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Abstract

Methods based on the Mutual Information statistic (MI meth-
ods) predict structure by looking for statistical correlations
between sequence positions in a set of aligned sequences.
Although MI methods are often quite effective, these meth-
ods ignore the underlying phylogenetic relationships of the
sequences they analyze. Thus, they cannot distinguish be-
tween correlations due to structural interactions, and spurious
correlations resulting from phylogenetic history. In this pa-
per, we introduce a method analogous to Ml that incorporates
phylogenetic information. We show that this method accu-
rately recovers the structures of well-known RNA molecules.
We also demonstrate, with both real and simulated data, that
this phylogenetically-based method outperforms standard Ml
methods, and improves the ability to distinguish interacting
from non-interacting positions in RNA. This method is flex-
ible, and may be applied to the prediction of protein struc-
ture given the appropriate evolutionary model. Because this
method incorporates phylogenetic data, it also has the poten-
tial to be improved with the addition of more accurate phylo-
genetic information, although we show that even approximate
phylogenies are helpful.

Introduction

interacting in the molecule and are likely to form Watson-
Crick base-pairs or other interactions. With enough varia-
tion from numerous aligned sequences, it is possible to make
structural predictions for very large RNA molecules (Gutell
1994).

Comparative methods are not only capable of determin-
ing basic helical structure, but are also very adept at predict-
ing less intuitive structural motifs often missed by thermo-
dynamic methods. These motifs include interactions such as
pseudoknots, tertiary canonical and non-canonical base pair-
ings, base-stacking, and tetra-loops. Many of these predic-
tions have later been verified experimentally, demonstrating
the predictive value of these methods (Chastain and Tinoco
1991; Lodmellet al. 1995).

Comparative methods can, and sometimes do, take into
account the phylogenetic relationships of the sequences.
This is usually done “by hand” in the sense that some min-
imum number of changes along the tree are required before
a correlation is trusted (Woes# al. 1983). However, stan-
dard MI methods ignore the tree, treating all the sequences
as if they had arisen from the same common ancestor at the
same point in time. Thus, they implicitly assume that all
of the variation in each sequence has evolved independently
from all of the other sequences. The result of this is that MI

Comparative methods have proven highly successful in methods will typically overestimate the true amount of cor-

predicting secondary structure in multiple alignments of
RNA (Woeseet al. 1983; Michel and Westhof 1990;
Winker et al. 1990; Gutellet al. 1992; Gutell 1994;

relation between sequence positions, and will accept “spu-
rious correlations” (i.e., correlations attributable to a shared
phylogenetic history) treating them as significant evidence

Cary and Stormo 1995; Gulko and Haussler 1996). The most Of interaction and structure (Lapedetsal. 1997). Figure 1

commonly used comparative method, known as Mutual In- illustrates how knowledge of the phylogenetic (elatlonshlps
formation (M), was introduced as a quantitative measure of @mMong a group of sequences can be useful in identifying
correlation to help automate the process of secondary struc- Such false positives.

ture prediction (Chiu and Kolodziejczak 1991). Ml methods ~ Using simulated data sets, Lape@gsl. (1997) demon-
predict structure by examining patterns of variation across Strated how ignoring phylogenetic signal can lead to false
sets of aligned sequences (Gutlal. 1992). In essence,  conclusions of non-independence. By simulating the evo-
these procedures look for correlated (or compensating) mu- lution of sequences down two types of trees, one a “star”
tations between pairs of positions in a sequence by calculat- phylogeny and one a more realistic bifurcating phylogeny,
ing the amount of covariation between sequence positions. the authors demonstrated that the more realistic phyloge-
If two positions tend to have significant amounts of “mutual netic tree “created” mutual information between sites even
information” (i.e., as one position changes the other tends to When such interactions were absent. Therefore, it appears
change as well) this is an evidence that these positions are that the inclusion of the phylogenetic tree into these compar-
ative methods should improve the prediction of secondary
structure by reducing effects of spurious correlations. In
this paper, we describe an improved method of RNA struc-
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Sequence 1: cOGUAGATUA \L we find the parameters of the model given a data set and a
Sequence 2: CCGUAGAAUU phylogeny estimate? Basically, the estimates of the param-

