B R 1 T
ELSEVIER

Chemometrics and Intelligent Laboratory Systems 56 (2001) 61-71

Chemometrics and
intelligent
laboratory systems

www.elsevier.com/locate,/chemometrics

Circular effectsin representations of an RNA nucleotides data set
in relation with principal components analysis

T.H. Reijmers, R. Wehrens, L.M.C. Buydens*

Laboratory for Analytical Chemistry, University of Nijmegen, 6525 ED Nijmegen, Netherlands

Received 4 September 2000; accepted 12 February 2001

Abstract

During the last few years, the main reason for using molecular structure databases has changed. Instead of using databases
as a storage medium, databases now are also used as a source for data-mining applications. The large number of objects and
variables in these databases induced that besides univariate techniques, multivariate techniques are also applied to search for
knowledge hidden in the data. A popular multivariate technique that is used to explore the underlying structure in data is
called principal component analysis (PCA). Because structure data are often represented as torsion angles and PCA is not
originally designed to deal with this kind of circular data, the outcome of PCA experiments can be misleading. This article
describes severa alternative representations of circular data and its effect on the outcome of PCA experiments. A worked
example is given using a database of RNA nucleotides. © 2001 Elsevier Science B.V. All rights reserved.
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1. Introduction

The increasing popularity of the internet has re-
sulted in an enormous growth of the size and usage
of publicly available molecular structure databases.
Apart from storage and reference purposes, it is also
realized nowadays that these databases contain hid-
den information. Especially, the discovery and inves-
tigation of relations between the objects and vari-
ables in the data set are important. Are there any
trends visible in the data? Can the data be clustered
into groups of objects belonging to the same class?
Do similar objects/variables in the data show simi-
lar behaviour? The new field of data-mining explores
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waysto extract thiskind of information from the data.
Often, instead of Cartesian coordinates, torsion an-
gles are used to represent the molecular structures.
The resulting reduction in dimensionality is justified
because bond lengths and angles often do not change
significantly in the structures. An additional advan-
tage of the torsion angles representation over the
Cartesian coordinates representation is that no align-
ment is necessary to be able to compare different
structures. Mainly concentrating on protein struc-
tures, this has resulted in many different database
studies, focussing on the analysis of the distributions
of individual torsion angles (e.g. Refs. [1-4]). Be-
cause the backbone of a nucleic acid (DNA, RNA)
contains more torsion angles than the backbone of a
protein (six torsion angles in a nucleotide against
three in an amino acid), the univariate approach is no
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longer sufficient to give a complete picture of the
structure, although interesting results have been ob-
tained (e.g. Refs. [5—11]). Recently, besides univari-
ate techniques, multivariate techniques have also been
applied (e.g. Refs. [12—-15]).

Principal component analysis (PCA) is a popular
multivariate technique that is often used to visualize
the underlying structure of a data set [16]. Beckers
and Buydens [12] used PCA to derive additiona in-
formation on a data set consisting of the torsion an-
gles of DNA dinucleotides. A low-dimensional map
of the data was constructed that could be used for
DNA classification. However, problems may arise
when PCA is offered data for which the usual defini-
tion of variance does not apply. In the case of circu-
lar data, e.g. torsion angle data, PCA can give wrong
results because distances between two circular data
objects are defined differently as is the case for regu-
lar noncircular data. Thisisillustrated in Fig. 1 where
for both noncircular and circular examples, the dis-
tances between two objects are visualized.

This article describes several different representa-
tions of circular data and examines the effect on the
outcome of PCA experiments. The aim is to identify
which representation allows standard PCA tech-
nigues to be used, and what types of artefacts can be
expected in cases where an inappropriate representa
tion has been selected. To observe the effect of these
different representations, all results are compared
with a study performed on the same data set with
noncircular data, i.e. Cartesian coordinates. All ex-
periments are performed using a data set that con-
sists of RNA sequence fragments.

