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Abstract

Local conformation is an important determinant of RNA cgd@ and binding. The analysis of RNA
conformation is particularly difficult due to the large nuentof degrees of freedom (torsion angles) per
residue. Proteins, by comparison, have many few degreeseddm per residue. In this work we use
and extend classical tools from statistics and signal @sing to search for clusters in RNA conforma-
tional space. Results are reported both for scalar analykere each torsion angle is separately studied,
and for vectorial analysis, where several angles are sametiusly clustered. Adapting techniques from
optimal quantization to the RNA structure, we find torsioglarclusters and RNA conformational mo-
tifs. We validate the technique using well known conformaéil motifs and show how the simultaneous
study of the total torsion angle space leads to the discaviemgw motifs. The proposed technique is
fully automatic and based on well-defined optimality cider

1 Introduction

Nucleic acid polymers play important roles in the storage sansmission of information. In particular,
RNA can both encode genetic information and catalyze cham@actions [9]. As the only biological
macromolecule capable of such diverse activities, it has lpeoposed that RNA preceded DNA and protein
in early evolution [2]. Over the past 15 years, the datab&&\N& conformation and interaction (the NDB
[22]) has evolved rapidly, or to be more accurate, has exgglpth both size and complexity. The database
has been transformed from tRNA and RNA oligonucleotides edenately sized globular RNAs to massive
complexes containing multiple large RNA molecules, maroggins, ions, water molecules, etc. These large
complexes are a rich source of new information, but do natsder to traditional methods of analysis.
These complexes are of sufficient size that one can gatheamagize statistics that were not previously
available. The development of techniques for discovertagjssical rules governing RNA conformation
and interaction will help answer fundamental biologicatl &ochemical questions including those related
to non-protein enzymology and the origins of life. The goatéhis to discover repetitive elements of
interaction and conformation (motifs).
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The analysis of RNA conformation presents particular protd. For proteins, for each amino acid
residue there are two conformational degrees of freedorsiottal angle® and¢. The observed protein
conformation is generally confined to limited regions obttwo dimensional spac&é&machandran plpt
[24, 25]. For RNA the dimensionality is much greater. Forteaacleotide residue there asmven degrees
of freedom; see Figure 1 and [27]. Each RNA residue has sikimae torsional angles and one angle
that describes the rotation of the base relative to the sjierences in dimensionality are a distinguishing
characteristic of RNA conformational analysis in compamiso protein conformational analysis.

To deal with the high dimensionality or RNA conformationyaseal approaches have been explored. A
reduced set of two pseudo-torsional angles per residuewpeged in [5]. This reduction in dimensionality
from seven to two simplifies the analysis, but sacrificesrinftion. Alternatively work in [8, 18, 26]
attempts to retain information from the full conformatibspace. The approach in [8] gives a structural
alphabet based on the discretization of the conformatistmildition function via binning the torsion angles
taking one angle at a timeThe binning method uses observed minima of the torsioneafiguency
distributions to define boundaries between conformatiolzases.

The approaches of [18, 26] decompose the seven dimensipaeg $nto various subspaces of three
dimensions. It is possible to locate centers of frequenagtels in torsional subspaces. The restriction
to three-dimensional subspaces arises from requirementdnual (visual) detection of the frequency
clusters. In addition, a filtering stage is described in fp8move conformations that are suspected to arise
from measurement error. Various elemental units can beegalsring conformational analysis of an RNA
polymer. Richardson and coworkers [18] suggest a basede-hnit (a “suite”) instead of the chemically
inspired, and more conventional phosphate-to-phosphtéaresidue); see Figure 1. (A comparison based
onmutual informatiorof these two parsing approaches is given in Appendix A.) Tokwf [26] utilizes a
dinucleotide building block to attempt to include the ctations between neighboring residues.

The primary drawback of low dimensional methods is that solugters might avoid detection and defy
description. Several distinct clusters at full dimenslipaan be compressed into a single cluster at low-
dimensionality. A limitation to three dimensional subsgsmes arbitrary and might inaccurately characterize
some regions of RNA conformational space.

Here all seven dimensions of RNA conformation are analymdltaneously with methods from clas-
sical signal processing. The methods used here can be aid@nd virtually parameter-free. We use high-
dimensional clustering, mainkector quantizatiod We extend the method by imposing well-characterized
conformations, such as A-conformation, onto the clusterifhe work here continues the research line of
[8] (see also [19, 20]), attempting to resolve some limitasi there. Vector quantization gives well-defined
distortion and quality metrics. It does not involve visuapection. The VQ approach is validated by com-
parison of the output with that of previously reported methas well as with the structural motifs library
(SCOR) [12]. The VQ method allows us to describe motifs whigte not found in [8].

The remainder of this paper is organized as follows. In 8a@i we provide the basic background on
vector quantization. In Section 3, we begin with a partic@iase of vector quantization, the scalar case,
which permits us not only to introduce the basic conceptalaat to show the results reported in [8], and be
replicated, refined and fully automated. In Section 4, wetlhsdull power of vector quantization to analyze
sets of four and seven torsion angles simultaneously, éxtgrsome of the results reported previously in
such works as [8, 18]. We moreover present a modification eftidisic vector quantization algorithm,
namelycluster mergingwhich is fully motivated by RNA properties and is needed da this classical
signal processing technique to the study of RNA structueetiBn 5 presents the motifs that were found by
our method and compares our findings with known structurdifsad=inally, in Section 6, we summarize
our methods as well as describe some key research directibieshave also included three appendices.
Appendices A and B give some very preliminary results on tbe of other techniques from statistical

IPreviously, vector quantization was used in the contextafigin structure; e.g., [10].



signal processing, mutual information and principal comau analysis, for the study of RNA motifs. In
Appendix C, we summarize some of the key results of the bgqnmethod [8] for the convenience of the
reader.

suite
[ ]
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Figure 1:RNA backbone with six torsion angles labeled on the centratiof the four atoms defining each dihedral.
The two alternative ways of parsing out a repeat are indidaté conventional nucleotide residue spans the atoms
from a 3 phosphorous atom and a 5 oxygen atom, (changinguesidmber between O5’ and P), whereas an RNA
suite goes from sugar to sugar (or base to base). This imageotined from [18].

2 Background on Scalar and Vector Quantization

Vector quantization (VQ) is a clustering technique origiinaeveloped for lossy data compression. In
1980, Lindeet al,, [15], proposed a practical VQ design algorithm based omiaitrg sequence. The use
of a training sequence by-passes the need for multi-diraeakintegration, thereby making VQ a practical
technique, implemented in many scientific computation pgek such as Matlab (www.mathworks.com).

A VQ is analogous to an approximator. The technique is smd&rounding-off” (say to the nearest
integer). An example of a 1-dimensional VQ is shown in FigRreHere, every number less than -2 is
approximated by -3. Every number between -2 and 0 is appieithby -1. Every number between 0 and
2 is approximated by +1. Every number greater than 2 is appaird by +3. Figure 2 also presents a
two-dimensional example. Here, every pair of numbersrglin a particular region is approximated by the
red star associated with that region.

