Molecular Ph ylogenetic Analysis using b oth

DNA and Amino Acid Sequence Data

and Its P arallelization

Hideo Matsuda, Hiroshi Y amashita and Y ukio Kaneda

matsuda@seg.kobe-u.ac.jp fmomo, kanedag@koto.seg.kobe-u.ac.jp

Departmen t of Computer and Systems Engineering,

F acult y of Engineering, Kob e Universit y

1-1 Rokko dai, Nada, Kob e 657 Japan

Abstract

Phylo genetc analysis of DNA se quenc es has playe d an imp ortant r ole in the study on

evolution of life. However r e c ent r ese ar ches suggest that in some c ases phylo genetic analy-

sis of pr otein se quenc es is mor e imp ortant than that of DNA se quenc es. Thus we develop e d

a system for phylo genetic analysis of pr otein se quenc e data. Sinc e this system is b ase d on

our pr eviously develop e d system for the analysis of DNA se quenc e data, one c an obtain

b oth pr otein-b ase d and DNA-b ase d tr e es and c omp ar e them. In the two systems, we to ok

the same tr e e-c onstruction algorithm (so c al le d, a maximum likeliho o d metho d). Although

this metho d has c oncr ete mo dels of the evolutionary pr o c ess, it r e quir es a huge amount

of c omputational c osts esp e cial ly in the analysis of pr otein se quenc e data. Ther efor e we

p ar al lelize d tr e e-c onstruction steps in our metho d on a massively p ar al lel machine.

1 In tro duction

Biology has b een rapidly b ecoming computational analytical science. As DNA sequencing

enables researchers to achiev e enormous increasing in sequence data, computing metho ds that

allo w e�cient pro cessing of those data play a crucial role in almost all �elds of biological research

[1]. In order to interpret these huge and complex data, extremely high computational cost is

demanded. Massively parallel pro cessing is thus raised as one of the key technologies to solve

this issue.

Molecular phylogenetic analysis is one of the biological �elds that require a large amount

of computation [2, 3, 4]. It examines the molecular sequence data of taxa (biological entities

� 657 � 1{1

suc h as genes, proteins, individuals, p opulations, sp ecies, or higher taxonomic units), infers

their evolutionary pro cess, and constructs their phylogenetic tree, that is, the family tree of the

taxa [4]. A wide spread misconception of this analysis is that the building of phylogenetic trees

simply requires the grouping of taxa according to ov erall similarities. This approach ignores the

p ossibility that apparent ov erall similarity and true evolutionary relationship are not necessarily

the same thing [5].

Phylogenetic analysis has mainly used DNA sequence data. How ever recent researches

suggest in some cases phylogenetic trees based on the analyses of DNA sequences are misleading

{ esp ecially when G+C conten t di�ers widely among lineages { and that protein-based trees

from amino acid sequences may b e more reliable [6, 7]. Thus we develop ed a system for

ph ylogenetic analysis of protein sequence data. Since this system is based on fastDNAml [8]

that is our previously develop ed system for phylogenetic analysis of DNA sequence data, one

can construct phylogenetic trees using b oth of DNA sequences and their translated amino acid

sequences by the same algorithm.

The tree-construction metho d we used is based on maximum likeliho o d inference developed

b y F elsenstein [9]. Approaches based on maximum likelihoo d have concrete mo dels of the

ev olutionary pro cess and are well-motiv ated statistically [10]. How ev er their use has b een

hindered by the computational costs inv olv ed. In order to reduce the costs, we parallelized

tree-construction steps in the maximum likeliho o d metho d. W e will describ e this later.

Similar research is rep orted in [11, 12]. It also takes a maximum likeliho o d approach and uses

an original tree-construction metho d (called star-decomp osition). Y et our system uses the same

tree-construction metho d (stepwise addition) as F elsenstein’s PHYLIP DNAML [13]. Another

di�erence is that our system is parallelized for executing on massively parallel machines.

2 Maxim um Lik eliho o d Metho d

A num b er of metho ds for molecular phylogenetic analysis hav e b een prop osed [2, 3, 4, 5]. The

algorithm we used is based on a maximum likeliho o d metho d prop osed by F elsenstein [9]. In the

algorithm, a phylogenetic tree is expressed as an unro oted tree. Figure 1 shows a phylogenetic

tree for three taxa and three p ossible alternative trees for four taxa.