Sequence 3: CCGUAGAUUA eters are the set of numbers that maximizes the likelihood
Sequence 4: CGGUACAAUU function of the data given a set of aligned sequences and a
Sequence 5: CGGUACAUUA phylogenetic tree. The numerical aspects of the maximiza-
Sequence 6: CGGUACAAUU tion problem have been addressed in previous works (Schadt

et al. 1998). The output is the optimal parameters of the
Figure 1: A hypothetical example showing covariation be- HKY85 model and the maximum of the likelihood function
tween positions in an RNA sequence. The figure shows a set for each position of the sequences. Because we optimize the
of aligned homologous sequences. Using standard mutual parameters of the model separately for each position we are
information methods, in the absence of a phylogeny, posi- probably over-fitting to the data, especially when we have
tions 2 and 6 would appear to covary as would positions 8 a small number of sequences. But because our use of these
and 10. In other words, each time there is a change in one parameters is to identify pairs of positions that do not appear
position, there is a corresponding change in the other. How- to evolve independently, the result is that our identification
ever, the phylogeny on the right indicates that sequences 1-3 of correlated positions is conservative.
form a closely related group, as do sequences 4-6. If the  Given the rate parameters at each site, assuming that each
common ancestor of all these sequences had a G at positionposition evolved independently of all others, the next step
2 and a C at position 6, there would only be evidence for s to determine if two positions evolved independently or if
one independent origin of compensating mutations between they show some bias towards simultaneous mutations on the
these positions (indicated by the arrow). On the other hand, phylogenetic tree. Recently, efforts have been made to sim-
there are multiple instances of correlated mutations between pify the joint distribution approach to some kind of quasi-
positions 8 and 10 because related taxa are all dissimilar at joint evolution models with some positive results, though
these two positions indicating multiple independent origins - the method clearly needs refining (Muse 1995). Some meth-
of this correlation. ods even try to work out the real joint distribution model for

a pair of positions (Gulko and Haussler 1996). Gulko and

- . . . Haussler’s results were very impressive. However, in our

ture prediction analogous to mutual information techniques approach we do not make many of the simplifications that

that _incorporates phylogenetic information. By taking the they used (e.g., the discrete branch lengths, the same rates
tree into account, we show that the method reduces the num- ¢ e\ o|ution at all positions of a multiple alignment as well

ber of false positives detected by non-phylogenetic methods, 54 the high dependence of the result on the training dataset,
and increases the ability to detect truly correlated positions. 5nd the requirement of a training dataset itself).

. - Certainly, the ideal approach would be to determine the
Phylogenetically Based Structure Prediction optimal evolution parameters for each potential pair of inter-
In our approach to the correlation analysis of RNA se- acting positions, and then choose the “good ones” based on
guences, we first estimate the independent rates of evolu- how much better they fit the data. However, this is imprac-
tion for each position in the sequence along a phylogenetic tical on many datasets for two reasons. First, the number of
tree. In particular, we apply the Hasegawa-Kishino-Yano parameters for joint evolution is larger; how large depends
(HKY85) (Hasegawaet al. 1985) model of DNA/RNA se- on the model used to describe evolution of pairs. Second,
guence evolution down a given tree for each site of the se- and more important, is the great number of potential pairs
guences. A number of DNA/RNA sequence evolution mod- one has to examine to identify the set of true pairs. For ex-
els have been developed during the last twenty years (re- ample, in a sequence of length 1000, there are at most 500
viewed by Swofford 1998). The well-known Jukes-Cantor pairs of interacting positions. (This assumes each base in-
model (Jukes and Cantor 1969) is the simplest of these, teracts with at most one other position. While this ignores
while the GTR, general time-reversible 11-parameter model base-triple interactions, it is a reasonable limit to the ex-
is probably the most complex generalization that has been pected number of interactions in RNA.) But the total number
considered (Lanavet al. 1984). Surprisingly, the assump-  of pair-wise combinations is about 500,000. Determining
tion of the same substitution rates over the sites of the se- the maximum likelihood parameters for all of those poten-
guences was a very common one in the past, presumably be-tial pairs, in order to find out which pairs are not well de-
cause this was less computationally demanding. However, scribed by independent evolution, would be prohibitive. Our
with constantly increasing computational power, the oppor- approach is much faster and can identify the likely interact-
tunity to work with more general (i.e., more realistic) mod- ing positions, including information from the phylogenetic
els becomes very attractive. We settled on the 6 parametertree, which can then be examined in more detail.

