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subproblems: lj_ to quantify chemical structure in terms of
latent variables expressing analogy, 2 _̂ to design test 
series of compounds, 3u_ to measure biological activity and 
4. to construct a mathematical model connecting chemical 
structure and biological activity.

In this thesis it is proposed that many possibly 
relevant descriptors should be considered simultaneously in 
order to efficiently capture the unknown factors inherent 
in the descriptors. The importance of multivariately and 
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Multivariate projection methods such as PCA and PLS are 
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WHY QSAR ?

We are all constituted of, and surrounded by, a large number of 
chemical compounds. Many compounds affect us and other biological 
organisms. That is, they shew biological activity. Seme are dangerous 
(toxic, mutagenic, carcinogenic etc.) and other compounds may be good 
for us. Chemical compounds can for example be used as drugs to ease 
pain and cure diseases. Paints, fertilizers, detergents, pesticides 
are other examples of useful compounds.

However, it is a well-known fact that many compounds are far from 
being perfect, consider for example, the side-effects of drugs and the 
toxicity to man of pesticides. Furthermore, there still exists a large 
number of diseases that cannot be cured by the drugs available now. 
Hence, it would be desirable to test the biological activities of all 
compounds now existing and all compounds planned to be used in the 
future in order to establish if they are "good", "harmless" or even 
"dangerous". Unfortunately this is not possible, it would take 
hundreds of years even to test only the most cannon compounds in the 
biological test systems that we now believe are relevant. Furthermore, 
during this time our chemical and biological knowledge will grow and 
new biological tests and new compounds will be invented.

Hence, it is of interest to develop strategies to predict the 
biological activity of new compounds, we could then concentrate our 
research efforts on the most interesting ones. One way of doing this 
is by QSARs (quantitative structure-activity relationships). Thus, the 
QSARs constitute quantitative relations between numbers describing 
chemical properties of compounds and numbers describing the results 
from biological tests.

From the QSARs it would then be possible to predict new and 
"better" compounds to be constructed in the future. These models can 
also, in fortunate cases, provide important information about which 
chemical properties that cause the biological response.
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GENERAL INTRODUCTION

The search for structure-activity relationships (SAR) is not new. 
For centuries man has tried to find relations between, for example, 
the shapes of plants (Paracelsus 1493-1541) (1) and their supposedly 
beneficial activity to man. This theoretical approach has in our days 
been further refined and now it is popular to try to relate the shape 
of molecules to their biological activity (2 ).

However, considering the complex nature of biological systems 
another approach, the empirical analogy modelling (3), may at present 
be more efficient. This approach assumes that the factors important in 
the studied system —  here the biological response caused by a series 
of chemical compounds —  also are represented in model systems. A 
large number of model systems comprising, for example, the physico
chemical properties of compounds, may together contain the factors 
that influence the biological system. Hence, the structure-activity 
modelling is multivariate. The data analytical prob Ion is to extract 
the latent variables relevant for the biological activity from a 
multitude of model systems.

One of the first structure-activity publications in this tradition 
is by Crum-Brcwn and Fraser 1868 (4) who related the water solubility 
of some alkaloids to their toxicity. Later Overton 1897 (5) and Meyer 
1899 (6 ) found a relation between the lipophilicity (oil/water) and 
the narcotic activity of a series of conpounds.

The breakthrough for QSAR came with the publications by Hansch et 
al. (7) who showed that quantitative structure-activity relationships 
can be formulated for structurally similar substances using simple 
model systems for lipophilicity and electronic properties.

The latter approach corresponds to a translation of chemical 
structure into numbers. Over the years various structure descriptor 
scales have been invented, for example Hammett a (8 ), Taft Es (9), 
Hansch log P (octanol/water) (10) and numerous other scales (11).

However, surprisingly often only one or a few of these property 
descriptors are utilized at the same time in QSARs. This, we mean, may
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be informationally inefficient. In this thesis a multivariate analogy 
approach to QSAR is discussed. Here many possibly relevant property 
descriptors and biological activity measurements may be considered 
simultaneously.

APPLICATIONS

The multivariate approach to QSAR discussed in this thesis has been 
applied to beta-adrenergic agents (paper IV), chlorinated aliphatic 
compounds (paper V), halogenated ethyl methyl ethers (paper VI) and 
peptides (papers VII and VIII). These applications serve as 
illustrations to the various points in the thesis.

SUBPROBLEMS IN QSAR

Local analogy models can be formulated as principal canponents (PC) 
and partial least squares (PLS) models (3,13). Theoretically, the 
analogy approach corresponds to linearisations of possibly complicated 
relationships. Hence, analogy models are usually only valid locally 
(12). Consequently, a QSAR should be based on a series of chemically 
and biologically similar compounds. This series is developed by 
modifying the structure of a "lead-compound" having at least some 
potency with respect to the desired biological activity. The search 
for 1  ead-compounds is most difficult and often they are found just by 
some lucky coincidence. In the QSAR domain the lead generation can 
probably be somewhat systematized by using statistically designed test 
series and a multitude of pharmacological screening tests (14) in 
combination with multivariate techniques. Computer graphics and other 
three dimensional molecular modelling approaches can probably also 
contribute to rationalize the lead generation (15,16), for example, by 
finding transition state analogs (17).

Once a lead compound has been found, the development of a QSAR can 
be divided into a number of subproblems: 1 . description of chemical 
structure, 2. design of test series, 3. testing biological activity 
and 4̂ _ mathematical modelling. In the applications in papers IV-VIII 
we have not had any influence on the lead generation, nor on the
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biological testing and the design of the test series.

1. TO QUANTIFY CHEMICAL STRUCTURE 

The analogy approach to quantitative description

As the first step in a QSAR-study the variation in chemical 
structure must be parameterized. The variation in chemical structure 
can be described in numbers which are derived from chemical standard 
reactions and other chemical measurements. This analogy approach 
assumes that the variation in biological activity, in a series of 
similar compounds, caused by the change in chemical structure can be 
modelled by chemical property descriptors. Thus, one assumes that the 
factors important in the biological system also are contained in the 
combined physico-chemical model-systems.

