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DNA and peptide sequences and chemical processes
. multivariately modelled by principal component analysis
« and partial least-squares projections to latent structures
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Abstract

Biopolymer sequences (e.g., DNA, RNA, proteins and polysaccharides) and chemical processes (c.g., a batch or
continuous polymer synthesis run in a chemical plant) have close similarities from the modelling point of view. When
a set of sequences or processes is characterized by multivariate data, a three-way data matrix is obtained. With
sequences the position and with processes the time is one direction in this matrix. The multivariate modelling of this
matrix by principal component analysis (PCA) or partial least-squares (PLS) methods for the following purposes is
discussed: classification of sequences; quantitative relationships between sequence and biological activity or chemical
properties; optimizing a sequence with respect to selected properties; process diagnostics; and quantitative relation-
ships between process variables and product quality variables. To obtain good models, a number of problems have to
be adequately dealt with: appropriate characterization of the sequence or process; experimental design (selecting
sequences or process settings); transforming the three-way into a two-way matrix; and appropriate modelling and
validation (modelling interactions, periodicities, “time series” structures and “neighbour effects”). A multivariate
approach to sequence and process modelling using PCA and PLS projections to latent structures is discussed and
illustrated with several sets of peptide and DNA promoter data. '

Keywords: Process analysis/ on-line analysis; Pattern recognition; Biopolymer sequences; DNA sequences; Multivari-
ate modelling; Partial least squares; Peptide sequences; Principal component analysis

With the increasing analytical abilities of bio- The monitoring and control of chemical pro-
chemists, analytical chemists, microbiologists and cesses is another area that is currently undergo-
molecular biologists, the sequences of peptides, ing a data explosion. Sensors and on-line instru-
proteins, DNA and other biopolymers are being mentation provide multitudes of data characteriz-
determined at an increasing rate. To bring some ing the state of the process at any given point in
order to these data and to use them for purposes time [3). A common objective is to relate these
such as the understanding of the evolutionary time sequences of data to qualities of the result-
relationships between organisms and relation- ing products of the process, such as yield, purity,
ships between sequence and biological activity crystal size, polymer strength and viscosity. Again,
and chemical properties, various kinds of models multivariate modelling provides the tools for
are needed. With the complexity of sequences, handling these data analysis problems [4-6].
€., many positions times several properties, these Interestingly, these two application areas of
models will necessarily be multivariate [1,2). multivariate modelling show close similarities. A

biopolymer sequence, such as a peptide or a
co”'-’spondence to: S. Wold, Research group for Chemomet- DNA, has a univariate ('iirectlon from beginning
fics, Umed University, $-901 87 Ume3 (Sweden). to end, analogous to a time sequence of process
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data. The consecutive observations of a time se- variable). Before the analysis with standarg meth,
quence of process data are usually not indepen- ods, these three-way matrices must be trans,
dent. This has necessitated the use of special formed into two-way matrices, which can be dox{ .
types of models, time series models [7], for the in different ways. These ways are not €quivaley,
analysis of process data. It may be of interest to but correspond to different assumptions aboy
apply these models also to polymer sequences to the underlying action mechanisms of the moy.
investigate whether nature introduces “time se- elled sequences or processes.
ries patterns” in the biological sequences such as In this paper 'some aspects of sequence apg
neighbour effects, periodicities and auto-correla- process modelling are discussed, in particuly
tions. their common features. Examples of peptide ang
The modelling of a set of polymer sequences nucleic acid sequence models are used as llustra.
characterized by a multivariate description of each tions.

position leads to the analysis of a three-way ma-
trix (sequence X position X descriptor). The same

situation appears in the modelling of a set of, say, SCOPE OF SEQUENCE AND PROCESS MODELLING

batch process time sequences, with multivariate The first problem in any investigation is i,
observations at each time point (process X time X collect quantitative and relevant data characteriz.
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Fig. 1. (a) A set of biopolymer sequences can be quantified by using descriptor scales such as 2y, z and z, for cach vanying
position. The resulting descriptor data matrix (X) is three-way (sequence X position X descriptor). (b) In the case of sequences o’.
the same length, the three-way table can be directly “unfolded” to give a two-way table with several columns for each sequence
position.
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investigated objects (here sequences). This
- o data matrix in which each row corre-
F” . 10 an object (sequence) and each column
¥ oonds to a variable, calculated or measured
objects. With sets of polymer or time
aces, this is often a three-way data matrix
| and 2), as will be discussed below.
t. Once quantitative and relevant data have been
incd, one needs to analyse the data, ie,
S dgtc them to various more or less clearly formu-
objectives. These objectives can be grouped
o three broad categories: overview, classifica-
gon and quantitative modelling.