The general VQ design problem can be stated as follows. Giwarctor source with known statistical
properties, a distortion measure, and number of desireeMeatbrs, find a codebook (the set of all red stars)
and a partition (the set of blue lines) that result in the $&sthverage distortion.

We assume that there is a training sequence (e.g., the redasusion angles in RNA backbone) con-
sisting of M source vectors of the fori' = {x1,x9,...,23/}. We assume that the source vectors are
k-dimensional, e.9.z,, = {Zm1,2m2, .. emi}, for 1 < m < M. Let N be the number of desired
codevectors and lef’ = {cy, co,...,cn } be the codebook, where eaeh, 1 < n < N, is of coursek-
dimensional as well. Le$,, be the cell associated with the codeveetpiand letP = {S;, Ss, ..., Sy } be
the corresponding partition of tHedimensional space. If the source vectgy is in the encoding region
Syn, then its approximated by,, and let us denote b@(x,,) = ¢, (if x,, € S,) the corresponding map
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Figure 2:0One (top) and two (bottom) dimensional examples of clusgeria (vector) quantization. All the points in
a given interval (in one-dimension) or a given cell (two-dimsions) are represented by the red marked “center” This
image was obtained from [4]. (This is a color figure.)

(each vector is simply associated to the closest center ffprThen, assuming for example a squared error
distortion measure, the average distortion is given by

M
1
D := M—kmz_l | 2m — Q(zm) ||27 where | e H23: 6% + 6% + ot e%.

The design problem then becomes the following: Given theiirg data sef” and the number of desired
codebooks (or clustersy, find the cluster center§' and the space partitioff such that the distortiol
is minimized. This problem can be efficiently solved with tRG algorithm [7, 15], and as mentioned
above, its implementation can be found in popular scientdimputing programs. Additional details on the
technique can be found, e.g., in [4], from which we have pregh¢his summary. In future work we plan to
use more advanced techniques such as those reported  [21].

3 Scalar Quantization: Automatic Binning of Single Torsion Angles

To provide an accessible introduction to VQ, a brief dismrs®f scalar quantization (SQ) is provided
here. SC is a natural extension of our previous work, and tiensible to VQ. With SQ one can fully
automate the previous binning method described in [8], e/hersion angles are treated individually. In
[8], conformational space is partitioned into boxes eadafitaiaing one conformational state, i.eotamer

or a subset of conformational states; see also [18]. The burdaries were set by visual inspection, using
minima of torsion angle frequency distributions as guides.

As was known from [23, 28], four torsional anglés, v, d, () (which we call thedentifier angle} are
sufficient for this classification. Here the results of thatrkvare reproduced with SC, in a fully automatic
fashion. In Appendix C more details are described from thekwo [8], reproducing key tables for the
convenience of the reader.

2\/ector quantization is often also known in the literaturé:ameans clustering.



We argued in [8] that the frequency histograms of the fountifier torsion angles have a clear multi-
peak structure, see Figure 3 and details below. Since thegpeecture is the cornerstone for our proposed
classification method, we describe here these results &vgar set of RNA structures than those reported in
[8]. In particular, two data sets are used. One follows thekweported in [8], and is for a single RNA with
2914 residues (HM LSU 23S rRNA, RR0033), while the secondfolfmvs work reported in [18], and is for
a collection of 132 RNAS,giving a total of 10463 residues (redundancies have not bmmated). Here,
as in the rest of this work, residues with undefined or unkntavsion angles were omitted. Coordinates
were obtained from th&lucleic Acid Databas¢22]. We have not performed the filtering of [18]. That
method may indeed improve the results. As mentioned abovbeiSQ, we limit the analysis to the torsion
angles(«, v, ¢, ¢) (see Figure 1), since the others are either dependent sa é&mgles or have distributions
which are almost unimodal [23, 28]. There is no intrinsicitation which restricts one to this reduced set
of angles, and indeed being fully automatic, the procesdearasily applied to larger sets.

Figure 3 shows the distributions for the four angles from#nge and small datasets. The two datasets of
histogram features have a strong resemblance, suggaséirggherality of the cluster classification method
for analysis of RNA conformation.

One potential problem with visually-based classificatioatmds such as the binning in [8] and the
technique presented in [18], in addition to being limitedatbhoc observations of three or less angles at a
time (see more on this below), is that the resolution (anduarhof data) may not be sufficiently fine, which
may make it difficult to distinguish distinct features in tti@a, and clusters can be confused and merged.

This issue is demonstrated in the behavior of the torsiongle(. It is known that minima are pre-
dominantly at staggered conformations [27], at gauss+sgraand trans. The histogram of this angle gives
a clear peak only at the gauss- peak. The other two peaks asnflavide enough to merge into a large
plateau. As demonstrated below, this degeneration caukes &f important structural information. In
[18], the degeneracy is removed by filtering. VQ retains ehdstails without the need for filtering (shown
below).

3with NDB and PDB codes: ar0001, 02, 04, 05, 06, 07, 08, 09, 2113, 20, 21, 22, 23, 24, 27, 28, 30, 32, 36, 38, 40, 44;
arb002, 3, 4, 5; arf0108; arh064, 74; arl037, 48, 62; arn@83005, 08, 10; drb002, 03, 05, 07, 08, 18; drd004; pd034E)qQH,
06, 07, 08, 09, 10, 11, 15, 17, 18, 19, 20, 21, 22, 26, 30, 3238336, 37, 40, 46, 47, 51, 53, 55, 57, 60, 62, 63, 65, 67, 69, 71,
73,75, 78, 79, 80, 81, 83, 85, 90, 91; prv001, 04, 10, 20, 2H0Q8; ptr004, 16; rr0005, 10, 16, 19, 33; tr0001; trnal20040
uhx026; ur0001, 04, 05, 07, 09, 12, 14, 15, 19, 20, 22, 26;08p08, 16; urc002; urf042; url029, 50; urt068; and urx03B, &3,
75.
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Figure 3:Distributions of the torsion angles, v, §, and( for the single RNA (first row) and the collection of RNAs
(second row). We observe the similitude among the distabst marking the presence of “rotamers” not only for
a given RNA but also across RNAs. We also observe clear maties) are automatically detected by the proposed
clustering technique. In addition, note that théorsion angle has a large tail not present in the other diaftions.

Understanding the peak shape of each cluster is crucialrtdygpilistic RNA design and for under-
standing local dynamics of folding. The peak shapes of thstets contain important information on RNA
dynamics, but might also be influenced by coordinate ert@ppears that better fitting for the major clus-
ters (see below for the limits of these clusters), is obthumEng exponential distributions, and not Gaussian
distributions as argued for example in [8]. For the first datathe kurtosisfor the main peak is 5.3 for
a and 4.6 for¢, clearly indicating a significant deviation from Gaussiastributions (whose kurtosis is 3).
The log-likelihood while fitting an exponential function proves by 24% with respect to fitting a Gaussian
for the torsion angle and by 23% for tlietorsion angle. Similar behavior is observed for the othéaskt,
although in some cases the improvement is more moderate f(@.¢he first mode ok in the first dataset,
the improvement is about 16%).

