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Abstract 
New techniques and approaches for organic synthesis, purification and biological testing are 
enabling pharmaceutical industries to produce and test increasing numbers of compounds 
every year. Surprisingly, this has not led to more new drugs reaching the market, prompting 
two questions – why is there not a better correlation between their efforts and output, and can 
it be improved? One possible way to make the drug discovery process more efficient is to 
ensure, at an early stage, that the tested compounds are diverse, representative and of high 
quality. In addition the biological evaluation systems have to be relevant and reliable. The 
diversity of the tested compounds could be ensured and the reliability of the biological assays 
improved by using Design Of Experiments (DOE) more frequently and effectively. However, 
DOE currently offers insufficient options for these purposes, so there is a need for new, tailor-
made DOE strategies. The aim of the work underlying this thesis was to develop and evaluate 
DOE approaches for diverse compound selection and efficient assay optimisation. This 
resulted in the publication of two new DOE strategies; D-optimal Onion Design (DOOD) and 
Rectangular Experimental Designs for Multi-Unit Platforms (RED-MUP), both of which are 
extensions to established experimental designs. 
D-Optimal Onion Design (DOOD) is an extension to D-optimal design. The set of possible 
objects that could be selected is divided into layers and D-optimal selection is applied to each 
layer. DOOD enables model-based, but not model-dependent, selections in discrete spaces to 
be made, since the selections are not only based on the D-optimality criterion, but are also 
biased by the experimenter’s prior knowledge and specific needs. Hence, DOOD selections 
provide controlled diversity. 
Assay development and optimisation can be a major bottleneck restricting the progress of a 
project. Although DOE is a recognised tool for optimising experimental systems, there has 
been widespread unwillingness to use it for assay optimisation, mostly because of the 
difficulties involved in performing experiments according to designs in 96-, 384- and 1536- 
well formats. The RED-MUP framework combines classical experimental designs 
orthogonally onto rectangular experimental platforms, which facilitates the execution of DOE 
on these platforms and hence provides an efficient tool for assay optimisation. 
In combination, these two strategies can help uncovering the crossroads between biology and 
chemistry in drug discovery as well as lead to higher information content in the data received 
from biological evaluations, providing essential information for well-grounded decisions as to 
the future of the project. These two strategies can also help researchers identify the best routes 
to take at the crossroads linking biological and chemical elements of drug discovery programs. 
Keywords 
Chemometrics, Design of experiments, Experimental design, Multivariate data-analysis, D-
optimal design, 96-well technology, Drug discovery, Assay optimisation, QSAR 
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See first that the design is wise and just: 

That ascertained, pursue it resolutely; 
do not for one repulse forego the purpose 

that you resolved to effect. 
William Shakespeare 
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11..  LLiisstt  ooff  PPaappeerrss  
 
This thesis is based on the papers listed below, which will be referred to in the 
text by the corresponding Roman numerals (I-IV). 
 
I I-M. Olsson, J. Gottfries, S. Wold. D-Optimal Onion Designs in 

Statistical Molecular Design, Chemometrics and Intelligent Laboratory 
Systems 73, 37-46 (2004) 

 
II I-M. Olsson, J. Gottfries, S. Wold. Controlling Coverage of D-Optimal 

Onion Designs and Selections. Journal of Chemometrics 18, 548-557 
(2004) 

 
III I-M. Olsson, C. Sundin, A. M. Kauppi, H. Norberg, S. Spjut, E. 

Sundberg, J. Gottfries, M. Elofsson. Design, Synthesis and Biological 
Evaluation of a Set of Type III Secretion Inhibitors, In Manuscript 

 
IV I-M. Olsson, E. Johansson, M. Berntsson, L. Eriksson, J. Gottfries, S. 

Wold. Rational DOE-protocols for 96-well plates. Accepted for 
publication in Chemometrics and Intelligent Laboratory Systems Jan, 
2006 

 
 
 
 
 
 
 
Papers I and II are reprinted with permission from the publishers Elsevier and 
Wiley. 
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22..  AAbbbbrreevviiaattiioonnss  
 

Abbreviation Meaning 
ALB Adjacent Layer Bias 
ANOVA Analysis of Variance 
CCC Central Composite Circumscribed 
CCF Central Composite Face-centred 
CD Candidate Drug 
DOE Design Of Experiments 
DOOD D-Optimal Onion Design 
ED Euclidean Distance 
FDA Food and Drug Administration 
GC-MS Gas Chromatography-Mass Spectrometry 
HTS High Throughput Screening 
IR Infrared  
LC-MS Liquid Chromatography-Mass Spectrometry 
MLR Multiple Linear Regression 
NIPALS Nonlinear Iterative Partial Least Squares  
NIR Near Infrared 
NMR Nuclear Magnetic Resonance 
OLS Ordinary Least Squares 
PAT Process Analytical Technology 
PCA Principal Components Analysis 
PLS Partial Least Squares projection to latent structures 

RED-MUP 
Rectangular Experimental Design for Multi-Unit 
Platforms 

SAR Structure-Activity Relationships 
SF Space-Filling  
SMD Statistical Molecular Design 
SMILES Simplified Molecular Input Line Entry Specification 
Syc Specific Yop Chaperones 
T3S Type III Secretion System 
QSAR Quantitative Structure-Activity Relationship 
Yop Yersinia Outer Protein 
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33..  NNoottaattiioonnss  
  

  

X Matrix of predictor variables, [N×K] 
Y Matrix of response variables, [N×M] 
E Residual matrix of predictor variables, [N×K] 
F Residual matrix of response variables, [N×M] 
B Matrix of regression coefficients for X, [K×M] 
T Matrix of score vectors for X, [N×A] 
P Matrix of loading vectors for X, [K×A] 
U Matrix of score vectors for Y, [N×A] 
W Matrix of weight vectors for X, [K×A] 
C Matrix of weight vectors for Y, [M×A] 
t Score vector for X, [N×1] 
w Weight vector for X, [K×1] 
b Regression vector for X, [N×1] 
c Weight vector for Y, [M×1] 
u Score vector for Y, [N×1] 
Xc Candidate set 
Xcs Candidate matrix for layer S 
Xd Design matrix 
Xn Exchange matrix 
D Inclusions 
S Number of layers 
L Number of levels in factorial design 
A Number of components in the model 
N Number of objects in X and Y 
K Number of variables in X 
M Number of responses in Y 
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44..  TThhee  SScciieennttiiffiicc  CCrroossssrrooaaddss  ooff  DDrruugg  
DDiissccoovveerryy  

 
We are in a jungle and find our way by trial and error,  

building our road behind us as we proceed. 
We do not find signposts at crossroads, 

but our own scouts erect them, to help the rest. 
Max Born 
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Figure 4.1: The designs covered in this thesis can be applied in various steps of the drug 
discovery process. D-Optimal Onion Design (DOOD) is a method for selecting 
compounds with diverse properties from large compound databases. For instance, it can 
be used to select relatively small sets of diverse, lead-like compounds or larger sets of 
compounds for High Throughput Screening (HTS). Rectangular Experimental Designs 
for Multi Unit Platforms (RED-MUP) are efficient design protocols for optimising 
biological assays in 96- and 384-well microtiter plates. They can help to improve the 
quality of biological data emerging from HTS and other assays performed on microtiter 
plates up to the Candidate Drug (CD) point and beyond. 
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 THE GOAL OF ALL PHARMACEUTICAL companies is to find a new 
“Billion dollar drug”, a drug that will earn the company and its share-holders 
billions. To achieve this goal the drug has to have a unique combination of 
chemical properties that give it high biological activity with respect to an 
important therapeutical target and minimal adverse side effects. In the search for 
such drugs, new techniques for drug discovery are constantly evolving 1 and 
spending on pharmaceutical R&D is at an all-time high 2. In contrast, the US 
Food and Drug Administration (FDA) is receiving fewer new drug applications 
every year, and the prices of new drugs are rising. At the same time, the FDA is 
imposing ever-stricter demands on the industry, requiring increasingly thorough 
safety and toxicity testing of new drugs. The FDA has also issued guidelines to 
make pharmaceutical research and production more efficient, and the final 
products safe and worth the price that patients (or relevant authorities) must pay 
for it. Therefore, the pharmaceutical industry must make the early stages of drug 
development more efficient to keep costs down while working within the FDA-
guidelines. In these guidelines the importance of using multivariate data 
acquisition and analytical tools to generate safe drugs more quickly and cheaply 
is emphasised. For example, the stated goal of the Process Analytical 
Technology (PAT) initiative 3, 4 , is “to understand and control the manufacturing 
process, which is consistent with our current drug quality system: quality cannot 
be tested into products; it should be built-in or should be by design.” 4 The 
recommendations in this initiative are being rapidly implemented (with success) 
in the pharmaceutical manufacturing industry 5.  
 

Sets of hundreds of thousands of compounds are screened in High 
Throughput Screening 6 (HTS) and thousands of compounds are synthesised and 
tested in projects before each candidate drug (CD) is produced. This process is 
costly, and generates large amounts of data, which are not necessarily matched 
by the amounts of information. Using better selections of screened compounds 
and well optimised assays, generating less data with higher information content 
would reduce the associated time and costs. Effective tools for compound 
selection can be constructed by combining design of experiments with 
multivariate data analysis. Such tools can help guide projects in desirable, cost-
efficient directions by identifying relatively small sets of representative 
compounds to synthesise around interesting HTS hits, and ways to optimise the 
power and reliability of biological assays. Thus, higher quality data from each 
compound can be acquired, greatly reducing the numbers of compounds that 
need to be tested, and the associated time and cost commitments. 



Experimental Designs at the Crossroads of Drug Discovery 
 

⎯  7  ⎯ 

 
The focus of this thesis is the potential use of experimental design to 

gain a deeper understanding of the relationships between the biological and 
chemical elements of drug discovery programs, figure 4.1. Increasing the quality 
of the data acquired from the HTS-phase of such programs onwards will 
enhance the understanding gained at every step regarding the biological target 
and the response-relationships of the chemical domain being explored. Deep 
knowledge about the functionality of identified compounds and their interactions 
with the biological target is crucial for making sound drug discovery decisions. 
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55..  BBaacckkggrroouunndd  
 

 “Chemometrics is what chemometricians do” 
Unknown 

 

 GAINING EMPIRICAL EVIDENCE FROM EXPERIMENTS is essential for 
acquiring knowledge. The experiments performed should have diverse outcomes 
to establish the ramifications of changes in variables, and the limitations of 
potential results. To attain these goals it is important to consider rationally which 
experiments should be undertaken and how they should be performed and 
analysed. By planning the experiments according to Design of Experiments 
(DOE) 7-9 the information gained from each experiment can be maximized, thus 
increasing the prospects for solving the problems addressed. Using DOE as a 
basis for collecting information will also enable calculation of predictive 
mathematical models describing the relations between changes in experimental 
conditions and the outcome of the experiments. This chapter contains an 
introduction to chemometrics, and the role of DOE in this discipline, along with 
introductions to DOE, High Throughput Screening and Quantitative Structure-
Activity Relationships.   

55..11..  AAnn  iinnttrroodduuccttiioonn  ttoo  CChheemmoommeettrriiccss  
 CHEMOMETRICS IS OFTEN CALLED the information aspects of chemistry 
and refers to the use of experimental design, data exploration and multivariate 
modelling in chemistry and related fields 10, 11. More generally, chemometrics is 
the application of mathematical and statistical methods to chemical data sets, 
where the main aim is to elucidate underlying trends related to chemical 
functions, processes or interactions. Chemometric tools are applied in various 
biological fields (e.g the “omics-sciences” 12-14), the food industry 15, 16 and other 
sciences 17 as well as in pharmaceutical and more narrowly chemical 
investigations 18, 19. 
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While most of the mathematical and statistical basis of chemometrics 
was developed long ago, the research area itself is about 40 years old. Bruce 
Kowalski and Svante Wold started the Chemometrics Society in 1974 and are 
together with D. L. Massart recognised as the originators of modern 
chemometrics. More on the history of chemometrics has been published by 
Geladi and Esbensen 20, Vandeginste 21  and Wold et al. 11. 
 

The three main areas of chemometrics (i.e. experimental design, data 
exploration and multivariate modelling) together provide diverse tools to 
generate and gain value from data. With a suitable experimental design as a 
basis for experimentation, optimal information about an investigated system can 
be gained and the cost of gaining that information can be minimised. Regression 
methods such as Multiple Linear Regression (MLR) 7, 22 and Partial Least 
Squares projection to latent structures (PLS) 23-26, discussed in section 6.2, are 
then used to calculate empirical models that describe the underlying relations 
between experimental factors and the outcome of the experiments. Projection 
methods such as PLS and Principal Components Analysis (PCA) 27 are valuable 
tools for identifying trends, groupings, clusters and deviating objects in datasets. 
PCA captures the main variation in large datasets with correlated information 
and gives a transparent overview of the relationships between objects in the 
dataset. These techniques also enable practitioners to produce visual, easily 
grasped presentations of the data. 

 
When working with models it is important to remember that they are 

approximations of reality, based on a number of observed experiments. Hence 
all models contain errors, but they can still be highly useful. It is important to 
apply sound judgement regarding the reliability of the models and to use them 
properly. 

55..22..  IInnttrroodduuccttiioonn  ttoo  SSttaattiissttiiccaall  EExxppeerriimmeennttaall  DDeessiiggnn    
 STATISTICAL EXPERIMENTAL DESIGN, I.E. Design Of Experiments 
(DOE) originated in agricultural science, with publications dating back to the 
18th century. In a study by M. Cretté de Palluel published in 1790 28 a systematic 
experimental design was used to investigate the viability of feeding four breeds 
of sheep with various roots instead of corn, since it would be more cost-
effective. At this time the experimenters drew conclusions directly from the data. 
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If sheep fed with roots gained as much or more weight than on a diet of corn, 
then roots were preferred due to the cost benefits. Later, mathematical and 
statistical methods for evaluating information from designed experiments were 
developed, providing scope to investigate more experimental factors and more 
complex relationships between the factors and the outcome of the experiments. 
In statistical modelling it is important for the data used to be informative and 
relevant to the question addressed. In the 1920’s Fischer stated that, in his 
opinion, Statistical Experimental Design was the only way to achieve 
informative data, tightly linking the two disciplines of DOE and statistical 
modelling 29. During the 20th century the DOE toolbox has gradually expanded 
to include more, and increasingly complex, designs such as designs for mixtures 
30, 31 and algorithms for selection in discontinuous spaces 32, 33 as further 
discussed in section 6.1. Extensive reviews of the progress of DOE during the 
20th century are given by Atkinson 9 as well as Steinberg and Hunter 29. 
 
a) 

 

b) 

 
Figure 5.1: Experiments performed according to (a) the COST approach and (b) DOE. 
Using the COST approach it is not possible to detect interactions between factors, so 
there is a risk that the true optimum of the investigated system will be missed. DOE 
makes allowances for different dependencies and the mathematical model will show the 
direction in which to proceed in order to identify the optimal settings of the process. 
  