HKY85 model as a compromise between model complexity  In this paper, we describe a statistical estimation method
and computational efficiency. of structure prediction that combines a phylogenetic ap-
The HKY85 model has six unknown parameters: the four proach, utilizing the HKY85 model, with a purely statisti-
nucleotides equilibrium frequencies, the mean substitution cal approach that does not take into account the phylogeny.
rate and the transition-transversion ratio. However, only The likelihood ratio of these two approaches essentially asks
five of these six parameters are independent because the nuwhether the evolution of two positions is better described by
cleotide frequencies add up to one. The question is how do a model that takes the tree into account, but assumes inde-



pendence, or a model that ignores the tree but assumes in-sequences, this meant that the analysis was based on only
teractions. We show that this method is a more reliable pre- 99 base positions, while we used the entire 16S rRNA se-
dictor of interacting positions, on both real and simulated quence, approximately 1,500 bases, to generate trees for the
datasets, than standard MI-based methods. We demonstrateorediction of 16S rRNA structure. Although we doubt the

its use on three example datasets. overall reliability of the trees used in the analyses, partic-
ularly in the case of the tRNA structure predictions which
Materials and Methods were based on little data, our methods were robust for all the

Data Sets trees generated with a number of different models of evo-
lution (see Results). Furthermore, one of the main conclu-
Sequence alignments of tRNAs and 16S small subunit sjons of this work is to demonstrate that using information
rRNA's were obtained by downloading from the world wide  from the phylogenetic tree, even if it is only approximately
web (tRNA: (Sprinzkt al. 1998) 16S rRNA: (Van de Peet correct, leads to better predictions of structure than methods
al. 1998)). For the analysis of tRNA sequences, we used 300 that ignore the tree altogether.
sequences representing a diverse array of taxa. For the anal-
ysis of 16S rRNA, we selected approximately 150 bacterial Test statistic
sequences from 12 bacterial families. The 16S sequences|, the first step of our method, the input data are a set of
were selected such that the phylogeny of these sequencesyligned sequences and a tree generated by PAUP*. The out-
would resemble the tree of Figure 5B. In other words, we put is the optimal parameters of the HKY85 model and the
selected groups of closely related sequences from among maximum of the likelihood function for each position of the
several distantly related bacterial families. _ sequence. It is worth noting that, since the positions are
For the 16S rRNA sequences, we used the alignments 3ssumed to be evolving at different rates, this method re-
as they were presented in the web sites (as we did for the gujres more data than if we assumed the same rates for all
tRNA sequences) except that we removed positions in the the sjtes of the sequences. However, the increased demand
16S bacterial sequence alignments at which 20% or more of i, the amount of data necessary is not as drastic as might
the sequences contained gaps. This was necessary becausgaye been anticipated.

