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Abstract

The discipline of chemometricsis rooted in analytical chemistry. Currently, however, the application range of chemomet-
rical techniques is being widened to molecular questions as well, addressing molecular conformations and behaviour. With
the increasing availability of databases through the world-wide web, the need for techniques that help extracting information
from data is greater than ever. This problem is generally termed data-mining. Several aspects of the application of chemo-
metrics in this domain are highlighted and a worked example is given. © 1999 Elsevier Science B.V. All rights reserved.
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One new challenge for chemometrics in chemistry
is the spectacular growth of databases that contain a
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large amount of dataon molecular structures and their
properties, for instance the Cambridge Structural
Database (CSD) [1] for organic and organometallic
crystal structures, the Brookhaven Protein Data Bank
(PDB) [2], mainly for protein structures, and the Nu-
cleic Acid Database (NDB) [3] for nucleic acids.
These and many other databases are now readily
available through the internet. A worrying trend is
that more and more databases are exploited commer-
cialy, thus making it more difficult for universities
and non-profit research organisations to assess their
contents.

In the beginning, the primary use of these
databases was storage and retrieval of data. These are,
of course, valid aobjectives. However, the more data
was gathered, the more it was realised that these
databases contained important information that was
not explicitly brought into them. It is the information
hidden in the relations between all these data, such as
similarities and dissimilarities, that may revea im-
portant new chemical knowledge. Finding these hid-
den relations in databases is sometimes called data-
mining or knowledge discovery. In this new field an
explosion of activities has occurred, especialy in
computer science and applied statistics. Numerous
web-sites and journals have emerged, such as Data-
mining and knowledge discovery: an international
journal. Old and new techniques, mainly in the area
of classification, are proposed as knowledge discov-
ery tools for al kind of database searches. Also in
chemistry, more and more applications of data-min-
ing techniques are appearing ([4] reviews some ex-
amples in the field of chromatographic databases).

Since the mission statement of chemometrics can
be paraphrased as ‘‘to maximise the yield of chemi-
cal information and knowledge from chemical data’’,
chemometriciansare in an ideal position to extend the
application area of data-mining techniques to chemi-
ca problems (see, e.g., Ref. [5]). It is clear that
chemometrical techniques such as cluster analysis can
contribute in finding relations in databases contain-
ing numerical results of chemical measurements.
However, a class of questions that is growing more
and more important and that will be termed loosely
““molecular questions'’ in this tutorial, is concerned
with molecular structure. What similarities can be
found in a database, and how do they relate to differ-
ences in chemical behaviour? Can we discern group-

ings in the data? What substructures are consistently
present, or perhaps more importantly, absent? It is
these kinds of questions that are often tackled using
the databases mentioned above. They typicaly con-
tain molecular conformations, sometimes together
with results from physico-chemical measurements
such aslog P values.

Chemometrical methods, as they are now, are not
suited for handling molecular structures, nor are the
molecular structure representations employed in the
different databases very suitable for direct analysis.
The information is there, but not in a usable form.
This tutorial is meant to demonstrate how chemo-
metrical techniques can be used for discovering new
chemical knowledge from (large) databases. By
means of an example we will show the important
questions, steps and pitfalls that one may encounter
in this new research field for chemometrics. It is not
our intention, nor is it within our current knowledge,
to provide ready-made solutions for all problems.
Rather, we will try to highlight areas where more re-
search is needed before one can truly speak of dis-
covery of chemical knowledge.

2. Data-mining: specific issues
2.1. Database size

Data-mining is a term that is used to describe the
process of extracting information and identifying in-
teresting patterns or features out of large masses of
data. This is certainly quite similar to an important
branch of chemometric research, namely exploratory
data analysis. The main difference lies in the size of
the databases and all problems related to this.
Chemometricians are used to deal with relatively
clean, often more or less designed datasets. These
datasets are analysed with all kinds of pattern recog-
nition and other exploratory data-analysis tools. The
results can be evaluated statistically in order to draw
chemically relevant conclusions.