 DOE is an organised method for planning experiments in order to 
determine the influence of changes in experimental factor settings (X) in a 
process on the outcome of the process (y). DOE hence provides clear advantages 
over the “Change One Separate thing at a Time” (COST) approach 34, figure 
5.1a. In COST the variables are investigated separately, consequently there is no 
scope to investigate possible interactions between factors, i.e. “interaction 
effects” – the dependence of one factor on the level of one or more other 
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factor(s). The curved appearance of the contour lines in the right-hand part of 
figure 5.2 is indicative of an important interaction effect. If there had been no 
interaction effects the contour levels would have been straight lines. The COST 
approach only enables estimation of additive models and the actual optimum of 
the process may escape detection. By using DOE, a set of experiments is 
identified from which real effects, i.e. factor-induced changes in y, are resolved 
from the noise or factor-unrelated changes and the joint effects of all factors are 
studied, including interactions and quadratic effects if the design supports such a 
model. The design region for continuous factors can be visualised as a square, as 
in figure 5.2, cube or hypercube depending on the number of investigated 
factors. For each experiment the outcome y is measured and Ordinary Least 
Squares (OLS) regression, also known as Multiple Linear Regression (MLR) 7, 

22, is generally used to identify relations between X and y, as further discussed in 
section 6.2.2.1. The resulting model can be used to draw a contour plot of the 
way the response behaves in different parts of the design region, as shown in 
figure 5.2. The model then predicts the outcome of possible future experiments 
within the investigated region. 
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Figure 5.2: A design can be visualised as a plot, here a factorial design for two factors, 
or presented as a table of factor settings. When the experiments have been performed a 
mathematical model is calculated that reveals which factors affect the outcome of the 
experiment. A readily grasped illustration of the relationships between X and y can then 
be drawn. 
 
 Despite the many advantages of DOE many experimentalists still do not 
apply it, and many theories have been proposed to explain their reluctance 35. A 
common excuse not to use DOE is that it requires too many experiments. This is 
at best misguided, since no one knows in advance how many experiments will 
be needed using the COST approach in order to find acceptable experimental 
settings, but it may well be much higher than the number specified by an 
appropriate DOE. In addition, experimental designs generally give a manageable 
number of experiments based on considerations of the low probability of the 
presence of significant higher order interactions. When planning an experimental 
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design it is important to have a clear goal of the investigation, and to ensure that 
there are relevant and measurable responses 7-9, 29, 36. Generally DOE is a 
sequential process, as depicted in figure 5.1b and further discussed in section 
6.1. DOE can be applied whenever planned experiments involve variations in 
more than one factor. In chemistry and related fields, DOE has been used in the 
optimisation of organic synthesis 37, peptide design 38, cheese-manufacture 16, 
bread-making 15, investigation of calibration process parameters 39 and various 
other applications 40-42.  
 
 Traditionally, the aim of DOE has been to maximize the knowledge 
gained from a minimum number of experiments 7. A few decades ago 
performing large numbers of experiments was unfeasible, since high-throughput 
technologies were not available, so DOE was an excellent tool for limiting the 
number of experiments while ensuring that informative data would be generated. 
Today the number of experiments that can be performed is still sometimes 
limited, but in other areas new technology allows very large numbers of 
experiments to be performed in short periods of time. In such cases other 
concerns, such as work-loads, logistics, and efficiency, are more important. The 
key aspect in DOE should always be to perform the right experiments, as 
efficiently as possible, with respect to scientific relevance, time and cost. Faster 
analytical techniques in combination with robotic equipment also enable 
scientists to collect increasing amounts of data in relatively short timeframes, 
thus apparently reducing the need of DOE to limit the number of experiments. 
However, there is also a strong tendency to investigate increasingly diverse and 
complex experimental systems, making the use of DOE even more critical for 
selecting experiments that can efficiently identify the true effects in the systems 
43. An example from the pharmaceutical industry is the wish to create global 
models for predicting the solubility 44 or acute toxicity 45 of compounds. Both 
chemical spaces and biological systems are discontinuous, complex and thus 
difficult to model and describe. When investigating these systems it is important 
to base models on a well-balanced set of compounds, otherwise the models may 
be misleading and the conclusions incorrect. For such purposes the classical 
DOE approaches do not suffice, hence there is a need for new DOE approaches 
adapted to current requirements.  
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55..33..  MMuullttii--wweellll  tteecchhnnoollooggyy  aanndd  HHiigghh  TThhrroouugghhppuutt  
SSccrreeeenniinngg    

 THE FIRST MULTI-WELL PLATE WAS PRODUCED in the early 1950’s in 
Hungary, by Gyola Takatsy, during a severe outbreak of influenza to speed up 
and facilitate diagnostic tests of patients 46. These plates had 72 (8×9) wells and 
were cast one at a time. A few years later the first 96-well plate (8×12) was 
designed by Dr John Sever. Since then multi-well technology has gradually 
expanded, both in areas of usage and the number of wells in each plate. The 
break-through occurred in the late 1980’s when pharmaceutical companies 
started to combine multi-well plates with robotised systems to generate High 
Throughput Screening6 (HTS) facilities. Manufacturing companies then began to 
produce instruments specifically designed to handle the multi-well plates, 
including robots to handle liquids automatically and plate readers for measuring 
biological signals. During the 1990’s more and more plates for specific 
applications were developed, for instance plates adapted for various biological 
assays, solid-phase extraction 47, 48, crystallisation 49 and organic synthesis 50, 51. 
During the same period, plates with 384, 864, 1536 and 6144 wells were made 
46. Today, 384- and 1536-well plates are standard formats in industrial HTS-
facilities, while the 96-well format is still commonly used in academic HTS 52.  
 
 HTS has been described as speed-dating for medicines, since it enables 
large sets of substances to be screened for compounds with desired biological 
activities, “hits”, in a short period of time. On the other hand decisions are based 
solely on the first impressions, which may not always be correct. The assays 
used must be quick, simple, stable and, of course, reliable 53, 54. The goal of the 
screen should be specified and the target biologically relevant for the goal. 
Quick and simple receptor-based assays are often used in HTS, but there is a 
trend to use more complex cell-based assays 55-57.  
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Figure 5.3: A useful HTS hit is a compound that (inter alia), is easy to modify and 
amenable to parallel synthesis. 
 
 At present HTS is the most widely used approach for finding chemical 
starting points for further modification of chemical structures in drug 
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development programs 56, and most “Big-Pharma” companies have facilities that 
can screen their entire HTS library in a matter of weeks. A typical HTS-library 
consists of several hundred thousand to a million diverse compounds. The 
screening could either be for hits targeting new biological targets or for new 
chemical entities with better properties than existing drugs or drug candidates. A 
useful HTS hit, from a chemical perspective, is a compound that is amenable to 
parallel synthesis, relatively easy to synthesise and modify structurally. An 
optimal hit is based on a scaffold connected to a number of side-chains that can 
be easily altered, fig. 5.3. From a biological perspective, solubility, absorption, 
metabolism and toxicity, amongst other properties, are important.  
 
 HTS is advancing in several different ways, one being the development 
of ever-faster screening techniques, such as ultra-high throughput screening 
(uHTS) 58-60. With uHTS it should be possible to screen more than 100,000 
compounds per day. At the same time many scientists agree that it is time to take 
a step back regarding throughput and start to develop assays that are more 
informative when used in conjunction with HTS 6, 55, 61. Currently, the bulk of the 
real data collected in HTS is never used since signals from inactive or weakly 
active compounds do not exceed the noise-level and hence are discarded. 
Improving the signal-to-noise ratio of the data would increase the precision for 
all compounds and reduce the probability of incorrectly classifying weakly 
active compounds as inactive. More information would then be gained since 
more compounds would give quantitative values and the data would be more 
reliable, i.e. contain less noise. Even after the first HTS campaign it would be 
possible to draw conclusions about Structure-Activity Relationships (SARs). 
Receptor-based assays cannot generally differentiate between agonists and 
antagonists 61 while cell-based systems could give more informative data. There 
has been disappointment in some research constellations that very few actual 
leads have been discovered with HTS 62. By introducing more information-rich 
assays early in the drug development process, more reliable hits could be found 
and SAR and QSAR models obtained at an earlier stage 53. There would then be 
less focus on the number of data points and more on the quality of the screened 
compounds and the data obtained 57. 
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55..55..    QQuuaannttiittaattiivvee  SSttrruuccttuurree--AAccttiivviittyy//PPrrooppeerrttyy      

  RReellaattiioonnsshhiippss  

 QUANTITATIVE STRUCTURE-ACTIVITY/PROPERTY Relationships 
(QSARs and QSPRs, respectively) 63-65 are mathematical models that describe 
the relationships between chemical structure and one or several properties of the 
compounds. With such understanding it may be possible to design compounds 
with better properties for a specific purpose, e.g. as binders in pills, ingredients 
in a glue or, of course, drugs. The first Structure-Activity Relationships (SAR) 
studies were published in the late 19th century 66. Since then a wide range of 
regression methods and huge numbers of ways to quantitatively describe 
molecular properties have been developed, making it possible to generate 
quantitative models, i.e QSARs. Corwin Hansch and co-workers were the 
pioneers of modern QSAR, publishing numerous papers and books on the 
subject 63, 65. Together with his co-workers Hansch analysed structurally similar 
compound sets to relate their activity to simple model systems for lipophilicity 
and electronic properties using octanol-water partition coefficients and Hammett 
parameters.  
 
 One of the major “crossroads” in medicinal chemistry is to understand 
the relationship between a compound’s structure and its biological activity. 
During the quest to make this connection, large numbers of compounds are 
usually tested, resulting in large amounts of data that can be used to calculate 
QSAR models. The resulting models can predict the response values of 
compounds that were not tested, minimizing the time, and money, spent on 
synthesising and testing compounds that are unlikely to have the desired activity 
or that might not be soluble etc. QSAR-models can also identify properties of a 
compound that are vital for its function and those that can be relatively freely 
modified in order to modify the compound without affecting its function. Such 
information is highly useful in attempts in drug design programs to make 
compounds more soluble, rigid or more suitable in some other respect as drugs. 
QSAR models are extensively used today in drug development 67, environmental 
chemistry 68, 69 and numerous other fields. 
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55..55..11..  PPrriinncciippaall  pprrooppeerrttiieess  

A KEY ELEMENT OF QSAR IS THE TRANSLATION of chemical structure 
into numbers. Today there are numerous possibilities for describing molecules 
numerically with molecular descriptors 70. A molecular descriptor is the final 
result of a logical, mathematical procedure that transforms chemical information 
encoded within a symbolic representation of a molecule into a useful number or 
the result of some standardized experiment. Numerous computer programs are 
commercially available for calculating molecular descriptors of varying 
complexity. Typically, such software can calculate hundreds of theoretical 
descriptors and it is a great challenge to select descriptors that are likely to 
describe features of the molecules that are related to the response 71. Even 
though some selection of descriptors is made, the final matrices often consist of 
a large number of descriptors, many of which are correlated and/or non-
interpretable. To create a more easy-to-grasp overview, PCA (see chapter 6.2.1) 
can be used to identify the dimensionality of the chemical space 72, figure 5.4. 
The score-values resulting from the PCA are generally referred to as the 
principal properties 73 of the compounds and can be used for diversity-based 
compound selection, i.e. Statistical Molecular Design (SMD) 38, 74, 75, followed 
by QSAR modelling.  
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Figure 5.4: Chemical compounds are translated into numbers by chemical descriptors 
that describe some property of the compound. PCA can then be used to identify the 
dimensionality of the chemical space. Each compound receives a new set of values, 
scores, describing its relations to the other compounds in the data set. By plotting the 
score-values the position of each compound in the so-called principal property space 
and its relation to other compounds can be easily overviewed. 
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55..66..    SSccooppee  ooff  tthhee  TThheessiiss  

 THE PRINCIPAL AIMS OF THE WORK UNDERLYING this thesis were to 
develop and evaluate improved DOE strategies to help uncover the “crossroads” 
linking biological and chemical elements of drug discovery programs. Designs 
for selecting diverse compounds and rational protocols for optimising assays are 
useful for acquiring deeper understanding of these processes. To acquire such 
knowledge it is essential to fuse information from synthetic chemistry and bio-
assessment in the drug discovery and design processes, and clearly elucidate 
their specific experimental design requirements.  
 

In the studies reported in Paper I the aims were to investigate 
appropriate designs for Statistical Molecular Design (SMD) and to develop an 
alternative method for selecting compounds in diverse and complex principal 
property spaces. The new approach was built on D-optimal selection in layers 
and consequently called D-Optimal Onion Design (DOOD). The investigated 
chemical space was divided into layers according to each object’s distance to the 
centre point then D-optimal selection was applied to each layer. The 
performance of DOOD selections were compared to D-optimal and space-filling 
selections. Further development of the DOOD approach was published in Paper 
II, where different possibilities to control the DOOD selections were introduced. 
These studies resulted in an algorithm that was subsequently used to select a lead 
series of compounds, based on an HTS-hit, to investigate a new class of possible 
Type-Three Secretion (T3S) inhibitor compounds (Paper III).  