350

2. Experimental

2.1. Data

To examine how the PCA results are influenced by
the circularity of the data, a subset is selected from
the database used in Ref. [7]. The original set con-
sists of 1480 RNA mononucleotides extracted from
52 RNA seguences, originated from the nucleic acid
(NDB) [17] and protein (PDB) [18] databases. In Fig.
2A, the mononucleotides are visualized by means of
the two pseudo torsion angles n and 6, defined by the
atoms C4,,_ ,-P-C4\-Py, ; and P-C4\-By . 1-C4y 1,
respectively (see Fig. 3). On the basis of Fig. 2A and
some manual verifications, Duarte and Pyle [7] de-
fined eight different RNA classes: helical, C2 bend,
base twist, chi switch, cross-strand stack, flip turn,
stacked turn, and stack switching (see Fig. 2B). It
should be noted that the differences between the
clusters are small and that, to some degree, cluster
border definition is arbitrary. Nevertheless, the clus-
tering by Duarte and Pyle is retained, mainly for vi-
sualizing the effect of the different object representa-
tions. To bring the size of the data set to manageable
proportions and to remove the bias towards helices
(over 70% of the data set consist of helical objects),
a subset is selected, so that each class would be rep-
resented by at least five objects. Because for the de-
termination of pseudo torsion angles n and @, infor-
mation on the neighbouring nucleotides is also taken
into account, trinucleotides are taken as objects in the
subset.
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Fig. 1. For both noncircular (left) and circular examples (right) the distance between two objects is visualized.
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Fig. 2. On the left (A), an overview is given of the complete molecular data set of Duarte and Pyle [7] of the RNA structures in the  and 6
pseudo torsion space. On the right (B), eight subsets representing eight different RNA classes of the same data set are depicted.

The variables of the data set consist of the six
backbone torsion angles («, B, v, §, &, and &) of
each nucleotide (see Fig. 3). This leads to a data set
of 121 objects (trinucleotides), each described by 18
variables (3 X 6 torsion angles).

2.2. Methods

2.2.1. Analysis of circular data

The potential effects of the circularity of the data
on the PCA procedure depend on the representation
of the torsion angles. Besides the most often used
representations, where the torsion angles have values
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Fig. 3. Molecular structure of an RNA nucleotide with the corre-
sponding torsion angles. The pseudo torsion angles are defined by
the C4 and phosphor atoms of this nucleotide and its neighbours.

between 0° and 360° (representation ) and —180°
and 180° (representation 11), respectively, three other
representations are considered. The first alternative
representation is aready described in Ref. [19]. If
each torsion angle is represented by two values, the
sine and cosine values of that torsion angle (repre-
sentation I11), the data are no longer circular. A dis-
advantage of this representation is that the nonlinear
sine/cosine transformation can cause problemsin the
subsequent analysis. Also, the doubled number of
variablesis not favourable for this representation. Fi-
nally, if this representation is analysed by PCA, the
technique will treat the sine and cosine variables in-
dependently of each other, despite the fact that these
variables are strongly related. A similar alternative
representation would be the complex notation
(sin(angle) + i X cod(angle)) of each torsion angle.
By using this representation, PCA is forced to deal
with a combination of the sine and cosine variables.
A problem of this complex representation is that PCA
also returns complex results and interpretation is
rather difficult. Therefore, these results will not be
shown here.

The other representationsthat are investigated here
is to apply PCA to either a correlation matrix (repre-
sentation 1V) or a variance/covariance matrix (rep-
resentation V), where circularity is taken into ac-
count while calculating these matrices. Instead of the



64 T.H. Reijmers et al. / Chemometrics and Intelligent Laboratory Systems 56 (2001) 61-71

regular correlation coefficient, the circular correla
tion coefficient as described in Ref. [20] is used:

lab

n—1 n
Y, ), sin(g—apsin(b —by)

i—1j=i+1

B n-1 n n-1 n '
Y X sr(a-a) ) ) sni(b-b)
i=1j=i+1 i=1j=i+1

(1)

wherein r, is the circular correlation coefficient be-
tween vectors a and b with length n. To calculate the
variance/covariance matrix for circular data, the cir-
cular mean [20] is used:

>
tanda= . (2)
)y

The importance of using the right definition for
calculating the mean for circular dataiis shown in Fig.
4, where the construction of the circular mean for
three objects is visualized. If the objects cover less
than half of the full scale (ranging from 0° to 360°),
the circular mean differs not from the regular mean.
However, if the objects cover more than half of the
scale, like the objects in Fig. 4, the means differ and
the circular mean should be used. To calculate circu-
lar (co)variances, differences larger than half of the
scale used are given an additional subtraction of 180°,

Fig. 4. Visualization of the construction of the circular mean for
three objects with values: 89, 170 and 315. The noncircular mean
value of the three objects is 191.

because the difference between two circular objects
cannot be more than half of the scale used (i.e. 360°).

2.2.2. Analysis of reference (noncircular) data

To see whether changesin the representation of the
data resulted in better handling of circularity of the
data, al results of the PCA experiments are com-
pared with a so-called reference plot. The reference
plot is created using the same objects as in the circu-
lar data set; however, now, Cartesian coordinates
(noncircular variables) are applied. Starting point of
this plot is a data set consisting of the 3D coordi-
nates of the same trinucleotides as in the torsion an-
gles data set. For all possible pairs of trinucleotides,
the backbone atoms are translated and rotated by
means of Procrustes analysis [21,22] in such a way
that maximum overlap between the involved struc-
tures is obtained. A similarity measure is calculated
by summation of all sguared distances between the
backbone atoms of the two trinucleotides. This re-
sults in a squared distance matrix with size 121 X
121. By using principal coordinates analysis (PCoA),
the distance matrix can be visualized in a2D plot [23].
The objects are placed in a low-dimensional space in
such a way that the majority of the distances be-
tween the objects are kept intact (see Fig. 5). Notice
that, although some clustering can be detected for
several classes (especialy the helical, cross-strand
stack and stacked turn classes), Fig. 5 differs signifi-
cantly from Fig. 2. Thisis not surprising because the
Cartesian coordinates representation considers struc-
ture information on a different structure level than the
pseudo torsion angle representation, i.e. a complete
picture of the backbone that describes each backbone
atom, against a more global picture of the backbone
considering only several backbone atoms. This will
be more thoroughly examined in the Results and
Discussion section.

Ultimately, all PCA score plots resulting from the
different representations, used in the torsion angles
data set (circular data), are compared with the refer-
ence plot, obtained from the 3D coordinates data set
(noncircular data). The representation corresponding
to the most similar score plot deals best with the cir-
cular data. Either a 2D or 3D reference plot is used.
These explain 73% and 84% of the variance in the
data set, respectively.
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Fig. 5. Principal coordinates analysis plot of the dissimilarity matrix of the 121 aligned RNA nucleotides. Cartesian coordinates are used as

representation. The same symbols are used as in Fig. 2B.

2.2.3. The comparison of circular and noncircular
data

Because visual inspection of the plots does not
give unambiguous results, usage is made of two sta-
tistical techniques. By means of another Procrustes
analysis, the objects in the two plots that have to be
compared are trandated and rotated in such away that
optimal overlap between the corresponding objectsis
obtained. After summation of the squared distances
between the aligned objects, a measure of similarity
can be assigned to the two plots. One difficulty of this
approach is that the scale of the compared plots
should be the same to get a valid distance measure.
To accomplish this, al plots are range-scaled before
Procrustes analysis. In this way, the possibility exists
that the internal distances are disturbed, so this ap-
proach of comparing two score plots is only used to
get a first impression.

A more thorough approach to compare the scores
is based on canonical correlation analysis [23,24].
Canonical correlation analysis is a multivariate
method that searches for a linear combination of
variables (canonica variables) in one data set that

yields the highest multiple correlation with a linear
combination of variables in the other data set. The
higher the multiple correlation coefficient, the more
the compared data sets are related. An important ad-
vantage of this method is that no scaling has to be
used and that the compared data sets may consist of
different numbers of variables. However, the number
of objects should be equal in both data sets.