Using the automatic and optimal quantization techniqueritesd in the previous section, and request-
ing the numberV of codevectors following [8] (or just from visual inspeatidor now, this will be made
automatic later), we found the codevectors or centers dfltteersC' = {c;, ..., cx } givenin Table 1. Later
on, for the classification, we enumerate the clusters in eachdinate by increasing values. For example, a
residue whose torsional angles are in the third peak (Qeinter, the first iny andd, and the third ir¢ will
be enumerated &4 13; see Table 1.

The results are similar for the two data sets. Fptwo of the centers are very close to each other,
and will be merged during clustering. This demonstrates ssipte problem of over-clustering by scalar
quantization (or any other automatic clustering technigurethe next section, a simple merging algorithm
is proposed to treat this difficulty. Once again, althoughriimber of clusters is pre-defined, this could be
accomplished as part of the automatic process; see Section 4

Regarding(, if additional clusters are requested, e.g., 3 clustershieffirst dataset, these clusters are
automatically found at 85.86 (1), 188.25 (2), and 289.27 tt®reby splitting the large tail (following the
description in [18], but in an automatic fashion). Thesetmithl centers will also appear when considering

“The degree of peakedness of a distribution, defined as a tipedhdorm of the fourth central moment of a distribution,
pa/(po)?, wherep; denotes the-th central moment.



Dataset 1
68.3 (1), 169.7 (2), 294.3 (3)
50.4 (1), 60.0 (1), 175.8 (2), 292.3 (8)
81.7 (1), 147.8 (2)
118.0 (2), 286.7 (1)
Dataset 2
68.6 (1), 167.8 (2), 294.0 (3)
50.1 (1), 65.0 (1), 174.4 (2), 290.2 (8)
82.7 (1), 144.4 (2)
116.4 (2), 286.0 (1)

N2 D

N2 D

Table 1: Cluster centers automatically computed by our techniquembers in parentheses are used for cluster
identification.

torsion angles in vectorial form in the next section, and kél used to search for motifs. Further increasing
the number of clusters does not produce in general a sigmifetzange in the distortio®, an indication
that the selected number of clusters is sufficient; see @edti

The clustering (binning) method that results from scalarjzation as described so far has one major
difference with the one described in [8]. For scalar quatittn no bins are classified as “other.” In the scalar
guantization case, every bin is populated. Every residasssciated with a specific set of four centroids
(by simple proximity via the mag) defined in Section 2), each one corresponding to one of thredogion
angles(a, v, 4,¢). In Table 2 we give the corners of the boxes that define these bWe could of course
easily and automatically add the “other” class if so desilgdsimply forcing the torsion angles not to be
“too far” from the center of the bin. This can be quantified ésample by the standard deviation of each
bin.

bin index 1 2 3 |
a [0—115] | [115 — 220] | [220 — 360]
~ [0 120] | [120 — 220] | [220 — 360]
5 50 — 118] | [118 — 170]
¢ [10 — 130] | [130 — 220] | [220 — 360]

Table 2:Enumeration of the bins obtained by scalar quantization thair boundaries.

The scalar quantization method was used to automaticalbten the four identifier torsion angles. The
fundamental difference between the binning method in [&] e scalar quantization method is that bin
boundaries were established manually by inspection olufeqgy histograms, while the clusters borders
were accomplished automatically computed via a distortianimization criterion. The four identified
torsion angles of all the residues in RR0033 were classifyegthlar quantization, with the three clusters in
¢ described above. The tetraloop motif, [1, 11, 16, 30], waslie compare the results here to our previous
work [8] and to other methods such as SCOR. A SQ tetraloopfisatkby four consecutive residues, with
residues 1,3,4 in state 3113 (in the A conformation). ResRlis in state 2113. In other words, all torsion
angles exceptv of residue 2 are clustered around their most populated pedikseen SQ tetraloops are
observed, initiating at residues

253,469,577,691, 805, 1327, 1469, 1500, 1596, 1629, 1863, 2249, 2412, 2630, 2696, 2877.
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All of the SQ tetraloops except00 and1596 are similarly classified as tetraloops by SCOR. For these two
cases the values of the angles that cause these classifiddferences are very close to the cluster border.
These results are an indication of the utility of the autemelustering technique derived from VQ, and its
value will be further demonstrated below.

In summary, the results of automatic classification by saglantization are very similar to the manual
binning method of [8], except for an extra refinement (olgdimutomatically) in the€ coordinate. As
mentioned above, it can be shown that any increase in the euofiblusters in the four coordinates will not
reduce the distortioD. Indeed, it seems that any attempt to increase the refinemikminly worsen the
results.

4 Vector Quantization: Automatic and Simultaneous Binning of Multiple
Angles

Information can be lost in scalar quantization. This lossuog because each angle is considered in sep-
aration from the others. Scalar clustering is a one dim@asiprojection that can merge clusters that are
distinct in projections of higher dimension. For a schemiitistration of this problem, see Figure 4.

Uy r‘lq.

Figure 4:In this example, the conformations space is projected anddarsional angleg, and,. There are clearly
two population clusters 1 and 2. The individual torsion anigistograms will give only one peak with a negligible tail.
The automatic vectorial binning via VQ will map the two cérstinto separate bins.

VQ analysis overcomes this problem. For an illustrationhef methodology, consider VQ analysis of
two angles (withk: = 2).5 For example, requestiny = 6 clusters for the paifc, ¢) we obtain the centers

C = {(69.1,284.2), (291.0, 165.6), (287.4, 79.0), (167.6, 284.6), (287.7, 280.0), (105.3, 109.8) }.

The a component of the automatically detected centers is as indbke of scalar quantization, while the
component includes terms that appear both when we request 2 hins for¢ in the scalar case. That is,
VQ for k = 2 finds additional relevant clusters nwhen considered as a vector in conjunction within
Figure 5, the torsion angles are plotted (blue dots) togetlith the cluster centers (red stars). Repeating

5To further demonstrate the importance of the simultanemayf torsion angles and to make the figures simpler, arakghis
exercise is for the moment for illustrative purposes onlg,axclude the residues of RR0033 in A-conformation, whiafstitutes
over 60% of the RNA. A-conformation is characterized by thgles(«a, v, ¢, ¢) each in the modes corresponding to their respective
major peaks.



this exercise fotV = 9 clusters for(«, ¢), Gives the centers

C= { (292.2.68.3),(68.3,283.8), (176.5,122.6), (157.5,284.9),
( 66.7,102.4), (213.1,287.0), (293.4,284.0), (295.3,188.0), (293.5, 132.0) }.
Figure 6, contains plots of the torsion angles (blue dotggtter with the cluster centers (red stars),
showing that while the main cluster centers are closelytémtt those when only 6 centers were considered,

the three additional centers split the broad distributidmser left region, where one center became two) as
well as to split the very popular conformations (e.g., adddl center at the main pick, right of the figure).
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Figure 5:Torsion angles for the paifa, ¢) (blue dots) together with the 6 cluster centers (red stars).
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Figure 6:Torsion angles for the paifa, ¢) (blue dots) together with the 9 cluster centers (red stars).