individual sequences often contained70% gap positions The likelihood function computed in the first step is then
due to the fact that the database contained the alignmentscompared with the likelihood of the data at positi@rondi-

of thousands of 16S rRNA sequences, including many dis- tioned on the data at positignfor all pairs(i,j). In essence,
tantly related sequences. Although alignments between dis- e are comparing whether the prediction of the data at posi-
tantly related sequences in the database (e.g., Bacteria to Eutjgn j, given the data at positignis better or worse than the
carya) were probably not completely reliable, the alignments yregiction of the data at positidrbased on its independent

within the bacterial sequences appeared much more reli- gyolutionary model. Mathematically, the following statistic
able and contained few gaps once the common gap positionsrepresents the comparison:

were removed. For the 16S rRNA structure predictions, we

focused on a small and well known part of the molecule that LEEY (> k* w4 my)
corresponded to the region between nucleotides 404 and 547 Ry; = —log T @)
of theE. coli sequence (Gutell 1994). i

We also tested the methods in this paper on randomly ~ Where:

generated sequence data. This data was generated by the

program SEQ-GEN (Rambaut and Grassly 1997) which al- LHEY (o w8y = max  LEKY (4. 10) (2)
lowed us to evolve sequences down a phylogenetictree using =~ ° v : Y
the HKY model of evolution. (In this case, the parameters
of the model were predetermined and were the same for all
positions.) We used a phylogenetic tree based on 66 16S
rRNA bacterial sequences, including branch lengths, as in-

wk,wa,...,mu

1 is the mean substitution rate, k is the transition-
transversion ratio and, is the frequency of nucleotida
wherea = {4,C,G,U}.

put to the program, and the program allowed us to evolve L. — H £ N fan 3)
multiple data sets of varying length using this tree. il = alb

a={A,.. U}
Phylogenetic Analyses b={A,. . U}

Phylogenetic analyses were performed using PAUP* (re-  f,, is the frequency of nucleotide at positioni given
viewed by Swofford 1998). We used the neighbor join- nucleotideb at position]. f,; is the frequency of the pair of

ing (NJ) criterion for all phylogenetic analyses because we nucleotidesb andN is the number of sequences.

needed to generate a large number of phylogenetic estima-  If positioni is independent of positiop thenL;; = L;,

tions with an enormous number of taxa (150). Other andR;; would be always negative for trees reasonably de-
methods, such as parsimony or maximum likelihood, would scribing the data. As an example of unreasonable tree, we
have been too slow. The NJ procedure of PAUP* also gen- can consider a tree that has zero branch length between taxa
erated branch length estimates which were necessary for ourwith different nucleotides.L#XY given this tree is zero,
methods. Phylogenetic analyses were based on the sameno matter what the parameters are, which makgsto be

data set that we used to predict RNA structure. For the tRNA +o0. Referring to Figure 1, assuming the tree fits the data,



the likelihood LY at position2 would be much bigger A

than the likelihoodZLZKY" at position10. Thus, consider- 1-G—C
ing these two sites independently of the other positions, i.€ C—G
Ly; = L; andR;; = R;, wherei=2,10, R;o would be G—C-70
bigger thanR, even thoughl., = L. In this case,R; G—U
represents the amount of variation at positiorThe more A—U
variation at sitei is present in the data, the bigg#y is. U—A -
This indicates that this approach would allow us to get ric U—Aa o*c U A
of spurious correlations associated with the phylogeny, ¢ U GACAC
illustrated in Figure 1. pDGna % A (l: é J; (l] (]; G
Since two sites are involved, the statistic below is the out D \ cuce ; c
put for each pair of positions: ——1 C3 T g
6 GAblé egu
LHKY [HKY G G A ¢ A
Rij = Ryj; - Ry = —logﬁ (4) & c—G
il o C—G
R;; will be 0 if the two methods give equal values for AU
the likelihood of the data. Notice that this will also be true 30-G—C-40
for any completely conserved positions. The value will be A-—-U
negative if the tree-based independent model fits the da c A
better, and will be positive in the opposite case. Therefore u Y
is an appropriate threshold to use for predicting interactin GapA