K

Overview; finding groups, patterns

when little is known about the problem or
gstem under investigation, the scope of the anal-
ysis is usually to obtain an overview of the objects
m the data (here biopolymer or process time
sequences). The result is a “map” of the similari-
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ties and dissimilarities of the objects, a model of
the system. Sometimes groups of objects (classes)
can be distinguished in this map, but often the
objects are distributed over the map without any
clear gaps. Other “patterns” may still be seen in
the map, such as trends in time or other coordi-
nates.

The analysis also informs on which variables
(object characteristics) are related to directions in
the map and other discernible patterns.

The data analysis tools useful for this type of
analysis are scatter plots when the total number
of variables, K, is smaller than ca. 5, and princi-
pal components analysis (PCA) and factor analy-
sis (FA) when K is larger [8,9).

Diagnostics

The model obtained in PCA or FA can be
used in a second stage of the data analysis to
scrutinize new objects and their relationships to
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Fig. 2. (a) A set of process time sequences is quantified by process variables such as pressure, temperature, pH and glucose
Concentration. The resulting process data matrix (X) is three-way (process sequence X time X process variable). (b) In the case of
Process time sequences of the same length, the three-way table can be directly “unfolded” to give a two-way table with several
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those previously analysed and to the model. This
gives a “diagnosis™ of each new object, whether it
is similar to the set of previously modelled objects
and, if so, in which region of the map the object
falls.

For analytical chemistry, correlations between
the position in the map and chromatographic
retention, solubility, etc., are of interest.

With biopolymer sequences it may be of inter-
est to correlate the inter-point distances in the
map to evolutionary or genetic resemblance. Re-
lationships between the place in the map and
various diseases are relevant for medical diagnos-
tic objectives.

Analogously, multivariate process diagnosis has
recently started to develop, where patterns in
multivariate time sequences are used to diagnose
the state of the process, whether it is running
normally or whether problems are occurring
[4-6,10].

Often the diagnostic objective is formulated in
terms of a classification, as discussed further be-
low.

Classification into known classes (groups)
When more is known about the investigated
system, this knowledge is often formulated as a

class structure; peptides are classified according -

to their type of biological activity as enkephalins,
bradykinins, signal peptides, etc. A class may be
subdivided into sub-classes, e.g., signal peptides
are divided into periplasmic or outer membrane
and other types.

A process may be divided in classes such as
“normal and under control”, “raw material prob-
lems”, “temperature problems in reactor 1” and
“stack-up problems before reactor 2”.

The scope of the analysis now is usually to see
how the data collected for the objects relate to
this class structure, and thereafter to classify new
objects accordingly. The result of the analysis is
still a “map” of the similarities and dissimilarities
of the objects, a model of the system, often with
sub-maps for the different classes. Again, the
analysis will inform on which variables are impor-
tant for the class separation and which are not.
Also, the model informs about the degree of
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separation of the classes, which are well Tesolyeg
and not, etc.

The model can then be used in a second Stage
of the data analysis to classify new objects, The
result may be one of three: that an object j
uniquely assigned to one of the classes on ,
certain probability level, or that the object
similar to several classes or that it is simila to
none of the classes, an outlier, a new type.

The tools for classification, or pattern recogp;.
tion, or discriminant analysis as this analysis j
often called, are many, and are covered in .
views and textbooks [11,12]. When the number of
characterizing variables (X) is larger than the
number of objects (N), which is common in the
analysis of sequences, projection methods such as
SIMCA [13] and PLS discriminant analysis {14,15)
are advantageous.

Quantitative relationships between sequence and
biological activity or process variables and produci
properties

On the highest ambition level of data analysis,
the scope is to find relationships between the
characteristics of the objects (sequences) and
other quantitative variables (response variables),
¢.g., the measured levels of biological activity
variables, enzyme binding constants or other
physico-chemical variables, such as chromato-
graphic retention times and solubility. With pro-
cesses, the responses are “properties” of the
product and process such as yield, purity, stabil-
ity, strength and viscosity, including “negative”
results such as costs and pollution levels.

Often the data analysis is a combination of 2
classification and a quantitative modelling: the
first objective is to find the class or type of an
object, and thereafter to obtain a prediction of
values of quantitative property variables that are
defined for this class. _

In the analysis, a quantitative model relating
the characteristics of the objects to the respons¢
variables is derived with the help of a training st
of objects with known values of the respons¢
variables. If several classes are at hand, one usy’
ally develops one such model for each class.