 
 The work described in Paper IV was aimed at another part of the drug 
discovery process, namely assay development and optimisation. Powerful 
biological assays that give reliable information are vital for drug discovery, but 
the assay optimisation process is time consuming so methods for speeding up the 
process and ensuring that the data are of high quality are highly valuable. A new 
approach for effective experimental designs in rectangular formats, such as 
multi-well plates, was presented and evaluated. The designs are called RED-
MUPs, short for Rectangular Experimental Designs for Multi-Unit Platforms, 
and are based on orthogonal combination of two precursor designs on the 
platform. In Paper IV the concept of RED-MUPs was introduced and precursor 
designs and RED-MUP protocols for 96-well plates, i.e. 8x12 platforms, were 
investigated. 
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66..  MMeetthhooddss  
 

A common mistake that people make when trying to 
design something completely foolproof is to 

underestimate the ingenuity of complete fools. 
Douglas Adams  

66..11..  SSttaattiissttiiccaall  EExxppeerriimmeennttaall  DDeessiiggnn    

 THE IDEAL DESIGN FOR ANY PLANNED investigation depends on the 
purposes of the study. The first steps in investigating an experimental system 
should always be to specify the objectives of the investigation as clearly as 
possible, and translate them to one or more measurable responses. Following 
this, the experimental factors that may influence the responses should be 
identified and suitable investigation ranges selected. A suitable experimental 
design is then chosen, depending on the number of experiments that can be 
performed, and the experiments are executed. 
 
 The number of experiments that can be performed limits the number of 
parameters that can be investigated. In an experimental design, experiments are 
planned so that they support the assumed model and the experiments are 
constructed to maximize the information content with respect to that model. 
Experimental designs are divided into two major classes: screening designs and 
Response Surface Modelling (RSM) designs. These designs are further 
discussed below, along with mixture designs and selection algorithms – two 
special cases of designs. 

66..11..11..  SSccrreeeenniinngg  ddeessiiggnnss  

 SCREENING DESIGNS ALLOW A LARGE number of factors to be 
investigated in a relatively small number of experiments 7, 8, 36. Their objectives 
are to give an initial overview of the investigated system, to identify the factors 
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that have the strongest influence on the response and to find suitable levels for 
further exploration of these factors. 
 

a)  b)  
Figure 6.1: (a) Two-level full factorial design for three factors (23), (b) two-level 
fractional factorial design for three factors (23-1). 
 
 The most widely used screening designs are the two-level factorial and 
fractional factorial designs, figure 6.1. These designs are visualised as k-
dimensional cubes with experiments positioned in the corners. The number of 
experiments in a two-level factorial design will be 2k, k being the number of 
factors to be investigated. As a rule, centre points and replicates are added to the 
design. These experiments, generally three, will give the model additional 
degrees of freedom. Furthermore, the centre points will reveal possible non-
linearities in the experimental domain and the experimental error can be 
calculated from the replicates. Data gained from experiments based on an 
appropriate factorial design should allow the effects of individual factors on the 
response, and interaction effects between factors, to be estimated. The number of  
 
terms in a two-factor interaction model is: 
 
The most extensive model for a three-factor factorial design is written as: 
 

y=[1X]b+f= 1bo+b1x1+b2x2+b3x3+b12x1x2+b13x1x3+b23x2x3+b123x1x2x3+f 
 
 Each term in this model consumes one experiment. The above model 
consists of one constant term, three linear terms, three two-factor interaction 
terms and one three-factor interaction term; eight experiments in total. In order 
to maximize the information that can be gained a full matrix of experiments is 
required. However, when the number of factors rises above five, the number of 
experiments in a complete two-level factorial design greatly exceeds the number 
of experiments required to estimate linear and interaction terms. In such cases 
reduced variants of the factorial design are often used; so-called fractional 
factorial designs, figure 6.1b. 
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 The number of experiments in two-level fractional factorial designs is 2k-

p where p could be 1, 2, …, k-2. If the design is reduced less detailed information 
will be gained. Factorial designs are said to have resolution that depends on the 
degree of fractionation. Designs with resolution V or higher have no 
confounding between any of the investigated factors and the corresponding two- 
or three-factor interactions. The design in figure 6.1b is of resolution III since it 
is fractionated, so only the half-fraction consisting of experiments with 
x1*x2*x3=-1 belongs to the design, table 6.2.  
 
Table 6.2: Design matrix for a two-level full factorial design with three factors. The 
experiments shown in italics form a fractional factorial 23-1 design with three centre 
points. In this design the defining relation for the experiments is I= x1x2x3 and the 
design is said to have resolution III since the length of the shortest word in the 
defining relation is three. From this relation the following confounding arises: x1= 
x2x3, x2= x1x3, x3= x1x2 

Exp x1 x2 x3 x1x2x3 
1 -1 -1 -1 -1 
2 1 -1 -1 1 
3 -1 1 -1 1 
4 1 1 -1 -1 
5 -1 -1 1 1 
6 1 -1 1 -1 
7 -1 1 1 -1 
8 1 1 1 1 
9 0 0 0 0 
10 0 0 0 0 
11 0 0 0 0  

  
 This confounding-pattern indicates that if there are any significant 
interaction-effects, information in them will be confounded with information 
from the linear terms. Since the design consists of only four experiments, plus 
some centre points, no more than four terms can be assessed, in this case one 
constant (b0) and the three linear terms. Fractional factorial designs can be 
complemented with additional experiments including foldovers 7 and D-optimal 
additions. 
 

A limitation of factorial designs is that their sample sizes are fixed to 
powers of two. Sometimes a decrease, e.g. from 32 to 16 experiments, is 
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unacceptable. Alternative approaches have been proposed for such cases, e.g. 
Rechtschaffner 76 and Plackett-Burman designs 77.  
 
Table 6.3: Design generators for 2k and 3k Rechtschaffner designs.  
Model terms estimated Design Generators 
Constant (-1, … , -1)  for all k 
Linear (-1, 1, … ,1) for all k 

Interaction 
(-1, -1, 1) for k=3 
(1, 1, -1, … , -1) for k>3 

Quadratic (1, 0, … , 0) for all k 
 
 Rechtschaffner designs are saturated fractions of factorial designs, 
generated from specific generators, table 6.3. Depending on the generators used, 
they can estimate both linear and interaction effects with a minimum of 
experiments. Plackett-Burman designs 77 are similar designs generated from 
Hadamard matrices. Plackett-Burman designs only allow linear effects to be 
estimated, but (like fractional factorial designs) they can be complemented with 
foldovers 78, 79 and D-optimal designs. 

66..11..22..  RReessppoonnssee  SSuurrffaaccee  MMooddeelllliinngg  ddeessiiggnnss  

 WHEN THE IMPORTANT FACTORS have been identified and their 
intervals adjusted, a second design is often generated. Depending on the 
information gained from the first design this could be another screening design, 
a complementing design or an RSM design 8, 36, 80. In an RSM design the factors 
are investigated more thoroughly, meaning that it has more experiments than a 
screening design. Typically, RSM designs investigate each factor at three levels 
or more, providing the possibility to calculate more complex mathematical 
models, including quadratic terms, from the data and avoiding confounding 
effects: 
 
y=[1X]b+f=1bo+b1x1+b2x2+b3x3+b11x1

2+b22x2
2+b33x3

2+b12x1x2+b13x1x3+b23x2x3

+f  
 
 This model can then be used to give detailed visual overviews of the 
investigated system, e.g. in the form of response surfaces, hence the name of this 
DOE approach. The most commonly used RSM’s are the composite designs, 
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Central Composite Face-centred (CCF) and Central Composite Circumscribed 
(CCC) designs, figure 6.2a and b, both of which are built from a two-level 
factorial design with additional axial points either on the surfaces of the k-
dimensional cube (CCF) or outside the cube (CCC). 
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Figure 6.2: Visual representations of two-factor (a) CCC, (b) CCF and (c) Doehlert 
designs. 
 
 Other RSM designs are the Box-Behnken, Doehlert and multi-level 
factorial designs. Box-Behnken designs are three-level designs in which all of 
the experiments are located at the mid-point of the edges of the k-dimensional 
cube. The Doehlert designs differ in geometry from the other designs, being 
composed of equally spaced points on spherical shells. With two factors this is 
equivalent to a hexagon, figure 6.2c, and an additional centre point. The two 
factors are investigated at three and five levels, respectively. The outline of 
Doehlert designs allows for RSM in a minimum number of experiments. An 
attractive feature of this design is that the experimental domain is easily 
broadened or shifted by adding three experiments.  
 
 Multi-level factorial designs consist of Lk experiments, L being the 
number of factor levels and k the number of factors. Hence, the number of 
experiments rapidly increases as the number of either factors or levels rises. An 
alternative is to reduce these designs. They can often be reduced to reasonable 
sample sizes without losing their ability to estimate complex effects in the 
system. As described in section 6.1.1, a classical design has to have a larger 
number of experiments than the number of terms to be estimated.  
 
In a quadratic model the number of terms is: 
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66..11..33..  MMiixxttuurree  ddeessiiggnnss  

 MIXTURE DESIGNS 31, 81 FORM A SPECIAL group of designs used for 
investigating formulations, i.e. mixtures in which all of the ingredients add up to 
100%. This means that the investigated factors, or ingredients, cannot be 
manipulated independently of each other. Instead of factor levels of -1 and 1 the 
factors are changed between 0 and 1. For three factors a mixture design is 
visualised as a triangle. Experiments can be made at any given point inside the 
triangle since the sum of all three ingredients must be one. Figure 6.3 depicts a 
response surface arising from a mixture design.  
 

 
Figure 6.3: A response surface resulting from a three-factor mixture design. In this 
design experiments were performed at each corner, i.e. extreme vertices, the middle of 
each edge and three centre points. 
 
 Mixture designs are used in various settings, for instance for  
formulating emulsions 82, fuel 83 and  various foodstuffs 30. 

66..11..44..  AAllggoorriitthhmmiicc  ddeessiiggnnss  

 THERE ARE SEVERAL SITUATIONS WHERE classical DOE works 
poorly or not at all. One such is given by constrained design domains where 
mixture designs (above) provide an example. A second is discrete experimental 
spaces or qualitative variables 36. One example of a discrete experimental space 
in which selections are often made is chemical space. Suppose, for instance, 
studies have shown that a molecule with certain lipophilicity, a specific 
molecular weight and a fixed number of hydrogen bond donors, combined with a 
number of other properties, is likely to be active. Some of these properties will 
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almost certainly be incompatible with others, so it will be impossible to make a 
molecule with all of the desired characteristics. Instead, virtual libraries of 
compounds are created and characterised with molecular descriptors or other 
properties. The different characteristics are often highly correlated, so PCA is 
applied to establish the relevant latent dimensionality of the data and to create an 
orthogonal set of summary variables (scores), see section 6.2.1. Classical design 
approaches are impractical for application to the resulting discrete spaces, so 
selection algorithms are often used. These algorithms generate selections from 
the discrete spaces based on some statistical criteria. Here various D-optimal and 
Space-filling algorithms will be discussed.  
 
 

6.1.4.1. D-Optimal design 
 THE D-OPTIMAL CRITERION IS BASED ON the theory that a subset of 
samples Xd from the candidate set Xc spans a maximum space of Xc when the 
determinant of the matrix (Xd’Xd) is maximised 33, 84. The determinant of a 
square matrix X is defined as the sum of all signed products from X, figure 6.4. 
Entries along each arrow are multiplied and products from right-pointing arrows 
are summed while the products from left-pointing arrows are subtracted.  
 

Figure 6.4: The determinant of a matrix is the sum of all right-hand diagonal products 
minus the sum of all left-hand diagonal products. 
 

Since D-optimal designs select runs from a given candidate set they are 
well suited for selection in discrete spaces or where there are constraints in the 
investigated domain, e.g. if there are certain combinations of variables that are 
impossible to include in an experiment. For relatively continuous experimental 
spaces where straightforward linear and interaction models can explain the 
relationships D-optimal design is recommended. Selections are made in the 
periphery of the experimental space to investigate linear terms, with the addition 
of a centre point to investigate curvature. To investigate interactions and 
quadratic effects the candidate matrix is extended with columns for these effects 
and additional experiments are selected to span the extended space optimally. A 
strict D-optimal design rarely returns more runs than absolutely necessary to 
statistically assess the investigated factors. Hence, the sub-set selection will not 
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provide scope to check for inadequacies in the assumed model. When enough 
runs to support the model have been selected the algorithm starts to replicate 
runs or to select near-replicates which limit the possible sample size for a two-
dimensional domain based on a strictly linear model to four runs plus a centre 
point, figure 6.5a, while a full quadratic model allows nine runs, fig. 6.5b. As 
can be seen in the figure, all selected runs, except the centre point and one 
replicate near the centre point, are positioned in the periphery of the 
experimental space.  
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Figure 6.5: Selections made by D-optimal design based on (a) a linear model and (b) a 
quadratic model. One centre point has been added in both designs. 
 
 The use of D-optimal designs has often been limited due to their strict 
dependence on an assumed model 85. One possibility to circumvent this property 
of D-optimal designs is to add a Bayesian modification to the algorithm 85. The 
Bayesian modification adds so-called potential terms to the extended model 
matrix prior to selections. The potential terms are higher order terms than those 
in the assumed model. For instance, if the aim is to obtain a selection that can 
estimate linear effects, interaction terms may be used as potential terms resulting 
in an altered selection for the linear model according to figure 6.6. The 
additional runs provide “checkpoints”, i.e. the possibility to check for 
inadequacies in the model and, to some extent, estimate effects of the potential 
terms. For discontinuous spaces and spaces with sudden changes larger sample 
sizes are required, as further discussed in chapter 7.1. 
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Figure 6.6: D-optimal selection based on a linear model with potential terms plus one 
centre point. 
 
 There are several classes of D-optimal selection algorithms, most of 
which can be classified as exchange algorithms, and diverse algorithms have 
been presented 33, 84, 86-89. The most commonly used algorithm, written by 
Federov 33, is a single-point exchange algorithm while others, like the Mitchell 
algorithm 87, 90, exchange multiple points. Depending on the number of runs in 
Xc and the size of the selection set, calculating an exact D-optimal selection can 
be a time-consuming task, so most algorithms are near D-optimal. The D-
Optimal Onion Design algorithm described  and applied in Papers I-III was 
based on the algorithm presented by Federov 33, in which the exchange process 
is based on the relation: 
 
 
Where Xdnew equals Xdold after exchange of the points xi and xj. 
In terms of determinants this relationship can be rewritten as 
 
 
 
Where 
( ) ( ) ( ) ( ) ( )[ ] ( )iijjijij xdxxdxdxdxdxx −−−=Δ ,, 2 , 

 
( ) ( ) ioldoldii xxxd XdXd ''=  
( ) ( ) joldoldjj xxxd XdXd ''=

( ) ( ) ( ) ioldoldjjoldoldijj xxxxxxd XdXdXdXd '''', ==  
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 The Bayes D-optimal design is based on maximising the determinant of 
|Xd’Xd +Q/τ 2| instead of |Xd’Xd|. Q is a matrix whose first p diagonal 
elements of Q [(p+q), (p+q)] equal zero and the next q columns equals 1. The 
value of τ can be changed but 1 is a suitable default value, implying that no 
potential term has an effect that exceeds the effects of the primary terms. 
Fortunately, most D-optimal algorithms need very little modification to solve 
this problem. The value |Xd’Xd| for the start design is simply replaced with 
|Xd’Xd +Q/τ 2|. 
  