The number of objects in databases, interesting for
data-mining, is orders of magnitude larger. Consider,
e.g., the database resulting from the human genome
project already containing gigabytes of data. This
|eads to problems where neither chemometricians nor
statisticians are used to. One obvious consequence is
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that with current computer technology it is not possi-
ble to keep all datain memory. This meansthat if one
wants to process all data, new algorithms and strate-
gies will have to be developed that can process the
data sequentially, or that do not use all data but a
limited subset. Examples of the latter approach can be
found in techniquesfor clustering large datasets; if the
number of objectsistoo large for the clustering algo-
rithm, clusters are created using a subsample, ran-
domly selected from all objects, and the other objects
can be classified if necessary [6,7]. A further compli-
cating factor is that information on objects may not
be stored in a single datafile but rather in different,
perhaps interrelated, databases. This makes the ac-
cess to the data even more complicated.

A second problem is the high dimensionality of the
data. Clearly, not al variables will be relevant in
identifying new patterns. A distance measure in the
full dimensionality may easily overlook patterns dif-
fering in only a small number of variables. Spe-
cialised clustering techniques using only a small sub-
set of variables to discriminate between classes have
been proposed [8]. In the case of molecular databases,
the problem of finding an appropriate distance metric
is directly related to the representation of the data,
which will be treated in a separate paragraph.

Another less obvious problem associated with the
large amounts of data lies in the statistical evaluation
of the results. Most statistical tests are based on a
fixed level of significance, e.g., « = 0.01 or 0.05 (the
probability for atype | error or for wrongly rejecting
the null hypothesis). However, given the large
amounts of data, any tiny difference will become
statistically significant, even when it has no real
meaning. The power of tests (the ability of correctly
rejecting the null hypothesis) will be much more im-
portant in data-mining research.

2.2. Contaminated data

A further difference with data sets usualy en-
countered in chemometrics is the way databases are
constructed. Data are not gathered according to a de-
sign, but rather are stored when measured and inter-
preted. There are several consequences of this fact.
Firstly, old data are probably of a different quality
than more recent data. Especialy with recent im-
provements in structure determination by NMR and

X-ray crystallography, the conformation of much
larger structures can be obtained than was possible a
few years ago, and with better resolution. Moreover,
not all scientists submitting data use the same tech-
niques and the same equipment, so that even with the
newest data some inherent quality differences will be
present. Furthermore, the objects in a database are
amost certainly a non-random sample of al possible
objects, a fact which may lead to unwarranted con-
clusions. The data almost always will deviate from
normal distributions, and are easily contaminated by
errors.

For these reasons, strategies to cope with outliers
are extremely important. The further development of
robust multivariate methods, in which the outlying
observations do not significantly alter the observed
structure in the data, is crucial. It is also important to
reconsider the treatment of outlying observations.
Traditionally, when an outlier is identified, the most
straightforward action is to go back to the source and
try to uncover the reasons for the outlying observa-
tion, if possible correct it, and otherwise remove it
before further data analysis. In knowledge discovery
these outliers may represent novelties, exactly what
one is looking for. In this view, outliers are observa-
tions that deserve special attention, rather than to be
disposed. In the example below we will try to illus-
trate this aspect.

Missing data represent a further problem. In cases
where not all variables are measured or in cases
where some variables are impossible to measure,
conventional statistical methods to model the depen-
dencies in the data may break down. Taking only
those variables and objects without missing values
into account may lead to a substantial decrease of the
data set size. Apart from the smaller generality of the
conclusions, the chance that something interesting is
missed increases. Maybe there is a reason for the
missing values!

2.3. Methods

Methods for data-mining are closely related to
those used traditionally in exploratory data analysis.
For smaller data sets, visualisation methods in two or
three dimensions are very important (e.g., Ref. [9)).
As John Tukey once said, ‘* numerical summaries fo-
cus on expected values, graphical summaries on un-
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expected values’. The human capability of visualy
recognising regularitiesin data s still unsurpassed by
computer methods. Common techniques include
Principal Component Analysis (PCA), projection
pursuit and pattern recognition techniques, unsuper-
vised (cluster analysis) as well as supervised. Empir-
ical modelling techniques are potentialy useful in
data-mining, too. All these methods will have to cope
with the problems described in the previous para-
graph.