———

; Projection
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The developed model(s) are then used to pre-
the response values for new objects, after a
ification if so needed. ‘
Projection methods such as PLS (partial lcas}-
ares projection to latent structures) are suit-
tools for this type of analysis [1,2,4,11,14-17).
o simple cases when few variables are needed to
d,;ractcrize the objects, and when statistical ex-
; rimental design [18,19] has been applied for
- pe selection of the training set, and when the
qumber of responses is small (say a maximum of
$) and independent, multiple regression can be

used for the model development and data analy-
s [20].
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representative sub-sample of family members.
The selection of this sub-sample is far from triv-
ial, and only recently has a rational approach
become available with the methodology of statis-
tical experimental design {2,18,19,21]. The intu-
itive way of generating a sub-set by modifying one
position at a time in a “lead sequence” does not
give a sub-set with sufficient information for good
model development [2,21]. Unfortunately, this in-
tuitive approach is still used in most applications,
which is a major reason for the poor quality of
structure—activity models in general.

Optimization EXAMPLES
A common objective is to achieve optimum
properties of a biopolymer sequence or optimum To illustrate the principles of biopolymer se-
2 quality and yield of a process. The models can be quence modelling, some sets of short peptides
¥ used for this purpose in several ways. With simple and a set of fairly short DNA sequences that
quence : models, one can search mathematically for their were previously mode.lled by po§ition based quan-
nd prodiy madma and minima, but with more complicated tlt_atlve structure—activity relat_lonships (QSARs)
5 models simulations are necessary. will be used. These sets of biopolymers will be
ta analyng mode!led in two ways, with position-based de-
tween the scription (where possible), and auto- and cross-
nces) and SELECTING A SET OF SEQUENCES (DESIGN OF A covariance (ACC, see below)-based q:?scrlption
variables)’ TRAINING SET) which is alignment independent. In addition, some
al activity simulations have been made to demonstrate the
or othef To develop a model of a family of sequences, it non-equivalence between these two ways of mod-
chromato- is necessary to have a basis in the form of a elling.
With pro-
i of the
i Results of the PLS modelling of (1) the position-based (pos.) and (2) the auto-correlation (ACC)-transformed biopolymer sequence
tion of dura *
ling: the Parameter Ex. 1, enke- Ex. 2, bra- Ex. 3, signal Ex. 4, DNA Ex. 5, simula-
pe of an phalins dykinins peptides promoters tions
liction of Length (L) 5 9 18 -28 68 5,10
that are No. of sequences (N) 31 43 22 25 16, 32
No. of X-variables, K (pos.) 16 34 60 195 15, 30
. R*, mult. corr. (pos.) 0.59 0.52 0.65 0.85 0.88, 0.85
relating . Q°, R.S.D.-mult. corr. (pos.) 0.46 0.25 0.12 0.40 0.70, 0.30
responsé No. of X-variables, K (ACC) 48 48 54 27 27,27
ining set R*, mult. corr. (ACC) 0.58 0.48 0.91 0.79 030,031
‘€sponse .- Q*, R.S.D.-mult. corr. (ACC) 0.49 029 0.63 0.41 0.0,0.0
me usu- . “R? and Q7 refer to the ordinary and cross-validated multiple correlation coefficients. R? = 1 —{SS Y-resid/SS Y), where SS
SS. ) denotes sum of squares, Y-resid the residuals and Y the observed values of the response variable. The number of X-variables in the
Mmodels is denoted by K and the number of cases by N.
(
‘l
)
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(1) MVD enkephalins (length L = 5) positions 5 and 8, which had only L-forms, Henc,
These N =31 pentapeptides are of interest a position-based characterization with the Samc.
because they contain some D-amino acids in the four variables as in the example 1 takes 34 vari.
sequences of mainly L-amino acids, They were ables [(9X3)+(7Tx1)]. A two-dimensionaj PLs
previously modelled by position-based QSARs model gives R? = 0.52 and 0%=0.25.
[22], where each of the four varying positions
(position 1 is constant) were coded by the three (3) Signal peptides (18 <L <28
z-scales of Hellberg [23] and Jonsson et al. [24], Signal peptides are N-terminal peptides Sittin
An additional indicator variable was included to on proteins that, after their synthesis in the Yo.
code for the p- or r-form of the amino acid. plasmic domain of the cell, are translocated tq a
Hence the position-based description takes six- membrane or through one or several membranes, in a pres
teen X-variables: four positions X (three z-scales These signal peptides usually consist of 15-33 ' -5 The !
and one indicator). A PLS model with two signifi- amino acid residues. Previously a set of Es. data ma’
cant components explains R2= 0.59 of the Y- cherichia colj signal peptides were analysed ang it 'a length
variation (enkephalin activity), with a cross-vali- was shown that the sequences do indeed contain - final nor
dated multiple correlation coefficient (Q2) of 0.46 patterns related to the site to which they direy ing prot:
(see Table 1). the protein [25]. This analysis was made with a The nun
modified position-based description of the sc. - outer m¢
(2) Bradykinins (L < 9) quences based of the three z-scales [23,24). { proteins
These N =43 nonapeptides (length L =9) The multi-positional description of peptide sc. was inve
were previously modelled [22) in the same way as quences used in QSAR studies [2,22,23] is no Significa
the enkephalins in example 1. These bradykinins applicable here because the numbers of aming tion wer
also had both p- and L-amino acids, except in acids in the Sequences are different. Hence the Howeve:
.ofthe d
. made t
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Fig. 3. Score plot of the PLS discriminant model of the signal peptides quantified by the “field” approach [25). Nos. 1-15 are ng ¢
periplasmic space signal peptides and Nos. 20-28 are outer ‘membrane signal peptides. The periplasmic peptide 10 and oute!