 The potential terms are introduced as follows. Assuming that the 
candidate set Xc=(Xcpri|Xcpot) and there is a total of p+q columns, the potential 
terms are generated and down-weighted according to: 
       
         ; 
meaning that α is the least squares regression coefficient of Xcpri on Xcpot, or the 
alias matrix measuring the level of confounding between Xcpri and Xcpot. 
Consequently, R is the residual from the regression and by replacing Xcpot with 
R the confounding between Xcpri and Xcpot is eliminated. 
 
R is scaled according to: 
 
 
 
 
The definition of Xc then becomes Xc=(Xcpri|Z).  
   

6.1.4.2. Space-filling design 
 ALL DESIGNS INTENDED TO MAXIMISE the coverage of the investigated 
design space are collectively called space-filling designs. These include the 
maximum-dissimilarity 32, 91-93, sphere exclusion 94 and uniform coverage 95 
algorithms (inter alia) all of which are based on different criteria. Most of these 
algorithms have some measure of distance or similarity/dissimilarity as a 
criterion. In contrast to D-optimal designs, space-filling designs are not 
generally based on an explicit model. Hence, the selection is not made to support 
a specific complexity of a statistical model. The lack of model-dependency 
means that the algorithm will return a set with any selected number of runs I (I 
<N) that best fulfil the specified criterion. However the selection will not 
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necessarily be optimal for modelling the various relationships in the investigated 
system.  
 
 In Papers I and II the Space-filling algorithm presented by Marengo et 
al was used 32. This algorithm has a criterion based on Euclidean distances 
calculated according to:   

 
    
 
In an initial step a distance matrix is calculated with distances between all 
experiments in Xc. This makes the algorithm rather time-consuming for large 
sizes of Xc. 
 
 Xc [N,K] is divided into an initial design Xd [I,K] and a set of 
candidates Xn [J,K] then the iterative exchange process begins. The minimum 
distance between each experiment in Xd and the other experiments in Xd is 
calculated and the ith experiment xi with the minimum distance is substituted by 
the remaining candidates xj in Xn. For each xi/ xj exchange the minimum 
distances in Xdi/j are calculated and if there is a possible substitution that will 
lead to a larger minimum distance in Xd the point xi will be replaced by xj. This 
procedure yields a selection with maximised Euclidean distances between 
nearest neighbours in the investigated space.  

66..22..  MMuullttiivvaarriiaattee  DDaattaa  AAnnaallyyssiiss    

 EXPERIMENTAL DATA ARE INFLUENCED BY many, correlated variables, 
making them difficult to interpret. One way to extract interpretable information 
from large datasets is to build empirical models expressed as functions of the 
investigated variables. This modelling is generally referred to as soft modelling. 
However, there is another group of models, hard models that generally consist of 
systems of differential equations or other first principles. In contrast to soft 
modelling, the experiments in hard modelling are performed to support (or test) 
the underlying theory. 
 
 Principal components analysis (PCA) is used in data exploration to 
establish trends and relationships in X while Multiple Linear Regression (MLR) 

( )∑ =
−

K

k jkik xx
1
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and Partial Least Squares projection to latent structures (PLS) are used to 
identify and describe relationships between X and Y. 

66..22..11..  PPrriinncciippaall  ccoommppoonneennttss  aannaallyyssiiss  

 PRINCIPAL COMPONENTS ANALYSIS (PCA) IS A projection method that 
compresses correlated variables in a multivariate data matrix X [N,K] into A 
orthogonal scores, A<K. Each point in the K-variable data set is projected onto a 
straight line (A=1) or an A-dimensional plane which is positioned so that the 
squared residuals are minimized, i.e. maximum variation of X is explained. The 
position of each point on the hyper-plane is given by the score-values, T, and the 
direction of each of the original K variables in the hyper-plane is given by the 
loadings, P. By plotting the score-values the relations between samples in the 
dataset are easily visualised and a loading-plot will reveal the cause of the 
separation in the score-space. Some of the variation in X cannot be modelled, 
and forms the residuals E. Each point in X has a residual vector explaining its 
distance to the model. Together the scores, loadings and residuals explain all of 
the variation in X and the model is written as: 
 
X=TP’+E= t1p1’+ t2p2’+ t3p3’+…+ tApA’ + E 
 

The variation of X that is explained by TP’ is expressed as R2. A value 
close to 1 indicates that most of the variation has been explained. Common 
algorithms for calculating PCA models are the Nonlinear Iterative Partial Least 
Squares (NIPALS) algorithm 96, 97 and Singular Value Decomposition (SVD) 98. 
 

PCA is a powerful tool for identifying groupings, trends and outliers in 
the data. PCA models can also be used to predict the positions of new samples in 
the hyper plane, which is useful in classification. In multivariate design the 
scores resulting from PCA are used as design variables instead of the original 
values, see section 5.5.1. This approach has many advantages since the variables 
in the design are reduced from a large number of variables that are correlated to 
varying degree to few, orthogonal variables. Design in Principal property-spaces 
was discussed in section 6.1.4. 
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66..22..22..  RReeggrreessssiioonn  MMeetthhooddss  

 AS DISCUSSED ABOVE, REGRESSION methods can be used to identify 
relationships between variable settings (X), such as structure descriptors, and 
response variables (Y), e.g. biological property measurements. For instance a 
possible relationship that could show up in a QSAR model is a correlation 
between lipophilicity and activity. However, that does not necessarily mean that 
the lipophilicity of the compounds is causally related to their activity. Here two 
regression methods are discussed, Multiple Linear Regression (MLR) and Partial 
Least Squares projection to latent structures (PLS). Whichever regression 
method is applied, the quality of the resulting model should always be diagnosed 
and validated. As a general rule a predictive model should always be validated 
with an external test set.  

66..22..22..11..  MMuullttiippllee  LLiinneeaarr  RReeggrreessssiioonn  

 FOR EXPERIMENTALLY DESIGNED DATA most regression methods give 
identical results. Multiple Linear Regression (MLR)7, also known as Ordinary 
Least Squares (OLS), was the first regression method to be published, and it is 
still the most commonly used regression method for designed data. Unlike PLS, 
MLR models one response at a time and is based on the assumption of 
independent variables, i.e. full rank of X’X. Hence MLR is not a multivariate 
regression method. A regression model with two x-variables and column centred 
X and y is written as:  
 
y = [1X]b + f= 1b0 + b1x1 + b2x2 + f 
 
The MLR coefficients are: 
 
b=(X’X)-1X’y 
 
 Non-linearity can be handled to some extent by transforming variables 
or explicitly allowing non-linear, i.e. interaction or quadratic, parameters in the 
model: 
 
y = [1X]b + f = 1b0+ b1x1 + b2x2 + b12x1x2 + b11x1

2 + b22x2
2 + f 
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 A number of assumptions are made about the properties of the data 
when MLR is applied. The factors in X should be fewer than the number of 
experiments, as discussed in section 6.1, and free of noise. They are assumed to 
be relevant to the investigated response and independent of each other. In 
addition the residuals should be randomly distributed. Due to these requirements 
MLR essentially demands designed data.  
 
 MLR models are usually diagnosed with statistical parameters such as 
R2, Q2 and Analysis of Variance (ANOVA). R2 is a measure of the proportion of 
the variation in y that is explained by the model and Q2 is a cross-validated 
estimation of the proportion of the variation in y that is predicted by the model. 
ANOVA is used to determine whether the model is significant, that is whether 
the amount of variation around the mean value of y is significantly larger than 
the residual variation. In the ANOVA, the model is also checked for Lack of Fit, 
e.g. if the model and replicate errors are of comparable size. Lack of Fit 
indicates that the model error is significantly larger than the experimental error. 
Analysis of the residuals will reveal outliers in the model and/ or incorrect model 
complexity. For validation the same tools are used as for PLS, i.e. permutation 
tests and external validation with independent test sets. 

66..22..22..22..  PPaarrttiiaall  LLeeaasstt  SSqquuaarreess  pprroojjeeccttiioonn  ttoo  llaatteenntt    
    ssttrruuccttuurreess  

 A MORE FORGIVING REGRESSION METHOD IS Partial Least Squares 
projection to latent structures (PLS) 23, 24, 26. It was developed in the late 1970’s 
by Herman Wold and co-workers, and since then a number of extensions for 
various data structures and specific problems have been developed 99-102, one 
being Orthogonal PLS (OPLS) 101. The OPLS method separates the Y-
orthogonal variation from X, thereby increasing the interpretability of the 
models.   
 
 PLS is an extension of the previously described PCA, while PCA detects 
latent structures in X, PLS reveals latent relationships between X and Y. The 
objectives of PLS are to approximate both the X and Y space, and to maximize 
the covariation between the scores of the two spaces. The X and Y matrices are 
decomposed into components described as: 
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X = TP’+E = XW(P’W)-1 P’+ E 
Y = TC’+F = XW(P’W)-1C’ + F = XB + F  
 
 PLS can handle both multiple responses and correlated variables, 
making it a good choice for analysing “short, fat” matrices, i.e. matrices with 
more columns than rows, hence PLS regression is a true multivariate regression 
method. 
 
 PLS models are diagnosed in the same ways as MLR models, i.e. with 
R2, Q2, residual analysis etc. In cross-validation a sub-set of X is excluded and a 
new PLS model is calculated, based on the remaining rows. The excluded rows 
are thereafter predicted by this new model and the model quality is determined 
from the predictive error. The procedure is repeated until all samples in X have 
been excluded once. For designed X matrices, cross-validation can be 
misleading if applied incorrectly. A second approach to internal validation is 
permutation tests, where the order of Y is randomly permuted a number of times 
and separate models, using the same number of components as the original 
model, are fitted to all the permuted Y matrices. The best validation approach is 
to use an external test set, i.e. to perform new experiments within the modelled 
region and then compare the experimental outcomes to the predicted responses.   
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77..  AApppplliiccaattiioonn  aarreeaass  
 

There are no such things as applied science, 
Only applications of science 

Louis Pasteur 
 

 THE DESIGN APPROACHES DESCRIBED in this thesis have been applied 
to both historical data and data gathered in ongoing projects. This chapter 
presents an introduction to the types of applications in which the design 
approaches were evaluated. 

77..11..  BBiioollooggyy  

 PATHOLOGICAL BACTERIA DEPEND ON THEIR RESPECTIVE virulence 
mechanisms to enter the host, evade host defences, proliferate within the host, 
and spread to another host. One virulence mechanism is the Type III Secretion 
(T3S) system used by gram-negative bacteria, e.g. Yersinia spp., Shigella spp., 
Salmonella spp. And enteropathogenic Escherichia coli, amongst others, causing 
diseases such as plague, typhoid fever, and dysentery 103, 104. The increasing 
problems associated with bacteria developing resistance to antibiotics has 
resulted in an urgent need for new antibacterial agents. Targeting the virulence 
mechanisms of the bacteria, as opposed to bacterial growth, may result in new 
classes of antibiotics without cytotoxic or cytostatic effects. The findings that 
several components of the T3S systems are conserved between different species 
suggests that it should be possible to develop compounds that inhibit T3S in 
multiple species 104, 105. 
 
 At body temperature the Yersinia bacteria start to build secretion 
channels, i.e. the Ysc (Yersinia secretion) machinery, at their surface and 
produce Sycs (Specific Yop Chaperones). Following contact with a eukaryotic 
cell the secretion channel is opened and the effector proteins, Yops (Yersinia 
Outer Proteins), are produced, delivered to the secretion apparatus by the 
cognate Sycs and injected via the secretion channels into the host cell 105-107. 
Transcription of the yop genes is linked to active secretion, i.e. these genes are 
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only expressed when T3S is active 108. By depleting the growth medium of Ca2+ 
ions the secretion channels can be artificially triggered to release Yops in vitro 
106. Hence inhibition of T3S can be measured in absence of eukaryotic cells. The 
secretion of YopE was indirectly measured using a yopE- luxAB-gene 
transcriptional fusion construct. If YopE is expressed, LuxAB will be produced 
and give rise to a measurable light signal upon addition of n-decanal, figure 7.1. 
This assay can also be influenced by false positives, i.e. luciferase inhibitors, so 
an additional assay measuring YopH activity was used in Paper III. 
  

 
Figure 7.1: Following expression of yopE linked to a luxAB gene both YopE and LuxAB 
will be produced, giving rise to a light signal after addition of n-decanal. Addition of a 
T3S inhibitor results in inhibition of this process and no light signal will arise. 
 
 YopH is a protein tyrosine phosphatase 109 that affects the cytoskeleton 
in the eukaryotic cell. The enzymatic activity of secreted YopH can be measured 
in an absorbance-based assay in presence of test compounds. Inhibition of 
phosphatase activity indicates T3S inhibition or possibly direct YopH inhibition. 
Inhibition of both reporter-gene signal and YopH activity thus indicates that the 
compounds potentially target the T3S machinery.  
 
 In paper III  the reporter-gene 110 and phosophatase assays were used to 
identify possible T3S inhibitors. In Paper IV the YopE reporter-gene assay was 
used to exemplify a new approach for assay optimisation.  
 