Sp eci�cally

, one seeks the tree and its branch lengths that hav e the greatest probability of

giving rise to a given molecular sequence. The sequence data for this analysis include gaps by

sequence alignment. During evolution, sequence data of taxa are changed by insertion, deletion

and substitution of DNA bases. In order to compare evolutionarily related parts of taxa, several

gaps are inserted corresp onding to the insertion or deletion of DNA bases (or their translated

amino acids). Consequently

, an evolutionary change can b e describ ed by a substitution of a

base (or a gap) at a base p osition of a molecular sequence with the base (or the gap) at the

same p osition of another sequence.

The probability is computed on the basis of a sto chastic mo del (Marko v chain mo del of

order one) on DNA base (or amino acid) substitutions in an evolutionary pro cess. The mo del

assumes a base (or an amino acid) substitution at a p osition of a molecular sequence takes

place indep endently of substitution at other base (or amino acid) p ositions within a sequence.

As an example of the maximum likeliho o d metho d, consider a tree of size 3. Such a tree has

three sequences observed from current taxa (corresp onding to three tips in Figure 1) and one

Figure 1: Phylogenetic trees expressed as unro oted trees.

unobserv ed sequence (the center no de) which denotes the common ancestor taxa of the three

curren t taxa. A tree of size 4 can b e built from this tree of size 3 by adding one more sequence

in all p ossible lo cations (of which there are 3, since the new sequence’s branch can intersect

an y of the branches in a tree with three tips as shown in Figure 1). The ob jective is to cho ose

the lengths of the three branches (v

1

; v

2 and v

3

) with maximum likelihoo d.

F or a p osition j in the four molecular sequences, let t

1

(j ); t

2

(j ); t

3

(j ) and c(j ) b e the DNA

bases (or the amino acids) in the three observed sequences and the base (or the amino acid) in

the unobserved sequence, resp ectively

. The likeliho o d of the p osition j is expressed:

L(j ) = l

X

c(j )=1

�

c(j )

P

c(j )t

1

(j )

(v

1

)P

c(j )t

2

(j )

(v

2

)P

c(j )t

3

(j )

(v

3

); (1)

b y adding ov er all p ossible v alues (in DNA sequences l = 4, or in amino acid sequences l = 20)

of c(j ). Here the symb ols in Equation 1 denote as follows:

�

x

: the initial probability that a base (or an amino acid) in the unobserved sequence has a

v alue x.

P

xy

(v ): the transition probability that a base (or an amino acid) x in a sequence is substi-

tuted with a base (or an amino acid) y in another sequence within a branch length v .

v

1

; v

2 and v

3

: the three (unknown) branch lengths in a tree of size 3.

The transition probability dep ends on DNA base (or amino acid) substitution mo del. In

fastDNAml, we had used a mo del taken by F elsenstein’s DNAML program (a generalized tw o-

parameter mo del [14]) for DNA base substitutions. In our system, we to ok a mo del prop osed

in [11] based on an empirical transition matrix compiled by Dayho� and her cow ork ers [15].

Then the whole likeliho o d is expressed ov er all p ositions of sequences:

L = m

Y

j =1

L(j ): (2)

Here m is the length of sequences (note that after the sequence alignment, the lengths of all

sequence data are arranged to the same size).

The three p ossible branch lengths v

1

; v

2 and v

3 in a tree of size 3 are computed by solving

equations to maximize likeliho o d L:

@ L

@ v

1

= 0;

@ L

@ v

2

= 0;

@ L

@ v

3

= 0: (3)

One can build a tree of size 4 from a tree of size 3 by adding one more sequence in all

p ossible lo cations. Then one can build a tree of size 5 by adding another sequence to the most

lik ely tree of size 4. In general, one can build a tree of size i from a tree of size i � 1, until all

n taxa hav e b een added. Since there are 2i � 5 branches into which the i-th sequence’s branch

p oint can b e inserted, there are 2i � 5 alternative trees to b e ev aluated and compared.

