
 

Department of Chemistry 

2011 

 

 

Improving interpretation by 
orthogonal variation 
Multivariate analysis of spectroscopic data 

Hans Stenlund 



 
 

 

 

 

Copyright© Hans Stenlund 

ISBN: 978-91-7459-207-8 

Tryck/Printed by: VMC-KBC, Umeå Universitet 

Umeå, Sweden 2011 



 

To my wonderful family 

Charlotta, Hannes and Rebecka. 

 

 



 
 

 



 

1 

Contents 

Contents 1 
Abstract 2 
Populärvetenskaplig sammanfattning 3 
List of Papers 4 
Notation 6 
Abbreviations 7 
1. Background 9 

1.1 Chemometrics 9 
1.1.1 Key concepts and terminology 10 
1.1.2 Life sciences 11 
1.2 Modeling 12 
1.2.1 Linear Models 12 
1.2.2 Pre-treatment of data 14 
1.2.3 Latent variables 15 

1.2.3.1 Projections 16 
1.2.4 Modeling basics 16 

1.2.4.1 Complex data 17 
1.2.5 Multivariate analysis 18 

1.2.5.1 PCA 18 
1.2.5.2 PLS 19 

1.2.6 Orthogonal variation 21 
1.2.6.1 Unwanted variations in PLS 24 
1.2.6.2 OPLS Algorithm 27 
1.2.6.3 Orthogonal Signal Correction 27 

1.2.7 Orthogonal variation and its applications 28 
1.2.8 Discriminant Analysis 29 
1.2.9 Model statistics 29 
1.2.10 Variable selection 31 
1.2.11 Outliers 32 
1.3 Spectroscopy 33 
1.3.1 Hyperspectral imaging 34 
1.3.2 Signal corrections 35 

2 Results and Discussion 37 
2.1 Paper I: OPLS facilitates interpretation of models 37 
2.2 Paper II: Intra and inter-personal variations 41 
2.3 Paper III: Orthogonal variations in hyperspectral data 42 
2.4 Paper IV: Revealing the chemical landscape of secondary xylem 47 

3 Conclusions and future perspectives 50 
4. References 52 
5. Acknowledgements 60 



 

2 

Abstract 

The desire to use the tools and concepts of chemometrics when studying 

problems in the life sciences, especially biology and medicine, has prompted 

chemometricians to shift their focus away from their field‘s traditional 

emphasis on model predictivity and towards the more contemporary 

objective of optimizing information exchange via model interpretation. The 

complex data structures that are captured by modern advanced analytical 

instruments open up new possibilities for extracting information from 

complex data sets. This in turn imposes higher demands on the quality of 

data and the modeling techniques used. 

The introduction of the concept of orthogonal variation in the late 1990‘s 

led to a shift of focus within chemometrics; the information gained from 

analysis of orthogonal structures complements that obtained from the 

predictive structures that were the discipline‘s previous focus. OPLS, which 

was introduced in the beginning of 2000‘s, refined this view by formalizing 

the model structure and the separation of orthogonal variations. Orthogonal 

variation stems from experimental/analytical issues such as time trends, 

process drift, storage, sample handling, and instrumental differences, or 

from inherent properties of the sample such as age, gender, genetics, and 

environmental influence. 

The usefulness and versatility of OPLS has been demonstrated in over 500 

citations, mainly in the fields of metabolomics and transcriptomics but also 

in NIR, UV and FTIR spectroscopy. In all cases, the predictive precision of 

OPLS is identical to that of PLS, but OPLS is superior when it comes to the 

interpretation of both predictive and orthogonal variation. Thus, OPLS 

models the same data structures but provides increased scope for 

interpretation, making it more suitable for contemporary applications in the 

life sciences. 

This thesis discusses four different research projects, including analyses of 

NIR, FTIR and NMR spectroscopic data. The discussion includes 

comparisons of OPLS and PLS models of complex datasets in which 

experimental variation conceals and confounds relevant information. The 

PLS and OPLS methods are discussed in detail. In addition, the thesis 

describes new OPLS-based methods developed to accommodate 

hyperspectral images for supervised modeling. Proper handling of 

orthogonal structures revealed the weaknesses in the analytical chains 

examined. In all of the studies described, the orthogonal structures were 

used to validate the quality of the generated models as well as gaining new 

knowledge. These aspects are crucial in order to enhance the information 

exchange from both past and future studies. 
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Populärvetenskaplig sammanfattning 

Användningen av kemometri inom främst biologiska och medicinska 

forskningsområden har starkt bidragit till att framhäva tolkningsbarhet som 

det primära syftet med modellering. Den traditionella synen att maximera 

prediktiviteten har visat sig sekundär i jämförelse med att få en relevant 

kemisk/biologisk inblick i studerade fenomenen och hur dessa påverkas av 

experimentell variation. Dagens avancerade analytiska instrument fångar 

enorma mängder med information, både sådan man önskar hitta men även 

sådan som man vare sig känt till eller vill ha med. Denna typ av komplex 

data öppnar upp möjligheter att tillgodogöra sig ny information men 

förutsätter samtidigt att valda tekniker och metoder uppfyller högt ställda 

krav.  