77..22..    CChheemmiissttrryy  

 IN A SCREENING OF A COMMERCIALLY AVAILABLE HTS-library the 
compound 1, N,N'-1,2-phenylenebis- 2-furancarboxamide  was identified as a 
possible T3S inhibitor. The screening was performed using the ELux reporter 
gene assay described above. Additional investigations of the compound 
indicated that it inhibits the T3S system without killing the bacteria, making it 
attractive for further studies. In the studies reported in Paper III a set of 
compounds based on the general structure 2 (below) was designed, synthesised 
and tested for T3S inhibitory properties.  

yopE luxAB  luxAB YopE 
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 The compounds were prepared by coupling 1,2-benzenediamines with 
carboxylic acids either via the corresponding acid chloride (Procedure A, 
Scheme 1) or with triphenylphosphite (Procedure B 111, Scheme 2).  
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Scheme 1: General Synthesis, Procedure A 
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Scheme 2: General Synthesis, Procedure B 

77..33..  MMoolleeccuullaarr  ddeessccrriippttiioonn  aanndd  QQSSAARR  

 IN ORDER TO ESTABLISH QSAR-MODELS the compounds have to be 
quantitatively described, e.g. with molecular descriptors, as discussed in section 
5.5. Hansch and Fujita 63 used octanol-water partition coefficients and Hammett 
parameters to describe benzyl substitution. Those descriptors are still used, 
although there has been an explosion of new molecular descriptors in recent 
years, and the ideal descriptors to use depend on the purpose of the description. 
An ideal molecular descriptor gives unique values for each molecule, is 
interpretable and relevant to the question addressed, hence different descriptors 
may be ideal for different purposes. Many descriptors do not meet the two first 
requirements but may still meet the third.  
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 It is easy to get lost in this veritable jungle of descriptors, but the best 
choice of descriptors always depends on the problem. When the aim is to select a 
set of compounds with diverse properties and structural interpretation of the 
cause of diversity is irrelevant, then all accessible descriptors could be 
calculated. The true dimensionality of the chemical space can be identified by 
PCA, which also identifies descriptors that contribute to increasing 
dimensionality, i.e. contain unique information. Hence, PCA can be used as a 
descriptor screening tool. When the description is intended to facilitate QSAR 
modelling more attention has to be paid to descriptor selection. Although a 
correct PLS-model can predict the activity of new compounds independently of 
structural interpretation, the descriptors should preferably be interpretable and 
reversible, i.e. it should be possible to proceed from the model interpretation to 
an understandable chemical element or structure. Then new compounds with 
better properties can be designed and a deeper understanding of the interactions 
between the compounds and the biological target can be gained. Unfortunately, 
most of today’s descriptors lack this essential reversibility, greatly limiting the 
number of appropriate descriptors. In addition, the descriptors should be relevant 
to the question addressed, i.e. describe properties that are likely to be related to 
activity. Generally, the selection of descriptors is often best when based on the 
experience of the experimenter and his/her prior knowledge about the biological 
target or information gained from initial SAR studies. 

 
Figure 7.2: The molecular formula does not give any information about how the atoms 
are connected. A SMILES-string is a string of characters that gives such information and 
can be translated into a 2D representation of the molecule. 
 
 Molecular descriptors can be divided into sub-groups based, for instance 
on physico-chemical information about them, such as their lipophilicity, 
electronic properties etc 112, or the molecular representations required to 
calculate them. A descriptor is said to be zero, one, two, three or four-
dimensional (0D-4D) depending on the kind of structural information that is 
required to calculate it. Examples of 0D descriptors are molecular weights and 
numbers of atoms, i.e. generally descriptors that can be calculated from the 
molecular formula. One-dimensional descriptors include fragment counts, and 
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2D descriptors are generally topological descriptors based, for instance, on 
distance or adjacency matrices and are calculated from SMILES, figure 7.2.  
 
 In Papers I-III MOE 113 software was used to calculate 0 – 2D 
molecular descriptors for characterisation and PLS-models (QSAR models) were 
calculated in SIMCA 114. 



Experimental Designs at the Crossroads of Drug Discovery 
 

⎯  40  ⎯ 



Experimental Designs at the Crossroads of Drug Discovery 
 

⎯  41  ⎯ 

88..  RReessuullttss  aanndd  DDiissccuussssiioonn  
 The free thinking of one age 

Is the common sense of the next 
Matthew Arnold 

 

 IN THIS THESIS TWO NEW APPROACHES TO experimental design and 
selections in the drug discovery process are presented. The DOOD approach 
enables the selection of diverse compound sets from large data sets while the 
RED-MUP approach facilitates assay optimisation in rectangular platforms, i.e. 
multi-well plates. The development and properties of these two approaches are 
described in detail in this chapter, based on the work presented in Papers I-IV 
and illustrated with practical examples from Papers III and IV. 

88..11..  DD--OOppttiimmaall  OOnniioonn  DDeessiiggnn  ((PPaappeerrss  II,,  IIII  aanndd  IIIIII))  
 

 THE TWO MAJOR TYPES OF DESIGNS used for selecting compounds from 
principal property spaces are D-optimal and space-filling (SF) designs, as 
described in section 6.1.4.  A D-optimal design is based on a model, hence an 
optimal selection is made to support the assumed model complexity. However, 
this leaves no room for exclusions – all experiments have to result in a 
measurable response otherwise there is no optimal support for the model. Since 
D-optimal design selects the extreme samples in the outskirts of the 
experimental space it is likely that some experiments will fail (e.g. experiments 
that include combinations of extreme building-blocks that result in an insoluble 
product). Furthermore, the experimental domain has to be continuous; the same 
model has to be true for the entire domain. Another limitation of D-optimal 
design is in the number of samples that can be selected. A chemical space rarely 
requires more than six PCA components to capture the major information in the 
descriptor matrix, resulting in six design factors. However, see Martin 115 for 
another opinion. In situations with six factors a D-optimal design, based on a 
quadratic model, would be able to select up to thirty-five compounds before 
replication or near-replication of previously selected samples occurs. This is 
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problematic in studies where the experimenters know that the experimental 
space is more complex than the model implies and that more samples are 
required to capture the main information. As discussed earlier, the D-optimal 
algorithm typically selects the most extreme samples, while in practice a 
representative coverage of less extreme samples is often preferred. For complex 
systems, such as chemical and biological systems, a strictly model-based 
selection rarely suffices. The alternative selection method, SF design, was 
discussed in chapter 6.1.4.2 and is a good choice when an even spread of 
selected samples is desired, or the number of design variables is small. Most SF 
designs select experiments based on some diversity criteria,  e.g. Euclidean 
distances for the algorithm written by Marengo et al 32. These designs are not 
generally based on a model, hence selections are based solely on diversity and 
even coverage of the experimental domain and the selection will therefore not be 
optimal for multivariate modelling.  
 
 There is a need for a selection approach in principal property space that 
is less statistically rigid, i.e. an approach that is based on a model but not 
completely model-dependent, (unlike D-optimal design). In addition, it should 
be able to select interior samples and supervise the sampling in the extremes 
without compromising the model, and it should be controllable. D-Optimal 
Onion Designs (DOODs) were developed to meet these demands. These features 
of DOOD also make it a particularly suitable selection method for situations 
where the model complexity is not well known, may be highly complex or the 
experimenters have prior knowledge of the system. Based on earlier experience 
the experimenter can control the selection and direct it in a specific direction or 
make additional selections as optimally as possible with respect to previously 
tested compounds. These issues have been addressed by Martin et al, who 
tailored designs of combinatorial libraries by pre-screening or binning the 
candidate set 115, 116. 
 
 DOODs are D-optimal designs arranged in layers. The samples in the 
candidate set Xc are divided into a number of layers (Xcs) depending on each 
sample’s distance to the centre point. In each layer D-optimal selections are 
based on a specified model complexity, hence the model-concept remains and 
interior selections can be made. The number of layers and model complexity in 
each layer can be altered to suit the desired number of selections. This approach 
to DOE is related to lattice designs 43, 117. In brief, the main difference between 
D-optimal/ SF and DOOD is that D-optimal and SF designs select an optimal set 
of objects based on their selection criteria and conditions given by the data set 
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while DOOD selects an optimal set of objects based on the conditions given 
jointly by the experimenter, the candidate set and selection criteria, i.e. D-
optimality.  
 
 DOOD is here called a selection method. The difference between 
selection and design is that selections are made from existing information, for 
instance a list of chemical compounds. In contrast, a design is the creation of a 
number of experiments that are to be performed. Selections can be made from 
large data sets to ensure balance in the data prior to multivariate modelling.  
  
 In paper I the differences between Federov’s D-optimal 33 and 
Marengo’s SF 32 selections were investigated, and the DOODs were presented as 
complements to D-optimal and SF selection for larger sample sizes. These first 
DOODs were constructed in MODDE 118, where D-optimal selections were 
made from sub-sets of the candidate set. The objects in the candidate set were 
divided by hand into sub-sets, i.e. layers, based on their Euclidean distance to the 
centre point of the experimental space. This initial approach to DOOD 
generation led to designs where the selections in each layer were independent of 
each other; there was no scope to take selections made in outer layers into 
account. Nevertheless, the selections proved to have similar quality to those 
made by D-optimal and SF selection. An advantage of DOOD is that it is a 
supervised approach, hence the experimenter can control the selection based on 
his/her prior knowledge about the investigated system. On the other hand, this 
makes the selections less statistically optimal, which may be seen as both 
advantageous and disadvantageous. In the work reported in paper II the 
algorithm by Federov et al33, with a Bayesian modification 85, was studied and 
modified to create more efficient DOOD selections. The DOOD algorithm was 
written in MATLAB 119.  

88..11..11..  TThhee  DDOOOODD  aallggoorriitthhmm  

 THE NOTATION OF THE DOOD ALGORITHM IS AS FOLLOWS: Xc= 
Candidate set, cp= Centre point, Xcs= Sub sets, where s =1:S, S being the 
number of layers in the design, Xd= Design matrix, Xn= Exchange matrix, D= 
Inclusions, ED=Euclidean distance. A rough overview of the algorithm is 
presented in figure 8.1. 
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Figure 8.1: Schematic representation of the DOOD algorithm. 
 

1) If there is a “limit” criterion, that is if a percentage of the outmost 
objects should be excluded, these are excluded based on their distance to 
the origo in score space. 

2) The outer boundaries of the candidate set are defined as the maximum 
and minimum values of each factor, i.e. score vector. A theoretical 
centre point is calculated as the average of each variable. For each object 
in the candidate set the Euclidean distance (ED) to the theoretical centre 
point is calculated. The object nearest to the theoretical centre point is 
defined as the true centre point (cp) of the design.  

3) Each object’s ED to the cp is calculated. The objects are thereafter 
sorted into layers, or sub-candidate sets, Xc, based on their ED to the cp. 
Note that the ED is calculated from the original candidate set and not 
from the extended model matrix. Three possibilities for layer division 
based on ED were investigated, based on; 

a. Distance= Each layer has equal thickness. 
b. Number= Each layer contains the same number of objects. 
c. Volume= Each layer has an equal volume. 

4) Samples that have been excluded in step 1 could be added to the outmost 
layer here, otherwise they are completely excluded from the candidate 
set. Figure 8.2 b-d displays the differences between the different options 
for layer division while figure 8.2 e-g shows the effect of limit criteria of 
1, 2 and 5 % respectively. 

5) Actions hereafter in the selection process are layer-specific. First the 
centre point and inclusions, if any, are added to the candidate matrix for 
layer s (Xcs). The resulting matrix is extended with model terms and 
potential terms according to the information given to the algorithm. 
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Figure 8.2: Plot (a) shows a candidate set with N=1127 and plots (b-d) the investigated 
possibilities of layer division. In (b) there are equal numbers of candidates in each layer, 
resulting in 376, 375 and 375 candidates in layers 1, 2 and 3, respectively, plus a centre 
point. Similarly, (c) shows layers of equal thickness, i.e. distance, resulting in 75, 724 
and 327 candidates in the layers and in (d) the space is divided so that each layer has 
equal volume, resulting in 16, 201 and 909 candidates in the inner, second and outer 
layers, respectively. Plots (e-g) display layer division according to distance when the 
outer (e) 1 %, (f) 2 % and (g) 5 % of the candidates have been excluded prior to 
calculation of the centre point. The effect of ALB is depicted in plots (h-j) where layers 
were divided according to distance in combination with exclusion of the outermost 2 % 
of objects. In the outer layer six objects were selected followed by four objects in each of 
the two inner layers. An additional centre point was also included. The different degrees 
of ALB investigated were (h) no ALB, (i) partial ALB and (j) complete ALB in plots b-j 
the star denotes the centre point. 
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6) The Xcs matrix is divided into three parts: the objects that will not be 
included in the exchange process, i.e. cp, selected samples and 
inclusions, denoted D; a randomly selected design matrix Xd; and the 
remaining candidates Xn. This approach for dividing the candidate set 
efficiently eliminates the possibility of replicating objects in the final 
design. 

7) Each point j in Xd is exchanged with each point h in Xn. The 
replacement of point Xdj with Xnh resulting in the largest increase in the 
determinant ((D;Xd)’(D;Xd)) is made. This process continues until no 
possible exchange will result in a larger determinant.  

8) Depending on the degree of Adjacent Layer Bias (ALB) a new 
inclusions matrix is built. If no ALB is allowed D will contain only the 
centre point and inclusions in In that were defined in the input to the 
algorithm. If there is a partial degree of ALB the Xd matrix from the 
previous layer (Xds-1) will also be added to D. A complete ALB will be 
obtained if all previously selected samples are gathered in D along with 
inclusions and cp. Figure 8.2 h-j displays the effects of no, partial and 
complete ALB. 

88..11..22..  DDOOOODD  ffoorr  iinnvveessttiiggaattiinngg  HHTTSS  hhiittss  

 IN PAPER III DOOD WAS USED TO SELECT a number of compounds 
based on the general scaffold structure 2 shown in section 6.4. In a preliminary 
study four additional compounds with minor structural changes with respect to 
compound 1 were made. Two of these compounds were found to be active and a 
more thorough investigation of the compound class was initiated. 
  
  Commercially available 1,2-benzenediamines and carboxylic acids were 
identified in the ACX2002 120 database. After removing building blocks with 
unwanted properties and functionalities, 833 carboxylic acids and 57 diamines 
remained. The two sets of building blocks were characterised by molecular 
descriptors calculated in MOE 113 and the descriptor matrix was compressed to 
appropriate dimensionality by PCA. From the resulting score plots fifteen 
carboxylic acids and ten diamines spanning the interesting parts of the chemical 
spaces were selected, based on diversity considerations and suitability for 
synthesis. All possible combinations of the building blocks resulted in 150 
possible compounds, which were characterized with molecular descriptors as 
above. The descriptor matrix was compressed by PCA, and DOOD selection was 
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performed in the resulting three-dimensional principal property space. The aim 
of this selection was to define a diverse set of compounds with the general 
scaffold structure 2 in order to pinpoint the active space around the lead, i.e. how 
much can the structure be changed while retaining its activity?  
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Figure 8.3: The black, filled circle in each plot represents the lead compound and the 
neighbouring grey dots represent the two compounds made in a preliminary 
investigation of the compound class. The principal property space of possible T3S 
inhibitors with the general structure 2 are plotted in (a) the first and second principal 
property dimensions and (b) the first and third principal property dimensions. Plots (c) 
and (d) display the selected objects as black dots. The circle denotes the single 
compound from the designed set that was active in both assays, while the triangles 
represent compounds that were active solely in the YopH-assay and the diamonds 
denote compounds active in the YopE assay.  
 
