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Abstract: Sequence alignment is the most common task in the bioinformatics field. It is a required method for the ex-
ecution of a wide range of procedures such as the search for homologue sequences in a database or protein
structure prediction. The main goal of the experiments in this work was to improve on the accuracy of the
multiple sequence alignments. Our experiments concentrated on the MUMMALS multiple aligner, experi-
menting with three distinct modifications to the algorithm. Our first experiment was to modify the substring
length of thek-mer count method. The second experiment we attempted was to substitute the commonly used
Dayhoff(6) with alternative compressed alphabets. The third experiment was to modify the distance matrix
computation and the guide tree construction. Each of the experiments showed a gain in result accuracy.

1 INTRODUCTION ment (Notredame, 2002; Thompson et al., 1999). The
other approach is to compute a consistency measure

Sequence alignment is undoubtedly the most common©Ver a set of pairwise alignments before the progres-
task in the bioinformatics field (Notredame, 2002). Sive alignment is performed, as initially applied by
Many procedures require sequence comparison, rang-1-COFFEE (Notredame et al., 2000).
ing from database searches (Altschul et al., 1990) to ~ The most common techniques for pairwise align-
protein structure prediction (Rost et al., 1994). Se- ment use substitution matrices, such as PAM (Day-
quences can be compared in pairs in a scan for homo-hoff et al., 1978) or BLOSUM (Henikoff and
logue sequences in a database or they can be simulHenikoff, 1992), with a dynamic programming al-
taneously aligned, constructing the so called MSA gorithm and gap penalty (Needleman and Wunsch,
(Multiple Sequence Alignment), which can be used to 1970). Another technique for building pairwise align-
view the effect of evolution throughout a whole pro- mentsis to use hidden Markov models (HMM), which
tein family. MSAs can also be used for phylogenetic offers the possibility of defining a consistency mea-
tree construction, conserved motifs identification and sure, as performed by ProbCons (Do et al., 2005).
prediction of secondary and tertiary protein structure. Although itis possible to generalize the classical pair-
A classical method used for MSA construc- Wise alignment algorithm (Needleman and Wunsch,
tion is progressive alignment (Feng and Doolittle, 1970) to a greater number of sequences, the algo-
1987; Hogeweg and Hesper, 1984), as performed byfithm’s complexity becomes a problem (Just, 2001;
ClustalW (Thompson et al., 1994) using a tree or Lipman et al., 1989) thus making heuristics common
a dendrogram as a guide in order to perform a se-in MSA construction.
ries of pairwise alignments between “neighbor” se- MUMMALS (Pei and Grishin, 2006) is a high
guences (or pre-aligned sequences groups). A knownquality tool for MSA construction which uses a prob-
drawback to this approach is the absence of error abilistic consistency measure along with a HMM for
correction committed in previous iterations. More- pairwise alignment. As noted by Pei and Grishin (Pei
over it is known that as the similarity between se- and Grishin, 2006), alignments produced by MUM-
guences diminishes the alignment quality also drops, MALS surpass in quality the alignments generated
a known cause for this is the use of general sub- by tools such as ClustalW (Thompson et al., 1994),
stitution matrices. Two approaches are applied to MUSCLE (Edgar, 2004b) and ProbCons (Do et al.,
solve or ease this problem. The first one is the use 2005). MUMMALS hidden Markov model imple-
of iterative refinement after the progressive align- ments multiple states to match, describing the lo-
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cal structure information without an explicit structure function based on probabilistic consistency similar to
prediction. In order to estimate the HMM parame- ProbCons (Do et al., 2005) is used to build the MSA.
ters to be used, a supervised learning method is ap-First a distance matrix is constructed based on the k-
plied using a large set of structural alignments built mer count method (Edgar, 2004b), then a tree is built
by DaliLite (Holm and Sander, 1996) from divergent using the UPGMA method (Sneath and Sokal, 1973).
domain pairs from SCOP (Murzin et al., 1995). The next step is the probabilistic consistency mea-
In this study we evaluated some changes in the sure computation and finally the sequences are pro-
MUMMALS algorithm. The aim was higher quality — gressively aligned guided by the tree using the con-
alignments. In Section 2 the MUMMALS algorithm  sistency based score function. To properly balance
is presented and we show the implemented changesalignment speed and accuracy, a two-stage alignment
in Section 3. In Section 4 the results are shown and strategy similar to the one used in the PCMA (Pei
finally we present the conclusion and future works in et al., 2003) is applied. In a first stage highly simi-
Section 5. lar sequences are progressively aligned quickly with-
out consistency scoring. The scoring function in this
stage is a weighted sum-of-pairs measure using BLO-
SUMG62 scores. During the second alignment stage
2 MUMMALSALGORITHM the sequences (or pre-aligned groups) are subject to