It is clear from the illustrations above that high dimensibclustering is necessary. All torsion angles
should be considered simultaneously. The framework desttrin Section 2 permits that. Analysis of
one dimension (one torsion angle at a time), four dimens$iénay, J, ¢), or the full seven dimensional
torsion angle space is of equal complexity with automatic M&hods. Of course, due to the “curse of
dimensionality,” more data is needed at higher dimensiblasvever, the work here is not limited by quantity
of data. The dispersion within the clusters (i.e., the péalps) might be used to infer energy potentials and
dynamical processes.

The first test of the vector quantization method used fouredsions k = 4), the four identifier angles
(cv,7,4,¢) of RRO033. To cluster these four angles, one must deterrhmeptimum number of clusters
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(V). False clusters arise if is too large (over-partitioning). Distinct clusters arergesl if IV is too small
(under-partitioning). Several metrics are used here torope N. The relationship between the distortion,
D, defined in Section 2, and the number of clust€ns useful for optimizingV. In addition, the observation
of overlapping clusters, indicates over-partitioning.

Figure 7 shows a plot ab as a function of the number of cluste’s The distortion reaches a plateau
value for N ~ 50. Vector quantization was performed for = 40, 50,60. N = 60 gave all the populated
bins defined in [8]. All three cases however, appear to be-paditioned. This over-partitioning is espe-
cially pronounced in the A-conformation region. Most ndighing clusters in this region are overlapping.
This overlap is not surprising, since these clusters aregtdyhpopulated (over 60% of this RNA) that any
distortion minimization approach will tend to invest a Iétesources (i.e., centers) there. This phenomenon
emphasizes the need to impose structural definitions oatoltistering process, as described below.

2000

g0} "
1600}
1m0}
e},
1om
Boo |
B0 f
amf

200+

Figure 7:Error as a function of the number of clusters for the vectory, 4, ).

The full quantization of the conformation space, based bseakn torsional angles was also performed.
The algorithm is fast enough to perform a full quantizatidrine 2800 residues of RR0033 to 60 classes
in a few seconds. The distortian plateaus at aboui0 classes; see Figure & = 60 gives the represent
the most populated5 bins from [8], and is in good correspondence to the resultt@four dimensional
guantization. Additional partitioning of up t&&/ = 100 reveals very sparsely populated new classes, see
discussion section. Here a “new class” is “far” from predlyufound classes. Classes are here considered
“close” (or overlapping) when their centroids are in the edyin (as derived from the SQ, see Table 2), and
“far” otherwise.

41 Merging

“Closeness” is the first component of a merging criteria. c8mally, we require that two clusters with
centroids that reside within the same bins are merged intocuea cluster, subject to conditions mentioned
below. ®

Note that binning, whether by observation as in [8] or autiically done via SQ as described above,
gives a partition of the torsion angles space into multietisional boxes. There is ropriori reason to
believe that the basin of attraction of the specific energyimim that defines a native conformer will have
such a shape. Using vector quantization with merging cdhasini change the basin and its boundaries. An

6Another possible merging criteria is to merge clusters ag las they do not change the total distortibnabove a given
threshold.
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Figure 8:Error as a function of the number of clusters for the vectahwil 7 torsion angles.

additional advantage of this method is that, as mentionéatdsevector quantization naturally partitions the
entire torsion space.

In order to possibly discover new motifs, we added some ahtanditions to the merging in the full
dimensional case. First, we merge two clusters only if thglesmn(3, ¢, v) have the coordinates of their
centroids within the same peak. These peaks may be quité anthlery difficult to observe via simple
histogramming.

The second additional merging condition is a structural e define a “tagged cluster” as a cluster
that corresponds to a well-established conformation sadklaelical or tetraloop RNA. Tagged clusters are
protected, and are not merged with other clusters. Althdbghe are relatively few of these clusters, they
represent a large fraction of the RNA. Approximately 60%lobglar RNA is found in the A-conformation.

The results of the proposed algorithm (VQ followed by meggof non-tagged clusters, onodified
vector quantizatiopare presented in Table 3. Each row contains the ASCII codleedbin that matches the
coding method of [8] (see Table 14 in Appendix C), and the enumeration of the p@aksbers as obtained
from the scalar quantization).

In addition to being fully automatic and capable of handladfthe torsion angles at once, a clear
advantage of the VQ method as compared to manual binningeisrialler numbers of classes that are
needed to classify the structure. Vectorial binning is Hase26 clusters versuss bins in the usual binning
method [8]. The main reason for this reduction in the numlbetasses is that the clustering algorithm does
not recognize the “transition states” bins, or the binssifeed as “other” from [8]. These are regions of
conformation states that are very sparsely populated arthyehobably include energy bottlenecks between
the low energy conformations. The result is that conforamatithat may be measurement error are included
in the structural analysis; [18].

5 Automatically Finding Motifs: Validation

Most motifs that are already known have highly conservedetdimensional structures. They are also
known to have higher stability than random loops. Findingsehwith the modified vector quantization
method proposed above can be used as a validity measureadfititighm, and this is the goal of the present

"In this code, the most popular residues are given the mostgoletter of the alphabet. Classifying and labeling evesidue
with an ASCII letter allows one to used well-developed mdthof searching and analysis of text to analyze RNA confdomat
Reading text, establishing words and their relationshigs @lows unique insights into the three-dimensional stinecthat is
encoded. See Appendix C for additional details.
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Number| ASCII Code| Associated 4D Box Remarks
1 a 3113 More than half of the cluster centroids are in this box
2 A 3113 B € [125 — 155] Appears in mismatch motifs
3 e 3112 € € [170 — 240], ¢ € [180 — 230}, Kink-turn motif.
4 J 3112
5 E 3111 Takes part in the E-loop motif.
6 u 3213 3 = 94° Takes part in the E-loop
7 u 3213
8 0 2113 Qeenter € [140 — 180], Xeenter = 160°
9 (e} 2113 Qeenter € [180 — 220], Xcenter = 200° Takes part in the GNRA tetraloo
10 n 3213
11 r 3122 B € [140 — 200],Hyper-Twist motif
12 q 3122 B € [200 — 260]
13 R 3121 ¢ € [40 — 100], Kink-Turn motif
14 Q 3121 ¢ € [100 — 160]
15 h 3221
16 d 1322
17 z 3212
18 S 2121
19 t 1113 Starting conformation for an stack
20 f 1112
21 v 3323 Starting conformation for an stack
22 c 1123 Takes part in kink-turn motif
23 i 2213 Crank shaft of A-form RNA
24 g 2123
25 y 1312 Another crank shaft from A-form RNA
26 I 1213

o

Table 3:Results of the modified VQ on individual residues, see texifails.

section. In particular, we compare the sites of differendviam motifs with search algorithms based on:
1) manual binning following [8]; 2) 4D vector quantizatioritivthe angleq«, v, ¢, (); and 3) 7D vector
guantization with the whole torsion angles set.