All caculations are performed using Matlab for
Unix Workstations, version 5.3, by Mathworks.

3. Results and discussion

The first step in any statistical analysis is to ook
at the data. In Fig. 6, an overview of the backbone
torsion angles values for each trinucleotide in the data
set is given. No distinction is made whether the tor-
sion angle is situated in the first, second or third nu-
cleotide of the trinucleotide. Fig. 6A shows the tor-
sion angles ranging from 0° to 360°, whilein Fig. 6B
the torsion angles have values between —180° and
180°. Both plots give a first indication to what extent
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Fig. 6. Overview of the six types of backbone torsion angles for each trinucleotide. On the left, the torsion angles have values between 0°
and 360°, while on the right the values range from —180° to 180°.

circularity manifestsitself inthe data. For regular data
plots, the maximum observed distance between two
objects is the difference between the highest and the
lowest possible values. For circular data, the highest
possible distance is half the maximum distance as
observed for noncircular /regular data (i.e. 180°).
Now, if a plot like Fig. 6 contains many objects sep-
arated further than the maximal distance (objects
close to the minimum and maximum ranges of the
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data), a technique that does not take into account the
circularity of the data will give bad results, so an-
other representation should be preferred. Torsion an-
glesfor which this may lead to problems are «, vy and
{ in Fig. 6A. Fig. 6B shows an extreme example of
this kind of behaviour for backbone torsion angle 3,
whereas ¢ and ¢ also may cause some problems.
Fig. 7 shows the results of the PCA on the me-
dian-centered nucleotides using the 0° to 360° torsion
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Fig. 7. Results of application of PCA on median-scaled torsion angles ranging from 0° to 360° (representation 1). On the left, the score plot
of the first two principal components are depicted. On the right, the corresponding loadings are visualized. Symbols as in Fig. 2.
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angle representation (representation 1). On the left,
the scores of the first two principal components are
visualized, while on the right, the corresponding
loadings are depicted. Because PCA maximizes the
amount of explained variance of the total data set for
the determination of the first principal components,
variables that exhibit a wide range of values have a
large influence on the first principal components. Fig.
6A shows that this is the case for backbone torsion
angles «, y and {. As a consequence, these torsion
angles have high loadings on the first few principal
components (see loadings plot Fig. 7). In the score
plot, no separate clusters for the eight classes can be
detected. Asin the reference plot (Fig. 5), the helical
objects (the filled circles) are situated close together.
The same is true for the stacked turn objects (di-
amonds). Other groups seem to be more scattered
than in the reference plot.

In Fig. 8, the results of the PCA using the — 180—
180° representation torsion angle data set are given
(representation 11). Again, on the left, the score plot
and on the right, the loadings plot are depicted. These
plots show that the variable representation has a big
influence on the outcome of the PCA results. The
difference between the results depicted in Figs. 7 and
8 is mainly caused by torsion angle 8. While for the
0 « 360 representation, the variance of the 8 torsion
angle values is rather small (especially when com-
pared with «, v and ¢ distributions), the variance of

PCA scores lorsion anges bu:ldaon.: —1 80 <> 180 (median)
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B in the-180 « 180 representation is much larger
(seeFig. 6). In both loadings plots, thisis also clearly
visible: whereas for the 0 < 360 representation, the
loadings for B in the first two principal components
is rather small, for the —180 <> 180 representation,
the loadings for B are extremely large. This once
more confirms the conclusion drawn on the basis of
Fig. 6. The bad choice of representation for 8 aso
has a disastrous effect on the scores of the objectsin
the score plot. Clearly, two clusters, or better, el-
lipses, are formed, one in the upper and one cluster
in the lower part of the figure. The helical and stacked
turn trinucleotides that are more or less clustered in
the score plot of Fig. 7 are now partly situated in both
the upper and lower ellipses.