Direct measurements on existing compounds

One way of quantifying chemical structure is by properties directly 
measured on the compounds. Examples of such properties are the 
partition coefficients of the compounds between water and different 
solvents, HPLC, TLC, pF^, IR and NMR data, etc. The drawback with this 
approach is that the compounds must be actually synthesized to enable 
the measurements.

Backbone plus substituents

Another approach must be used if one wishes to construct models so\
that predictions of biological activity can be made for hypothetical 
compounds.

In a series of compounds the chemical structure is often varied by 
changing structural fragments. For series of compounds that in this 
way can be divided into a fixed structural backbone plus substituent
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sites, it is usually sufficient to describe the substituents at the 
varied sites, figure 1. For the substituents, these descriptors are 
derived frcm model series such as the pKa of benzoic acid modified by 
the pertinent substituent.

comp.

Figure 1. The properties of the substituents, here U, X, Y and Z, are 
used to quantify the chemical structure.

Substituent descriptors

The analogy approach assumes that substituent scales, such asa~ 
values, Eg, etc., that are relevant in the description of chemical 
reactivity also will contain information about biological activity. 
The substituent scales can be divided into three main categories 
believed to represent: a^ electronic, b^ steric and c\_ lipophilic 
"effects". For a tabulation of substituent descriptors see, for 
example, references 10 and 11. Other descriptors of more theoretical 
character, for example quantum chemical calculations, 
electronegativities and charges, that can be computed can of course 
also be used to parameterize chemical structure.

Many of the scales are claimed to be the "true" descriptors of 
different substituent effects. However, the interpretation of the
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scales in terms of "effects" is not necessary, rather they may be 
regarded just as variables containing more or less information about 
the effects varying with chemical structure. Hopefully, these will 
together contain information that sufficiently "explains" the biologi
cal response.

In this context, a problem of interest is how much information that 
is contained in the traditional structure descriptors and how they are 
related to each other.

In paper I a matrix containing seven substituent descriptors (â , 
0 p' a R' a+ ora Es' 7r(1 0,ll) and molar refractivity) for 28 
substituents was studied by principal components analysis (PCA). It 
was found that the substituents were grouped into four categories: 
alkyls, donors, acceptors and halogens, figure 2. The grouping was 
mainly caused by the electronic descriptor scales (cr-values). A high 
col linearity was found among the a-values, and also between tt and 
nolar refractivity.

Q5
• •
13% / 

,s* , * /
22-05 26

Figure 2. Score plot of the two first model dimensions in the PC-model 
for substituent descriptors. Acceptors (•), donors (■), alkyls (±) and 
halogens (X).

When each substituent category was modelled separately by PCA it 
was found that the relative contribution of the descriptor variables 
differed and thus the intra-group variations were not parallel. The 
variation in the donor group was dominated by a-values and the
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halogens by the size and lipophilicity descriptors (E_, tt molar
0 +/refractivity). For the alkyls a _, a ' , E_, v and molar refractivityP s 0

contributed. The acceptors were mainly modelled by a tt and molarP
refractivity.

Alkyls

AcceptorsDonors
'”•6*

• 6 9  - 2

37«• 6 7 a

-1--
Halogens

-3--

Figure 3. Score plot of two first model dimensions in the PC-model for 
13c NMR of monosubstituted benzenes.

Similar results were found in paper II where the -^C substituent- 
induced chemical shifts (SCS) for 82 monosubstituted benzenes were 
analysed by PCA. It was found that about 90% of the substituents 
belong to one of four groups (alkyls, donors, acceptors and halogens), 
figure 3. When modelling the separate groups with PCA it was again 
found that each group has its own particular intraclass structure,
i.e. the extensions of the groups are not parallel. It was also found 
that substituent descriptors such as aj and a R, which usually are 
considered to be orthogonal, were col linear within the groups. This

1 oindicates that the electronic effect, as probed by a-scales and XJC
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NMR, hardly can be seen as a continuous effect over several types of 
substituents and that data analytic methods which are sensible to 
col linear variables, as for example multiple regression, are less 
suitable for analysing such data.

Small and semi-rigid compounds

The analogy approach is commonly applied to sets of relatively 
small and semi-rigid compounds. Several different types of descriptors 
can, and should, be used. If no prior knowledge exists about the 
importance of certain factors, it is usually reconmended that at least 
the electronic, steric and lipophilic properties of the compounds are 
parameterized.

The results from the data analyses in papers I and II, and similar 
results fron NMR studies of other systems (naphtalenes, stryrenes, 
indenes, triazenes and terphenyls) (18), indicate that the 
substituents commonly used in QSAR studies are clustered in four 
"electronically" different groups. Hence, we need two variables in 
order to assign the type of the electronic influence in QSAR. If 
several third row substituents are included in the QSAR it is likely 
that some additional electronic parameters are needed as well.

An ensemble of different descriptors may together capture the 
different aspects of size and shape of substituents. Similarly, the 
lipophilicity can be probed by several different solvent systems. Thus 
they contain different proportions of the factors governing what we 
call lipophilicity.

If several different substituent descriptors, of the pertinent 
chemical effects are available, they should all be included. The 
more relevant descriptors that are included the better.

The col linearity between descriptors is no data analytical problem 
if projection methods as PCA and PLS are used. On the contrary, since 
the latent factors are weighted averages of the x-variables, they get 
more stable and precise with many relevant and col linear descriptors.

16



The description of relatively snail and semi-rigid compounds using 
various descriptors of chemical properties is illustrated in papers 
IV-VI.

In paper IV a series of 37 phene thy 1-amines (figure 4), antagonists 
and agonists to the beta-receptor, were described by nine descriptor 
variables related to the properties of the substituents.

Figure 4. For different substituent combinations of R, R̂ , R2 > x and Y 
the phenethylamines are either beta-receptor antagonists, agonists or 
neither.