N : the more time-consuming probabilistic consistency
The standard HMM for pairwise alignment has three measure.

states emitting residues: a single match state ‘M’
emitting residue pairs, an ‘X’ state emitting residues
in the first sequence and a Y’ state emitting residues

in the second sequence (Durbin- et al., 1998). This MAFFT (Katoh et al., 2005) with several options,

model is nametHMM_1_1 0. In MUMMALS mod-
els new match states based on structural alignmentsMUSCLE (Edgar, 2004b) and ClustalW (Thompson

: . : o et al.,, 1994). HMM_1 3 1 andHMM_3 3 1 are
are introduced. Aligned residue pairs in a core block . — == — ==
are modeled by thg match state IOM A core block is highlighted among the diverse MUMMALS models.

a sequence region where there is a structural align'ﬁ‘ﬂmiﬂnﬁ thestest segs with d'dﬁnt';y rarl1_ge5 bellow ZhO%’
ment. In case the aligned residue pair is in another UMMSS °Utp¢rh°rm? a Iot_er_a |gne”rs. not ﬁr
region, it is modeled by the match state ‘U’. This Eases, MAFFT with options [lg]insi usually gives the
modelis name#iMM_1_1_1. Figure 1 compares the est performance. Among the two best MUMMALS

standard HMM model for pairwise sequence align- Lnu?gle;Ti’Hn'\:q,\élﬁt_jElolsst ;Zeatéiztr;tmll\/:t '?? %blf to
ment and those proposed in MUMMALS (Pei and but runr%lin about three times faster. This rﬁoﬁvéted
Grishin, 2006). Notice in subfigure (a) the identifica- ¢ eHgMM 13 1asa referenc.e for our stud
tion of core blocks and how their states vary from one 'llj'iisor;lzdel was also the choice of the MUMMALSy.
model to another. Subfigures (b) and (c) respectively developer team
represent the structures of thtlMM_1_1 0 and the P '
HMM_1_1_1 with their states and transitions. The k-mer count method as applied to MUM-
There are even more complex models in MUM- MALS converts the input sequences according to a
MALS. HMM_1_3 1 is one of them where match compressed alphabet, in this case Dayhoff(6) was
states are created according to secondary structurdiSed with value ok = 6. The alphabets used in this
types_ In th|s mode| the match state ‘M’ is removed Study al’.e ShOWﬂ n Table 1. ThIS method a”OWS the
and three other states are inserted: ‘H’ (helix), ‘S’ conversion of sequences composed of an alphabet of
(strand) and ‘C’ (coil). For example: if a residue 20 residues (an amino acid st_aquence) into sequences
pair occurs in a helix region, the associated match composed of an alphabet of six classes, where classes
state will be ‘H’, as detailed in Figure 1. Similarly, @are defined by groups of amino acids with similar
intheHMM_3_1_1 model, multiple match states are properties. Then a structure is constructed from each
introduced based on several solvent accessibility cat-Séguence of 20 residues converted to a sequence of 6
egories. The most complex modelHMM_3_3_1, classes, mapping the substrings occurrences. The dis-
which combines the last two models. A supervised tance between a pair of sequences is calculated based
learning method applied on a set of structural align- on differences in their structures or, in other words,
ments is used to estimate the parameters for thethe difference in the sequence composition by sub-
model, these values are transition and emission prob-Strings of fixed length k.
abilities. The following is an example of a sequence of
The progressive alignment method using a score amino acids, which is converted according to Day-