pairs. A number of tests and simulations of this method hav

been completed which we present in the following sections. Figure 2: Secondary structure diagram for tRNA. The solid

lines represent the interactions predicted by CgHKY with

Results the variable region excluded from the analysis. All these
To verify the accuracy of our methods, we performed tests interactions have been discovered in the crystal structure.
on three different data sets: a tRNA data set, a 16S rRNA
data set, and a simulated data set. We first asked whether
our method was able to accurately predict the tRNA and 16S the R;; statistic output for the tRNA data from the CgHKY
rRNA secondary structure. Then we asked how well our program.
method performed compared with standard mutual informa-  The figure reveals an almost perfect separation between
tion (MI) methods for all three data sets. In all the tests, we the independent and the interacting pairs, and indicates a
excluded positions that were invariant in the sequences we threshold on the border of the two sets. Interestingly, the
used because these positions contained no information aboutknown interacting pair CgHKY did not predict that had vari-
correlation. In fact, no comparative methods, by themselves, ation (54:58) ends up right in the middle of a supposedly
are able to predict interactions at positions where there is no non-interacting group of positions on the interval [-30,0].

variation (Cary and Stormo 1995). This result suggests that the threshold should not be treated
as an absolute, and that efforts should be made to further
tRNA data set investigate sites just below this threshold as potentially in-

R;; statistic for each pair of positions was calculated by our teracting positions.

CgHKY (correlations given the HKY model) program. For a
tRNA molecule 99 nucleotides in length there are 4851 pairs 16S rRNA dataset
of positions to examine. The data set that we have tested For the 16S rRNA we present the results of the analysis of
the program on contained 300 tRNA molecules from numer- 144 sites in the 16S rRNA, corresponding to position 404
ous different, and distantly related, organisms. Although the through position 547 dE. coli (Figure 4).
number of calculations was fairly big, the program required  Again, the CgHKY program was able to predict the ma-
only about 3 minutes on a Sun Ultra 30 station to complete jority of the secondary structure in this data set (Figure 4).
the computations. With the 16S data set, we also compared the output of the
CgHKY was able to predict the majority of known inter- CgHKY program with that of the MIXY program. The
actions in the tRNA secondary structure (Figure 2). Due MIXY program (“Mutual Information between X and Y")
to a lack of variation, we could not predict several of the calculates the Mutual Information (MI) for each pair of po-
known base pairs (8:14, 18:55, 19:56) and base triples (9 sition, which is a commonly used technique for prediction of
with 12:23, 45 with 10:25). In these cases, at least one of RNA secondary structure (Gutelt al. 1992). However, the
the positions was completely conserved (no variation) and Mutual Information method does not account for phyloge-
provided no data for the analysis. Thus, CgHKY was able to netic features of the data. This weakness of the Ml approach
predict all but one (54:58) of the interactions in tRNA that has been pointed out in recent papers (Lapetiat 1997).
were possible to predict. Figure 3 shows a distribution of The MI statistic works very well if the phylogenetic tree of



|

=1

L] 1]
TigMiElY Cadpad

Figure 3: The histogram of the CgHKY output cut at the
level 30. The solid line is the histogram itself for the posi-
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Figure 4. The 400-550 region of 16S ribosomal RNA. The
variable stem and loop region, position 455 through position

tions without interactions. Each asterisk represents the score477, were excluded from the analysis, as were the invariant

for a single pair of interacting sites, and their height is irrel-
evant.