The para-substituent (X) in the phenyl group was described by cfp, L 
and B4  (1 1 ), the local lipophilicity of the substituents on the phenyl 
group (X and Y) by f of Rekker (19). Three descriptors (am, L and B4 ) 
of the meta-substituent were found to be irrelevant in an earlier 
investigation (20). was described by f and R 2  by _f, a and Es. The 
acidity of the amino group was described by calculated pKa (21). On 
the basis of this description the phenethy 1 -amines were classified as 
agonists or antagonists to the beta-receptor and within each class 
QSARs were established using the PLS method, see figure 5a and 5b.

A c t iv i t y Activity!
(Y,)

© ©

© © 
<3)

©<$ ©

€ 7 PLS pred ic tions
of Y,

Figure 5. Plot of the observed and calculated activity for beta- 
receptor antagonists (class 1 ) and agonists (class 2 ).

17



In paper V a set of seven halogenated aliphatic compounds were 
described using two different types of parameters. The first type is 
standard global molecular property descriptors such as calculated log 
P, molar refractivity, boiling point, molecular weight, refractivity 
index, density and calculated These descriptors can be obtained
from the literature or can be calculated for new compounds. The 
second type of descriptors are calculated electronic parameters (2 2 ). 
In all eleven descriptors were used. The resulting PLS model describes 
93% of the variance in biological activity, see figure 6 .

• CCL

' /

Figure 6 . Plot of the first latent variables in the descriptor space 
(t̂ ) and in the biological activity space (uj, ).

In paper VI a series of 20 halogenated ethyl methyl ethers were 
parameterized using three different types of descriptors. As 
descriptors of the whole molecules, the calculated log P (10), (log 
P)2 , molar volume, molecular weight and mean molecular polarizability 
(23) were used. The local lipophilicity of the end-carbons was 
described by tt . The hydrogen bonding properties were parameterized 
using the method of Davies et al. (24). Atomic charges and 
electronegativities were calculated by the PEOE method (22). Together 
this makes 41 variables for the 20 ethers. The descriptor variables 
were used to model the anesthetic activity (AA) (figure 7a) and 
toxicity (figure 7b) of the ethers. It was found that the toxicity and 
AA were mainly modelled by the lipophilicity and bulk descriptors. 
Hcwever, by including the hydrogen bonding and electronic parameters

18



a small improvement to the modelling of the PA was obtained. A plot of 
the latent variables (score-vectors t frcrn the PLS analysis) indicated 
that the chemical property description contained information 
concerning the different side effects caused by the anesthetics.

o

05

- 0  5  O
o n ( i / h » l i c  a c t i v i t y  ( l o g  I ^CJ

■IO 05
icted

Figure 7. Plot of the observed and calculated anesthetic activity and 
toxicity for halogenated ethyl methyl ethers.

Flexible molecules

The quantification of the structure of flexible molecules is 
usually regarded as more complex since it is assumed that one also 
must describe their shape conformation. Peptides is one group of 
interesting bioactive compounds. Small peptides are very flexible. For 
example, it has been found that a crystal from Leu ̂ -enkephalin (a 
pentapeptide) contains several different conformations (25). This 
indicates that a large number of conformations may be about equally 
probable in in vivo conditions. This flexibility makes it seemingly 
difficult to describe a molecule as a backbone plus substituents. 
Instead much research is devoted to the development of molecular 
modelling systems that will mimic the three-dimensional shape and 
other properties of flexible molecules (26,27). Efforts have also been 
made to quantify the three-dimensional shape (28,29).

However, by sheer curiosity we decided to try to quantify the 
chemical properties of peptides in a way similar to that of more rigid 
compounds. This approach is based on a parameterization of the amino
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acids in peptides as if the amino acids could be considered as 
"substituents". Our development of these descriptor scales for amino 
acids can be divided in two steps.

Step 1: To collect physico-chemical data for amino acids.

Step 2: To extract information from the multiproperty matrix.

A multiproperty matrix for the 20 coded amino acids was collected. 
By means of PCA, the scales, z^, z2 and z ,̂ were extracted. These 
scales can be regarded as the principal properties of amino acids. The 
scales can tentatively be interpreted as related to hydrophilicity 
(zĵ ), bulk (z2 ) and electronic properties (z^)* In a recent 
publication it was found that these scales contain information about a 
relation between amino acid properties and the genetic code (30).

To our surprise and satisfaction the scales also turned out to work
well in peptide QSARs, at least in the families we have studied so
far. In papers VII and VIII QSARs for small peptides were developed 
using the new substituent descriptors developed for amino acids.

In paper VII preliminary z-seales based on 20 properties for amino 
acids were used to describe chemical properties of a set of bradykinin 
potentiating pentapeptides. As much as 97% of the variance in 
biological activity was accounted for by the model.

In paper VIII four different families of peptides were studied, 
including the pentapeptides from paper VII. New z-scales were 
developed by principal components analysis (PCA) on an expanded data 
matrix of 29 measurements for the 20 coded amino acids. Successful 
QSARs were calculated for three of these families of peptides. A 
summary of the results of the peptide QSARs can be seen in paper VIII 
(Table VIII). It can be noted that the peptide family that could not 
be modelled was a so called "pseudo-peptide", (2-chloroethyl)nitroso
urea amino acid derivatives. Hence, for all real peptide families 
studied so far we have obtained significant QSARs. The predictive 
capability of these QSARs were tested by cross-validation, and in some 
cases also by prediction of the biological activity of additional 
peptides, figure 8, not included in the model development.
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Figure 8 . Plot of observed and calculated activity for oxytocin 
analogs. Open circles indicate predictions for test set analogs.