 In order to avoid the most extreme combinations of building blocks the 
outer five percent of the samples in the principal property space were excluded 
prior to selection. D-optimal selections were made in three equally thick layers. 
In the outer layer seven compounds were selected, followed by ten compounds 
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in the middle layer and four compounds in the inner layer. The lead compound 
and three synthesised compounds were added as inclusions, i.e. they were 
allowed to influence the selections. Previous selections were allowed to bias 
selections in subsequent layers. Figure 8.3 a and b shows the principal property 
space and layer division of the samples, as well as the selections made.  
 
 The selected compounds were synthesised according to the general 
procedures described in section 7.2 and tested in the reporter-gene and 
phosphatase assays briefly described in section 7.1. In addition to the parent 
compound 1, compound 3, 4, 7, 8, 9, and 10 inhibited the luciferase reporter-
gene signal, while compounds 3, 4, 5, 6, and 7 were capable to inhibit YopH 
activity, table8.1. These compounds are scattered over the entire chemical space 
surrounding compound 1, figure 8.3 c and d. This suggests that the compounds 
either act by different mechanisms, or that the molecular description does not 
adequately reflect the compounds’ biological activity. 
 
 The results from this study clearly illustrate the value of DOOD for 
design of compound series for investigation of compound classes identified as 
HTS hits. More compounds within this compound class are currently being 
synthesised to improve the material available for QSAR modelling. Initial 
chemistry efforts are focusing on the chemical space surrounding the lead 
compound where additional starting materials, not included in the design, have 
been identified. The chemical space surrounding compounds 5 and 6 will also be 
further investigated. 
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Table 8.1: Effect on luciferase light emission and phosphatase activity of strain 
YPIII(pIB102) in the presence of the most potent compounds at concentrations ranging  
from 25 to 150 µM. Compounds 5- 10 were obtained from the design. 

- | -- | -- | -
25±1.9 | -8B

- | -- | -
32±2.3 | -24±1.8| -9A

- | -27±2.4 | -35±2.9| -37±4.2 | 32±2.0
7A

- | -- | -- | 31±1.5- | 34±2.75B

- | -- | -- | 27±5.3- | 37±2.16A

- | -- | -- | 29±0.438±1.3 | 49±0.44A

- | -- | -32±2.3| -24±1.8 | -10A

- | -- | 24±0.834±0.9 | 48±0.649±0.3 | 62±0.63A

- | -- | -30±1.4 | 38±1.044±1.6 | 52±1.21A

2550100150

% inhibitionlb Elux | YopH at concn (µM):
StructureCompa
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a The compounds were prepared according to methods A or B, as indicated, described in section 7.2. 
b Means and standard deviations (calculated using the Gauss approximation formula) are from triplicates. 
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88..11..33..  CCoonncclluussiioonnss  rreeggaarrddiinngg  DDOOOODD  

 WHY DO WE NEED A SELECTION METHOD like DOOD? The answer is 
that if there are, say, 20000 samples, and 400 are to be tested, they have to be 
selected in some way, and both random and subjective selections by hand are 
poor starting points for subsequent multivariate modelling. With DOOD it is 
possible to select a sub-set of a specific size, <N, from any candidate set, that is 
model-based, but not strongly model-dependent. The selections can be 
controlled and biased by prior information and still meet a specific statistical 
criterion. During the development of the DOOD algorithm, which was 
implemented in MATLAB 119 according to the methods described in Paper II, 
numerous possibilities to increase the versatility of the selection algorithm 
emerged. The algorithm can easily be adjusted and tailored for specific needs 
and a number of variants have been developed. One option is to define the centre 
point manually in cases where a lead substance has been identified, or an area of 
the investigated space is known to be especially active or interesting. Hence, 
biased selections can be made with higher density close to the lead. Selections 
that are complementary to samples that have already been selected can also be 
made.  
 
 It is important to remember that DOOD is a selection method. Selections 
can be made from a candidate set to maximize the balance in the data, hence the 
quality of the selection heavily depends on the distribution of the candidate set. 
A more representative sub-set selection can be made from a well balanced 
candidate set than from a skewed set. 
  
To summarise the technical possibilities offered by DOOD and the achievements 
presented in Papers I-III: 

• DOOD is an alternative method for selecting objects in complex data 
structures. 

• DOOD selects model-based but not model-dependent sub-sets. 
• Any number of samples <N can be selected. The sample size is easily 

controlled by the number of layers, the model complexity in each layer 
and the number of principal components. 

• Prior knowledge can be used to bias the selections while still meeting 
statistical criteria. For instance, a lead could be used as centre point. 

• DOOD is well suited for selection of compound series surrounding lead 
compounds or HTS hits. 
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88..22..  RReeccttaanngguullaarr  EExxppeerriimmeennttaall  DDeessiiggnnss  ffoorr  MMuullttii--
UUnniitt  PPllaattffoorrmmss  ((PPaappeerr  IIVV))  

 RECTANGULAR EXPERIMENTAL PLATFORMS, such as multi-well plates, 
are standard pieces of equipment in the pharmaceutical industry for biological 
assessment, chemical synthesis etc. Multi-well plates are essential for HTS and 
as bottlenecks that previously limited HTS have been successively eliminated; it 
has become an increasingly efficient and attractive tool. One of the last 
remaining bottlenecks was assay optimisation 58. The time required to adapt and 
optimise an assay for HTS is usually several months, maybe up to a year, greatly 
exceeding the screening time of the HTS compound library. This can stall 
projects for prolonged periods, since no further advances can be made until the 
assay has been sufficiently optimised. DOE is, as discussed above, a powerful 
tool for optimising experimental systems and has been used for assay 
optimisation 53, 121, although the classical designs are sometimes cumbersome to 
implement using multi-well experimental platforms. For instance, experimental 
errors are easily made when unique combinations of a number of additives must 
be dispensed to closely positioned wells and classical DOE does not make 
optimal use of the entire experimental platform, i.e. not all wells are used. In 
addition, the experimenter’s workload quickly expands as the number of 
experimental factors investigated increases. An alternative could be to use 
pipetting robots, but to be useful for DOE they have to be programmable 
according to an experimental protocol. Because of the general impracticality of 
performing experiments according to classical DOE-protocols using multi-well 
plates, researchers have been unwilling to use this combination of tools for assay 
optimisation. By setting up tailor-made DOE-protocols for multi-well plates and 
other rectangular formats, the cost and workload required for optimisations using 
these experimental platforms could be greatly reduced and the platforms could 
be more optimally used. 
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Figure 8.5: The combination of a 2-factor 2x4 factorial design and a 3-factor reduced 
3x3x4 factorial design results in a 5-factor RED-MUP protocol. This design enables the 
estimation of interaction terms between all factors as well as quadratic terms for two of 
the factors, x2 and x4. 
  
 Multi-channel pipettes with eight and twelve channels are standard 
instruments for preparing microplates. If they were used for preparing plates 
according to an experimental design the preparation time could be dramatically 
shortened. By planning two experimental designs with eight and twelve 
experiments, for k1 and k2 factors respectively, and preparing stem-solutions 
according to these designs, multi-channel pipettes could be used to dispense the 
solutions onto the plates. Since the stem-solutions are added orthogonally, this 
would lead to combinatorial utilisation of all experiments in the separate 
designs, resulting in a k1+k2 factor design, fig. 8.5. This approach shortens the 
preparation time and minimizes the risk of unnecessary experimental errors 
while maximizing the amount of information that can be obtained from each 
plate 122. 
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88..22..11..  9966--wweellll  RREEDD--MMUUPP  pprroottooccoollss  

 THERE ARE NUMEROUS RECTANGULAR PLATFORMS, for each of which 
a large number of possible RED-MUP protocols could be conceived. Therefore, 
the 96-well format was chosen for initial feasibility investigations of the RED-
MUP concept.  
 
 Using an eight-by-twelve 96-well plate it is possible to investigate up to 
five factors (2+3) in an RSM design, or up to eighteen (7+11) factors in a 
screening design. Various eight and twelve experiment RSM precursor-designs 
and the resulting RED-MUP protocols were thoroughly investigated. In addition, 
several recommended precursor screening designs and resulting RED-MUP 
protocols were evaluated. The investigated RSM designs were composite, i.e. 
CCC and CCF, Doehlert, multilevel factorial, Box-Behnken and D-optimal 
designs. For screening RED-MUPs, designs such as factorial, fractional 
factorial, Rechtschaffner and Plackett-Burman designs were evaluated. A 
Doehlert design with two factors consists of six experiments and a D-optimal 
design can give a specific number of experiments, while the other designs 
generally had to be manipulated in order to contain centre points. Different 
possibilities of excluding experiments and introducing centre points in these 
designs were investigated. The precursor designs are presented in Appendices 1 
(eight-experiment designs) and 2 (twelve-experiment designs). There is also 
scope to investigate qualitative factors using these designs. 
 
 It was found that combining precursor designs with good statistical 
properties resulted in RED-MUP combinations with good statistical properties. 
For screening designs it was also concluded that the orthogonal combination of 
two Res III designs resolved the RED-MUPs to Res III/IV. Thus all interaction 
effects between factors from both Des8 and Des12, i.e. xDes8xDes12, could be 
estimated. Hence it is possible to estimate interactions that are likely to be 
significant by positioning the factors involved in separate precursor designs, i.e. 
one in Des8 and the other in Des12. In a ResIII design the separate factors will 
still be confounded with other interactions included in the design, so the 
estimation of the effects cannot be precise. 
 
 A RED-MUP for optimising the light signal in a luciferase reporter-gene 
assay123 was set up and executed to examine practical and data-analysis aspects 
of RED-MUPs. The protocol depicted in figure 8.6 was used to investigate the 
five factors listed in table 8.2. The factors MgCl, volume of decanal, 
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concentration of decanal and Optical Density (OD) of the bacteria were 
quantitative factors, while the single factor bacteria strain was qualitative. MgCl 
is added to the growth medium to increase the expression of Yops 124, and OD is 
a measure of the amount or concentration of bacteria. Decanal added after 
incubation gives, in combination with LuxAB, rise to a light signal.  
 
Table 8.2: List of factors investigated for optimising signals from a reporter gene assay 
for measuring yopE expression in the T3S system. 
Factors Levels Quant/Qual Low High 
OD 4 Quantitative 0.2 0.6 
Bacteria strain 2 Qualitative PIB102ELux PIB102QLux 
MgCl  4 Quantitative 0 ml/100 ml 8 ml/100 ml 
Decanal vol. 3 Quantitative 50 µl 100 µl 
Decanal conc. 3 Quantitative 0.5 µl/100 ml 1.5 µl/100 ml 

 
 For practical reasons the factors OD and bacteria strain had to belong to 
the same design, as did the volume and concentration of decanal, so the RED-
MUP protocol in figure 8.5 was used. This protocol allowed all of the interaction 
terms and two quadratic terms to be assessed. The reduction of the 3x3x4 
factorial design to twelve experiments resulted in confounding between the 
remaining two quadratic terms. Two plates were set up according to the design. 
 
 An MLR model showed that there was no significant difference between 
the two plates, but the two bacteria strains differed slightly, so they were 
analysed separately. Data from the two plates were joined and treated as 
duplicate samples. 
 
 For both bacteria strains surprisingly good models were obtained, with 
R2 values of 0.79 and 0.76 and Q2 values of 0.75 and 0.70, respectively, for the 
ELux and QLux bacteria strains. Both models also indicated that optimal signal 
conditions differed from those generally used, figures 8.6 and 8.7.   
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Figure 8.6: Response surfaces for ELux. The previously used settings for the assay are 
marked with striped ellipsoids and the maximum signal is indicated by the white circle. 
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Figure 8.7: Response surfaces for QLux. The previously used settings for the assay are 
marked with striped ellipsoids and the maximum signal indicated by a white circle.  
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88..22..22..  338844--wweellll  RREEDD--MMUUPP  pprroottooccoollss  

 IT WAS ASSUMED THAT THE RED-MUP approach was scalable to other 
rectangular formats, for instance 384- and 1536- well microplates and other 
formats. The idea was tested on 384-well microplates, which represent the 
standard format in HTS today. Hence, it was the obvious platform to verify the 
conclusions drawn from the 96-well RED-MUP investigation. The same kind of 
precursor designs were used for 16- and 24- experiment designs, albeit with 
more factors. Up to four factors were assayed in 16-experiment RSM designs 
and five factors in 24-experiment RSM designs. For these larger sample sizes it 
was also possible to investigate a larger number of designs with qualitative 
factors as well as multi-level factorial and reduced variants thereof. The 
evaluated 16- and 24- experiment designs, with quantitative factors, are 
presented in Appendices 3 and 4, respectively. A number of high quality 
precursor designs were combined and the resulting RED-MUP protocols were 
evaluated. It was found that the 384-RED-MUP protocols behaved similarly to 
the 96-well protocols. 
 
 In a MSc project performed at AstraZeneca’s R&D facilities in Mölndal, 
Sweden 125 these protocols were tested in the laboratory to measure the activity 
of tryptase in a spectrophotometric enzyme assay. The aim was to optimize the 
strength, linearity and stability of the reduction in enzyme activity (and thus the 
corresponding features of the assay). In a multi-step optimisation via screening, 
RSM and finally robustness designs a close to four-fold (3.7) increase in signal 
strength was observed. In addition, the deviation from linearity was reduced 
from 43 % to 11 %, and the decline in enzyme activity was reduced from 58 % 
to 17 % over a 23-hour time period.  

88..22..33..  CCoonncclluussiioonnss  rreeggaarrddiinngg  RREEDD--MMUUPP    

 THE RED-MUP PROTOCOLS FACILITATE the use of experimental design 
for optimising assays using 96- and 384-well plates with a minimum workload 
and optimal use of the experimental platform. This approach should increase the 
researcher’s understanding of the investigated system, and guide him/her 
towards optimal experimental conditions. When planning a RED-MUP protocol 
it is important to have a clear understanding of the investigated assay or system. 
In particular, some factors may be linked together, and thus for practical reasons 
have to be part of the same precursor design. Since interactions can be resolved 
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in screening designs, i.e. Res III + Res III = Res III/ IV, it is also worthwhile to 
consider potential interactions that warrant investigation and to position the 
factors involved in these putative interactions in separate precursor designs. In 
conclusion, the RED-MUP protocols have proven to be highly efficient and 
valuable for developing familiarity with the behaviour of an assay as well as 
assay optimisation.  
 