5.1 GNRA Tetraloop

As described above,tatraloophas been defined a four residue loop element that caps anxAFhé. The
most abundant of the tetraloops has the GNRA sequence. Th&f@s a non-Watson/Crick base pair
with the "A’ that bends the loop to a “U” shape at the “N” sitehi$ structure was found to be stable and
ubiquitous in different RNA elements. The commonality ahe ease of recognition of both the structure
and the sequence make this motif a very good test case forigmytam. In Table 4 we give the results of
our search for the motif with the structure “acaa.” Note ttadtis the A form and “0” occurs when rotation
of the « torsional angle from the g- to the trans-orientation. Thisrfs the U-turn. The first column gives
the locations of the motif, the second one the corresponsi@tgence of the four residues, the third one
gives the conventional structural representation from3f®©R site, the fourth one shows the binning of
the structure from [8], and the fifth and sixth columns shoevrésults for the four and seven dimensional
vector quantization, respectively.

We can find here a very good agreement among the methods. i$logeestructure, starting 2062, that
was classified as a tetraloop with the seven dimensionabvguantization only (while the four dimensional

12



First Residue| Sequencg Conventional Definition | Binning structure| 4D VQ | 7D VQ
253 UCAC | Tetraloop with GNRA fold aoaa aoaa aoaa
469 GUGA | Tetraloop with GNRA fold aoaa aoaa aoaa
377 GCGA | Tetraloop with GNRA fold aoaa aoaa aoaa
691 GAAA Tetraloop with GNRA fold aoaa aoaa aoaa
805 GAAA Tetraloop with GNRA fold aoaa aoaa aoaa
1327 GAAA Tetraloop with GNRA fold aoaa aoaa aoaa
1469 CAAC | Pentaloop with GNRA fold aoaa aoaa aoaa
1500 UAAU Octaloop aoaa aoaa aoan
1596 UAAU Pentaloop aoaa aoaa aoaa
1629 GAAA Tetraloop with GNRA fold aoaa aoaa aoaa
1863 GCAA | Tetraloop with GNRA fold aoaa aoaa aoaa

2062 AUUC Not defined asaa agaa aoaa
2249 GGGA | Tetraloop with GNRA fold aoaa aoaa aoaa
2412 GAAA Tetraloop with GNRA fold aoaa aoaa aoaa
2630 GUGA | Tetraloop with GNRA fold aoaa aoaa aoaa
2696 GAGA | Tetraloop with GNRA fold aoaa aoaa aoaa
2877 GUAA | Tetraloop with GNRA fold aoaa aoaa aoaa

Table 4:Results for the GNRA tetraloop.

VQ actually classifies it as a class very close by). Thereastaan structure, starting &00, that was defined
as a tetraloop by SCOR and the four dimensional quantizaliohnot by the full seven dimensional one.
It should be noted that some of the GNRA structures are endaeddthin larger loops (those starting at
1469, 1500, 1596).

52 E-Moaotif

Another motif with a well-defined structure is tlemotif [14]. This is a double-stranded motif with a
pair mismatch that causes a bulging out of thetrand. We were able to identifysuch structures in the
manual binning method in [8]. Here there are two confornmegtiof the+ strand that give the same bulging
geometry. The- strand has a unique conformation. This motif seems to hage kfinity to A/ >+ ions

as well as to certain amino acids, especially Arg. All thedtires from this class are classified as “looped
with a dinucleotide platform in a triplet” by the SCOR libyar

First residue| Sequence Conventional Definition Binning Structure| 4D VQ | 7D VQ
172 UCAGUA S-Turn aeshaa aEshaa|l aEszAa
210 UUAGUA S-Turn aeshaa aEshaa| aEszAa
355 CCAGUA | Loops with a dinucleotide platform in a triple aesdaa aEsdaal aEsdAa
585 CCAGUA | Loops with a dinucleotide platform in a triple aesdaa aEsdaal aEsdAa
1069 CAGGAC aes-aa aEsdaal aEgdAa
1367 AUAGUA aeshaa aEshaa|l aEszAa
2689 AUAGUA | Loops with a dinucleotide platform in a triple aeshaa aEshaa| aEszAa

Table 5:Results for the E-motif strand.

Referring to Table 5, where the notation is as in the previabte, there is full agreement between the
binning method and the seven dimensional vector quardizaéisults. The result in residté69 was found
only with the four dimensional VQ algorithm. Observing thégjion in the secondary structure figure does
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not reveal the bulging helical structure. The refinementhef(t coordinate enables us to find that all of
these motifs are in a conformation wighin the first peak. When performing the seven dimensionalovect
guantization, the last residue that is in the A RNA form bglto a cluster with a centroid that deviateg at
from trans tol40°. Because of this, we did not merge this cluster with the “astdr. We also observe that
“h” in the four dimensional quantization and the binningéaplaced by “z” in the seven dimensional VQ.

First Residue| Sequence Conventional Definition Binning Structure| 4D VQ | 7D VQ
159 GAACU S Turn auaaa auaaa | aUaaa
225 GAACG S Turn auaaa auaaa | aUaaa
292 GACCG | Loops with a dinucleotide platform in a triple auaaa auaaa | aUaaa
568 GACCG | Loops with a dinucleotide platform in a triple auaaa auaaa | aUaaa
2053 GAACU auaaa auaaa | aUaaa
2701 GAACU | Loops with a dinucleotide platform in a triplg auaaa auaaa | aUaaa

Table 6:Results for E-motif- strand.

The results for the- strand are shown in Table 6. This strand has the RNA A-forickstath a kink in
the second residue. Here we can find full agreement betwednirthing results and the four dimensional
vector quantization. The seven dimensional quantizatieaesghe bin “U” instead of “u”. The difference
between the two in Table 6 is in the non-identifier angle 94° that is outside the main envelope. Here we
have an example where a non-identifier torsional angle gixéa information which is needed for correct
definition of the conformation.

5.3 Kink-Turn Motif

This motif described in [17] also has the double-strandeaatciire. Thekink-turn consists of a bulging-
strand which has a conserved structure, andsirand which has a more flexible structure. We will focus
our attention here on the strand only.

First Residue| Sequence| Conventional Definition | Binning Structure| 4D VQ | 7D VQ
43 UGAUGA | Loops with multiple triples aedcra aadcRa| aedcrA

93 CGAAGA Kink-turn aedcra aedcRa| aedcrA

260 CAAUGU Kink-turn aedcra aadcra| aedcrA
1027 GUUUGA Kink-turn ae*lra aeuvRa| aeuvra
1147 CCUAGA Kink-turn aedcra aadcra | aedcrA
1312 GAUGGA Kink-turn aedcra aadcra| aedcra
1601 GCAGGA Kink-turn aercra aaRcra| aahcra

Table 7:Results for the kink-turn motif strand.

Referring to Table 7, we see some inconsistencies betweestrtictures detected by the different meth-
ods. Two possible places for the ambiguity in the structtmenfthe binning method are in the second place
letter “e” and the fifth with the letter “r.” In both of thesegules the, angle is out of the main peak, but
the binning is not finely tuned enough to recognize the peeplace; see also Tables 2 and 3. With seven
dimensional vector quantization, it is obvious that one fiath ¢ in a second peak, which emphasizes an
advantage of using the full dimensional quantization tenme
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54 Hyper-Twist Motif

Thehyper-twistis another motif that is based on the double helix structdexe the double strand is twisted
around a purine-purine mismatch. The mismatch is usuallyfegair. This motif typically has a symmetric
structure. There is a G-A pair and an A-G pair. In Table 8 wéuithed both thet+ and the— strand.