Qualitative description

Another approach to the description of molecules, which is not 
related to the analogy concept, is to relate the occurrence of 
different structural fragments to the biological activity (31,32). 
Hence, these methods does not utilize any chemical knowledge, but are 
purely heuristic. However, data sets constructed mainly of such durrny 
variables lack the analogy properties required for multivariate 
projection node Is such as PC and PLS models. This fragment approach is 
often applied to data sets with structurally different compounds, then 
generating a large number of descriptors. Furthermore, there seems to 
be a high risk of getting spurious correlations (33,34). Another 
drawback with this approach is that it is impossible to make



predictions for compounds having structural fragments not already 
included in the set.

Connectivity indices

The use of connectivity indices (COND) (35) as molecular 
descriptors has been ridiculed in a recent publication by Edwards et 
al. (36). It was found that OOND in combination with stepwise multiple 
regression (SMR) could be correlated to almost anything, for example 
the telephone numbers of the employees of a fish cannery and the 
amount of research effort historically devoted to different alkanes. 
In view of these results, the use of COND and SMR in QSAR seems to be 
somewhat doubtful.

Summary: Description

The use of substituent descriptors derived by the analogy 
principles has during the years proved to be a fruitful approach for 
quantifying chemical structure (37). However, it has been shown that 
commonly used substituents are clustered in four groups (alkyls, 
donors, acceptors and halogens), mainly due to electronic properties. 
Since the presently used electronic descriptors mainly describe the 
inter-group variation it may be desirable to develop scales that in a 
more efficient way accounts for the intra-group variation.

It can be noted that the statistical tests on the coefficients in 
multiple regression analysis (MRA) assume that the points (compounds) 
are homogeneously spread in the data set, i.e. are not grouped. If 
they are grouped the real number of degrees of freedom will be 
considerably smaller than the number of compounds indicates. Hence, 
the confidence intervals for the regression coefficients will be 
deceptively small and the correlation coefficient deceptively high. 
Furthermore a high col linearity has been found between commonly used 
substituent descriptors. Applying MRA to data sets with col linear 
descriptor variables may lead to unstable models and poor predictions. 
Col linear data sets can, however, be analysed efficiently by the use 
of projection methods (see below, "To model multivariate Q3ARs"). It
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is still, however, essential to apply methods of statistical design to 
generate the test series. In this way nearly orthogonal "factors" are 
obtained, e.g. size and lipophilicity may be made almost orthogonal. 
In addition the property space is spanned in an efficient way (see 
below, "Design of test series").

Although peptides are very flexible, it has been possible to 
quantify the structure of peptides by descriptor scales for amino 
acids. This shows that against our own expectations, the biological 
activity of peptides can be predicted using the same analogy principle 
as those underlying the Hamnett, Taft and other semiempirica 1 models 
in physical organic chemistry. This opens an interesting possibility 
to quantify parts of microbiology and biochemistry by means of 
multivariate analogy models.

2. DESIGN OF TEST SERIES

All empirical models are heavily depending on the experimental 
design, i.e. the selection of the observations used to calculate the 
parameters in the model (38). It is necessary to construct the data 
according to an statistical plan in order to ensure that the data will 
have at least a chance to contain information about the given probiem. 
With any model, extrapolations are imprecise far outside the domain of 
the data on which the model was constructed. Without statistical 
design, even interpolations inside the experimental domain may be very 
imprecise because of the vast unexplored regions. Hence, in QSAR it is 
important that the test series spans the chemical property space in an 
efficient way.

In paper III the design of test series for ordinary organic 
compounds and peptides with several possible substituent sites is 
discussed. As shown by statistical investigations it is extremely 
inefficient to change only one factor at a time in data sets aimed for 
empirical modelling. Hence, when constructing data sets for QSAR 
studies one must not apply the COSY-approach (change one jsubstituent
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at a time). The COST design gives data that do not contain any 
information about the joint influence of substituents at different 
sites on the biological activity.

This inefficiency of COST-designs can be illustrated by a simple 
response surface plot where two x-variables are varied one at a time, 
figure 9a. The COST method finds a false optimum and there is no 
information in the data that can tell us about the existence of the 
real optimum or lead us there. Only by a scheme where both of x- 
variables are varied simultaneously, information is obtained about the 
real optimum, figure 9b. The experimental design in Figure 9b 
corresponds to a factorial design in two levels (39).

Figure 9. Response surface plot of the variables x̂  and x2. The points 
in figure 9a. show a "one factor at a time"-design, in QSAR this 
corresponds to the inefficient COST-design. Figure 9b. shews a more 
efficient approach with a factorial design in two levels.

Before designing a test series in QSAR it is necessary to decide 
which chemical properties that should be varied and at which 
substituent sites. The choice is of course depending on prior chemical 
and structure-activity knowledge.

By applying fractional factorial designs (FFD), test series can be 
constructed that efficiently span the chemical property space. FFD 
gives test series with a smaller number of compounds than a COST- 
design, yet the former gives more information. In paper III examples 
of test series for substituted organic compounds varied in three
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positions and peptides varied in four positions are constructed using 
FFD. The test series may be extended by including a central point,
i.e. a compound with ''average''-properties.

Summary: Design

With any type of model the selection of what and where to measure 
(experimental design) is of utmost importance for the later 
application and interpretation. With any model, extrapolations far 
outside the calibration domain and interpolations in unexplored 
regions are uncertain. Therefore in QSAR all possibly relevant 
chemical factors must be jointly varied as to span the demain in which 
predictions are sought.

As shown by Box et al. (39) it is extremely inefficient to change 
only one factor at a time. In QSAR this means that one must not change 
one substituent position at a time (COST).

The variation in biological activity may be related to the change 
of several structural features at different substituent sites. In 
order to capture information concerning a multipositional relation, 
the set of compounds must be constructed so that the analogs are 
varied in several positions simultaneously. Using the method of 
fractional factorial design (FFD) such test series can efficiently be 
constructed.

3. BIOLOGICAL DATA

The more complicated an investigated system is, the more unlikely 
it is that a single variable contains sufficient information for a 
given problem. Thus, in the study of quantitative relations between 
chemical structure and biological activity, one should measure the 
biological effect in several different ways.