The RED-MUPs provide: 

• An effective framework for optimising experimental systems in 
rectangular formats. 

• Decreasing the workload of the experimenter. 
• Decreasing assay optimisation times. 
• Increased quality of the data. 
• Enhanced understanding of the investigated system.  
• A standardized communicative platform between experimenters. 
• An improved documentation and reporting format for obtained results.  
• Optimised information-flow between various steps in the drug discovery 

process. 
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99..  CCoonncclluussiioonnss  
Statistics:  

The only science that enables different experts  
using the same figure to draw different conclusions. 

Evan Esar 
 
 PROPERLY DESIGNED AND APPLIED EXPERIMENTAL series will help 
researchers to obtain essential knowledge about studied systems. The challenge 
is to provide customized and efficient techniques for DOE as new approaches 
for experimentation emerge. In this thesis new experimental design approaches 
tailored to the demands of modern drug development are presented. A method 
for diverse compound selection, DOOD, has been described along with an 
effective approach to DOE for optimising assays in 96-well plates as well as 
larger rectangular formats, RED-MUP. Together these two techniques provide 
new possibilities to improve the information-flow in various steps in the drug 
discovery process, and the efficacy of the process. The two methods can either 
be used separately or in conjunction, as outlined in figure 9.1. In combination 
they provide a powerful approach to optimise assays for specific classes of 
compounds instead of single compounds. Thus, chemical and biological issues 
can be jointly addressed, and together the two DOE approaches described in this 
thesis provide valuable tools that should help investigators to identify the best 
options at key decision-making “crossroads” in drug discovery programs and 
meet the major requirements of DOE in this discipline.  
  
 
 There were two major outcomes of this work. 

1. An approach for experimental design in principal property space 
(DOOD) was developed and: 
• Knowledge about the properties and possibilities of DOOD 

selections based on a thorough investigation was gained. 
• An algorithm for DOOD selections resulted. 
• Experience about the practical use of DOOD for compound 

selections in drug discovery was gained. 
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2. A design approach for optimising experiments in rectangular platforms, 
e.g. microtiter plates (RED-MUP), was also developed and: 
• A roadmap for using RED-MUPs in 96 and 384-well formats.  
• Insight in the performance of RED-MUPs in 96- and 384-well 

formats. 
• An outline for including specific compounds in assay optimizations 

using DOOD in RED-MUP protocols. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 9.1: By combining a diverse compound set with a design for investigating 
experimental factors that influence an assay in a RED-MUP protocol, biological assays 
could be optimised for specific compound classes instead of single compounds or the 
signal-to-noise ratio. 
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1100..  FFuuttuurree  PPrroossppeeccttss  aanndd  vviissiioonnss  
 

 The problem with the future is that it keeps turning into the present. 
Bill Watterson 

 

 TO INCREASE THE VALUE FROM THE GROWING data volumes arising in 
many chemistry-related disciplines chemometric tools are needed to extract 
information from the data 126 11, 126. PLS, OPLS 101 and O2PLS 102 have the 
necessary power for this, and the resulting value can be enhanced by ensuring 
that the data are balanced and representative for the investigated system and 
problem complexity. Hence DOE is essential for reliable modelling from 
measured data.  
 
 Numerous types of spectroscopic instruments are used to characterise 
various materials and fluids. For instance, Nuclear Magnetic Resonance (NMR) 
and various chromatographic techniques, e.g. Liquid (LC) and Gas (GC) 
chromatography, in combination with Mass Spectrometry (LC-MS and GC-MS) 
are standard approaches for characterising bio-fluids such as urine, blood plasma 
and spinal fluid in many “omics-sciences”. In industrial processes and PAT, 
Raman-, Infrared- (IR) and Near-Infrared Spectroscopy (NIR) etc. are often used 
for on-line and/or at-line characterisation of starting materials, intermediate and 
final products as well as transforming materials during process steps. Spectral 
data matrices can be modelled in a similar way to descriptor matrices. They are 
“fat”, i.e. have many variables, and many of the variables are typically correlated 
and/or irrelevant. PLS and PCA can be used to identify the appropriate 
dimensionality of the data set and the relationships between the objects are 
revealed in their score-values, or principal properties. Information about 
patients, such as their age, gender, weight, nutritional status etc., can also be 
treated similarly. Consequently, designed selections can as easily be performed 
in these principal property spaces as in compound principal property spaces. 
  
 In metabonomics, genomics, proteomics and other “omic-sciences” 
variables such as metabolite formation, gene-expression and protein function are 
investigated. The samples used are materials such as bio-fluids or tissues and are 
generally characterised by NMR, LC- or GC-MS. For some studies more 
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samples from patients, animals, plants etc. are available than in others. These 
kinds of data sets are often unbalanced and clustered. In addition, the Y-related 
variation is generally hidden within other signals that are not relevant to the 
specific question the experimenter is addressing. In such circumstances it is 
important to use a suitable selection method to improve the balance in the data 
set and limit the amount of misleading data. With DOOD it is possible to select 
sub-sets that are diverse, balanced and support a specific type of model. Hence 
its use increases the probability that subsequent multivariate regression will find 
relevant structures, and improves the predictive ability and interpretability of the 
resulting models. Selections could be made either from raw or filtered patient 
and spectral data and used, for instance, in: 

• Systems biology: To realise the potential of systems biology, the data 
structures from the different levels, e.g. cell-based assays, animal data 
etc., have to be relevant and of high quality. Using DOODs to select 
diverse sub sets of objects (e.g. compounds, patients etc.) from 
multivariate experimental spaces, and RED-MUP protocols to ensure 
the quality of the assay-data, should make the goals more attainable. 

• Bio-bank mining: Selection of representative sub-sets of bio-samples 
based on patient information should give similar improvements.  

• Biomarker identification: Specific biomarkers for various diseases are 
sought that can facilitate the early diagnosis of patients. Ideal 
biomarkers are chemical entities that correlate to biological states, e.g. 
disease stages or activities. Generally, samples from healthy volunteers 
and patients in late stages of disease are readily available, while 
samples from patients at early stages of disease are more difficult to 
obtain. This leads to unbalanced data sets. In such cases the multivariate 
modelling and interpretation of models would benefit from the use of 
smaller, well balanced data sets.  

 
In addition, the relatively new concept of PAT involves the application of 
chemometric tools in industrial production. In each step, from raw materials 
to final products, measurements are made to ensure that the step will result 
in an acceptable final product. The data from these measurements are 
generally saved, so production industries have massive resources of 
historical data. Unfortunately they are seldom properly analysed. Thus, 
DOOD and RED-MUP procedures could also be applied in: 
 
• Prediction of process outcomes: Historical data can be used to predict 

the outcome of a process based on the properties of the raw materials 
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and the experimental conditions of the process. Ideally, the predictive 
model should be based on designed experiments so that the design 
window is defined. In the absence of designed experiments the 
pragmatic approach would be to use historical data to build such models. 
Such data are discrete; often consisting of process parameters or NIR-
data, so DOOD would be a suitable selection method. 

• Characterisation of raw materials: If a supplier suddenly stops 
producing, or changes the processes used to produce, a raw material or 
reagent, models based on historical data can be useful to verify that the 
product from each step still retains its quality. In addition, NIR-based 
models of alternative raw materials can be used to identify other 
materials or combinations of materials that are likely to have the 
required properties. 

• The FDA is continuously increasing its demands on pharmaceutical 
production, and correct treatment of historical data may help the 
industry to prove that it is maintaining quality. For example, diverse 
batches of active substances could be selected from spectral principal 
property spaces and their behaviour evaluated by a RED-MUP based 
variation in crystallization conditions. 

 
 RED-MUP protocols can also be used in diverse applications for 
optimising experiments using microtiter plates and other rectangular formats for: 

• Robustness testing: Not only of assays but also of final products 
from pharmaceutical production. How do products with varying 
properties behave? Will some polymorphs result in pills with 
incorrect release times and how will they behave in storage? 
Such questions can be addressed by a RED-MUP built from a 
DOOD selection of products with diverse properties and a 
design of experimental factors that can mimic storage conditions 
or the environment the pill will experience in the body. 

• Optimisation of chemical reactions in rectangular synthesis 
apparatus.  

 
So much about the presence and the immediate future, making predictions about 
the more distant future is substantially more difficult. Some things seem certain, 
the rate of data size increase will further accelerate, new instruments and 
experimental approaches will be developed in an ever increasing rate and hence 
the need for well working combinations of DOE and data analysis will increase. 
One may well relate this rate of increase to Moore’s law, which roughly says 
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that computer speed and capacity increases by a factor of two every 18 months 
or so. Wold et al 11 rate the increase of the number of variables and observations 
to each exceed ten per decade, which means that the number of data elements 
increase by more than a hundred per decade, a number well consistent with 
Moore’s law.  
 
 To make DOE continue being essential, it is necessary to customise 
DOE to the formants and demands of the new data and problem structures as 
well as modifying the methods of data analysis to the corresponding changing 
demands in science and technology. Detailed prognosis cannot be made other 
than of the continued importance of chemometrics. 
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1122..  AAppppeennddiixx  11  
Design Factors Type Levels Exp CP Cond No LogDetNorm MaxCorr

4 level 1 RSM 4 4 4 2.60 -0.44 0.00 

5 level  1 RSM 5 5 3 2.72 -0.43 0.00 

6 level 1 RSM 6 6 2 2.85 -0.42 0.00 

7 level 1 RSM 7 7 1 3.01 -0.41 0.00 

8 level 1 RSM 8 8 0 3.23 -0.41 0.00 

CCF 2 RSM 3 8 0 6.20 -0.34 0.33 

CCF-1f 2 RSM 3 7 1 4.98 -0.40 0.30 

CCF-1a 2 RSM 3 7 1 4.55 -0.34 0.28 

CCF-2a 2 RSM 3 6 2 4.56 -0.37 0.47 

CCC 2 RSM 5 8 0 Inf -1.67 1.00 

CCC-1f 2 RSM 5 7 1 5.78 -0.62 0.64 

CCC-1a 2 RSM 4-5 7 1 5.80 -0.62 0.53 

CCC-2a 2 RSM 4-5 6 2 3.92 -0.25 0.39 

Red 3*4 fact. 2 RSM 3-4 8 0 5.16 -0.40 0.29 

Red 4*4 fact. 2 RSM 4 8 0 4.94 -0.44 0.41 

Doehlert 2 RSM 3-5 6 2 4.15 -0.52 0.33 

D-Optimal  2 RSM 5 7 1 4.58 -0.37 0.47 

2*4 factorial 2 RSM/ResV 2-4 8 0 3.05 -0.24 0.00 

2*3 factorial 2 RSM/ResV 2-3 6 2 2.62 -0.27 0.00 

2^3 FF 3 V 2 8 0 1.00 0.00 0.00 

Rechtschaffner 3 V 2 7 1 2.81 -0.12 0.16 

2^4-1 FF 4 IV 2 8 0 1.00 0.00 0.00 

2^4-1 FF-1 4 IV 2 7 1 1.67 -0.07 0.16 

2^5-2FF  5 III 2 8 0 1.00 0.00 0.00 

2^6-3FF 6 III 2 8 0 1.00 0.00 0.00 

2^7-4FF 7 III 2 8 0 1.00 0.00 0.00 
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1133..  AAppppeennddiixx  22  
Design Factors Type Levels Exp CP Cond No LogDetNorm Max Corr 

4 levels 1 RSM 4 4 8 2.83 -0.53 0.00 

4 levels 1 RSM 4 4 4 2.60 -0.38 0.00 

5 levels 1 RSM 5 4 8 2.87 -0.52 0.00 

5 levels 1 RSM 5 4 4 2.83 -0.37 0.00 

6 levels 1 RSM 6 6 6 2.90 -0.50 0.00 

6 levels 1 RSM 6 8 4 2.70 -0.37 0.00 

7 levels 1 RSM 7 6 6 2.93 -0.49 0.00 

7 levels 1 RSM 7 8 4 2.81 -0.37 0.00 

8 levels 1 RSM 8 8 4 2.98 -0.47 0.00 

9 levels 1 RSM 9 8 4 3.05 -0.46 0.00 

10 levels 1 RSM 10 10 2 3.13 -0.45 0.00 

11 levels 1 RSM 11 11 1 3.23 -0.44 0.00 

12 levels 1 RSM 12 12 0 3.36 -0.44 0.00 

3x4 factorial 2 RSM 3-4 12 0 4.02 -0.37 0.00 

CCF 2 RSM 3 8 4 3.13 -0.39 0.33 

CCC 2 RSM 5 8 4 5.31 -0.72 0.31 

D-Optimal  2 RSM 7 10 2 3.63 -0.40 0.36 

Doehlert 2var 2 RSM 3-5 6 6 3.80 -0.62 0.00 

Doehlert 2var+FF  2 RSM 5 10 2 3.78 -0.40 0.31 

2*4 factorial 2 RSM/V 2-4 8 4 4.52 -0.43 0.58 

4*4 red. factorial 2 RSM 4 12 0 3.89 -0.41 0.33 

3*6 red. factorial 2 RSM 3-6 12 0 4.17 -0.42 0.23 

4*6 red. factorial  2 RSM 4-6 12 0 4.25 -0.46 0.28 

CCF-3a 3 RSM 3 11 1 6.36 -0.36 0.56 

CCC-3a 3 RSM 4-5 11 1 9.76 -0.42 0.40 

4_3_3 factorial 3 RSM/V 3-4 10 0 3.31 -0.28 0.32 

D-Optimal  3 RSM 6 11 1 4.45 -0.40 0.36 

Box-Behnken-1 3 RSM 3 11 1 6.89 -0.45 0.37 

Doehlert C1 3 RSM 3-7 11 1 9.00 -0.45 0.53 

Doehlert C2 3 RSM 3-7 11 1 7.70 -0.75 0.45 

Doehlert C3 3 RSM 3-7 11 1 7.59 -0.75 0.45 

Doehlert C4 3 RSM 3-7 11 1 7.57 -0.75 0.42 

2^3 FF 3 V 2 8 4 1.22 -0.13 0.15 

Rechtschaffner 3 V 2 7 5 2.96 -0.25 0.16 

12Spec 4 V 2 12 0 2.00 -0.07 0.33 
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Rechtschaffner 4 V 2 11 1 2.02 -0.11 0.27 