If the num b er of p ossible trees for a given set of taxa is not to o large, one could generate

all unro oted trees containing the given taxa, and compute the branch lengths for each that

maximize the likeliho o d of the tree giving rise to the observed sequences. One then retains the

b est tree.

How ev er, when the number of taxa b ecomes larger, the number of bifurcating unro oted

trees is,

n

Y

i=3

(2i � 5) =

(2n � 5)!

2 n�3

(n � 3)!

(4)

whic h rapidly leads to num b ers that are well b eyond what can b e examined practically

. Thus,

some typ e of heuristic search is required to cho ose a subset of the p ossible alternative trees to

examine.

F elsenstein develops a search algorithm in his softw are pack age [13]. It p erforms successive

tree expansion by iterating steps constructing a tree of size i from a tree of size i � 1 until

all n taxa hav e b een added. F or each step, only the b est tree is selected and the others are

discarded.

3 Implemen tation of P arallel Pro cessing

T o reduce the computational time of the maximum likeliho o d metho d, we to ok a kind of

functional parallel approach [16] that splits the computation into tw o pro cesses: a master

pro cess that generates alternative tree top ologies, a slave pro cess that computes the branch

lengths of the trees and their likelihoo d.

Then a general-purp ose disp atcher is intro duced b etween the master and the slav e. This

pro cess initiates an arbitrary num b er of copies of the slav e and distributes alternative trees to

them. A mer ger pro cess, which collects the results (their branch lengths and likeliho o d) to b e

sen t back to the master, is also introduced for reducing the ov erhead to collect the results from

the slav es. Creation of these pro cesses and communication among them are implemented using

a p ortable parallel pro cessing system p4 develop ed at Argonne National Lab oratory [19].

By measuring execution time in this typ e of parallelism on a massively parallel machine, the

In tel T ouc hstone DEL T A, we realized its sp eedup factor was saturated on more than several

tens of pro cessors [16]. Also it required a whole set of sequence data in every pro cess computing

Figure 2: Pro cess mo del for combining functional and data parallelisms.

branc h lengths. It is not practical that each pro cessor has a whole set if a large size of sequence

data are to b e examined.

In order to ov ercome these issues, we develop ed a parallel metho d for computing likeliho o d

based on a data-parallel approach [17]. The metho d brie y consists of tw o steps, computing

partial likeliho o d at each p osition of sequences in parallel (see Equation (1)) and combining

those partial likeliho o ds into a complete one as describ ed in Equation (2) [18]. It utilizes that the

maxim um likeliho o d metho d assumes a substitution in a sequence is carried out indep endently

on the other sites of the sequence.

T o combine these two typ es of parallelism, we divided a master (and a slav e) pro cess into

a group of master (and slav e) subpro cesses corresp onding to the num b er of the partition of

sequence data (see Figure 2).

In a pro cess group, each subpro cess p erforms SPMD (Single Program Multiple Data Stream)

execution that computes partial likeliho o d with a di�erent part of sequence data and exchanges

its partial likeliho o d with the other subpro cesses to combine them into a complete one. Thus

only one typ e of communication (a global multiply of likelihoo d) is required for this computa-

tion. W e also implement it using global op eration facility provided by the p4 system.

As shown in Figure 2, dispatcher and merger send input data to each slav e and master

subpro cess, resp ectively

. In a pro cess group, each subpro cess receives same data. But only one

of subpro cesses in a group needs to send its output since the output of the subpro cesses is the

same (i.e., they select the same tree top ology).

4 P erformance Results

T o measure the p erformance of our system, we constructed phylogenetic trees using the RNA

sequence data of small-subunit rib osomal RNA (16S and 18S rRNA) and the protein sequence

Figure 3: A phylogenetic tree inferred from rib osomal RNA sequence data.

data of elongation factor-1� (EF-1� ) on the basis of a work [7].

Rib osomal RNA sequence has b een widely used for constructing phylogenetic trees since it

can b e seen in all organisms. EF-1� is useful protein in tracing the early evolution of life [20]

b ecause it can b e also seen in all organisms and the substitution rate of its sequence is relatively

slo w; for example, more than 50% identit y is retained b etw een euk ariotic and archaebacterial

sequences [7].