Information concerning biological activity of a compound is best 
captured by a multitude of screening tests in different biological 
systems. The resulting multivariate data allow judgements to be made 
about the quality of the biological data with respect to their
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information content, and also allow the resolution of the biological 
data into different factors.

In paper V a set of mutagenicity tests for haloalkanes was related 
to a set descriptors by use of the PLS method. A PCA of the 
biological test data in this paper shows that the five different tests 
contain mainly the same information. A two-component model accounts 
for 99% of the variance in the biological data. Hence, the precision 
in the biological data is excellent.

Multivariate test data measured on different species and cell 
cultures may together contain information about different factors 
that are important for the prediction of activity in man.

By, for example, principal components analysis (PCA) the 
multivariate biological data can be checked for anomalies, i.e. 
compounds or groups of compounds that show a deviating response 
pattern in the test data. In this way scientifically interesting 
outliers, and in fortunate cases also new lead compounds, may be 
detected. Then separate models for separate groups can be developed. 
In this way the homogeneity of the compounds with respect to 
biological mechanism, which is a fundamental assumption for all QSAR 
models, is fulfilled for each group.

response response

dose time\ /

Figure 10 Instead of reporting the biological activity as a single 
number, it may be informationally more efficient to use the actual 
test results frcm the different dose levels.
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The information in the different biological tests can also 
sane times be better utilized by changing the data representation. For 
example, instead of expressing the activity in a certain test as a 
single ED-50 value derived from a dose/response-model of a 
predetermined form, the dose/response relation can be described by the 
response at different levels as shown in figure 10. In this way the 
data are not preprocessed in models which not always describes the 
data well. The same approach can also be used in pharmacokinetic 
studies by digitizing the time/response-curve, see figure 1 0 .

The more biological tests that are performed, the more information 
is obtained. The number of different biological tests to be included 
in an investigation is therefore mainly limited by economical aspects.

4. TO MODEL MULTIVARIATE QSARs

Multivariate data

When the structural variation over several compounds is described 
by several variables we get a data table, figure 11. We denote this 
table by X and call it a matrix. Analogously when several biological 
tests are performed on a set of compounds we get an activity data 
matrix which we denote Y. Sometimes the data tables are divided into 
subsets of compounds with different biological response as, for 
example, in paper IV where the compounds are either antagonists or 
agonists to the beta-receptor. These sets of compounds are used in the 
data analysis as training sets. Thus, the calculation of the QSAR 
models is based on the X and Y data for the separate training sets. 
However, it is important that QSARs can be utilized to predict the 
activity of new compounds. To evaluate the predictive power of the 
QSAR models test sets of new compounds, not included in the model 
development, can be used.
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Figure 11. A QSAR data set usually contains descriptor data (X) and 
biological activity data (Y). When we have a single y-variable we have 
QSAR level III (see below "Levels of modelling"). With many y- 
variables (two or more) we have QSAR level IV.

The transformation of data tables to useful information is called 
multivariate data analysis. The data analytical method applied should 
not constitute a limiting factor in the problem formulation. Neither 
should it be of that character that it just confirms the preconceived 
views of the investigator. It should also be open to the possibility 
that the data perhaps do not contain any information about the given 
problem.

Fundamental or empirical models

Two different types of models can be distinguished, fundamental 
(hard) and empirical analogy (soft) models. Usually the lack of 
knowledge about the details in the mechanisms causing biological 
activity makes it necessary to use soft models in QSAR. The idea of 
empirical modelling is closely related to the concept of analogy. Soft 
models are typically based on few assumptions, usually only regarding 
homogeneity and continuity of the data. In QSAR-modelling this
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corresponds to the assumption that a the set of compounds studied must 
be structurally and biologically similar (homogeneous) and b a small 
change in chemical structure shall cause a small change in observed 
biological activity (continuity).

The lack of fundamental knowledge in empirical models can often be 
compensated by the use of multivariate data. Soft multivariate models 
as for example PC ( see papers I and II) and PLS (see papers IV-VIII) 
models have shown to be useful in the modelling of multivariate QSARs.

Sets (or subsets) of similar compounds

As a general rule QSARs, at least of the type discussed here, can 
only be constructed for chemically and biologically similar compounds. 
This follows from the theoretical foundation of analogy models. So far 
the only exception from this rule is the modelling of non-specific 
toxicity related to the lipophilicity of the compounds (40,41).

A set of structurally diverse compounds cannot be entered in the 
same QSAR since a small change in structure in one type of compounds 
does not necessarily have the same influence on the biological 
activity as in other types of compounds. It may also be the case that 
some of the compounds act according to one biological mechanism and 
others by another mechanism. Hence, when studying a set of diverse 
compounds one must first divide the set into subsets of chemically 
and biologically similar compounds. Thereafter separate QSARs can be 
constructed for the compounds in the subclasses.

Number of compounds

When using older data analytical methods such as multiple 
regression (MR) (42), linear learning machine (LLM) (31,43), linear 
discriminant analysis (LDA) (42) and related methods involving matrix 
inversions, the number of compounds should substantially exceed the 
total number of variables considered, in order not to have a large 
chance of getting spurious correlations and overfitting (33,34).
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Projection methods as PCA and PLS (3,13,44) are not restricted to 
these limitations for the number of chemical property descriptors. 
These methods are stable even with many variables as long as the 
number of model dimensions (latent variables) extracted is less than 
about a third of the number of compounds. Actually, since the latent 
variable-scores (t-values) have the character of weighted averages, 
these become more precise as the number of descriptors get larger. 
Hence, using PLS and PC one should pay attention to the possibility to 
include many related descriptors of the properties believed to be 
related to the biological activities. In the same way as several 
measurements make the estimate of a mean value more stable and 
precise, this will make the description of chemical properties more 
stable and complete.

Levels of modelling

QSARs can be divided into four different ambition levels (45). The 
levels are related to the choice of data analytical method and thus 
the ambition of a QSAR study determines which method that is 
required. In most QSAR-studies, however, data analytic methods 
working at level III and IV are needed.