the data set approximately resembles a star phylogeny.
Figure 5 shows two realistic phylogenetic trees, one with
uniform branches, and one with clusters of closely related
sequences. In order to compare CgHKY and MIXY on
non-uniform data, we collected groups of closely related
sequences from different bacterial “families” whose phy-
logenetic relationships would approximate the kind of tree
shown in Figure 5.B in which CgHKY should outperform
MIXY. The test dataset we used contained 155 16S rRNA
sequences. Both approaches (MIXY and CgHKY) were ap-
plied to this data, and the results are plotted in Figure 6.
Figure 6.A shows the histogram of tii; statistic from
the CgHKY program, while Figure 6.B shows the histogram
of the MI statistic for the same set of positions. Almost
perfect separation is observed in the CgHKY output (Figure
6.A). The two hits around mark 10, that are seen on the inter-
acting pairs side, are pairs 486-504 and 486-541, Figure 4.
It is worth noting that positions 504 and 541 are interacting
and, in fact, they are right in the stem region. If we look at

positions. Figure modified from Gutell (1994).
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Figure 5: Two examples of different phylogeny. Tree A has
almost uniform branches, while tree B contains distantly re-
lated groups of species.

A B

among the independent pairs, and there is also some noise
on the interacting set side. If we set the threshold so as to
have no false negatives, there are over 40 false positives. A
better threshold might end up with 3 false positives and false
negatives each. Therefore the sensitivity and specificity of

these three sites for each sequence in the data set we would®9HKY is improved over the standard MI approach.

see that they have UCG nucleotides at positions 486-504-
541 in 92% of the sequences and it has AGC combination in
the rest of the sequences. At first we interpreted this as evi-

Simulation
A tree of sequences similar to that shown in Figure 5.B

dence of a base-triple interaction. However, examination of was chosen for the simulation. The tree contained 66 taxa
a larger dataset showed this not to be true. Therefore those (leaves), and each sequence was 300 positions long which

two points are false positives. But note that they are the only

false positives when the threshold is set low enough to cap-

ture all of the true positives (i.e., with no false negatives).
The MIXY histogram does not show as clear a separation

makes a total of 44850 pairs of positions. The sites were
evolved independently of each other down the phylogenetic

tree using the program SEQ-GEN (see Methods).

Given the 300 site long randomly generated data set,

between the non-interacting and interacting sets of positions we then created correlated positions within this data

as does the CgHKY output (Figure 6.B). There are a couple

set. The odd numbered sites remained unchanged, but

of outliers near to the 300 mark that are not distinguishable the even numbered sites were changed so that each



even numbered position would be correlated to the
previous position as either a Watson-Crick or a GT
pair. A portion of this data set is shown below:

1:GCTGATCGGTTGATGTGCGCGTCGG...
2:GCTGATCGGTTGATGTGCGCGTCGG...
3:GCTGATATGTTGATGTGCGCGTCGG...
4:GCTGATCGGTTGATGTGCGCGTCGG...
S:GTTGATCGGTTGATGTGCGCGTCGG...
6:GTTAATATGCTGATGTGCGCGTCGG...
7:ATCGATCGTAATGCTGGCGCTGTAG...
8:ATCGATCGTAATGCTGGCGTTGGCG...
9:ATCGATCGTAATGCTACGGTTGCGG...

Figure 7 shows the results from the CgHKY and the
MIXY program on the simulated data set. As can be seen,
there is very little overlap in thé;; statistic scores for in-
teracting and non-interacting positions (Figure 7.A), while
the MI statistic has a wide overlap where it is not possible
to distinguish which pairs are correlated and which are not
(Figure 7.B). Therefore on the simulated data CgHKY also
has improved sensitivity and specificity compared to Ml.

Discussion

The phylogenetically based method of structure prediction
we describe in this paper proved to be quite effective in
predicting RNA molecular structure. We demonstrated that
the method accurately predicted 90% of the tRNA structure
(Figure 2) and 92% the partial 16S rRNA structure we ana-
lyzed (Figure 4). The interactions the method failed to pre-
dict were either the result of a lack of variation in the data
set at those positions (e.g., positions 18 and 54 of tRNA,
positions 507 and 524 of 16S rRNA) or because the struc-

In a comparison of our method with the results of a tradi-
tional Ml program (MIXY), we found the tree based method
to be generally more robust. The inclusion of phylogenetic
information improved the ability to distinguish between cor-
related and independently evolving sites in both real (Fig-
ure 6) and simulated (Figure 7) data sets. This suggests
that the tree based method is better able to differentiate be-
tween true correlations and those attributable to phyloge-
netic noise. We note, however, that the Ml methods we used
performed quite well in most circumstances, though it ap-
pears that our method is more robust over a wider range of
conditions and provided a clearer threshold by which to eval-
uate correlated and non-correlated positions.