First residue Sequence Binning Structure| 4D VQ 7D VQ
20 — 27 GGUGGAUU aaaaraaa aaaaraag aaaarAaa
516 — 523 AUGAAAUC aaraaaaa aaraaaag aaraaaaa
365 — 370 GUGCGG aaraaa aaraaa aaraaa
279 — 281, 285 — 287 CCu, AUC iaaaaa iaaaaa iaaaaa
792 — 799 GAUGAAGC aaaraaaa aaaraaag aaaraaaa
814 — 822 GUGGAAGUC aaaranzaa aaaranHa aaarAnHaa
1585 — 1592* CGUGGAAG aaaarara aaaaraRU aaaarARu
1602, 1605 — 1610 C,GAAGCG eraaaaa araaaaa| araaaaa
1881 — 1887 ACUGAAU iaaraa iaaraaa iaaraaa
2015,2016,1771,1847 — 1850 | A,U,UAGGU aa7aaaa aagaaaa| aagAaaa
2500 — 2505 CGCAAG aaaraa aaaraa aaarAa
2515 — 2520* CGACCG aeaaaa aeaaaa aeaaaa

Table 8:Hyper-twist motif+ and — strands. The SCOR description of these sites is mostly atkst paired non-
Watson/Crick double strand,” or “cross strand.” At the structure is considered to be a kink-turn motif. For tiie 7
VQ there is a clear preference for the “r’ conformation to beane of the complexes & 130).

The entries marked with & have a— strand with conformation “e” instead of “r.” There are some
conformations which include a bulge. One of them coalesdtsankink-turn motif. It was found that all of
the mismatch conformations that were marked by “r’ belongrte specific cluster. We used this to unmerge
this cluster from the other clusters that were merged witlefore; see Table 3.

5.5 Mismatched GA-Motif

All of the above motifs are characterized by a double helixaitire which may be twisted or bulged. The
deformation is a result of a base pair mismatch. This is arsng structural characteristic. We can find also
a unique conformation in almost all of the above-mentiongges. After a base pair mismatch the residue
acquires the conformation marked by “A.” This conformatiera single cluster. The identifier torsional
angles of this conformation have the same values as thae &-florm helix. The only difference is that the
S value is shifted to the shoulder of the main peak in the hrstogof 5. See also [26] for related results.
Thea, 3 plot of this cluster is given in Figure 9. The binning metheddn with scalar quantization) as
well as 4D VQ cannot recognize this cluster, while the thedeven dimensional VQ can. A similar cluster
was found with the electron density technique in [26]. Thisformation appears in the following locations:

1. Hyper-Twist: 25, 818, 1590, 2504.
2. Kink-Turn: 48, 98, 265, 1152.
3. E-motif: 176, 214, 359,1073, 1371, 2693.

There is a generalization of the hyper-twist, that is a misimed double strand that includes the “A”
conformation in:721 € (716 — 726,702 — 712), 1032 € (1031 — 1041,929 — 939), 1742 € (1733 —
1744,2035 — 2046),1528 € (1527 — 1534, 1657 — 1664), 2827 € (2826 — 2830,2910 — 2914),2883 €
(2880 — 2889, 2868 — 2877). The conformation of this double strand is less conservad the hyper-twist.
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Other “bulge motifs” with pair mismatches includd2, 465, 489, 593, 2244, 2427, 2259, 2906, as well
as the short double helix with internal loapi27. Some more complicated mismatch structures are

382,489, 645, 1528, 1891, 1973, 2485, 2675, 2817, 2904.

The conformation “A” appears in three places where it catweassociated with mismatched structures.

160
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Figure 9:Thea, 3 torsional angles of the “A” cluster

5.6 Hédlix Initiation Knee

The helix initiation kneeis a motif that has a bend at the beginning of a helix [26]. As@me implies,
such a motif is associated with a “knee” between two adjabeltes. This occurs for example in the case
of the “knee” between the T stem and the acceptor stem. Weeditinis motif to have the binning sequence
"taaa;” see Table 9. We found this form to repgatimes in RR0033. Table 9 summarizes the search results
for this motif.

From the21 structures that were found to be in the desired conformgsee Table 9), only were
not initiating a double helix and also within theSecases there is a large number of tertiary interactions
with other parts of the LSU. The differences among the metfawd minimal and are mostly confined to the
case where (1111) is changed with the transition stati the binning method (4111) (which includes the
“other” region absent in the VQ method).

Another type of helix initiation motif has a typical confoation of “vaaa” in one of the strands. The
“va” conformation was recognized in [26]. There wer& such structures and they are summarized in
Table 10.

There is full agreement between the 4D and the 7D VQ's. Onlgrsef the above examples have the
same binning structure. The 3-double helix is a structureresithe first residue in the “v” conformation is
unpaired. It seems that for this motif the binning definitadrthe "v” conformation gives a more uniform
motif. This will be addressed in more detail in Section 6 laelo

6 Discussion
RNA conformational motifs were characterized here withistigal techniques from classical signal pro-

cessing. These automatic procedures do not use visualchmpeor filtering. The overriding goal is to
establish fast and easily applied yet rigorous methods rialyais of RNA conformation. The simplest
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First Residue| Sequencg Conventional Definition| Binning Structure| 4D VQ | 7D VQ
116 GAGA Double Helix taaa taaa taaa
398 ucccC Double Helix taaa taaa taaa
636 GCCA Double Helix taaa taaa taaa
762 CCCG Double Helix taaa taaa taaa
826 UAGA Double Helix taaa taaa taaa
895 ACAG Double Helix taan taaa taae
961 ACCG taaa taaa taaa
1089 GAUA Double Helix taaa taaa taaa
1138 GUCU Double Helix taaa taaa taaa
1177 AGCU paaa taaa taaa
1703 GGCG Double Helix taaa taaa taaa
1986 GCCG Double Helix taaa taaa taaa
2023 GAGC Double Helix taaa taaa taaa
2059 UACA taaa taaa taaa
2084 CACC Double Helix taaa taaa taaa
2284 GGGC taaa taaa taaa
2444 UUGA Double Helix taaa taaa taaa
2566 AGAA taaa taaa taaa
2738 GAGA Double Helix taaa taaa taaa
2750 GCCG Double Helix paaa taaa taaa
2840 AAGA paaa taaa taaa

Table 9:Results for double helix initiator element.

method used here, scalar quantization, treats each diomemsisolation of the others. SQ successfully
resolves the torsion angleinto the three distinct clusters (three rotamers) predibiethe potential energy
surface. This resolution af into three was not accomplish in [8], and was found by visnapection in
[18] only after application of quality filters. This is acked following well-defined optimality criteria, as
well as the automatic analysis of multiple angles at once.

With VQ, populated clusters of RNA conformation are detewdi in simultaneous analysis of any di-
mensionality, up to the full seven dimensional torsionacgp We believe this work represents the first
analysis of RNA torsional space at greater than three sametius dimensions (i.e., of more than three tor-
sion angles). Here four dimensional VQ was applied first éoftlur anglega, +, d, () that have previously
been termed “identifier angles” [8], because they appeavrimptetely specify fundamental RNA conforma-
tions. The remaining three dimensions are considered teperdlent on the four identifier angles, although
are important for conformations search, see below. With lkdefined distortion measure, the number of
four dimensional clusters was found by 4D VQ to be about 60s Tésult suggests that there are about 60
fundamentally distinct nucleotide conformational statéhin globular RNA. 4D VQ identified each of the
populated bins reported in [8], which were obtained via naduslassification. Agreement with SCOR was
found as well.