Level I

The qualitative objective at this level is to classify a new 
compound as a member of one of the classes represented in the training 
set.

Level II

However, in QSAR studies the possibility of new unexpected classes 
must be considered.Another complication is the so called "asymmetric 
case" where the active compounds form well defined classes and the 
inactive compounds do not form any class at all. Such possibilities 
are considered at level II, where outliers and new classes may be 
detected.
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Level III

At this level a quantitative model relating the Chemical structure 
description to a single biological test at a time is formulated. The 
classification on level III works as on level II. Hence, the 
descriptor data are used both to classify the new compounds as members 
of the given classes or as outliers, and to predict the level of 
biological activity. Traditionally, multiple regression (MR) is often 
used in QSAR studies. However, MR does not have any way to detect if a 
compound is dissimilar to the others; if it is an outlier. Since 
homogeneity is a central assumption in QSAR and MR cannot check this 
homogeneity, this makes MR less suitable in the present context.

Level IV

At this level several biological activities, such as measures of 
both positive effects and side effects, can be considered at the same 
time. The classification work as on levels II and III.

Data analytical methods

The classification methods KNN (K nearest neighbors) (43), LLM and 
LDA work at level I, which in most cases is not enough in QSAR- 
studies. Furthermore, LLM and LDA have severe limitations regarding 
the compound/descriptor ratio and cannot handle asyrrmetric cases (see 
below). To formulate quantitative models, level III QSARs, MR is 
frequently used. However, MR has the same limitation as LDA and LLM 
about the number of descriptors and compounds. Another limitation with 
MR is that it can only model one activity variable at a time. Finally, 
when the x-variables are col linear, which often is the case in QSAR 
when statistical designs have not been applied, the coefficients of 
the MR model are not unique and cannot be interpreted.

Methods such as PCA and PLS which do not have these limitations and 
are able to work at levels II-IV will be discussed below.
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PCA, PLS

The common feature of these methods is that multivariate data 
matrices are projected down on smaller matrices with orthogonal 
columns (13), figure 12. The projections can be calculated regardless 
of the nurrfoer of variables. In fact the projections get more stable, 
for a given number of compounds, the larger the number of relevant 
variables that is included. After the projection the matrix T is used 
instead of the original data matrix X to "explain" Y. Since T has few 
and orthogonal columns, this model of Y in terms of T is always 
numerically stable.

Vor J

Vor 2

Vor /

; T

X =  \ - x ~ T P - E

Figure 12. Together, the first and second principal component define a 
plane. This plane with the projections of the compound points 
constitute a two dimensional "window" into the chemical descriptor (or 
biological activity) space.

PGA operates at level II by projecting down the class data matrix X 
on a few column matrix T by means of a projection matrix P, figure 12. 
Geometrically a data table with p variables can be interpreted as a p- 
dimensional space with each compound represented as a point. Together 
the compounds form a point swarm that by the PCA is modelled as a few
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dimensional hyperplane, figure 12 and 13. New compounds can be 
classified as similar or non-similar in terms of their distance in 
property space (X) to the hyperplane, figure 13a-c. Separate PC- 
models are calculated for each subset of chemically and 
pharmacologically similar compounds.

Vor 3  Var 3  Vor 3

Var 2 Vor 2 Var 2

Var ! V ar ! V a r !

Figure 13. From the spread of the compound points around the class 
model (RSD) one can calculate tolerance intervals. A compound is 
classified according to which interval the point falls in.

A combination of PCA and MRA can be used to construct QSARs at 
level III. First the multivariate descriptor matrix X is contracted to 
a few dimensional score màtrix T by PCA. The orthogonal t-vectors 
(elements in T) are used instead of the original x-variables in MRA to 
formulate the connection between T and the biological test, y. The 
drawback with this approach is that small factors that not are 
significant in the PC-model ling of X may still contain information 
related to the biological activity (46). This information is thus lost 
and not available in the second stage of the modelling. Furthermore, 
this approach is computationally rather slow.

With the PLS method (partial least squares in latent variables) 
QSARs can be constructed at levels III and IV. The projections of the 
X and Y matrices are made simultaneously so that also the correlations 
between the t and u vectors (columns in T and U) are optimized, 
thereby creating a connection between the two spaces, figure 14. On 
level III the Y-space is one dimensional and hence not projected. The
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PLS method was applied in papers IV-VIII. An overview of the PLS 
method is given in figure 15, a more detailed description in papers V 
and VIII.

Chemical properties Biological activities

•/

Figure 14. Geometrical presentation of the PLS method. In each space 
the data are modelled as lines, planes or hyperplanes. The projections 
of the compound points down on the models have the coordinates T and 
U. Each column in U is related to the corresponding column in T by a 
linear model. The dotted lines indicate the principal components model 
in each space. The PLS projections are slightly tilted from the PC 
lines to improve the correlation between t and u.
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Figure 15. The PLS model in matrix form. The matrices T and P model 
the X block (chemical descriptors), and the matrices U and Q model the 
Y block (biological activity data). The connection between U and T is 
modelled by the diagonal matrix B. The block residual matrices are E 
and F and a vector of residuals for the inner relation.

Philosophical differences between PLS and MR

As discussed above, the analogy modelling is based on the 
assumption that the factors important in the studied system also will 
be contained in model systems (3,12). Thus, applying the analogy 
approach it is not necessary to assume any causal relationship.

The assumptions underlying the multiple regression (MR) framework 
do not correspond very well to QSAR. In MR it is assumed that each x- 
variable is precise, and 2^ 100% relevant. Hence, when MR is
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applied in a OSAR it is assumed that all the descriptor variables are 
exact and "cause" the biological activity. It is not an overstatement 
to say that such QSARs are difficult to find. Thus the MR method can 
be considered to be basically inappropriate in QSAR data analysis.