The diverse hidden Markov models were evalu-
ated (Pei and Grishin, 2006) and showed good perfor-
mance when compared to ProbCons (Do et al., 2005),
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(a) Structure-based alignment and hidden state paths

ss type: ccceeeeeeeeeccccecchhhhhhhhhee  cchhhhhhhhhhecececce

Sequence 1:  —eaeaem mDPFLVLLHSVSSSLsssELTELKYLCLc--aGRVGKRKLERVQatetaqgs

Sequence 2: mdakarNCLLOQHREALEKDIa-aKTSYIMDHMIsdegGFLTISEEEKVRnep———=

HMM 1 1 _0: YYYYYMMMMMMMMMMMMMMMD VXD YYD AMMD KKKX

HMM 1 1 1: YYYYY JXU TY Y UMM JUUXXXX

HMM 1 3 1: YYYYYUCCSSSSSSSSSCCCUXUHHHHHHHHHCUYYUCHEHHHHHHHHHCUUUXXXX
(by HMM_1_1_0 () HMM_1_1_1 (d) HMM_1_3_1

Figure 1: (a) Is an illustration of structure-based segeem@nment and hidden state paths. In Sequences 1 and 2, the
uppercase and lowercase letters, respectively reprekgnéc core blocks and unaligned regions. Secondary siei¢ss)
types (helix, ‘h’; strand, ‘e’; coil, ‘c’) are shown for Segnce 1. The hidden state paths for three models are showw belo
the amino acid sequences. (b) Model structurelbfM_1 1 0. (c) Model structure 6iMM_1_1 1. (d) Model structure of
HMM_1_3 1. This illustration was taken from the work of Pei antskin (Pei and Grishin, 2006).

Table 1: Compressed alphabets evaluated in this study. Theemploys ak-mer count method similar to MUS-
firstcolumn is the alphabet name. The number at the end of CLE (Edgar, 2004b)and MAFFT (Katoh et al., 2005).
the name indicates the number of classes for the alphabet.|n these works, it is unclear how the parameters were
In the s_,econq column are the classes or, in other words, aSchosen. Therefore, in our work, we made a systematic
the amino acids are grouped on the alphabet. .

evaluation fork-mer count method parameters. We
Alphabet Classes performed three distinct evaluations changing some

Dayhoff(6) | AGPST,C,DENQFWY,HKR ILMV aspects in the original MUMMALS algorithm. In

SE-B(6) AST,CP,DEHKNQR,FWY,G,ILMV . .

SE-B(8) AST C.DHN,EKQR,FWY.G.ILMV,P two of them, we evaluated different options for the
Li-A(10) AC.DE.FWY,G,HN.IV.KOR,LM,P.ST k-mer count method. In the third experiment, we eval-
Li-B(10) AST,C,DEQ,FWY,G,HN,IV,KR,LM,P uated the algorithm applying a standard distance ma-
Murphy(10) | A,C,DENQ,FWY,G,H,ILMV,KR,P,ST trix computation aiming to compare against famer
SE-B(10) AST,C,DN,EQ,FY,G,HW,ILMV,KR,P count method.

SE-V(10) | AST.C,DEN,FY.GH,ILMV.KQR,P.W During the planning phase of the test some ques-
Solis-D(10) | AM,C.DNS,EKQR FGRHT.IV.LYW tions arose, such as: “Would a changé& laad to con-
Solis-G(10) | AEFIKLMQRVW,C,D,G,H,N,P,S,T,Y . .. . » w