The data of small-subunit rib osomal RNA and EF-1� protein sequences were obtained

from the Rib osomal Database Pro ject [21] and Entrez [22], resp ectively

. The EF-1� sequences

include six euk ariotes Dictyostelium disc oideum (EMBL Accession No. X55972), Entamo eb a

histolytic a (GenBank Accession No. M92073), Euglena gr acilis (EMBL Accession No. X16890),

Giar dia lamblia (DDBJ Accession No. D14342), Plasmo dium falcip arum (EMBL Accession

No. X60488) and Stylonychia lemnae (EMBL Accession No. X57926), and an archaebacterium

Thermoplasma acidophilum (EMBL Accession No. X53866). The archaebacterium was used as

an outgroup of the other organisms. W e made the alignments of sequences using ClustalV [23].

The rib osomal RNA sequences are aligned by the Rib osomal Database Pro ject. F rom

the sequence database, W e selected the same organisms describ ed ab ov e except Stylonychia

pustulata instead of Stylonychia lemnae.

The tree-construction algorithm develop ed by F elsenstein (so called, stepwise addition) de-

p ends on the input order of sequences. T o av oid this problem, we adapt rearrangement op-

erations in that algorithm [8]. These rearrangements can move any subtree to a neighb oring

branc h (often called nearest neighb or interc hanges).

Adding to the rearrangements, we p erformed b o otstrap (random sampling of sequence sites)

[24] and jumble (random sampling of sequences, i.e., random interc hanges of input order)

sampling. W e made 100 b o ostrap and 100 jumble sampling sets.

Figure 3 shows a phylogenetic tree inferred from rib osomal RNA sequence data. By b o ot-

strap and jumble analyses, this tree was 65% conserved in 200 sampling sets. The scale bar in

Figure 3 shows the length corresp onding to 0.5 base substitutions p er p osition.

Figure 4 (a) and (b) show phylogenetic trees inferred from EF-1� protein sequence data.

These trees were also obtained by b o otstrap and jumble analyses. The tree (a) and (b) are 30%

and 17.5% conserved (60 trees and 35 trees in 200 sampling sets) resp ectively

. Each scale bar

in Figure 4 shows the branch length corresp onding to 0.1 amino acid substitutions p er p osition.

The results in these �gures are well �tted to the result in [7]. In the DNA-based tree

(a) 60

(b) 35

Figure 4: Phylogenetic trees inferred from EF-1� protein sequence data.

(Figure 3), Entamo eb a histolytic a, which lacks mito chondria, is placed at a farther p osition from

the outgroup Thermoplasma acidophilum and surrounded by organisms that has mito chondria

(Dictyostelium disc oideum, Plasmo dium falcip arum, Stylonychia lemnae and Euglena gr acilis).

This misleading of the p osition of Entamo eb a histolytic a is considered as the di�erence of G+C

con tents [7]. Although the DNA-based tree shown in Figure 3 is only 65% conserved in b o otstrap

and jumble analyses, it is 97% conserved (194 trees of 200 sets) that the p osition of Entamo eb a

histolytic a is surrounded by organisms that has mito chondria.

On the other hand, it is 84.5% (169 trees) conserved that the p osition of Entamo eb a his-

tolytic a is placed near organisms that lack mito chondria (Giar dia lamblia and Thermoplasma

acidophilum) in the 200 sampling sets of protein-based trees.. Then the organisms that hav e

mito chondria are clearly separated from those lacking them in this tree.

The execution times for constructing a DNA-based tree with fastDNAml [8] and a protein-

based tree with our newly developed system are 149.4 and 123.8 seconds, resp ectively

, on Sun

SP AR Cstation 10 mo del 41.

The reason why the execution time for DNA-based tree is larger than that for a protein-

based tree is that the length of rib osomal RNA sequence alignments is muc h larger that that

of EF-1� protein alignments (4071 bases in rib osomal RNA and 454 amino acids in EF-1� )

and the num b er of generated alternative trees for rib osomal RNA is muc h larger than that for

EF-1� due to iterative search in rearrangement step (67 trees for rib osomal RNA and 25 trees

for EF-1�).