With larger databases, visualisation in two or even
three dimensions is less important because of the di-
mensionality of the data and the sheer number of data
points. In such a case, it is imperative that the hidden
structure in the data is detected automatically. While
automatic search is certainly not new in chemomet-
rics (an exampleisthe automatic variable selection by
means of simulated annealing or genetic algorithms
such as applied in Ref. [10]) new research is clearly
necessary. Inductive algorithms such as the ID3 fam-
ily also receive renewed attention in knowledge dis-
covery research and are commercialy available in
several computer packages [4]. Applications of both
inductive logic and genetic algorithms to derive rules
for the selection of a detection method in ion chro-
matography have been described in chemical litera-
ture [11,12].

3. Representation

The way in which chemical structures are repre-
sented in a computer is often crucial for success or
failure of the subsequent analysis. For trained
chemists a very concise representation like a 2D
structure is sufficient to infer chemical properties
such as chemical similarities, reactive groups and
partial charges. Most databases store chemical struc-
tures in the form of coordinate files containing the
Cartesian coordinates of the individual atoms, some-
times accompanied by the connectivities. Smaller or-
ganic molecules are often stored in the well-known
Wiswesser line notation [13]. For data-mining, these
representations offer only limited possibilities, and
therefore many different secondary representations
have been developed.

Some describe the molecule as a whole using one
number or a vector of humbers. Examples of these

so-called global descriptors are the dipole moment,
total charge, several topologica indices, or spectra-
like representations. A disadvantage of these descrip-
tors is that information on the loca structure of the
molecule is lost. One approach which does not suffer
from this is Comparative Molecular Field Analysis
(COMFA), in which quantities like mass distribution
or electron density are evaluated on a three-dimen-
sional grid over the molecule. The resulting 3D data
matrix then is used in conjunction with PLS to pre-
dict the desired properties. This preserves locality, in
that locally important features such as the presence of
charges at particular locations in the molecule are not
averaged into one isotropic descriptor, but has the
disadvantage that it is relative to some fixed point in
space, usually the centre of mass. This necessitates an
alignment of all molecules in the data set. Although
aligning a set of molecules with a common skeleton
is not that difficult, a more diverse data set may pose
some problems. Several approaches have been pro-
posed, the DISCO set of programs [14] perhaps be-
ing the most widely used strategy. An overview of
these 3D QSAR techniques can be found in Refs.
[15,16].

The ideal molecular descriptor for a specific ap-
plication contains all relevant information in such a
form that the data-mining techniques employed are
able to utilise this information. The most important
point is that similarities and dissimilarities computed
from the descriptor should reflect chemical reality,
either because of similar observed behaviour or other
characteristics. The work of Downs and Willett is
important in this respect [17,18]. Furthermore, the
descriptor should be concise, and if necessary should
allow for flexibility in molecular structures. The
number of degrees of freedom may be decreased sig-
nificantly by considering the structures as flexible
aggregates of rigid building blocks such as chemical
bonds or larger entities such as functional groups,
amino acids and nucleosides. Since most molecular
guestions are relevant in the context of a limited sub-
set of structures, such a specialised representation is
not necessarily a disadvantage. In this paper, we will
illustrate this with the example of DNA sequences
which are described by a limited number of torsion
angles. A fina prerequisite is that most modelling
techniques require that the size of the descriptor is
independent of the size of the molecule. Thisis quite
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an important restriction, and so far none of the known
fixed-length representations is consistently better than
all others [19].

4. Example: conformation of DNA

The example that we will use to demonstrate some
of the above mentioned aspects concerns the confor-
mational analysis of DNA (deoxyribose nucleic acid).
DNA isthe carrier of genetic code, and during the last
decade the human genome project has made huge ef-
forts to elucidate the complete sequence of human
DNA. Since the three-dimensional structure of
biomacromolecules for a large part determines their
biological functioning, it is very important to dis-
cover the relation between sequence and structure, be
it of DNA, proteins, or other biomacromolecules.

This type of analysis serves several purposes
which are listed below.

- To develop rules that will limit the dimensional-
ity of the data. The relation between certain torsion
angles may be indicative of a specific DNA class.
This has been investigated in the past by bivariate re-
lations between torsion angles or other structural pa-
rameters (e.g., Refs. [20,21]). A multivariate ap-
proach can reveal new information.

- The development of multivariate Ramachan-
dran-like conformational maps that indicate ‘‘ forbi-
dden’’ areas [22,23]; these are useful in classifying
and validating new structures. If the torsion angles of
a tentative structure do not fall in the allowed re-
gions, there may be reason to investigate the struc-
ture further to see whether thisis a physically impos-
sible structure, or just different from most other
structures.
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- The multivariate relationships that are uncov-
ered in this approach may serve as a guide for future
experiments.