We then added a merging stage to the VQ method, which is basbdoh cluster centroid proximity
and on structural constraints, thereby adapting the ge&itechnique to the study of RNA torsion angles.
For example, all clusters that meet the definition of A-faliRNA were merged into a single cluster. This
initial over-population of A-helical RNA clusters was exped, since due to their popularity, VQ allocates
to them a large number of resources (centroids) in order tinize the distortiors.

80f course, for tasks different to the one in this paper, sutiering might not be needed, and considering the diffelestars
can lead to a more detailed analysis, for example, of thelisdievariability in the search for “micro-conformatiohis.
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First Residue| Sequencg Conventional Definition| Binning Structure| 4D VQ | 7D VQ
169 AUCU laaa vaaa vaaa
331 AGGG 3-Double Helix vaaa vaaa vaaa
620 ACGU Double Helix vaaa vaaa vaaa
905 CCAA Double Helix vaaa vaaa vaaa
1239 GGGA Double Helix vaaa vaaa vaaa
1438 GCUG 3-Double Helix laaa vaaa vaae
1626 AGGG 2-Double Helix vaaa vaaa vaaa
1634 GUGA Double Helix Oaaa vaaa vaaa
1710 AAAG 3-Double Helix laaa vaaa vaaa
1919 ACAA *aaa vaaa vaaa
1996 UAGC bulged Double Helix laaa vaaa vaaa
2526 CUUG 3-Double Helix *aaa vaaa vaaa
2638 GGUC Double Helix vaaa vaaa vaaa

Table 10:Results for double helix initiator “v” element.

We then used this modified VQ on the full set of seven torsiaylemndefined by a single nucleic acid
residue. This study of the full seven dimensional spacedetv conformations that were not present at the
one or four dimensional studies. We validated the methodobyparing it with known structural motifs, as
well as the SCOR classification. The minor mismatches coella fesult of a too coarse clustering (different
motifs merged into a single cluster). We tested adding etagup to 100), and found small changes that are
enough to fix these discrepancies (while requiring additiomerging to eliminate the not-novel clusters).

We found a conformational signature for the existence of smmaich motif, an umbrella motif that
includes the bulging or twisted double-stranded cases.ded this conformation only when we used the
modified 7D VQ, showing the importance of working with the whconformational space, and thereby
the need for formal analysis technigue as the one here Hed¢that go beyond ad-hoc visualization-based
approaches.

In the next step (in progress), we will seek relationshipveein neighboring clusters using the method of
mutual information As has been done for secondary structures in protein réseag:, [6], it is important to
study the dispersion within clusters. It seems likely tidédimation on shapes of potential energy surfaces
and RNA dynamics is contained within the cluster shape. Somléminary results on mutual information
for RNA are described in Appendix A. Finally, following wodn proteins [6], we can perform principal
component analysis (PCA) on various clusters. Preliminasylts on this topic are presented in Appendix
B.

To conclude, in this paper we have seen how some standamideaels from statistical signal processing
are useful for the analysis of RNA structure. These tectesqeover the automatic discovery of torsion
angles clusters, their grouping into motifs, and the amslgémotif populations. These techniques can be
augmented with novel clustering approaches being developéhe learning and signal processing commu-
nities, and investigating those, together with the seawmciméw motifs and the extension of the preliminary
results in Appendices A and B, are the subject of some of auestiefforts.

Appendix A: Mutual Information Analysis of RNA Parsing
In the above sections, we discussed the use of vector gatiotiz a classical technique from statistical

signal processing, to cluster RNA residues and find torsiagies. All the work was done at the level of
residue parsing, while it can be easily repeated at the téalite parsing [18]; see Figure 1. The motivation
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for the latter is the high correlation between the adjachosphate torsional anglésanda. This correlation
was established for dinucleotides and short oligonudlesti27]. Here we will extend the relation to any
RNA molecule using tools from information theory. This lgiyet another classical tool from statistical
signal processing that can bring some light into importakARjuestions.

To try to further understand the differences between thefomms of parsing the RNA backbone, as
well as the general dependency of the different torsioneenginong themselves, we computed the mutual
information betweem and(, both for residue parsingy(:) against{(i)) and for suite parsing((i) against
¢(i — 1)). This is repeated for all torsion angles. Mutual inforroatis defined as follows [3]: Let andy
be two random variables. First, tkatropyof « is defined as

H(z) := —E,[log(P(z)]

whereFE, -] stands for the expectation. Entropy measures (in bits)aghéamness of a signal, the larger the
entropy the more random the variable is. jbiat entropyis defined as

H(z,y) := —Eu[Ey[log(P(z,y))]]

and summarizes the degree of dependencearfy, while theconditional entropyf given by
H(ylx) = —Ey[Ey[log(P(y|x))]]
which summarizes the randomnessg@fiven knowledge of. We can now define theutual information
MI(z,y) := H(y) — H(ylz) = H(x) + H(y) — H(z.y),

which is a measure of the reduction of the entropy (randos)rafg) given x.

In the case of residual parsing, we obtain®d («, () = 0.85, while for suites parsing we obtain
MI(a,¢) = 1.17.° This increase in mutual information indicates that thessida angles are functionally
more dependent with suites parsitfg.In Table 11 we provide the mutual information for all the seve
torsion angles (the values in the diagonal are the entramyjefsidual parsing. When we consider suite
parsing, the mutual information between a given anigle), 5(i), v(i), d(i), e(i), (i), £(i) and{(i — 1) is
given by

(1.1716,0.9435, 0.6646, 0.4623, 0.6529, 0.9067, 0.8273)

respectively. From Table 11, we observe that the mutuakimédion is not a direct consequence of the
proximity between the angles (otherwise, we would have rtwrio functions per row and column).

To further illustrate the torsion angle dependency, weatfiee above computations when we remove
the A-helix from the data, obtaining Table 12 for residualsireg and

(2.3465,1.8704, 1.5771,0.8699, 1.5474, 2.2656, 1.7937)

for suite parsing(( (i), B(i), v(i),0(i), €(i), (i), £(i) against (i — 1)). We first note that the improvement
in mutual information is now negligible (from 2.2989 for ithse parsing to 2.3465 for suite parsing). We
also observe, as expected, that the entropy increased,gebave removed the most popular conformation.
Lastly, the mutual information has significantly increagsedeneral.