SE-B(14) | AC.DEQFY.GHIVKR.LMNPSTW siderable variation in the MSA score?” or “Would a

change irk affect the runtime of the algorithm?”. Ini-
hoff(6). Note the classes are named from A to F in tially we evaluated a version with thevalue ranging
the order presented in the Table 1. For example thebetween 3 and 14, the inferior limit of 3 was chosen
amino acid M was converted to class F, D to class C because substrings under this value are of no signif-
and P to class A. icance and the upper limit of 14 was considered due

o _ to the time/result ratio. The objective was to visual-
Ori ginal : _ MDPFLVLLHSVSSSL SSSELTELKYLCL ize the effect of altering the length of the substrings.
Converted: FCADFFFFEAFAAAFAAACFACFEDFBF As we will see in Section 4, the answer to both initial

In this example, the first substring (wikh=6) is ~ questions were positive.
FCADFF and the second is CADFFF. In the second experiment, we evaluate alterna-

tive compressed alphabets, such as: SE-B(6), SE-
B(8), Li-A(10), Li-B(10), Murphy(10), SE-B(10),
SE-V(10), Solis-D(10), Solis-G(10) and SE-B(14),
3 IMPLEMENTED CHANGES whose classes are shown in Table 1. In this experi-
ment we chose to randefrom 6 to 10 because these
The MUMMALS'’ algorithm core is based on Prob- were the values that represented the best time / result
Cons (Do et al., 2005) and its probabilistic consis- ratio in our previous experiment varying the alpha-
tency measure. The first one defines more com- bet from 3 to 14. For more information about the al-
plex and sophisticated hidden Markov models and phabets consult the study by Robert C. Edgar (Edgar,
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2004a). monly used tool for large scale benchmarking by the

For the last experiment, the initial part of the scientific community (Wallace et al., 2005) and has
progressive alignment algorithm was completely the advantage of manual refinement and data set divi-
changed. The methods for distance matrix compu- sion, which to us was a clear benefit when compared
tation and guide tree construction were redefined ac-to other benchmark tools. BAIIBASE is based on
cording to a study performed by Almeida and col- pre-compiled alignments, thus each alignment con-
leagues (Almeida et al., 2010), where was evalu- structed by a new algorithm is evaluated by compar-
ated a series of methods applied in each step of pro-ison against a reference previously provided. Each
gressive alignment. Amongst the evaluated meth- BAIIBASE set aims to evaluate specific situations in
ods, was compared a series of algorithms for dis- the MSA context.

tance matrix computation and algorithms used for  puring the evaluation all 218 data sets composed
guide tree construction. In this third experimentwe py complete sequences provided by BAIIBASE 3.0
implemented two new aligners, both using the PAM \yere used. We used the SP - also known as Q-score
method for which we introduced some normaliza- - and TC methods as alignment scoring, considering
tion tests for distance values produced. The first one only core blocks because they are the 0n|y reliable
uses the PAM (Dayhoff et al., 1978) method (avail- portions of the alignments. The SP method is used to
able by PHYLIP package (Felsenstein, 2011)) for dis- compute the percent of residue pairs correctly aligned
tance matrix computation combined with Neighbor- or in other words equal to reference alignment. The
Joining (Saitou and Nei, 1987) (NJ) for guide tree TC method is used to compute the fraction ofidentical

construction. The second one uses PAM for distance cojumns in both alignments (evaluated and reference).
matrix computation and UPGMA (Sneath and Sokal, In Table 2 we present the results for the first test,

1973) instead NJ. UPGMA and .NJ are classical and where we ranged thie value and the MUMMALS
the most known methods for guide tree construction
standard compressed alphabet was kept, Dayhoff(6).

and thus were the chosen ones. For both aligners re- .
gardless of the guide tree construction method, we Approximately 14 hours (5694s) were needed to

) . . S compute the 218 alignments, resulting in an average
used thirteen different intervals for normalization al- .