In double-stranded DNA, two backbones consist-
ing of aternating sugar and phosphate groups are kept
together by hydrogen bonds between complementary
bases in the opposing strands. The four regular bases
in DNA and their pairings are depicted in Fig. 1, and
a view of the backbone and the relevant torsion an-
glesis given in Fig. 2. Sometimes derivates of these
bases occur in DNA sequences, or suboptimal base
pairings in which the full potential for hydrogen
bonding is not used. The binding between the two
strands at these locations is less strong which may
have an effect on the molecular structure.

Whereas the bases in the DNA carry the genetic
information, the deoxyribose and phosphate groups
that form the backbone of a DNA strand perform a
structural role. The classical Watson—Crick double
helix is right-handed and contains about 10 residues
per turn. This form, called B-DNA, is sometimes di-
vided in two classes: Bl- and BII-DNA [24]. In this
paper we use the criterion from Ref. [22], where a
conformation is classified as BI-DNA if torsion an-
gle ¢ issmaller than ¢. Otherwise, the conformation
is BII-DNA. This criterion is used to be able to clas-
sify the borderline cases into one of the two classes.
Several other helix conformations exist: a right-
handed helix with 11 residues per turn, caled A-
DNA, and a left-handed helix containing about 12
residues per turn (Z-DNA). The preferred conforma-
tion is determined by the DNA sequence and exter-
nal factors(e.g., A-DNA can be formed from B-DNA
upon dehydration).

Given the Cartesian coordinates of a piece of DNA
or a graphical representation of it, a trained chemist

Fig. 1. Base-pairing in DNA. The pair adenine (A) and thymine (T) is bound by two hydrogen bonds (l&ft) and the pair guanine (G) and

cytosine (C) by three (right).
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Fig. 2. The nine torsion angles used as parameters in this paper. Six angles (a—¢{ ) determine the conformation of the DNA backbone; the
seventh ( y) the orientation of the base. Superscripts indicate in what nucleoside the torsion angle is found.

is able to determine which helix conformation is pre-
sent. In the present example, this classification is
performed automatically. Several parameters can be
used to describe DNA structure [25]; in this case, we
more or less arbitrarily use nine torsion angles in the
range of 0—360° to describe dinucleoside monophos-
phates. That is, we group the DNA sequence in steps
of two nucleosides at atime. Only one strand is anal-
ysed; the other is assumed to have the complemen-
tary three-dimensional structure. This process is il-
lustrated in Fig. 3.

The data are taken from the Cambridge Crystallo-
graphic Database and the NDB. When obtaining a
dataset from such databases, care must be taken to
ensure that the set is sufficiently homogeneous, i.e.,
that the individual objects in the set can be compared
to each other in a meaningful way. For this end, only
structures of comparable quality (resolution 1.4—-2.6

GGCATGCATGCC
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CCGTACGTACGG

 I—  I—
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Fig. 3. Definition of objects in the data set. Each object is a dinu-
cleoside monophosphate, represented by nine torsion angles. A
DNA structure of 12 base pairs thus leads to 11 objects (CC, CG,
GT, etcetera). Only the lower strand is analysed.

 E—
E—

A and R-factors in the range of 11.5-23.2% [22,20])
have been selected. This screening yielded a data set
consisting of 33 crystal structures of DNA se-
quences, in total containing 287 dinucleoside
monophosphate steps. The data are described in more
detail in Ref. [22]. Four classes can be discerned, A-
DNA, both BI- and BII-DNA, and a specia class in
which both the a and ¢ torsion angles are trans, in-
stead of the usual gauche — and gauche + confor-
mations. This is caled the crankshaft effect, and is
most often observed in A-DNA. In total, 105 dinu-
cleosides belong to the A-DNA class, 134 to BI-
DNA, 43 to BII-DNA and 5 are crankshaft objects.
Of the latter, four would be classified as A-DNA and
one as B-DNA, but for simplicity we will treat them
as one separate class.