In contrast to this a projection method such as PLS corresponds 
nicely to the soft analogy approach. Here it is only assumed that the 
X - variables (and y-variables) each to some extent contains a set of 
unknown factors, "latent variables". Hence, PLS is very close to the 
analogy concept. The basic difference between MR and PLS modelling is 
that the former is causal, while the PIS method extracts the "latent 
variables" inherent in X which have a predictive power for Y.

Missing data

Chemical data tables are often incomplete. It would be unfortunate 
if variables and/or compounds had to be deleted from the data analysis 
just because of a few missing values. However, the NIPALS algorithm 
developed by Wold et al. (47) in the PC and PLS methods works well 
with missing data, as long as they are fewer than 1 0 % and are fairly 
randomly distributed over the data.

Asymmetric classification

Structure-activity investigations are sometimes formulated as the 
discrimination between active and inactive compounds (toxic/non-toxic, 
carcinogenic/non-carcinogenic etc.). If level I methods are applied to 
such problems the analysis is likely to fail or give spurious results. 
The active compounds may constitute one or several well defined and 
tight classes. The non-active compounds, however, will probably not be 
possible to approximate by a class model. This is so since any 
compound lacking the necessary chemical properties will be non
active. Hence, the majority of compounds existing will most probably 
be inactive. It is impossible to separate the active from the inactive 
compounds by hyperplane (ILM, LDA).

Level II methods, such as soft independent modelling of class
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analogy (SIMCA) with PC models, can, however, handle the asymmetric 
problem (48). The classes of well defined active compounds are 
modelled by separate PC models and to 1er ance-" volumes" can be 
constructed, see figure 16. Hence, new compounds can be classified as 
similar to the active class or not.

Var3

Van 2

Vani

Figure 16. Asymmetric OSAR data structure. The class of active 
compounds is well defined, while the inactive compounds are 
irihomogeneous and spread over the chemical property space.

Number of components

If too few model dimensions are extracted, information can be lost 
and with too many dimensions noise will be modelled. In both cases the 
prediction of the activities of new compounds will be less than 
optimal.

A useful method for the selection of the appropriate dimensionality 
is cross-validation (49). Part of the data set is deleted from the 
modelling, a model is calculated and predictions are made for the 
deleted data. The predictions are compared with the actual values and 
another part of the data set is kept out from the modelling, etc.,
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until each data element has been kept out once. This is made for each 
dimension and that model dimensionality is selected that gives the 
best predictions.

Score plot

A score plot of two t-vectors (columns in T) gives a two- 
dimensional view of the relative position of the compounds in the 
chemical property space. These plots are valuable tools for 
identifying outliers and groupings, figure 17. Similar plots of the u- 
vectors (columns in U) gives projections of the biological activity 
space in case it is multidimensional.

• 8

• 11
3

1— K

. • 6

•  13 •  9
• K

Figure 17. Score plot of the two first PLS model dimensions for 
bradykinin potentiating pentapeptides (paper VIII).

Loading plot

The loading plot of the vectors p (rows in P') gives information 
about the variables. Thus, variables far fran the origo are important 
for the modelling. The size and signs of the loadings gives 
information about how the chemical properties should be modified in 
order to enhance the activity. In the loading plot (figure 18), of
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the two first dimensions of the PLS model for the bradykinin 
potentiating potency (BPP) of pentapeptides, it is seen that amino 
acid position number three is the most important aie. If the combined 
contribution of all three model dimensions is considered it is found 
that positions one and four also contribute to model the biological 
activity. However, the "unimportance" of the other positions may be 
an artifact caused by the lack of statistical design. In order to 
construct a new pentapeptide with high BPP we should according to 
figure 18, have an amino acid with high negative ẑ , high positive Tq  
and positive Z3  in position three. Of the coded amino acids this best 
corresponds to Trp.

Zi(3)
0.5

• Z2(1) 

Z3(3)

Z? (3)

-1.0 -0.5 0.5 1.0 Pi

-0.5
Zid)

Figure 18. Loading plot for the two first model dimensions of the PLS 
model for pentapeptides.

Residuals

The residuals after the PC and PLS modelling (E from X and F from 
Y) provide information about how much of the variation in the data 
that is non-systematic. When using PLS the residual standard deviation 
(RSD) of X gives information about how much of the variation in X 
that constitutes information concerning Y. The RSD of Y tells how 
much of the variation in Y that is described by X. For a given x-
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variable a comparison of the RSD of this variable and the original 
standard deviation gives a measure of how much that variable 
participates in the model.

We can also calculate the RSD for each compound in the training 
set. Geometrically this RSD is related to the distance between the 
compound point and the class model, see figure 13.

Predictions using PLS

After the PLS model has been computed from the training set, 
predictions can be made for new compounds on the basis of their 
structure descriptor data. With PLS, just like with PCA, we obtain a 
RSD in property space (X) for the compound point with respect to the 
model. If this RSD is too large in comparison with the the training 
set RSD, the ccmpound is judged to be structurally dissimilar to the 
training set. The predictions of biological activities may then be 
less precise. In figure 8  the compounds marked with a * have high 
RSDs, and indeed the predictions deviate considerably for some of 
then. A more detailed description of how to calculate predictions and 
RSDs is given in the appendix of paper VIII.

PLS discriminant plot

A useful application of PLS is the projection of the X matrix with 
respect to a classification, a PLS discriminant plot. The X-matrix 
then consists of the descriptor data for the classes and the Y-matrix 
by a table of dummy variables, one per class. The latter are set to 
one for the members of the corresponding class and zero for all other 
compounds. With two classes, a single y-variable with the values +1/-1 
is sufficient. The PLS projection of X (score-matrix T) will be a good 
approximation of X, but with a better class separation than the 
corresponding score-matrix from a PCA, see figure 19a and 19b. The 
corresponding PLS loading-plot will directly identify the variables 
with high discriminating power, figure 20. The significance of this 
classification can, like ordinary PLS models, be tested by cross- 
validation.