The results of the experiments described above
clearly show that because PCA is applied to vari-
ances, it experiences problems if instead of regular
data, circular data are processed. One simple solution
for the problem could be to transform each variable
separately until no perceptible circular effect is pre-
sent in the data. For example, if the —180 < 180
representation data set is used, the representation of
the B torsion angle could be replaced by the 0 <> 360
representation. The problem with this approach is that
for large data sets, it is not feasible to test each vari-
able separately, and because most databases are con-
taminated with outliers and errors, there is no guar-
antee that there is an acceptable transformation.

PCA loadings torsion angles trinucleotides: ~180 <—> 180 degrees

: xx N ? : : : } .
: + : H : . . .
e ) OQ.*% ...... H— T I S
N : B T SRS SRR S
R s B R e s : ™ _
§ : ‘ *TL0 : g é : 3
£ & ; %) i e H ¥ Y 2
S o OV . O R v A )fa Ty O 5 : 71 g A 62
: X * h :
oV a9 0 g : oz}
R Qg T ‘
Vé ] g P R . SR e — e, SRS SRS R .
: e} : : :
200k e e t% ............... * o S o Wl
: vV ,o : 5 ‘ s
: 0 : :
- ; ; . B ; ;s Bl : . ‘ ‘ :
o0 ) 100 0 300 400 500 600 : -0.5 -0.4 -0.3 -0.2 -0.1 [ 0.1
PC1(32%) PC1(32%)

Fig. 8. Results of application of PCA on median-scaled torsion angles ranging from — 180° to 180° (representation I1). On the left, the score
plot of the first two principal components are depicted. On the right, the corresponding loadings are visualized. Symbols as in Fig. 2.
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Therefore, it is better to look for other solutions. In
the next part, the influence of three other representa-
tions of the original data set on the outcome of the
PCA results will be discussed. The representations
are: the sine and cosine representation (representa-
tion 111), the circular correlation matrix representa-
tion (representation 1V) and the circular variance/
covariance matrix representation (representation V),
respectively. More information about the exact defi-
nition and calculation of these representations can be
found in the Experimental section.

In Table 1, the result shows the comparison of the
different PCA score plots with the reference plot us-
ing Procrustes anaysis. For each different represen-
tation of the torsion angle data set, the dissimilarity
with the coordinates data (see Fig. 5) is calculated for
two and three principal components, respectively.
Low numbers indicate a good agreement.

The conclusions drawn earlier from Figs. 6-8 are
confirmed when the distances of representation Il are
compared with the distances of representation I.
When only two dimensions of the score plots are
considered, representation V gives the best and rep-
resentation | the second best results. If three princi-
pal components are considered for the reference plot,
the circular variance/covariance matrix representa-
tion is till the best (the summed distances are only
marginally larger than those for two principal com-
ponents); however, now, second best is representa-
tion I1l. Thisis probably caused by the fact that this
representation is composed of twice as much vari-
ables and, as a consequence, more principal compo-
nents are needed to describe the underlying structure.
The circular correlation matrix representation can be

Table 1

Comparison of 2D (first row) and 3D (second row) reference plots
with different torsion angle representations by means of Pro-
crustes analysis

Number  Data representation

of PCs | I I v v

2 44511 51628 4.6851 45622 4.3363
3 48882 6.0399 4.8658 4.9848  4.3447

Numbers indicate dissimilarities. Representations: | = 0°-360°; 11
= —180°-180°; Ill = sine/cosine representation; 1V = circular
correlation matrix representation; V = circular variance/covari-
ance matrix representation.