The aim is to distinguish the different structura
forms present in the dataset using multivariate analy-
sis and to investigate which torsion angles are re-
sponsible for this subdivision. This approach is much
more versatile and informative than approaches fo-
cusing on uni- and bi-variate andysis (e.g., Refs.
[20,21]). In the present example we will elaborate on
that analysis, show alternative ways to obtain infor-
mation from these data and identify some pitfalls. In
al cases, the data are median-scaled prior to analysis
[22].

4.1. Outliers

Outliers are observations which, for some reason,
do not conform to the general pattern present in adata
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set. In general, the presence of outliers may have
several causes. Firgt, there is always the chance that
the outliers are genuine errors. Of course, these must
be removed prior to analysis. A potentially more dif-
ficult situation is the one in which the outliers are
formed by unsuspected structure in the data. Since a
large group of outliersis more difficult to detect than
a few outlying observations, one should aways be
aware of this possibility. One further cause for out-
liersis the possibility that there is a reason that these
data are different from the bulk. These outliers should
be removed prior to analysis and possibly analysed
separately. The problem isto recognise which kind of
outliers we are dealing with.

Several aspects of outlier detection for the appli-
cation of finding structure in database contents merit
further attention. First of all, univariate outlier detec-
tion is not appropriate. As depicted in Fig. 4, outliers
in a multivariate sense are not likely to be detected at
all, whether it concerns true aberrant values or sub-
groupings in the data.

Second, for larger datasets the outlier detection
cannot be performed by hand. Robust, automatic
methods should be used. Which method is to be pre-
ferred depends on the goa of the anaysis. In this
case, where the god is to find structure in the data
set of DNA sequences, robust PCA as described in
Ref. [26] will be applied. A robust distance is calcu-
lated for all objects, and objects further away from the
centre are marked as outliers. These will recelve a

Fig. 4. Failure of univariate outlier detection for multivariate data.
The distributions of both individua variables show no signs of
outliers, while clearly two separate groups are present.

weight of 0.01, whereas the objects within the
threshold distance will receive the full weight of 1.
Finally, PCA is performed taking these weights into
account. By downweighting the outliers, the PCA
loadings are mostly determined by the non-outlying
observations. In this way, aberrant data will not in-
fluence the model. Further analysis of the outliers
may revea causes for the non-standard behaviour.
The threshold deciding whether objects are outliers or
not can be set by the user. It should be noted that
when no outliers are present the robust PCA yields
slightly different results from classical PCA [26].
Many other approaches are possible [27].

After the first preselection step, in which only
structures of comparable quality are extracted from
the database, 287 objects, each represented by the
nine torsion angles depicted in Fig. 2 are present in
the data matrix. In Ref. [22], a manua validation
procedure reduced the number of objects to 244 by
removing those containing non-standard bases, mis-
matched base pairs, and torsion angles that would
lead to Van der Waals clashes. It is not certain that
especialy the first two criteria are necessary, nor can
we hope to eliminate al outlying observations in this
way. A more safe strategy is to rely on robust outlier
identification.

A comparison of classical and robust PCA on our
data is shown in Fig. 5. The upper left plot in this
figure shows the classical PCA object scores on the
first two PC's, obtained from the manually validated
set of 244 objects. Although there is some overlap
between the different classes, the structure is clearly
visible. On the PC 1 axis the A-DNA is separated
from the B-forms. The A-crankshaft objects are on
the edge of the A-DNA cluster, while the B-
crankshaft object is right in the middle of the BI
cluster. The comparison with the upper right plot
shows how the classical PCA score plot changes upon
inclusion of the 43 manually removed objects. Al-
though the general structure of the three main clus-
tersis still recognisable, the scatter, especially in the
PC 2 direction is significantly larger. More impor-
tantly, the location of the non-outlying objects
changes because of the inclusion of the 43 suspect
objects. Thisis especialy clear in the location of the
crankshaft objects.

Similarly, the bottom left plot shows the robust
scores from the 244 manually validated objects, and
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Small set: 244 objects Full set: 287 objects

Classical PCA

Robust PCA

Fig. 5. Score plots (PC 1 vs. PC 2) of classical and robust PCA. In
the two plots on the left, only the 244 manually validated objects
are used to calculate scores and loadings. In the plots on the right,
the complete set (287 objects) is used. Symbols used: A-DNA (+),
BI-DNA (O), BlI-DNA (@) and crankshafts (X).

the bottom right plot right shows the robust score plot,
produced using al 287 objects. The agreement be-
tween the two robust plots is clear. The objects,
manually identified as outliers, indeed have no effect
on the scores of the other objects, which is exactly
what is required. Of course, objects indentified as
outliers by the robust procedure may still be scat-
tered in the plot. A plot without the outlying observa
tions will be shown in Fig. 8 and is very similar to
the bottom left plot in this figure.