In order to reduce this computational time, we are going to implement a parallel pro cessing

system for protein phylogen y by the metho d describ ed in Section 3. The target machine we will

use is the Intel T ouchstone DEL T A comprising 512 i860 pro cessors (33 MIPS and 60M ops

p eak p erformance p er pro cessor).

On the DEL T A system, we already implemented an enhanced version of fastDNAml based

on the metho d in Section 3 [18]. Using 16S rib osomal RNA sequence data distributed from

the Rib osomal Database Pro ject [21], we constructed the phylogenetic trees of prok ary otic

micro organisms (archaebacteria and mycoplasma).

Figure 5 shows sp eedup in the combination of functional and data parallelisms compared to

Figure 5: Sp eedup in the combination of functional and data parallelisms.

sequen tial execution. In this �gure, Arch20, Arch43, and Myco60 denote the results of 20 taxa

of archaea, 43 taxa of archaea, and 60 taxa of mycoplasma, resp ectively

. The maximum sp eedup

is ab out 82 on 128 pro cessors (Myco60 in Figure 5). W e will also measure the p erformance of

protein phylogenetic analysis.

5 Conclusions

Ph ylogenetic analysis of DNA sequences has play ed an imp ortant role in the study on evolution

of life. How ever recent researches suggest in some cases phylogenetic trees based on the analyses

of DNA sequences are misleading and that protein-based trees from amino acid sequences may

b e more reliable. Therefore, we develop ed a system for this analysis of protein sequence data

based on our previously develop ed system for the analysis of DNA sequence data.

Since b oth of these systems use the same tree-construction algorithm except handling dif-

feren t typ es of sequence data, one can compare a DNA-based tree and a protein-based tree of

the same organisms. F or example, we constructed phylogenetic trees from b oth DNA and pro-

tein sequence data of an elongation factor (EF-1� ) and examined these trees using b o otstrap

analysis.

The tree-construction algorithm we used is a maximum likelihoo d metho d which requires

a large amount of computational cost. T o reduce the cost, we developed a parallel pro cess-

ing metho d that combines a functional parallel approach (simultaneous ev aluation of p ossible

alternativ e trees) and a data parallel approach (parallel computation of likelihoo d). F or phylo-

genetic analysis of DNA sequence data, we achiev ed a maximum of 82 fold using 128 pro cessors

on a massively parallel machine, the Intel T ouc hstone DEL T A.

Ac kno wledgemen t

W e are grateful to the Concurrent Sup ercomputing Consortium for access to the Intel T ouc h-

stone DEL T A System. This work was supp orted in part by the Japan Ministry of Education,

Science and Culture under Grant in Aid for Scienti�c Research 04235103 and 06249205.

References

[1] Lander, E. S., Langridge, R. and Sacco cio, D. M: Mapping and Interpreting Biological

Information, Commun. ACM, V ol. 34, No. 11, pp.33{39 (1991).

[2] Nei, M.: Mole cular Evolutionary Genetics, Columbia Universit y Press, New Y ork, Chap.11

(1987).

[3] W eir, B. S.: Genetic Data Analysis, Sinauer Asso ciates, Sunderland, Mass. (1990).

[4] Swo�ord, D. L. and Olsen, G. J.: Phylogen y Reconstruction, In Mole cular Systematics, ed.

Hillis, D. M. and Moritz, C., pp.411{501, Sinauer Asso ciates, Sunderland, Mass. (1990).

[5] Stewart, C.-B.: The Po w ers and Pitfalls of Parsimon y , Natur e, V ol. 361, No. 6413, pp.603{

607 (1993).

[6] Hasegawa, M. and Hashimoto, T.: Rib osomal RNA T rees Misleading?, Natur e, V ol. 361,

p. 23 (1993).

[7] Hasegawa, M., Hashimoto, T., Adachi, J., Iwabe, N. and Miyata, T.: Early Branchings in

the Evolution of Euk ary otes: Ancient Divergence of Entamo eba that Lacks Mito chondria

Revealed by Protein Sequence Data, J. of Mole cular Evolution, V ol. 36, pp.380{388 (1993).

[8] Olsen, G. J., Matsuda, H., Hagstrom, R. and Overbeek, R.: fastDNAml: A T ool for Con-

struction of Phylogenetic T rees of DNA Sequences Using Maximum Likeliho o d, Computer

Applic ations in Bioscienc es, V ol. 10, No. 1, pp.41{48 (1994).