membrane peptide 26 are seen to fall in wrong regions.
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ences would be represented by different
pers of variables and it is not obvious which
.ables correspond to each other. In an effort
o circumvent these problems, the so-called field
proach was previously developed, where the
,.o-dimensional matrix of one sequence is pro-
~cted down on a vector with specified length.
Hence the result is a specific number of variables
for each sequence, independent of sequence
jength. The field approach is described in detail
in a previous paper [25].
The field approach was used to generate a

set of data matrix for 43 signal peptide sequences with
'ysed andy |  length between 18 and 32 amino acids. The
‘ed contaﬁ»_ final non-cytoplasmic locations of the correspond-
they direey ing proteins in E. coli were used as class labels.
ade with 5 The number of classes was five: periplasmic space,
of the se. outer membrane, pili, toxins and inner membrane
3,24). proteins. The difference between pair-wise classes
eptide se. was investigated with PLS discriminant analysis.
23] is pot Significant differences according to cross-valida-
of aming tion were obtained between most pairs of classes.
dence the However, the cross-validated explained variance

of the discriminant variable was fairly low, which
made the classification of sequences with un-
known class membership uncertain.

Here the results from a PLS discriminant anal-
ysis based on the field approach are compared
with those based on the auto- and cross-covari-
ances of the z-scales coding the amino acid posi-
tions. To limit this preliminary study, only two
classes of signal peptide sequences are consid-
ered, namely those of periplasmic space proteins
and those of outer membrane proteins. The se-
quences are Nos. 1-22 in Table I in [25]. The
location of the protein corresponding to protein
No. 20 (MolA) has been reclassified from an
' outer membrane to a periplasmic protein since
the previous analysis.

A PLS discriminant analysis [14,15] was done
on a data matrix with 60 variables generated with
the field approach. Here the first PLS dimension
was barely significant (cross-validated 0.88) and
the second was not. In the score plot (Fig. 3) the
resolution of the classes is seen to be moderate.
1-15 are We note that two of the sequences fall in the
ad outer wrong domains in the plot, and hence are wrongly
classified.
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(4) DNA promoters (L = 68)

Promoters are specific DNA sequences that
govern the binding of the sigma unit of the RNA
polymerase holoenzyme (RNAP), thereby punc-
tuating the onset of transcription. Jonsson et al.
[2,26] recently investigated the relationship be-
tween the nucleic acid sequence of a set of L = 68
long promoters in E. coli and their in vivo pro-
moter efficiency. Each position was coded by
three descriptors, giving a position-based descrip-
tion of 195 variables (three positions were con-
stant in the set). A PLS model with three signifi-
cant components modelled R? = 0.85 of the vari-
ation of the Y-variable (promoter efficiency), with
a cross-validated Q2 = 0.40. This model was then
used to predict how to construct sequences with
even higher activity than the most active in the
training set. The predicted “optimum” sequences
were synthesized. and indeed confirmed to be
stronger promoters than the previously existing
ones [2,27].

(5) Simulations of penta- and decapeptides (L =
5 and 10)

In the present examples the peptide and DNA
sequence models based on either a position-based
description or an auto- and cross-covariance
(ACC) description give similar results, except for
signal peptides where the ACC model is superior.
This might be interpreted as that these two ways
of translating three-way to two-way data are
mathematically equivalent. To investigate this
possibility, a limited set of simulations generating
position-based data for artificial sets of (a) N =20
penta- and (b) N =32 decapeptides (L =5 and
10) were made. The peptide sets were generated
according to Plackett Burman or fractional facto-
rial designs [18,19,21], respectively. An activity
variable, Y, was generated as a linear model in
the three z-scales times the L positions (3 X L
variables) with uniformly (-1, 1) randomly dis-
tributed coefficients. Normally distributed residu-
als (noise) with a standard deviation (S.D.) equal
to 10% of the S.D. of Y was added to the
Y-variable.