The weights that are assigned to the objects in ro-
bust PCA identify the observations marked as outly-
ing. Depending on the threshold setting, a smaller or
larger fraction of the data is marked as outliers. Here,
the threshold is chosen in such a way that representa
tives of al four classes are retained. In total, 34 out-
liers were identified, all of them B-DNA. The mgor-
ity (18 objects) were also excluded in the manual
validation. Of the remaining 16 outliers, 11 were
identified in the first two dinucleosides of a DNA se-
guence. This indicates that the larger freedom of
movement in these parts may lead to somewhat un-
expected conformations. These outliers are very hard

to find by manual validation. Interestingly, not all
manually identified outliers are recognised as such by
the robust procedure; therefore it can be concluded
that the manual validation was too cautious and sev-
eral mismatched base pairs and unusua bases do
conform to the general trends.

In Fig. 6 it is shown more clearly that the robust
scores of the 244 validated observations are not af-
fected upon inclusion of the manually identified out-
liers. Especialy for PC 2 and PC 3 the scores of the
classical PCA are heavily disturbed, whereas the ro-
bust PCA till shows the same behaviour. The only
significant deviations from the straight line in the ro-
bust score plots are objects marked as outliers in the
manual validation step. Loading plots (not shown)
exhibit the same behaviour.

This shows that robust analysisis less sensitive to
outliers and more apt to uncover the underlying
structure in data. Moreover, the robust analysisis able
to assess whether perceived differences, such as the
occurrence of uncommon bases, should be repaired
prior to analysis. However, many different robust
methods exist and the degree of permitted outlying
observations is determined by the user by adjusting
the threshold, so that a certain subjectivity is un-
avoidable.

The main point is that application of robust proce-
dures can lead to the identification of (groups of) data
points that do not conform to the pattern set by the
majority: in some cases these **outliers”’ are genuine
errors (databases do contain a lot of errors), in other
cases they represent a subgroup with properties dif-
ferent from the bulk. Often, such a small subgroup is
the most interesting object of study! In the DNA ex-
ample presented here, the robust PCA istuned in such
a way that all DNA classes are modelled and the
‘““outliers’ can be regarded as individual aberrant ob-
jects.

4.2. Representation

In general, severa different representations can be
used to describe chemical data. This may gresatly in-
fluence the subsequent analysis, so some thought or
preliminary experimentation is required. In this case
we want to analyse chemical structures, and obvious
candidates are Cartesian coordinates, since these are
most often found in databases. They form the most
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Fig. 6. The influence of outliers on PCA scores. X-axis. scores calculated from the 244 manually validated objects (O); the 43 other obser-
vations (a) are projected in this space. Y-axis: scores calculated from the complete set of 287 objects.

flexible representation, in that they can be used to
describe any chemical structure, no matter how un-
usua. The main disadvantage is that for each atom
three coordinates are needed, which leads to large
data sets when many molecules are considered at the
same time. Often, therefore, internal coordinates
(torsion angles) are used. Because bond lengths and
bond angles are kept fixed on standard values, the
number of parameters needed to describe a chemical
structure is much reduced. The disadvantage is that
molecules with slightly deviating geometries cannot
be described in this representation.

A second point is the choice of objects. In the
DNA example, the A- or B-type DNA behaviour is
observed on a scale larger than individual nucleo-
sides. How many of them should we take into ac-
count? Is it necessary to analyse one complete turnin
the helix (i.e., 10-11 base pairs) or would much
smaller objects such as dinucleosides yield essen-
tially the same information? Some experimentation
may be needed to resolve this problem.