 2^4-1FF 4 III 2 8 4 1.22 -0.14 0.00 

L9 4 III 3 9 3 1.41 -0.24 0.00 

D-optimal 5 III+ 2 10 2 2.06 -0.12 0.24 

2^5-2FF  5 III 2 8 4 1.22 -0.15 0.00 

D-optimal 6 III+ 2 10 2 1.44 -0.09 0.20 

2^6-3FF 6 III 2 8 4 1.22 -0.15 0.00 

2^7-4FF 7 III 2 8 4 1.22 -0.15 0.00 

Plackett-Burman 8 III 2 12 0 1.00 0.00 0.00 

Plackett-Burman 9 III 2 12 0 1.00 0.00 0.00 

Plackett-Burman 10 III 2 12 0 1.00 0.00 0.00 

Plackett-Burman 11 III 2 12 0 1.00 0.00 0.00 

 



Experimental Designs at the Crossroads of Drug Discovery 
 

⎯  75  ⎯ 

1144..  AAppppeennddiixx  33  
Design Factors Type Levels Exp CP CondNo LogDetNorm MaxCorr

4*4 factorial 2 RSM 4 16 0 3.81 -0.40 0.00 

4*3 factorial 2 RSM 3-4 12 0 3.55 -0.40 0.00 

2*5 Factorial 2 RSM 2-5 11 2 6.46 -0.39 0.48 

2*6 Factorial Ctr 2 RSM 2-6 13 4 4.76 -0.45 0.50 

2*6 Factorial 2 RSM/V 2-6 12 0 1.29 -0.11 0.00 

2*7 Factorial 2 RSM 2-7 15 2 6.01 -0.45 0.38 

2*8 Factorial 2 RSM/V 2-8 16 0 1.53 -0.18 0.00 

3*5 Factorial 2 RSM 3-5 15 2 3.60 -0.40 0.10 

Red 4*6 Factorial V1 2 RSM 4-6 16 0 3.52 -0.43 0.28 

Red 4*6 Factorial V2 2 RSM 4-6 14 0 4.58 -0.48 0.54 

Red 4*6 Factorial V3 2 RSM 4-6 16 0 3.78 -0.43 0.20 

Red 4*6 Factorial V4 2 RSM 4-6 15 2 3.71 -0.43 0.24 

Red 6*6 Factorial 2 RSM 6 16 0 3.77 -0.46 0.35 

CCC 3 RSM 5 14 2 6.47 -0.84 0.30 

CCF 3 RSM 3 14 2 4.42 -0.37 0.47 

Doehlert 3 RSM 3-7 12 4 5.48 -0.75 0.32 

Box-Behnken 3 RSM 2-4 12 4 3.73 -0.45 0.00 

4*2*2 Factorial 3 ResV 2 16 0 1.56 0.12 0.13 

12spec 4 ResV 2 12 4 2.15 -0.18 0.33 

12spec+4 axial 4 RSM 2 16 0 8.80 -0.40 0.59 

Rechtschaffner 4 ResV 2 12 5 2.14 -0.23 0.27 

Rechtschaffner+4 axial 4 RSM 2 15 1 8.31 -0.42 0.67 

2^4 Factorial 4 ResV 2 16 0 1.00 0.00 0.00 

4*2^3-1 4 ResIII 2-4 16 0 1.34 -0.05 0.00 

2^5-1 5 ResV 2 16 0 1.00 0.00 0.00 

2^6-2 6 ResIV 2 16 0 1.00 0.00 0.00 

2^7-3 7 ResIV 2 16 0 1.00 0.00 0.00 

2^8-4 8 ResIV 2 16 0 1.00 0.00 0.00 

Plackett-Burman 8 ResIII 2 13 4 1.15 -0.11 0.00 

2^9-5 9 ResIII 2 16 0 1.00 0.00 0.00 

Plackett-Burman 9 ResIII 2 13 4 1.15 -0.11 0.00 

Rechtschaffner 9 ResIII 2 11 6 4.02 -0.44 0.48 

2^10-6 10 ResIII 2 16 0 1.00 0.00 0.00 

Rechtschaffner 10 ResIII 2 12 4 4.51 -0.45 0.50 

2^11-7 11 ResIII 2 16 0 1.00 0.00 0.00 

Rechtschaffner 11 ResIII 2 13 4 5.01 -0.46 0.50 

2^12-8 12 ResIII 2 16 0 1.00 0.00 0.00 
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Rechtschaffner 12 ResIII 2 14 3 5.51 -0.47 0.50 

2^13-9 13 ResIII 2 16 0 1.00 0.00 0.00 

2^14-10 14 ResIII 2 16 0 1.00 0.00 0.00 

2^15-11 15 ResIII 2 16 0 1.00 0.00 0.00 
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1155..  AAppppeennddiixx  44  
Design Factors Type Levels Exp CP CondNo LogDetNorm Max Corr 

4*6 factorial 2 RSM 4-6 16 0 3.79 -0.45 0.00 

3*6 factorial repl. 2*3 2 RSM 3-6 18 0 4.31 -0.37 0.00 

3*6 factorial repl 1*6 2 RSM 3-6 18 0 3.59 -0.44 0.00 

3*6 factorial ctr 2 RSM 3-6 19 6 3.36 -0.47 0.29 

4*5 factorial repl 1*4 2 RSM 4-5 20 0 3.55 -0.45 0.00 

4*5 factorial ctr 2 RSM 4-5 21 4 3.13 -0.47 0.20 

3*8 factorial  2 RSM 3-8 24 0 4.07 -0.43 0.00 

3*7 factorial 1*3 2 RSM 3-7 21 0 6.83 -0.45 0.50 

3*7 factorial ctr 2 RSM 3-7 22 3 4.69 -0.50 0.54 

2*8 factorial ctr 2 RSM 2-8 17 8 4.77 -0.49 0.55 

2*8 factorial 1*8 2 ResV 2-8 16 0 1.54 -0.19 0.07 

Red 6*6 factorial 2 RSM 6 20 0 3.37 -0.47 0.05 

CCC 3 RSM 5 15 9 5.21 -0.95 0.01 

CCF 3 RSM 3 15 9 4.60 -0.50 0.66 

Doehlert+ factorial 3 RSM 3-7 21 4 5.33 -0.48 0.63 

Red. 3^3 factorial V1 3 RSM 3 21 4 4.39 -0.35 0.25 

Red. 3^3 factorial V2 3 RSM 3 23 2 4.62 -0.37 0.29 

Red 3*3*4 V1 3 RSM 3-4 24 0 5.57 -0.36 0.20 

Red 3*3*4 V2 3 RSM 3-4 24 0 4.10 -0.39 0.25 

Red 3*3*5 3 RSM 3-5 24 1 4.18 -0.39 0.25 

Red 3*3*6 3 RSM 3-6 24 0 4.78 -0.41 0.19 

3*4*4 V1 3 RSM 3-4 24 0 4.99 -0.42 0.20 

3*4*4 V2 3 RSM 3-4 24 0 4.44 -0.41 0.33 

2*3*4 3 RSM/V 2-4 24 0 1.64 -0.19 0.00 

CCF 4 RSM 3 24 0 6.58 -0.34 0.56 

RedCCF (12 spec. +8 axial) 4 RSM 3 21 4 5.88 -0.45 0.66 

CCF-4 axial 4 RSM 3 21 4 9.48 -0.40 0.80 

CCC 4 RSM 5 24 0 Inf inf 0.33 

RedCCC (12 spec+8 star) 4 RSM 5 21 4 8.51 -1.13 0.33 

CCC -4 star 4 RSM 5 21 4 9.75 -0.65 0.36 

3 * 2^3 4 RSM/V 2-3 24 0 1.22 -0.06 0.00 

Rechtschaffner+ 4 RSM 2 20 5 5.67 -0.48 0.66 

Box-Behnken 4 RSM 2 24 1 9.72 -0.60 0.34 

Fractional factorial 5 ResV 2 17 8 1.22 -0.17 0.00 

Rechtschaffner  5 RSM 2 22 3 10.33 -0.39 0.80 
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3*2^4-1 5 ResV 2 24 0 1.41 -0.06 0.33 

Rechtschaffner  6 ResV 2 23 2 1.62 -0.07 0.10 

Fractional factorial 6 ResIII 2 17 8 1.22 -0.15 0.00 

2^6-2 +6 axial 6 ResIII 2 23 2 1.24 -0.13 0.00 

3*2^5-2 6 ResIII 2 24 0 1.22 -0.03 0.00 

Fractional factorial 7 ResIV 2 17 8 1.22 -0.15 0.00 

2^7-3+7 axial 7 ResIV 2 24 1 1.24 -0.13 0.00 

3 * 2^6-3 7 ResIV 2-3 24 0 1.22 -0.02 0.00 

Fractional factorial 8 ResIV 2 17 8 1.22 -0.16 0.00 

3 * 2^7-4 8 ResIV 2-3 24 0 1.22 -0.02 0.00 

Fractional factorial 9 ResIV 2 16 8 1.22 -0.16 0.00 

Fractional factorial 10 ResIV 2 16 8 1.22 -0.16 0.00 

Fractional factorial 11 ResIV 2 16 8 1.22 -0.16 0.00 

Fractional factorial 12 ResIII 2 16 8 1.22 -0.16 0.00 

Fractional factorial 13 ResIII 2 16 8 1.22 -0.16 0.00 

Fractional factorial 14 ResIII 2 16 8 1.22 -0.16 0.00 

Fractional factorial 15 ResIII 2 16 8 1.22 -0.17 0.00 

Plackett-Burman 20 16 ResIII 2 20 4 1.10 -0.07 0.00 

Plackett-Burman 20 17 ResIII 2 20 4 1.10 -0.07 0.00 

Plackett-Burman 20 18 ResIII 2 20 4 1.10 -0.08 0.00 

Plackett-Burman 20 19 ResIII 2 20 4 1.10 -0.08 0.00 

Plackett-Burman 24 20 ResIII 2 24 0 1.00 0.00 0.00 

Plackett-Burman 24 21 ResIII 2 24 0 1.00 0.00 0.00 

Plackett-Burman 24 22 ResIII 2 24 0 1.00 0.00 0.00 

Plackett-Burman 24 23 ResIII 2 24 0 1.00 0.00 0.00 
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1166..  AAcckknnoowwlleeddggeemmeennttss  
Mycket har hänt de senaste fem åren och många har varit involverade i att göra de här 
åren så stimulerande och utvecklande som möjligt. Tack till er alla! 
 
Ett extra tack till: 
 
Svante Wold, för att du gav mig möjligheten att arbeta fram denna avhandling och den 
inspiration du alltid tillfört arbetet under dina blixtvisiter 
 
Biträdande handledare Johan Gottfries, hur skulle detta gått utan dig och dina Umeå-
resor?  
 
Michael Sjöström, tack för att du alltid ställt upp med de mindre roliga delarna av 
forskningen (administration, ekonomi...) samt för alla roliga resor du tagit med oss på! 
För att inte tala om honungen, den kommer jag att sakna. 
 
AstraZeneca för finansiering. 
 
Erik Johansson, grill- och köksmästaren som försett mig med enorma mängder god 
mat, goda idéer, stöd och inspiration. 
 
Tack till organisatören och ordmästaren Lennart Eriksson för korrekturläsning mm! 
Tack även till Anna L,  Johan T, Mikael E och Anna K för korrekturläsning. 
 
Rolf Carlson som försett mig med diverse uråldriga (?!?) artiklar. 
 
Organisk kemi, det har varit fem spännande år av kunskapsintag och filosofiska 
diskussioner, både av den seriösa och mindre seriösa sorten... Ett särskilt tack till mina 
mest flitiga helg-o-kväll-o-jul kompisar de sista månaderna; Tomas, David, Max och 
Ida.  
 
Grupp Elofsson, med Mikael i spetsen som gett mig möjlighet att testa mina idéer i 
deras projekt. Tack Anna K för att du alltid stått ut med mina ”dumma” biologi-frågor! 
 
Charlotta, Henke och Ulrik uppe på Innate. TACK för all hjälp!  
 
Jon, Pelle-per o andra som bidragit till denna avhandlingsmall. 
 
Kemometrigruppen, våra resor kommer alltid ha en speciell plats i mitt minne. Alla 
galna upptåg, god mat och roliga upplevelser.  
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Pär, min rumskamrat. Utan dig hade det inte blivit mycket MATLAB inte... Inte hade 
det vart lika skoj på jobbet heller! 
 
Ann-Helén, Carina och Bert, för hjälp med administration mm.  
 
Computational Chemistry gruppen  och alla andra på Medicinal Chemistry, 
AstraZeneca som hjälpt mig och fått mig att trivas under mina Mölndalsvistelser.  
 
John Blackwell, för språkgranskning  
 
Mina party-sessor Anna K och Lotta! Eller ja, en helg varje termin snittade vi på slutet 
va?! Nåja, TACK för allt!  
 
Katarina, din optimism och positiva inställning till allt är otroligt beundransvärd. Tack 
för att du alltid ställer upp!  
 
Det tog många år men till sist insåg även jag att det fanns viktigare saker i livet än jobb. 
Det gäller bara att ta vara på dem när de dyker upp, oavsett hur olägligt det nu råkar 
vara, tack Fredrick! 
 
Familj, jaktkamrater o mina goa tanter hemma i Värmland som under några veckor varje 
år har gett mig en andningspaus. Framförallt ett stort tack till min härliga gammelfaster 
Hanna, nu är jag klar med ”skolan”! Mamma Alva o Pappa Ingemar som trots att de 
ihärdigt hävdat att de inte förstår vad jag gjort de senaste åren alltid stöttat mig. Syster 
Anna-Karin för att du gett oss ett solsken i tillvaron, lilla Teja. Vi väntar med spänning 
på nästa solstråle... 
 
Storasyster Marianne, livet är inte alltid rättvist och det går aldrig att i ord uttrycka vad 
du lärt mig och vad du betytt för mitt liv. Du har gett mig ett perspektiv på livet som 
hjälpt i många tunga stunder. 
 

  