40



X

ti

Figure 19a. Score plot of the two first dimensions of the PC-model for 
the whole data set of beta-receptor antagonists (X) and agonists 
(•) (paper IV).

ti

Figure 19b. PLS discriminant plot of the same data as in figure 19a. A 
better separation of the classes is seen.
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Figure 20. Loading plot for PLS discriminant projection (figure 19b.) 
Variables with high absolute loadings in the class separating 
direction contribute most to the discrimination.

Summary: Modelling

The lack of fundamental knowledge about the relation between 
chemical structure and biological response usually makes the use of 
analogy models necessary. It is assumed that a multitude of chemical 
decriptors together contain the factors important for the biological 
activity. The data analytical problem is to extract the relevant 
latent factors in the descriptor data. Such complex projections can be 
calculated by the PC and PLS methods. Provided that a few assumptions 
(homogeneity and continuity) are fulfilled, all or almost all 
information is extracted. The projections give an overview of the data 
set, and an approximate estimation of the homogeneity can easily be 
performed. Subsets and outliers in the chemical and biological data 
can be detected. The PLS method has another advantage in that it can 
be used to optimize the activity profile, i.e. modelling several 
biological activities simultaneously.
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WHY DOES QSAR NOT ALWAYS WORK ?

Having read so far in the thesis the reader might think that the 
construction of QSAR models is simple, straight forward, and almost 
foolproof. Unfortunately this is not the case. The area involves many 
difficulties, of which data analysis usually is not one of the major 
problems. Rather, the problems are biological and chemical. Some of 
the difficulties and complications are listed below.

A. Lack of information in the chemical descriptors. The present 
descriptors of chemical structure are developed in chemical model and 
test systems. A systematic development of biological model systems 
would perhaps be more efficient to capture the relevant biological 
factors.

B. Substituents seen as isolated entities. The compounds are perhap's 
not adequately described by just the properties of the isolated 
substituents.

C. Badly designed test series. If the chemical property space is not 
spanned in an efficient way, we cannot expect the biological 
properties to be modelled efficiently.

D. Lack of knew ledge about the biologically active form. Perhaps the 
biological activity is caused by seme metabolite. Searching for QSARs 
between the "pro-drug" and the biological activity will at best give a 
weak model.

E. Lack of biological homogeneity, i.e. the compounds are not active 
according to the same mechanism. It is unlikely that compounds that 
does not show the same pharmacological test pattern and follows the 
same mechanism can be made to fit in the same QSAR.

F. Continuity in the biological data. It is sometimes difficult to 
obtain biological test results that have the same meaning over the 
whole series of compounds and time. Often the biological activity is 
presented as an ED-50 value. This means that the doses for the high

43



active compounds will be very low and the doses for the low active 
compounds are very high. This can in unfortunate cases make the two 
groups non-ccmparab 1 e because the biological system is influenced by 
the dose level itself.

FUTURE DEVELOPMENTS

It is, of course, difficult to predict what is going to happen in the 
QSAR research field in the future. Since it concerns research we do 
not really know the future. However, some possible future 
developments concerning the different subproblems in the multivariate 
analogy approach to QSAR may be envisioned.

Descriptors

Substituent descriptors derived from an ensemble of biological 
model systems. If carefully selected these model systems may in a more 
relevant way capture the factors that are important in the modelling 
of biological activity.

Description of transition state analogs of peptides by back-bone 
scales (BB-scales) that describe the properties of different 
modifications of the peptide backbone. This may also be a tool to 
model the duration of action of peptide drugs.

Description of proteins by the ̂ -scales in combination with, for 
example, description of protein surfaces by fractals (50). This may be 
of interest in protein engineering (51).

Saccarides play an important role in the binding of bacteria to 
cell surfaces, in immunological response, and in other phenomena of 
pharmacological interest. QSARs of carbohydrates, i.e. mono- and 
oligo-saccarides and descriptors may be developed with the same 
approach as for amino acids and peptides.
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Design of fest: series

Designed "kits" of peptide fragments, di-, tri- and tetra-peptides 
etc., can be used in the QSAR of different peptide families. Thus a 
set of designed peptide fragments can be introduced as a, for example, 
tripeptide unit. This will simplify the synthesis of multipositionally 
varied peptide analogs. In biotechnology this approach corresponds to 
changing codon sequences to produce a set of designed peptide 
fragmènts.

Biological activity

The use of computers will probably make the computation of ED-50 
values and similar 'brutal" data reductions less needed. Instead more 
efficient approaches such as digitizing response curves i.e. using the 
measurement data directly, will probably evolve.

Modelling

The development of new mathematical techniques will in my view 
perhaps not be a major contributing factor to the advancement of QSAR 
research in the future. The data analysis is presently not the bottle 
neck in QSAR, but rather the design of test series, structure 
description and relevant biological measurements. However, new colour 
and "three-dimensional" displays will make the interpretation of the 
results easier and more efficient.

SUMMARY AND CONCLUSIONS

The multivariate analogy approach is a valuable tool in the search 
for quantitative relations between chemical structure and biological 
activity (QSAR). The QSARs do not only constitute a way to optimize 
activity, they can also be used to model the selectivity, duration of 
action and minimizing side effects. However, it is not the chemical 
structure as such that is used to model the biological activity, but 
rather the physico-chemical properties of the compounds.

45



The complexity of biological systems and the empirical character of 
the analogy approach implies that many descriptors of chemical 
structure may be needed together in order to capture information 
concerning biological activity. This necessitates the use of 
multivariate data analytical methods that can extract the important 
factors contained in the data. Projection methods such as PC and PLS 
have these properties even with many variables. This must be done so 
that the derived model has predictive relevance. Thus spurious 
correlations and over- and under fitting of the data must be avoided. 
It is of utmost importance that the test series is homogeneous and 
designed in an efficient way.

Not cxily series of small and semi-rigid œmpounds can be modelled 
by the multivariate analogy approach. The same approach can also be 
applied to such flexible compounds as peptides. Papers VII and VIII 
shows, as far as we know, the first peptide QSARs with successful 
quantitative predictions of biological activity. This is encouraging 
and we look forward to further investigate other peptide systems.
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