The generated data were then analysed analo-
gously to examples 1, 2 and 4 with a position-based
model and an ACC-based model. The position-
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based model, as expected, adequately recovered
the generated model (see Table 1). The cross-
validation is seen to underestimate grossly the
predictive power of the model for the data gener-
ated according to the fractional factorial designs
(decapeptides), however. This phenomenon is well
known and understood; the roundness and or-
thogonality of this design in X-space make re-
gression and PLS models change direction sub-
stantially in X-space for each deletion of an
observation in the cross-validation scheme, with
the consequence that the noise in the data is
overestimated.

For these simulations, the ACC model failed
to give significant models according to the cross-
validation. This result shows that the two ways of
translating three-way into two-way data are not
equivalent, and that the results of examples 1-4
indicate that periodicities and neighbour effects
are important in these sets of biopolymer se-
quences.

TRANSLATING SEQUENCES AND PROCESSES TO
DATA MATRICES

Once a “training set” of sequences is avail-
able, and their biological or/and physico-chem-
ical properties have been measured, one needs to
translate the actual sequences of the training set

into numbers to be able to develop a relationship

between sequence and activity or other proper-
ties.

Description of each position giving a three-way
matrix

The translation of a sequence to quantitative
variables is a difficult problem because it touches
the very essence of chemistry and molecular biol-

ogy, namely what structural features are impor-

tant in a sequence and how to quantify them.
There is the theoretical approach where a large
number of quantum mechanical “indices” such as
charges, partial molecular volumes and energy
levels are calculated and used as descriptor vari-
ables.

Another approach is based on the so-called
analogy principle, where one tries to use mea-
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surements on model systems to derive scales thag
are then used to describe to actual Sequenceg,
Along this line, three scales have been developeg
for the individual amino acid positions, the 50
called z-scales [23,24). These quantitative scaleg
are developed from multivariate measurements i,
mode] systems and roughly correspond to hy-
drophilicity (z,), steric bulk (z,), and polarity /
charge (z;). Using these scales, one can hence
translate a peptide sequence of length I into
3 XL numbers. These can be arranged in ,
three-way matrix as in Fig. 1.

With a process time sequence, one usually
measures values of the process variables such as
PH, temperature or pressure, at various locations
in the process set-up (feeders, reactors, distilla.
tion towers, etc.). These multivariate process
measurements makes the data for each batch
process be a matrix, and the data of a set of batch
processes be a three-way matrix, here denoted X.

Output variables (responses, Y) measuring
quality, yield, and cost are often measured less
frequently, and in batch processes only at the end
of the time sequence. Hence, the response ma.
trix, Y, is often smaller than the process data
matrix, X, and is often just a two-way matrix
(batch X response).

When the sequences (polymer or time) have
the same length and can be assumed to be
alignable, these three-way matrices have data ele-
ments everywhere. For a set of sequences of
different lengths, however, the three-way matrix
will have parts without data, which is discussed
further below.

Transforming the three-way matrix into a two-
way data matrix

Depending on the degree of diversity between
sequences or processes and assumptions about
the “auto-correlation structure” in the sequences,
the translation into the two-way matrix should be
done in different ways,

In the modelling of time sequences of process
data, it has long been recognized that the values
of process variables at a time point ¢ are not
independent of the corresponding values at the
time points ¢ — 1 and ¢ + 1. This has lead to the

, Wold et al.;
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of time series models, where the correlations

gy ; time are taken into account [7). One may

¢ that similar types of dependences might
¢ in biological sequences, and that time se-
tools here may have an interesting new area
o ,pplication. .

The simplest, and not always sufficient, way to
scvount for .dependences !)etween consecutive
abservations is to use Fourier transforms, auto-
cqurrelation or auto-covariance transforms, or
other suitable transforms of the data. Indeed,
van Heel [28] has recently shown that a qualita-
ive 1-2 auto-correlation transform of protein
sequences contains sufficient information to clas-
«fy the proteins into known classes of great detail
3] Here quantitative 1-2, 1-3 and 1-4 auto-
correlation transforms of sequence descriptors
will be used and compared, where possible, with
the traditional position-based description.

Position / time aligned unfolding for similar se-
quences of almost the same length without neigh-
bouring effects. When the biopolymer or process
time sequences in a three-way matrix all are of
the same length (or nearly so, see below), and a
sequence position or process time point indeed
corresponds to the same position or time point in
the other sequences, one says that the sequences
are alignable. One can then unfold the three-way
table to give a two-way table as shown in Figs. 1b
and 2b, This two-way matrix, X, can then be
modelled and analysed according to one of the
objectives stated above:; overview, classification or
quantitative relationship to Y.