Table 2
Comparison of the 2D reference plot and different torsion angle
representations with canonical correlation analysis

Number Data representation
of PCs | I 1 v v

0.18 0.05 0.09 0.00 0.17 0.04 0.07 0.02 0.13 0.08
0.18 0.06 0.09 0.02 0.18 0.14 0.11 0.02 0.37 0.12
0.19 0.13 0.17 0.09 0.20 0.16 0.12 0.05 0.37 0.17
0.19 0.15 0.18 0.14 0.32 0.19 0.12 0.05 0.38 0.18
0.37 0.18 0.18 0.15 0.35 0.19 0.33 0.12 0.42 0.18

PR R
O WN

Numbers indicate the squared multiple correlations for the first and
second canonical variables, respectively. Representations as in
Table 1.

considered as a cross-product matrix of auto-scaled
data, and the circular variance/covariance matrix
representation as the cross-product of mean-scaled
data. Because some of the variables in the origina
data set are nonnormally distributed, mean scaling
can be expected to retain the data structure better than
auto-scaling [12]. Thisis also seen in Table 1: repre-
sentation IV gives inferior results in comparison with
representation V. For reasons already mentioned in
the Experimental section, theresultsin Table 1 should
be used only to get a first impression of the suitabil-
ity of the experimented representations.

Tables 2 and 3 reflect the results of the canonical
correlation analysis. The score plots of each repre-
sentation of the torsion angle data set is subsequently
compared with the 2D (Table 2) and the 3D (Table
3) reference plots. In these calculations, the dimen-
sionalities of the torsion angle score plots are varied.
For example, the last row of both tables shows the
results where canonical correlation analysis searches
for the combination of the first six principal compo-
nents of the torsion angle data sets that displays the
highest correlation with a combination of the first two
(Table 2) or three (Table 3) components of the refer-
ence data set. Apart from the squared multiple corre-
lation of the first canonical variable, the squared
multiple correlation is also listed for the second (Ta-
bles 2 and 3) and third canonical variables (Table 3).

The first row in Table 2 shows that when the 2D
reference plot is compared with the 2D torsion score
plots, the 0« 360 and sine and cosine representa
tions give the best results. With so few variables, the
second canonical variables show only very small
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Table 3

Comparison of the 3D reference plot and different torsion angle representations with canonical correlation analysis

Number  Data representation

of PCs | I 1 v v

1-3 038 014 004 009 003 000 049 018 007 042 008 000 054 034 0.09
1-4 046 019 006 020 009 001 052 019 008 04 008 003 05 034 014
1-5 047 019 010 029 018 o007 052 027 018 046 008 003 056 036 016
1-6 052 037 016 034 018 0112 05 033 019 047 033 008 05 041 016

Numbers indicate the squared multiple correlations for the first, second and third canonical variables, respectively. Representations as in

Table 1.

multiple correlations for all representations. The mul-
tiple correlation of representation V becomes much
larger if instead of two, three principal components
are considered (second row of Table 2). The squared
multiple correlations for the remaining representa-
tions do not change much, except for representation
IV, which is no longer the worst performing repre-
sentation. From further increase of the number of
principal components that are taken into account dur-
ing the comparisons with the reference plot, it can be
concluded that the circular variance matrix represen-
tation deals best with the circularity of the data. On
the whole, the sine and cosine representation per-
forms second best, followed by the 0 « 360 repre-
sentation. The bad results for the —180 <> 180 rep-

PCA scores torsion angles backbone: variance / covariance matrix
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resentation in Table 2 again confirm the conclusions
drawn previoudly.

In Table 3, the same trends can be detected:
representation V performs best, followed by repre-
sentations 11, I, IV and I1, respectively. For nearly al
representations, no large increase in the squared mul-
tiple correlation of the first canonical variable is
found when the dimensionality of the torsion plot is
increased. Probably, al relevant information present
in the 3D reference plot can be explained by the first
three principal components of the PCA. This cer-
tainly is not the case for the reference plot in Table
2.