. g ; SP score 854 and an average TC score.83 using
ways with the same upper limit of.@ but ranging L .
the lower limit from QO to 0.9 in incrementations of theaiigia J°MMALS, in 2 25GHzDual Core pro-

’ cessor andGB of memory. In Table 2, thAt value is
0.1, we also used values of@b, 075 and 085. The : - -
o T the time variation when compared to original MUM-

three last values for inferior limit were used because

the best results were obtained when the inferior limit MALS. For example, wheik = 8 the time required
; . was 810175(60.13% higher). ThASP andATC val-
was Q6 or higher and then we decide to evaluate some

other values in that range ues are the score variations and f&#ecolumn shows
The k-mer count mgetﬁod with a comoressed al- the average betweehSP andATC. An alternative

phabet for distance computation was Ssed in the way to view the performance gain is to concentrate on

MUMMALS algorithm in order to achieve a time the error variation. When we get a SP scoreéd85we

I 1 0, I I -
complexity reduction (Edgar, 2004a). However, theo- get a solution with a 15% rate of errors in the align

} ments when compared to the references. Thus if a
retically that method does not have the same accuracy, .. algorithm gets a SP score.00, we get a solu-

when c_ompared_to cIassmaI_ rr_l_ethods._Thethlrd evalu'tion with 3333% less errors when compared to the
ation aims to verify the possibility of gaining accuracy first one. TheASPe andATCe columns show the er-

LL\évzggﬁioan(;?(s;sgal method, moreover we will check ror variation, using SP and TC score, respectively, and
' theAAe column shows the average betwesiPe and

Note that it is not possible to apply these experi- ATCe. Observe the highest SP score occurred when
ments in a combined way. In the first experiment we k— 13 ork — 14. Wherk — 8 it was achieved the best

ranged thé value. In the second one we rangedkhe C score. Note the beA value occurs whek — 8
value and also changed the compressed alphabet use nd the BesAAe appears whelk — 13. A perfor-

Finally, in the last one t_he k-mer co_unt method_ls ¢ mance gain in the SP score has a higher significance
placed by a standard distance matrix computation. under an error variation perspective because original
MUMMALS has a higher SP score.
In Table 3 we show the results for the evaluation of
4 RESULTS alternative compressed alphabets. Note the best val-
ues for SP and TC were achieved with SE-B(10) and
The evaluation method applied to this study was BAI- k = 7, which required 8692 to get a SP score of
iBASE (Thompson et al., 2005), it is the most com- 86.70 and a TC score of 562.
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Table 2: Results with Dayhoff(6) alphabet when thparameter was varied. The first column is the alphabet nkrisethe
substring length of thk=mer count method antt is the runtime variation when compared to original MUMMALSP and
ATC are the score variation when compared to original MUMMALS! dime AA column is the average betweAS$P and
ATC. The three last columns are a diferent view for score vamativhere we focus on error variation.

Alphabet | k At AP | ATC AA ASPe | ATCe | Ahe
Dayhofi(6) | 3 | -93.46 | -30.05 | -56.94 | -43.50 | 177.83 | 66.40 | 122.11
Dayhofi(6) | 4 | -92.53 | -25.32 | -46.17 | -35.74 | 149.85 | 53.83 | 101.84
Dayhoff(6) | 5 | -79.93 | -9.31 | -19.07 | -14.19 | 55.07 | 22.24| 38.65
Dayhofi(6) | 6 000 | 000| 000| 000| 000| 000| 0.00
Dayhofi6) | 7 | 3873 | 108 | 282| 195| -637| -329| -4.83
Dayhofi6) | 8 | 60.13| 085 | 347 | 216 | -505| -405 | -455

Dayhofi6) | 9 | 7560 | 094 | 300| 1.97| -557| -350| -4.54
Dayhofi6) | 10 | 89.80 | 1.06 | 322| 214| -630| -3.76| -5.03
Dayhoff(6) | 11 | 98.92 | 123 | 252| 187 | -727| -294| -5.10
Dayhofi(6) | 12 | 11048 | 1.08 | 275 | 191 | -6.39 | -320| -4.80
Dayhoff(6) | 13 | 12064 | 136 | 1.86| 161 | -808 | -217| -5.12
Dayhofi(6) | 14 | 125.92 | 136 | 141 | 1.39| -8.07 | -1.65| -4.86