°Both o and¢ haved = 4.6.
10For computing thel/ 7, we quantized the: and¢ torsion angles in 100 bins. We also tested for different remsiof bins and
always the mutual information increased for suite parsing.
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[ [ o [ 8 [ » | & [ ¢ [ ¢ | € |
4.5983| 0.9956| 0.8081| 0.4538| 0.6809| 0.8473| 0.8393
0.9956| 4.4875| 0.6862| 0.3550| 0.4955| 0.7480| 0.6550
0.8081| 0.6862| 3.5670| 0.3852| 0.4332| 0.5624| 0.5683
0.4538| 0.3550| 0.3852| 2.7089| 0.5566| 0.5898| 0.6666
0.6809| 0.4955| 0.4332| 0.5566| 4.3744| 0.8524| 0.6801
0.8473| 0.7480| 0.5624| 0.5898| 0.8524| 4.6199| 0.8744
0.8393| 0.6550| 0.5683| 0.6666| 0.6801| 0.8744| 4.2753

MY N 2 Ty D

Table 11:Mutual information for all the torsion angles, consideriagesidual parsing.

([ o [ 8 [ o | 6 | ¢ [ ¢ | € |
5.8792| 1.9543| 1.7290| 0.9308| 1.5874| 2.2989| 1.9515
1.9543| 5.3180| 1.4260| 0.6587| 1.1823| 1.8622| 1.4699
1.7290| 1.4260| 4.6269| 0.8218| 1.0330| 1.5486| 1.3073
0.9308| 0.6587| 0.8218| 3.4348| 0.8487| 1.0948| 1.0853
1.5874| 1.1823| 1.0330| 0.8487| 4.9315| 1.7319| 1.3214
2.2989| 1.8622| 1.5486| 1.0948| 1.7319| 5.8107| 1.9958
1.9515| 1.4699| 1.3073| 1.0853| 1.3214| 1.9958| 5.2165

MY N 2 Ty D

Table 12: Mutual information for all the torsion angles, consideriagresidual parsing, and ignoring the A-helix
conformations.

Appendix B: Principal Component Analysis of Key Motifs

Following the work on proteins [6], we can perform princigaimponent analysis (PCA) on the tetraloop
structures.

The basic procedure is as follows. Letdenote the number of residues in the moiif & 4 for
tetraloops) andV the number of samples (27 for our first example). The firstisttipe PCA procedure is to
compute the covariance matiix, which is a square matrix of dimensidi. (four angles per each residue),
whose elements are given by

N
1
Ci_’j = — Z(.’Emﬂj* < x; >)('7?mj* <z >)

N -1
m=1
where< x; > is thei-th coordinate of the mean structure. We then compute trenesdues and eigenvec-
tors of this matrix,\, and,. The distribution of the eigenvalues will tell us the numbémodes in this
class.
In Figure 10, left, we clearly see 2 to 3 dominant eigenvafoeshis data set, considering the 4 angles
(a,7,6,¢). Inthe middle, we repeat the computation for a total of 26ateops!® considering now all the

six torsion anglesd, 3, v, 4, €, ¢), and defining a tetraloop as the combination
(371173,371173,271173,371173)

where the symbal stands for “don’t care” for those angles. We observe aga&?tfimaximum 3) dominant
eigenvalues (analysis of the eigenvectors will be repagteewhere). When using the same data set, again

1RR0011, RR0033, RR0055, RR0043, RR0044, RR0060, RRO06A)RR RR0078 and RR0079; HLSU 50 from NDB.
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with all the six torsion angles, but defining a tetraloop as
(371173,271173,371173,371173)

we obtain 168 examples. The eigenvalues distribution isvehia the last figure on the right, with two
dominant eigenvalues once again, even stronger than béfdtete that the first and second histograms of
Table 10 refer to “tetraloops” in the sense just defined, evttik third histogram refers the “tetraloops” in
the standard sense [14, 30].

We have used simple (and linear) analysis in this case, el is no reason to believe that the space
of RNA moitifs is flat. We plan to investigate the use of toolattbhonsider the geometry of the space of
motifs, e.g., [29], where orders of magnitude more datalélheeded.
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Figure 10: Frequency plots of eigenvalues corresponding to the wt@IPCA analysis. The first two plots use
tetraloops in the sense defined in this paper while the thirthé standard sense.

Appendix C: Background on the Binning M ethod

In this Appendix, we briefly review the main results reporie@B]. We introduce here some minor modifi-
cations in order just to elucidate the main ideas. We finajpeat some of the key tables from [8] for easy
reference on the part of the reader.

Binning as formulated in [8] is an histogram-based methodléscribing RNA conformation and for
identifying RNA tertiary structural motifs. The confornmat of each bond can be described by a small
number of discrete integers. Each residue can be assigmedistnct configuration class. Further, some of
the torsion angles are dependent or highly restrained.nmsary, one can reduce the full multi-dimensional
torsion angle space to a set3dfconfiguration classes. An ASCII code can be assigned to eadtyaration
class. Thus the three-dimensional description of conftonas reduced to a single-dimension.

More precisely, each torsion angle of a given residue icatkx to the appropriate bin. By definition,
torsion angles with single-peak distributions cannot lzlilg separated into distinct bins, because essen-
tially all the angles are contained under a single envelBpeause of this the anglése, andy are assumed
not to contribute information to the conformational degton, and are ignored; see [8]. Because of their
multi-peaked nature, the remaining four torsion anglesRaatiow a straightforward separation into distinct
configuration classes. Howevérand P are correlated, both by geometric definition, and froatyais of
the HM 23S rRNA data. Thus, to avoid redundancy, we elimifasnd consider only four torsion angles
«,7, 9, and(. The reduction in parameters led us to a four digit structteptesentation of the conforma-
tion of a given residue. Each residue is assigned a sequéfhmar integersn,,, n-, ns, n; where each digit
denotes the envelope to which a torsion angle belongs.

Binning has several important advantages:

12The stability of these motifs, and comparison between vesihd suite parsing, is the subject of current studies.
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. It allows one to exploit the large and sophisticated pattecognition capabilities already developed
for 1-dimensional databases.

2. It allows one to combine sequence and conformationatnmétion in the same 1-dimensional repre-
sentation, for example by interleaving the ASCII binninguettters with sequence characters.

3. It allows one to represent conformational informatioongl with base-pairing, tertiary interaction ,
etc., in simple 2-dimensional representations.

4. It can be readily tuned to a given organism, class of RN&, et

5. Itis relatively easy to implement, and may be fully auttedaas indicated in this paper.

The results of the method in [8] are summarized in tables #3ldn

bin index 1 2 3 4
o [40 — 100] | [125 —200] | [220 — 350] | others
v [10 — 110] | [140 — 210] | [230 — 350] | others
) [65 — 105] | [130 — 165] others
¢ [240 — 350] others

Table 13:Enumeration and borders of the bins from [8].
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Number | ASCII Code | Associated 4D Box
1 a 3111
2 e 3112
3 r 3122
4 i 2211
5 0] 2111
6 t 1111
7 n 3121
8 S 2122
9 I 1211
10 u 3211
11 c 1121
12 d 1322
13 p 4111
14 m 1122
15 h 3222
16 g 2121
17 b 4211
18 f 1112
19 y 1311
20 w 2222
21 k 4122
22 v 3311
23 X 4112
24 z 3213
25 ] 2212
26 q 2112
27 1 3321
28 2 3322
29 3 1221
30 4 1321
31 5 3411
32 6 3131
33 7 4121
34 8 1212
35 9 2411
36 0 4311
37 + 3312
38 - 1222

Table 14:ASCII code alphabet for the binning method from [8].

24



