciences. Nucleic Acids Res. 2004, 34, 749-751. [CrossRef] [PubMed]

Chase, M.W.; Soltis, D.E.; Olmstead, R.G.; Morgan, D.; Les, D.H.; Mishler, B.D.; Duvall, M.R,; Price, R A;
Hills, H.G.; Qiu, Y.-L. Phylogenetics of seed plants: An analysis of nucleotide sequences from the plastid
gene rbcL. Ann. Mo. Bot. Gard. 1993, 80, 528-580. [CrossRef]

@ © 2017 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
@ article distributed under the terms and conditions of the Creative Commons Attribution

(CC BY) license (http:/ /creativecommons.org/licenses/by/4.0/).


http://dx.doi.org/10.1111/j.1096-0031.2008.00217.x
http://dx.doi.org/10.1093/bioinformatics/btu033
http://www.ncbi.nlm.nih.gov/pubmed/24451623
http://dx.doi.org/10.1093/bioinformatics/bti594
http://www.ncbi.nlm.nih.gov/pubmed/16046495
http://dx.doi.org/10.1093/sysbio/sys029
http://www.ncbi.nlm.nih.gov/pubmed/22357727
http://dx.doi.org/10.1186/1471-2105-11-379
http://www.ncbi.nlm.nih.gov/pubmed/20633263
http://dx.doi.org/10.1111/j.1096-0031.2005.00054.x
http://dx.doi.org/10.1086/509588
http://dx.doi.org/10.1128/AEM.02895-09
http://www.ncbi.nlm.nih.gov/pubmed/20118375
http://dx.doi.org/10.1007/s00500-005-0495-7
http://dx.doi.org/10.1109/4235.996017
http://dx.doi.org/10.1002/cpe.3269
http://dx.doi.org/10.1109/TPDS.2014.2325828
http://dx.doi.org/10.1109/TEVC.2007.892759
http://dx.doi.org/10.1145/2925985
http://dx.doi.org/10.1016/0022-5193(78)90137-6
http://dx.doi.org/10.1093/nar/gkj010
http://www.ncbi.nlm.nih.gov/pubmed/16381973
http://dx.doi.org/10.2307/2399846
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Materials and Methods 
	Selection Operator-Redistribution 
	Consensus 
	MOEA-RC 

	Results 
	Conclusions 
	References