4.2.1. Choice of variables

Torsion angles may be represented in a number of
ways: the first possibility is to use values between 0
and 360°. The obvious disadvantage of thisisthat the
difference between angles of 20 and 340° is per-
ceived as being much larger than it is in reality (see
Fig. 7). Techniques using variance measures, such as
PCA, can be severely affected by this effect. If a cer-
tain parameter of objectsin the same class has values
at the very high and very low end of the scale,
chances are that this class will be split in two. Of
course, inspection of the individual torsion angle dis-
tributions may reveal whether problems are to be ex-
pected, and it may be possible to choose another an-
gle range for which no edge effects are present.
However, for large numbers of parameters this is no
longer feasible; moreover, it may be impossible to
find a range for which no parameter distributions are
on both sides of the edge. A more fundamental rem-
edy is to represent each torsion angle by two values,
a sine and cosine value. Difficulties with the subse-
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Fig. 7. The effect of the representation on the distance between two torsion angles. With conventional representations such as degrees or
radians, angles that are in effect very close may appear to be quite different. The sine/cosine representation does not suffer from this.

guent analysis may be introduced by the non-linear
sine/cosine transformation, however. Another disad-
vantage is that the number of parameters doubles.
To illustrate the effect of the choice for angles be-
tween 0 and 360°, we also analysed the same data set
when torsion angles are values between — 180 and
180° and sine/cosine tuples. The robust score plots
for the three representations are shown in Fig. 8. Only
those objects are plotted that are not identified as
outliers. Again, the threshold for the robust PCA is
chosen in such a way that all four DNA classes are
represented. The representation with angles between
—180 and 180° is especially sensitive to the choice
of the threshold that defines the number of outliers;
however, for al values of the threshold the apparent
structure in the data is markedly different from the
other representations and splittings of clusters are
observed. This is caused by torsion angle values in

0 to 360

-180to 180

one class at both sides to 180°, which lie far apart in
this representation. The sine/cosine representation
shows a structure very much like the structure of an-
gles represented between 0 and 360°, indicating that
the latter representation in this specific case is not
bothered by the cyclicity of the data. One peculiarity
of the sine/cosine representation is that much fewer
objects are seen as outliers. This is a result of the
condition that all classes should be represented. If we
were to relax this condition, the crankshaft objects
would directly be identified as outlying observations.
The overal division between the classes seems to be
of dlightly less quality than the representation using
torsion angles between 0 and 360°. Probably this is
caused by the non-linearity of the sine/cosine trans-
formation. In the remainder of the paper, we will
therefore stick to the original choice of torsion an-
gles in the range of 0-360°.

Sine/cosine

e @

Fig. 8. Score plots (robust PCA) of the complete dataset in three different representations. Outliers, as identified by the robust procedure, are
not plotted. The left plot shows the scores when torsion angles are in a range of 0—360° (253 objects plotted). Torsion angles from — 180 to
180° are used to produce the middle plot (170 plotted), and sine/cosine tuples for the right plot (275 objects). Symbols as in Fig. 5.
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Fig. 9. Score plot (Ieft) and loadings plot (right) for the robust PCA on the trinucleoside data set. In total, 17 objects are identified as outliers
and are not plotted. Symbols are identical to the ones used in Fig. 5; furthermore mixed BI-BII (<) and BII-BI (a ). Crankshafts are not

shown. Superscripts indicate the number of the nucleoside in the object.

4.2.2. Object representations

To be able to include more information on the di-
rect environment of a nucleoside, one can use trinu-
cleosides instead of dinucleosides. This increases the
number of torsion angles from 9 to 16, and reduces
the number of objects from 287 to 234. Moreover, the
number of classes increases, because also mixed Bl—
BIl and BII-BI classes can be identified. Mixed
classes containing crankshafts are not taken into ac-
count because they consist of single objects in this
representation. The scores and the loadings from the
corresponding robust PCA are shown in Fig. 9.
Again, the same underlying structure as seen in Fig.
5 can be discerned, indicating that both representa
tions capture the same relevant information. The
mixed B-classes are nicely positioned in between the
pure Bl and Bl classes. Moreover, the loadings plot
shows significant correlations between identical tor-
sions in subsequent nucleosides. The same correla
tions are found as in Ref. [22]. It can be concluded
that larger objects of study do not convey new infor-
mation; since the number of objects decreases rapidly
and the interpretation of the results gets more diffi-
cult (mixed classes), the choice of analysing dinucle-
osides appears to be a good one.