[9] F elsenstein, J.: Evolutionary T rees from DNA Sequences: A Maximum Likelihoo d Ap-

proach, J. of Mole cular Evolution, V ol. 17, pp.368{376 (1981).

[10] Hasegaw a, M., Kishino, H. and Saitou, N.: On the Maximum Likeliho o d Metho d in Molec-

ular Phylogenetics, J. of Mole cular Evolution, V ol. 32, pp.443{445 (1991).

[11] Kishino, H., Miyata, T. and Hasegaw a, M.: Maximum Likelihoo d Inference of Protein

Phylogen y and the Origin of Chloroplasts, J. of Mole cular Evolution, V ol. 31, pp.151{160

(1990).

[12] Adachi, J., Hasegaw a, M.: MOLPHY: Programs for Molecular Phylogenetics I { PROTML:

Maximum Likeliho o d Inference of Protein Phylogen y , Computer Science Monographs,

No. 27, Institute of Statistical Mathematics, T oky o (1992).

[13] F elsenstein, J.: PHYLIP Manual V ersion 3.4, Universit y of W ashington, Seattle (1991).

[14] Kishino, H. and Hasegaw a, M.: Ev aluation of the maximum likeliho o d estimate of the evo-

lutionary tree top ologies from DNA sequence data, and the branching order in Hominoidea,

J. of Mole cular Evolution V ol. 29, pp.170{179 (1989).

[15] Dayho�, M. O., Sch w artz, R. M. and Orcutt, B. C.: A Mo del of Evolutionary Change in

Proteins, Atlas of Pr otein Se quenc e and Structur e, ed. Dayho�, M. O., National Biomedical

Research F oundation, W ashington DC, V ol. 5, No. 3, pp.345{352 (1978).

[16] Matsuda, H., Olsen, G. J., Hagstrom, R., Overb eek, R. and Kaneda, Y., Implementation of

a Parallel Pro cessing System for Inference of Phylogenetic T rees, Pr o c. of IEEE Paci�c Rim

Confer enc e on Communic ations, Computers and Signal Pr o c essing, pp.280{283 (1993).

[17] Hillis, W. D. and Steele, G. L.: Data Parallel Algorithms, CACM, V ol. 29, No. 12, pp.1170{

1183 (1986).

[18] Matsuda, H., Olsen, G. J., Overbeek, R. and Kaneda, Y.: F ast Phylogenetic Analysis

on a Massively Parallel Machine, Pro ceedings of 8th ACM International Conference on

Sup ercomputing, pp.297{302 (1994).

[19] Butler, R and Lusk, E.: User’s Guide to the p4 Programming System, T ec h. Rep ort

ANL-92/17, Mathematics and Computer Science Division, Argonne National Lab oratory

(1992).

[20] Iwab e, N., Kuma, K., Hasegaw a, M., Osaw a, S. and Miyata, T.: Evolutionary Relation-

ship of Archaebacteria, Eubacteria, and Euk aryotes Inferred from Phylogenetic T rees of

Duplicated Genes, Pr o c. Nat’l A c ad. Sci., USA, V ol. 86, pp.9355{9359 (1989).

[21] Larsen, N., Olsen, G. J., Maidak, B. L., McCaughey

, M. J., Overb eek, R., Mack e, T. J.,

Marsh, T. L. and W o ese,C. R.: The Rib osomal Database Pro ject, Nucleic A cids R ese ar ch,

V ol. 21, No. 13, pp.3021{3023 (1993).

[22] Entrez User’s Guide, National Center for Biotechnology Information, National Institutes

of Health (1993) (On-line do cument at ncbi.nlm.nih.gov).

[23] Higgins, D. G., Bleasby

, A. J. and F uchs, R.: Clustal V: Improved Software for Multiple

Sequence Alignment, Computer Applications in Biosciences, V ol. 8, No. 2, pp.189{191

(1992).

[24] F elsenstein, J.: Con�dence Limits on Phylogenies: An Approach Using The Bo otstrap,

Evolution, V ol.39, No.4, pp.783{791 (1985).