Although the method we describe here is generally supe-
rior to the purely statistical method, there are some disad-
vantages. First, it is hard to establish what distribution the
R;; statistic has, while the MI statistic is known to be ap-
proximately a multiple of a2-statistic. This issue obscures
a possible claim of statistical significance in the identifica-
tion of the interacting positions. Second, to get comparable
values for theR;; statistic for different pairs of positions,
the data set has to have about the same number of gaps at
the positions that are considered. This is because the like-
lihood functions, given the phylogenetic tree, for a position
with 10% gaps and a position with 50% gaps have a differ-
ent order of numbers and are virtually incomparable without
a proper normalization. One possible way to deal with this
problem is to introduce a gap as a fifth character. Unfortu-
nately this approach would make positions with a significant
number of gaps correlated with each other. The sites in the
variable stem region of 16S RNA (Figure 4) would be corre-
lated with each other, in all possible combinations, and they
tend to have bigger values for tii&; statistic with the other
positions. This is also the case for the Ml statistic.

On the other hand, this method can be applied to the pre-

ture was not present in all of the sequences analyzed. For diction of higher order interactions, such as base triples, and
example, we excluded the stem-loop region (bases 455 to may be able to discover interactions not found by MI meth-
477, Figure 4) because it is missing in large fraction of the ods. To make the statistic more realistic for these types of
sequences in the dataset, and if we included it we obtained interactions, the comparison between the independent like-
numerous spurious correlations. However, if we examined lihood and the likelihood given the probabilities of a nu-
only those sequences that contained that stem-loop region, cleotide at some position conditioned on the data at the other
we did obtain the correct base-pairing structure. two or three sites might be considered. Furthermore, the
Occasionally, there were some true correlations that we phylogenetically based method has the potential to be en-
could not distinguish from non-interacting positions. Forin- hanced with improved phylogenetic information. Indeed,
stance, positions 54 and 58 of the tRNA molecule (Figure 2) the information on structure and correlation provided by this
are known to interact, but they fell within a group of appar- prediction method may be used to make better phylogenies
ently non-interacting positions. However, a closer look at of the data.
this group of positions showed that many of them are corre-
lated or potentially correlated in the molecule. For instance,  Finally, it is also worth mentioning that the method can be
this group contains pairs of positions from the anticodon re- extended to the prediction of protein higher order structure.
gion. Because of the nature of the data (the sequences wereThere have been some attempts to construct a reasonable
taken from different anticodon families), changes at the anti- substitution rate matrix for amino acid mutations (Dayhoff
codon positions are probably correlated, since a change from et al. 1978), but all the practical ones require a lot of as-
one anti-codon sequence to another often requires simulta- sumptions which sometimes lead to undesirable simplifica-
neous change at these three codon positions. Thus, theretions. Hopefully, with the constantly increasing computing
may be some true correlations between these other positionsfacilities we shall be able to implement a reasonable protein
that have little to do with structure. sequence evolution model.
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Figure 6: The histograms of the CgHKY and MIXY outputs for the 16S rRNA data set. The solid lines are the histograms for

the positions without interactions. Each asterisk represents the score for a single pair of interacting sites, and their height is
irrelevant.
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Figure 7: The histograms of the CgHKY and MIXY outputs for the simulated data sets. The solid lines are the histograms for
the data set without interactions. The dashed lines represent the output for the data set with interacting sites only.