4.3. Incorporation of prior knowledge

One final question is how to incorporate prior
chemica knowledge in the analysis. In some cases,
constraints may be defined beyond which chemical
reality is violated. In this case, this may be done by

aready distinguishing several groupings beforehand
and analysing each of these separately. The nucleo-
sides can be divided into purine derivates (the joint
five- and six-membered rings A and G) and pyrimi-
dine derivates (C and T). This leads to four dinucleo-
side combinations: purine—purine, pyrimidine—
pyrimidine, purine—pyrimidine and pyrimidine—
purine, and robust PCA can be performed on these
four groups. The results are depicted in Fig. 10. In-

Pyrimidine-Pyrimidine Pyrimidine-Purine

Tl
*e

Purine-Pyrimidine Purine-Purine

Fig. 10. Score plots (robust PCA) of the complete dataset, divided
in four groups: purine—purine, pyrimidine—pyrimidine, purine—
pyrimidine and pyrimidine—purine combinations. Classes seem to
be further apart in this representation. Symbols as in Fig. 5.
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terestingly, al BII-DNA is found in mixed purine—
pyrimidine dinucleosides except for two purine—
purine dinucleosides. The B-crankshafts are all lo-
cated in the pyrimidine—purine plot. This kind of
analysis may show unexpected distributions in data
setsthat are difficult to see otherwise. In this case, the
class separations appear to have improved somewhat,
but no real deviations from the previous experiments
have been found.

5. Conclusions and future research

In molecular data mining, several constraints must
be satisfied for methods to be useful. First of all, since
the methods often operate on large databases, they
should be very fast. This requirement is more impor-
tant than the level of sophistication, so that simple
methods will often be preferred to more complicated
ones. In the example, the goal was to uncover hidden
relations in the data. This was achieved by analysing
a carefully selected subset of all available data. The
models obtained in this way can be easily applied to
the remainder of the data base with much less com-
putational effort. Thisis an example of atypical data
mining solution in cases where the amount of data is
too large to take into account at once. However, there
are cases where it is imperative to consider all poten-
tial objects in a data base, for instance in identifying
potentially active molecules in pharmaceutical appli-
cations. In that case, one has the possibility to limit
the number of variables that is taken into account in
stead of the number of objects in order to speed up
the process.

Data mining methods should not be sensitive to
outliers or unexpected distributions of the data. This
means that truly aberrant values should have no ef-
fect on the outcome, and that clusters of data, identi-
fied as outliers should be stored automatically for
further inspection. Especially in databases containing
heterogeneous data (such as collections of physi-
cal constants), appropriate scaling procedures are
mandatory. One should be aware that maybe not all
parameters are useful when looking for structure in
the data. A better clustering, for instance, may be ob-
tained with only a small fraction of the parameters.

Chemical knowledge is essential for the correct
application of data-mining techniques. Not only must

the results of the data mining exercise be evaluated
in the context of the chemical question, in many re-
spects the chemistry behind the data determines the
steps that have to be taken. In the example presented
here, the preselection of the data and the treatment of
outliers as identified by the robust procedure are
based on chemical considerations. The correlations
found between identical torsion angles in neighbour-
ing bases appeal to chemical common sense and are
therefore all the more acceptable. Because of the im-
portance of the inclusion of chemical knowledge, it
is imperative not just to copy and apply data mining
techniques from other sciences such as computer sci-
ence, but to assess the applicability of each in the
context of the chemical problem. The discipline of
chemometrics has an important task in this respect.
Firmly rooted in chemistry, chemometricians are also
familiar with most data mining techniques. The ease
with which these methods can be adapted for chemi-
cal applications will be a major criterion on which to
judge the different approaches.

Finally, a thorough understanding of the interplay
between the representation of the chemical data and
the working of the data mining algorithms is re-
quired. As we have seen, inappropriate representa-
tions may lead to spurious relationships (such as the
splitting of the BII-DNA classin Fig. 8). A represen-
tation capturing al relevant information in such a
way that it can be processed by the model-building
algorithm is essential for the maximum use of al
databases that are at our disposal today. Of course,
different representations may be needed for different
applications, and this points to the necessity of being
able to quickly transform data from one representa
tion to another.

In what way flexible structures should be handled
is even more unclear. The analysis of a set of possi-
ble conformers is time-consuming and only to a de-
gree satisfying. Thislast item possibly forms the most
important challenge of the next decade that has to be
overcome to truly utilise the vast potential of the
combination of large databases and chemometrics.
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