When the sequences have almost the same
length in chain or time, one can reach an approx-
Imate alignment by means of insertions of gaps at
suitable positions in the shorter sequences. These
84ps can then be parameterized by special values
9f the characterizing variables, or be left as miss-
Ing data. The resulting three-way table, X, is then
analysed in the same way.

This unfolding of X, followed by its analysis by
a4 linear PC, classification, regression or PLS
model, corresponds to the assumption that the
Positions of the sequences are truly independent,
L¢., there are no neighbour—neighbour interac-
tions. In process data this is a fairly unrealistic
dssumption, and one can use other ways of trans-
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o ARAA,

Fig. 4. Biopolymer sequences of different lengths cannot be
directly quantified as in Fig. 1, because the sequences would
give a two-way table with different numbers of columns, and
the three-way table cannot be unfolded.

lating the three-way X into a two-way matrix as
discussed below. ’

Transformations independent of alignment based
on auto- and cross-covariance (ACC) structures.
Whenever sequences in the same analysed set
differ much in length (Figs. 4 and 5), one must
use principles other than position-based to go
from the three-way X to the two-way X table.
However, also in the modelling of sequences of
the same length one may wish to use a translation
that takes neighbour effects, ie., lack of indepen-
dence between subsequent positions (time points),
into account. This can be done by using ACC,
and other transforms of each sequence, followed

123 T
= : T
1 pH

U

1y

Fig. 5. Process time sequences of different lengths cannot be
directly quantified as in Fig. 1, because the time sequences
would give two-way table with different numbers of columns,
and the three-way table cannot be unfolded.
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: digjtization and unfolding of suitable parts
transforms.

pioneering work, Van Heel [28] transformed
. number of protein sequences into nearest
s abour amino acid frequency histograms. In

 sequence, he counted how many times the
Ala-Ala appears, the pair Ala~Asn, tl.le pair
Asp. etc., until the pair Tyr~Tyr. This gave
relative frequencies, one for each of the
x 20 amino acid pairs. A characterization
on these 400 values can be used as vari-
' 1o characterize any peptide sequence, inde-
¢ oadent of its length or alignment. Van Heel
@en showed that these variables contain suffi-
gent information about similarities and dissimi-
writies of the proteins to classify them into known
dasses with very fine detail.

The advantages of Van Heel’s sequence char-

serization are that it is general and indepen-
dent of alignment, and that it accounts for near-
est neighbour interactions. It has some draw-
backs, however, in that it is qualitative (all pairs
) of amino acids are equivalent) and difficult to
LRes interpret.
Here a simplification and quantification of Van
. Heel's scheme is proposed by using first the three
A s-scales (and a fourth for p-/1- if warranted), and
’ then calculating the ACC functions of this de-
scription along the sequence. With three z-scales
this gives nine nearest neighbour (lag 1) ACCs,
nine next nearest neighbour (lag 2), etc., because
one computes also the ACCs between z, and z,,
between z; and 23, etc. To simplify further the
description and calculations, the auto- and cross-
covariance functions are used instead of auto-
and cross-correlations (see below). The abbrevia-
tion ACC will be used, somewhat loosely, for
both auto- and cross-correlations and covari-
ances, which is acceptable as they are almost
identical after scaling.

Table 2 gives an example of the calculation of
the lag 1 and lag 2 ACCs of a pentapeptide as an
illustration.

As pointed out by Van Heel [28), it may be
Warranted to compute the ACCs separately for,
say, the beginning of a sequence, the middle of a
Sequence and the end of a sequence, particularly
when the sequences are long. However, in all
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examples including the signal peptides a single
ACC function is used over the whole sequence.
Van Heel’s proposal will be investigated in the
future in connection with a more systematic study
of sequence modelling, To complement the ACC
description, averages of the z-values for different
parts of the sequences, say the beginning, middle
and end, may provide additional variables of pos-
sible modelling value,

Auto- and cross-correlation and covariance
(ACC)-based transformations. The lag d auto-cor-
relation function of a descriptor x (say z,) over a
sequence of length L is (the subscript i is the
sequence position index running from 1 to L) (7]
is given by

A(d) = Z(xi ~E)(Xi4a = %)/ L (% - %)’
i i
The corresponding auto-covariance function is [7)

A(d) = Z(xi —X%)(x.4—%)/L

A lagged cross-covariance function between two
descriptors x and u, e.g., x =2z, and u=z,, is
analogously defined as [7]

Cxu(d) = Z(xi_i)(ui+d—ﬁ)/L

The summations are done from 1 to L —d be-
cause of terms such as x,, ;. Also, it is important
to note that ACC,,, functions differ from ACC,,.
Table 2 gives an example of the calculation of the
lag 1 and lag 2 ACC functions of a pentapeptide.