Best 136 | 3.47| 216 | -8.08| -405| 512

Finally in Table 4 and in Table 5 we present the ated thek-mer count method parameters. We evalu-
results for the version with the changed distance ma- ated alternative compressed alphabets and we made
trix computation and guide tree construction. We per- experiments ranging thk value (substring length).
formed tests using a range of normalization methods The results presented in Tables 2 and 3 indicate qual-
for the distance values. Note when we use PAM + NJ ity ( AAandAAecolumns) improvement as thealue
and the values are normalized between @nd 10, increases. However, after reaching the peak, the qual-
we get the best results in general for the third evalua- ity decreases as thevalue increases. Probabilisti-
tion. The PAM + UPGMA version showed an inferior cally speaking, ak increases the number of possi-
performance and it proved to be less sensitive to the ble strings of sizé increases, whereas the probabil-
normalization method. Several versions had achievedity to find similar substring occurrences decreases. In
similar performance. short, the accuracy increases with tkevalue, but

there comes a point where no more similarities can
be found and th&mer count results deteriorate.

5 CONCLUSIONSAND FUTURE Note the time is extremely affected according to
WORKS k value, compressed alphabet, distance matrix com-
putation method, guide tree construction procedure

Meaninaful improvements were achieved. All evalu- and normalization method. The runtime varied from
9 P ' ,311sto 135967s. The original MUMMALS con-

e eners s b e *Mimes (6925 t0 dlver resls with an SP score
9 9 PE% of 85.54 and a TC score of 583. Our best aligner

) ) e ) .
ing and in 5819% in accordance with TC scoring. requires 87692 to perform the 218 alignments or

T blln tge first tehs_t, wZo;se(yresults W(zre [t)_resenr':ed 'Nin other words it is 783% slower than the original
anle 2, we achieved.ss/o error reauction when —\, ,\mMmALS. However it reduces errors in.98% in

0,
evaluated by SP score _anaDB/o less errors when we the SP score evaluation and get8B% less errors in
compare the results using the TC method. .
. TC score perspective.

The second test, whose results were shown in Ta-
ble 3, extracted the best results. The aligner withcom- ~ The results enable us to conclude that a k-mer
pressed alphabet SE-B(10) ake- 7 achieved 860 count method can be accurate enough to compute a
words, it reduces errors ing8% in a SP score eval- context. It is important to note that the use of pairwise
uation and gets.B1% less errors in a TC score per- alignment through a complex hidden Markov model
spective. like applied by MUMMALS helped us to achieved

The last test, whose results were presented in Ta-these results, its complex HMM and the probabilistic
ble 4 and in Table 5, achieved1®% of error reduc- ~ consistency measure had already shown a high accu-
tion when evaluated by SP score an@5%s less errors  racy for alignment with low similarity sequences.
when we compare the results using the TC score, this  We are considering as a future work the imple-
was achieved with the PAM + NJ version. mentation of other classical methods in a similar con-

As we discussed earlier we systematically evalu- text to the third test, such as distance matrix compu-
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Table 3: Results for the alternative compressed alphabkabsation. The columns are similar to Table 2.

Alphabet k At ASP ATC AA ASPe | ATCe | AAe
SE-B(6) 6 -3.33 0.46 191 119 | -273 | -2.23 | -2.48
SE-B(6) 7 30.89 | 0.65 3.08 186 | -383 | -359 | -3.71
SE-B(6) 8 52.18 | 0.86 3.42 214 | -5.08 | -3.99 | -453
SE-B(6) 9 68.08 | 1.02 4.27 265 | -6.06 | -498 | -5.52