Fig. 9 shows two score plots where the circular
variance/covariance matrix representation is used to
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Fig. 9. Results of the application of PCA on torsion angles using the circular variance/ covariance representation. On the |eft, the score plot
of the first two principal components is depicted, while on the right the scores of principal components two and three are visualized. Sym-

bols as in Fig. 2.
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get a low-dimensiona picture of the trinucleotide
torsion angle data set. On the left, the trinucleotides
are depicted using the first two principal compo-
nents. This plot does not differ much from the score
plot of the 0 « 360 representation in Fig. 7. The re-
sults in Tables 1 and 2 aready suggested this. Both
tables also indicate that the difference between the
representations becomes clearer after taking an extra
dimension into account. Therefore, on the right of
Fig. 9, principal components two and three are used
to visuaize the objects for the circular variance/ co-
variance matrix representation. In both plots, the he-
lical and stacked turn objects are nicely clustered,
whereas the scatter of the other groups is quite sub-
stantial. In spite of the fact that the torsion angle data
set is chosen in such a way that it contains as much
as possible the same information as the pseudo tor-
sion angle data set, Figs. 2 and 9 are totally different.
Apparently, application of PCA to the trinucleotide
torsion angles data set leads to different information,
resulting in a divergent positioning of the objects
compared to the objects in Fig. 2.

Table 4 shows the results of the canonical correla-
tion analysis using the Cartesian coordinates refer-
ence and the pseudo torsion angles plots, where the
pseudo torsion angles are represented as values be-
tween 0° <> 360° and — 180° < 180°. While the 0 &
360 representation of the pseudo angles gives a cor-
relation for the 2D reference plot similar to the tor-
sion angles in Table 2, a much larger correlation is
found for the 3D reference plot in comparison with
the regular torsion angles data (Table 3) for the first
canonical variable. Again, the correlation for the sec-
ond canonica variable is much lower and the —180
< 180 representation performs badly. On the basis of

Table 4

Comparison of different representations of the pseudo torsion an-
gles with the reference plot (2D: first row, 3D: second row) by
means of canonical correlation analysis

Reference plot Data representation pseudo

torsion angles data

0 < 360 —180 « 180
2D 0.16 0.01 0.07 0.01
3D 0.65 0.06 0.14 0.07

Numbers indicate the squared multiple correlations for the first and
second canonical variables, respectively.

Table 4, the conclusion can be made that, because of
the higher sguared multiple correlation values, the
pseudo angle torsion plot is closer to the reference
plot than the torsion angle plots. This seems to sup-
port the statement made by Duarte and Pyle [7] that
torsion angles, in some cases, provide too detailed
information and a more simple representation should
be used.

A disadvantage of both the reference and the
pseudo torsion angles plots is that some subjective
choices have to be made before the plots can be gen-
erated. For the pseudo torsion angles plot, severa
definitions for pseudo torsion angles describing the
rough structure of the RNA backbone are possible.
The definition for the pseudo torsion angles n and 6
was obtained after trying some and keeping the best
one. In the case of the reference plot, freedom exists
in the choice of the atoms, which will be used in the
Procrustes analysis and the atoms that are used to
calculate a similarity measure between the aligned
structures. An additional disadvantage of the 3D co-
ordinates plot is that when new trinucleotides are be-
ing added to the data set, some calculations have to
be repeated. Besides the alignment experiments of the
new trinucleotide with the other trinucleotides in the
data set, the principal coordinates analysis has to be
also repeated using the expanded distance matrix. For
both the torsion and pseudo torsion angle plots, the
new trinucleotide can be projected in the aready ex-
isting torsion angle space.

All low-dimensional plots have their own proper-
ties and, therefore, their own positioning of the RNA
sequences. Further research on thistopic isin course.

4. Conclusion

Because most molecular structure databases con-
tain many related variables, multivariate techniques,
like PCA, can give good results when information
hidden in the database has to be discovered. How-
ever, the way in which the molecular structure data
are represented and used in PCA must be chosen
carefully. Circular data may behave unexpectedly,
when PCA is applied. The aim of this article, to find
arepresentation for the circular data that does not af-
fect PCA negatively, has been achieved. From the
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experiments described above, it is concluded that tor-
sion angles can best be represented by means of a
variance matrix that takes into account the circular
character of the molecular structure variables. To-
gether with this appropriate representation, some
techniques are presented to examine the influence of
the representation on the outcome of PCA experi-
ments. If areference plot is available, canonica cor-
relation analysis appears to be the most valid tech-
nigue to examine the behaviour of the representation
used.
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