In the calculation of ACC functions of the
biopolymer sequences centred terms were not
used as above, i.e., subtracting %, etc., but rather
used uncentered terms corresponding to using
X =0, because the z-scales are already centred
over all amino acids in their derivation. .

MULTIVARIATE MODELLING AND ANALYSIS

Once a set of sequences have been translated
into a two-way data matrix, standard methods of
multivariate analysis such as PCA, and PLS are
used to develop the models relating sequence to
properties (or class) [1,2,8,9,14-17]). With both
polymer and process time sequences, evolving
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factor analysis (EFA) [29] and evolving PLS [30]
may be interesting alternatives aimed at an early
diagnosis of sequence “type” or class, and possi-
bly capable of recognizing “clean” parts of a
sequence corresponding to a single action mecha-
nism.

In this study PLS modelling and PLS discrimi-
nant analysis [8,14-17] were used in all examples.
The two-way data matrices were all auto-scaled
to unit column variance before the analysis, and
cross-validation was used to ensure predictive
significance of the models. SIMCA-4R software
[31] was used for the computations.

RESULTS

Table 1 summarizes the results of the simula-
tions and the four examples. Only example 3 will
be discussed in more detail because it is the most
general with sequences of different lengths, and
because the ACC model gives such good results.

Simulations
The main result is that the position-based
models and ACC-based models are not equiva-
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lent. Data generated according to a position-bageg
model are, in general, very poorly modelled by an
ACC model unless periodic structures are explic.
itly generated.

Examples 1, 2 and 4

The interesting result of these examples js tha
the ACC models give the same fit (R?2) and
slightly better cross-validated predictive power
than the position-based models, even for the very
short peptides (see Table 1). This indicates thy
the positions in these sequences are not indepen.
dent, which may have consequences for the de-
sign and modifications of biopolymer sequences
as discussed further below.

Example 3, signal peptides

Each signal sequence was first multi-positjon.
ally described by the three z-scales. Then the
ACC model was used to generate 54 variables,
Thus all possible cross-terms were generated be-
tween amino acid position i and position i +d,
and where d is between 1 and 6. (3X6x3=
scales X lagged positions X scales = 54), These
variables are labeled a to f for lags 1 to 6.
followed by the two subscripts of the cross-covari-
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Fig. 6. Score plot of the PLS discriminant model of the signal peptides quantified by the ACC functions of the z-scaled. Nos. 1-15
are periplasmic space signal peptides and Nos. 20-28 are outer membrane signal peptides.
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z-scales. Hence d,,, for example, denotes

lag 4 cross-covariance between z, and z,.
A dummy variable with the value y =1 was
d for the periplasmic space proteins and y =
-1 for the outer membrane proteins. The PLS
-criminant analysis, based on auto-scaled data,
dowed that two components were significant ac-
cording to cross-validation, with Q%=0.63. The
o PLS dimensions model 64% and 26%, re-
spectively of the variation in y.

A score plot of the two significant components
(/1) i given in Fig. 6 and the corresponding
jading plot in Fig. 7. The score plot reveals a
very good separation between the classes, with all
waining sequences correctly classified. The PLS
weight plot (Fig. 7) shows that many of the ACC
functions contribute with information to the class
separation, dominated by the terms of gap 4, z;,
:,.and z,, 2 (d;, and dyy) and the gaps 3, and 6,
:,, 2, terms (cyy and fy).

The negative signs of the d5, terms show that
in signal peptides of outer membrane proteins
dy, is high (because y = —1 for these). This means
that in these sequences there is a strong tendency
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to have lipophilic amino acids such as Val, Leu
and Phe (negative z, values), situated four posi-
tions after amino acids with positive z, values
(Pro, Cys, Asp), or hydrophilic amino acids with
positive z, values (e.g., Arg, Asn, Asp, Glu) four
positions after amino acids with negative z; val-
ues (e.g., Lys, Arg).

Signal peptides of periplasmic proteins, in con-
trast, are characterized by positive d,;, ¢,;, and
f,, values, i.e., amino acids separated by a gap of
4 have a tendency of being either both hy-
drophilic or both lipophilic (d,,), and there are
positive correlations between large size and hy-
drophilicity, or small size and lipophilicity, re-
spectively, 3 and 6 positions later (c,, and f).