SE-B(6) 10 82.99 | 0.92 4.38 265 | -546 | -511| -5.29

SE-B(8) 6 33.47 | 0.89 4.76 283 | -526 | -555| -5.41
SE-B(8) 7 59.15 | 0.77 4.55 266 | -453 | -530| -4.92
SE-B(8) 8 76.88 | 1.19 4.57 288 | -7.03 | -533| -6.18
SE-B(8) 9 90.12 1.23 4.28 276 | -7.28 | -499 | -6.14
SE-B(8) 10 | 102.52 | 1.30 3.04 217 | -7.67 | -355| -5.61
Li-A(10) 6 73.93 | 0.89 3.88 239 | -528 | -453| -4.90
Li-A(10) 7 94.16 | 121 3.55 238 | -713 | -414| -5.64
Li-A(10) 8 | 11256 | 1.27 4.23 275 | -752 | -493| -6.23
Li-A(10) 9 | 12415| 1.01 2.24 162 | -5.97 | -2.61 | -4.29
Li-A(10) 10 | 135.10| 1.21 1.55 138 | -7.15| -1.81 | -4.48
Li-B(10) 6 63.69 | 0.66 3.14 190 | -390 | -3.67 | -3.78
Li-B(10) 7 84.54 | 0.64 2.97 180 | -3.80 | -3.46 | -3.63
Li-B(10) 8 99.84 | 1.03 3.39 221 | -6.07 | -3.95| -5.01
Li-B(10) 9 | 11352 | 0.94 2.69 182 | -558 | -3.14 | -4.36
Li-B(10) 10 | 12342 | 0.91 0.48 0.70 | -5.41 | -0.56 | -2.99

Murphy(10) | 6 | 5124 | 057 | 393 | 225| -335| -459| -3.97
Murphy(10) 7406 | 067 | 409 | 238| -3.99| -477 | -4.38
Murphy(10) 90.06 | 1.23| 479 | 301 | -7.28| -559 | -6.43
Murphy(10) | 9 | 108.29 | 143 | 319 | =216 | -671| =872 | 5.21
Murphy(10) | 10 | 11859 | 1.02 | 289 | 1.96 | -6.05 | -3.37 | -4.71
SE-B(10) 6| 4935| 094 | 376| 235| 557 | -439 | -4.98

© ~

SE-B(10) 7 73.33 | 135 4.98 316 | -7.98 -581 | -6.89
SE-B(10) 8 89.51 1.12 4.28 270 | -6.61 | -499 | -5.80
SE-B(10) 9 | 102.09 | 1.34 2.70 202 | -794 | -3.14 | -554
SE-B(10) 10 | 116.11| 1.12 2.37 1.74| -6.64 | -2.76 | -4.70
SE-V(10) 6 37.92 | 0.50 3.68 209 | -297 | -429| -3.63
SE-V(10) 7 61.58 | 1.00 4.25 263 | 591 | -496 | -5.43
SE-V(10) 8 7777 1.15 3.74 244 | -6.80 | -436| -5.58

SE-V(10) 9 92.03 112 2.81 197 | -6.66 -3.28 | -4.97
SE-V(10) 10 | 103.56 | 1.20 3.17 219 | -7.12 -3.70 | -5.41
Solis-D(10) 6 83.67 0.84 4.17 250 | -4.97 -4.86 | -4.92
Solis-D(10) 104.56 | 0.96 3.32 214 | -5.65 -3.87 | -4.76
Solis-D(10) 122.56 | 1.30 2.22 1.76 | -7.70 -2.59 | -5.14
Solis-D(10) 9 | 13740 | 1.22 1.18 120 | -7.21 -1.37 | -4.29
Solis-D(10) | 10 | 144.09 | 1.20 2.20 1.70 | -7.12 -2.56 | -4.84
Solis-G(10) 6 -57.23 | -7.49 | -17.83 | -12.66 | 44.35| 20.79 | 32.57
Solis-G(10) 14.62 | -1.28 -3.07 -2.17 7.59 3.58 5.58
Solis-G(10) 59.45 | 0.27 1.76 1.01 | -157 -2.06 | -1.81
Solis-G(10) 9 89.64 | 0.22 2.08 115 | -1.27 -242 | -1.85
Solis-G(10) | 10 | 108.24 | 0.28 1.29 0.78 | -1.65 -1.50 | -1.58
SE-B(14) 6 84.42 1.22 4.68 295 | -7.19 -5.46 | -6.33
SE-B(14) 103.52 | 1.01 3.41 221 | -5.98 -3.98 | -4.98
SE-B(14) 121.80 | 1.15 3.09 212 | -6.83 -3.60 | -5.21
SE-B(14) 9 | 136.18 | 0.92 117 1.04 | -5.43 -1.36 | -3.39
SE-B(14) 10 | 146.87 | 0.84 -0.11 0.36 | -4.96 0.13 | -2.42

Best 1.35 4.98 3.16 | -7.98 -5.81 | -6.89
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Table 4: Results when we changed the methods for distana&rmamputation and guide tree construction to PAM and NJ.
The columns are similar to Table 2.

Normalization At ASP ATC AA ASPe | ATCe AAe
none 18.94 -4.70 | -15.81 | -10.25 | 27.80 | 18.44 | 23.12
0.00-1.00 -78.67 | -12.09 | -22.35 | -17.22 | 71.55 | 26.06 | 48.81
0.10-1.00 -75.88 | -10.46 | -18.45 | -14.46 | 61.91 | 21.52 | 41.71
0.20-1.00 -69.49 -8.66 | -14.09 | -11.38 | 51.27 | 16.43 | 33.85
0.30-1.00 -46.86 -4.72 -8.11 -6.42 | 27.94 9.46 | 18.70
0.40 - 1.00 91.52 0.36 -0.11 0.13 | -2.12 0.13 | -1.00
0.50-1.00 168.60 0.97 3.74 2.35 | -5.73 -4.36 | -5.04
0.60 - 1.00 168.74 1.03 3.88 2.45 | -6.07 -452 | -5.30
0.65-1.00 168.69 1.05 3.97 251 | -6.19 -4.63 | -5.41
0.70-1.00 168.59 1.04 4.16 260 | -6.13 -4.85 -5.49
0.75-1.00 168.64 1.01 4.10 256 | -6.00 | -4.78 | -5.39
0.80-1.00 168.59 1.04 4.09 256 | -6.14 | -4.77 | -5.45
0.85-1.00 168.70 0.99 3.91 2.45 | -5.88 -4.56 | -5.22
0.90-1.00 168.27 1.04 4.12 258 | -6.14 | -4.81 | -5.47

Best 1.05 4.16 2.60 | -6.19 -4.85 | -5.49

Table 5: Results when we changed the methods for distanag&xmatnputation and guide tree construction to PAM and
UPGMA. The columns are similar to Table 2.

Normalization At ASP ATC AA ASPe | ATCe AAe
none 91.17 | -1.27 | -4.01 | -2.64 7.53 4.68 6.10
0.00 - 1.00 -70.12 | -6.13 | -9.87 | -8.00 | 36.26 | 11.51 | 23.89
0.10-1.00 -43.43 | -4.13 | -4.83 | -4.48 | 24.46 5.63 | 15.05
0.20-1.00 168.52 0.85 3.27 2.06 -5.05 -3.81 -4.43
0.30-1.00 168.47 | 0.99 | 3.27 213 | -5.88 | -381 | -4.84
0.40-1.00 144.76 1.00 327 214 -5.94 -3.81 -4.88
0.50 - 1.00 144.80 | 1.00 3.27 214 | -594 -3.81 | -4.88
0.60 - 1.00 145.04 1.00 3.27 214 -5.94 -3.81 -4.88
0.65-1.00 144.77 1.00 327 214 -5.94 -3.81 -4.88
0.70 - 1.00 144.90 1.00 3.27 214 -5.94 -3.81 -4.88
0.75-1.00 144.79 1.00 327 214 -5.94 -3.81 -4.88
0.80-1.00 144.82 1.00 3.27 214 -5.94 -3.81 -4.88
0.85-1.00 168.45 1.00 327 214 -5.94 -3.81 -4.88
0.90-1.00 144.85 1.00 3.26 2.13 -5.94 -3.80 -4.87
Best 1.00 3.27 2.14 -5.94 -3.81 -4.88
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