These coefficients can possibly be interpreted
in terms of helix-making or helix-breaking pat-
terns, and these possibilities will be pursued later
in a more detailed investigation of a larger set of
signal peptides. It is worth noting that the
strongest patterns in both classes involve lagged
cross-covariances between different properties
which easily escape traditional sequence analyses
of one separate property at a time.
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ADVANTAGES AND DISADVANTAGES WITH ACC-
BASED MODELS

ACC modelling has some clear advantages in
that the description and modelling of a set of
polymer or time sequences become independent
of alignment. Whenever a set of sequences have
widely different lengths, as in the signal peptide
example, position-based models requiring align-
ment are difficult or impossible. Moreover, con-
sistent dependences between neighbouring se-
quence positions can be modelled.

However, a clear difficulty with ACC models,
which they share with any multivariate models
where interactions between variables are impor-
tant, is the interpretation and understanding of
the model. This is very much an educational
problem; we are taught to see the world in terms
of independent variables and individual causal
factors, even when it is obvious that many natural
systems display strong interactions, multiple
causes and lack of independence. Auto- and
cross-covariance patterns correspond to repeated
interactions of the same kind over the sequence,
and are hence difficult to comprehend.

This difficulty of interpretation corresponds to -

difficulties in predicting sequences with higher or
lower values of the response variables and con-
structing a typical sequence belonging to a certain
class, say a periplasmic signal peptide. Only sys-
tematic simulations, starting with a given se-
quence and making multiple simulated changes,
and inserting each modified sequence into the
model, will result in sequences predicted to be
“optimal” for a given purpose. These multiple
simulated changes of the starting sequence must,
of course, be made according to an appropriate
statistical design [18,19,21], in order for the re-
sults to be reliable.

DISCUSSION AND CONCLUSION

There are many ways to quantify biopolymer
and process data time sequences. The use of
theoretical calculations by molecular mechanics
and quantum chemistry (molecular modelling) is
always possible, but has the drawback of being
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complicated and time consuming, especially fo,
longer sequences. The molecular modelling o
sets of sequences of different length introduce
problems of equivalence; it is not certain that
theoretically derived parameters are directly com.
parable for sequences of different length.

Process modelling has similar problems: knoy.
ing what to measure, where and how often re.
quires great insight and experience.

The examples in this paper demonstrate thy
the simple and straightforward quantification of
biopolymer sequences by z-scales that are de.
rived from physico-chemical properties of free
amino acids (or nucleotides) contains much infor-
mation about the properties of the sequences.

Position-based modelling of the resulting data
works as long as sequences are of the same length
and similar so that indeed a position in differen
sequences has the same chemical and biological
significance, and as long as sequence periodicities
lack biological significance; and analogously for
process time sequences. Interactions between dif-
ferent parts of the sequence could be modelled
by interaction terms between variables at differ-
ent positions, With a sequence of some length,

‘the number of possible interactions becomes very
- large, however; in a decapeptide there are 10 X

9/2 possible position-position interactions,
which, when multiplied by 9 for all possible z-z
cross-interactions, becomes 405.

For sets of biopolymer sequences of different
length, the further preprocessing of the sequence
characterizing data by means of ACC (auto- and
cross-correlation or -covariance) transformations

‘gives alignment-independent and general descrip-

tions of the sequences, which also seem to. pre-
serve substantial parts of the information in the
data. Averages of the z-values for different parts
of the sequences may provide complementary in-
formation regarding the “average” structure of
sequences, particularly in classification problems.
Similarly, multivariate ACC modelling (includ-
ing cross-correlations) of sets of process data time
sequences is an interesting and simple alternati¢
to process time series modelling, e.g., of batch
processes. Batch processes often differ in length
because the time of “completion” is influen
by changes in process variables such as pH, tem*
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ss. Fermentation processes in biotechnology

: 5 ,mﬂ'de typical examples.

The fact that ACC modelling of biopolymers
gurks 5O well indicates that nature indeed assigns
onificance to “periodic” patterns. The biochem-
il interpretation of this finding is far from clear
nd much more experimental validation and ex-

rience of the ACC models is necessary. Some
,griodicities related to helices of peptide se-
quences are known and possible to recognize, but
the extent of other periodic patterns in biopoly-
mer sequences is little understood. The possibility
that the recognition of sequences by biological
~receptors” may be based on auto-correlation
patterns is most interesting, however, and may
have profound consequences for biochemical the-
orv. The results of van Heel [28] and, to some
oxtent the present investigation raise this possibil-
ity.

This line of investigation is continuing, looking
at a wider range of data and at such questions as
the use of a single or several ACC structures,
possible relationships between ACC structures
and protein folding and other secondary and ter-
tiary structures, i.e., helices, sheets, bends, and
motifs involving their combinations. The use of
ACC structures with QSARs of ordinary organic
molecules that are not sequences is also an in-
triguing possibility. In addition, the use of these
models in analytical chemistry to predict chro-
matographic separation and other properties of
peptides and nucleotides is of great practical in-
terest.
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