Begreppet ortogonal variation introducerades i slutet av 1990-talet och 

har bidragit till att förändra synen inom kemometri. Den information som 

man erhåller via tolkning av de ortogonala strukturerna har visat sig utgöra 

ett viktigt komplement till den (prediktiva) information som man 

traditionellt sett alltid har eftersökt. OPLS presenterades i början av 2000-

talet och erbjöd en förfinad teknik för modellering av dessa ortogonala 

strukturer. Ortogonal variation härrör från både experimentell variation som 

tidstrender, processdrift, lagring, provhantering, och instrumentskillnader 

samt från provrelaterade faktorer såsom ålder, kön, genetik och 

miljöpåverkan. 

Nyttan och mångsidigheten hos OPLS har visats i mängder av 

publikationer, främst inom metabolomik och transkriptomik men även i 

NIR, UV och FTIR spektroskopi. OPLS och dess föregångare PLS är 

identiska avseende prediktionsförmåga men OPLS är att föredra när det 

gäller tolkning av både prediktiva och ortogonala strukturer. Detta gör OPLS 

lämplig för mängder av applikationsområden inom kemi, biologi och 

medicin. 

Denna avhandling innefattar fyra olika forskningsprojekt som ingående 

behandlar datamodellering av spektroskopiska data. Både OPLS och PLS 

diskuteras i detalj och diskussionerna behandlar ingående hur ortogonal 

variation påverkar tolkningsbarheten. Dessutom så presenteras en ny metod 

för OPLS-baserad modellering av hyperspektrala bilder, dvs. bilder 

sammansatta av flera informationslager. I samtliga studier så främjade 

möjligheten att tolka de ortogonala strukturerna till att optimera 

informationsutbytet. Den ökade insikten om hur experimentell variation 

påverkar informationsutbytet utgör dessutom en viktig källa för optimering 

av framtida studier. 



 

4 

List of Papers  

This thesis is based on the following original and published papers. The 

papers will be referred in the text by Roman numerals and bold text. The 

papers were reprinted with kind permissions from the publishers. 

 

 

 
I. Stenlund H, Johansson E, Gottfries J, Trygg J, Unlocking 

interpretation in NIR multivariate calibrations by OPLS, Analytical 
Chemistry (2008). DOI: 10.1021/ac801803e 

 

 
II. Stenlund H, Madsen R, Vivi A, Calderisi M, Lundstedt T, Tassini 

M, Carmellini M, Trygg J, Monitoring kidney-transplant patients 
using metabolomics and dynamic modeling, Chemometrics and 
Intelligent Laboratory Systems (2009), DOI: 
10.1016/j.chemolab.2009.04.013 

 

 
III. Stenlund H, Gorzsas A, Persson P, Sundberg B, Trygg J, 

Orthogonal Projections to Latent Structures Discriminant Analysis 
Modeling on in Situ FT-IR Spectral Imaging of Liver Tissue for 
Identifying Sources of Variability. Analytical Chemistry (2009), DOI: 
10.1021/ac8005318 

 

 
IV. Gorzsas A1, Stenlund H1, Persson P, Trygg J, Sundberg B, Cell 

specific chemotyping and multivariate imaging by combined FT-IR 
microspectroscopy and OPLS analysis reveals the chemical 
landscape of secondary xylem, The Plant Journal (2011), DOI: 
10.1111/j.1365-313X.2011.04542.x 

 

1 These authors contributed equally 

 

 

 

Impact Factor (2009); 

The Plant Journal:  6.946 

Analytical Chemistry:  5.214 

Chemometrics and Intelligent Laboratory Systems: 2.111 



 

5 

List of papers by the author not appended to the thesis 
 

 

 
V. Pinto R C1, Stenlund H1, Hertzberg M, Lundstedt T, Johansson E, 

Trygg J, Design of Experiments on 135 cloned Poplar trees to map 
environmental influence in greenhouse, Analytica Chimica Acta 
(2010), DOI:10.1016/j.aca.2010.11.024  

 
VI. Jonsson P, Stenlund H, Moritz T, Trygg J, Sjöström M, Verheij E 

R, Lindberg J, Schuppe-Koistinen I, Antti H, A strategy for 
modelling dynamic responses in metabolic samples characterized by 
GC/MS, Metabolomics 2006, DOI: 10.1007/s11306-006-0027-1 

 
VII. Kuhl J, Moritz T, Wagner H, Stenlund H, Lundgren K, Bavenholm 

P, Efendic S, Norstedt G, Tollet-Egnell P, Metabolomics as a tool to 
evaluate exercise-induced improvements in insulin sensitivity, 
Metabolomics 2008, DOI: 10.1007/s11306-008-0118-2 

 
VIII. Redestig H, Fukushima A, Stenlund H, Moritz T, Arita M, Saito K, 

Kusano M, Compensation for Systematic Cross-Contribution 
Improves Normalization of Mass Spectrometry Based Metabolomics 
Data, Analytical Chemistry 2009, DOI: 10.1021/ac901143w 

 
IX. Renberg L, Johansson AI, Shutova T, Stenlund H, Axman A, Raven 

JA, Gardestrom P, Moritz T, Samuelsson G, A metabolomic 
approach to study major metabolite changes during acclimation to 
limiting CO2 in Chlamydomonas reinhardtii, Plant Physiology 2010, 
DOI: 10.1104/pp.110.157651 

 
X. Peolsson M, Löfstedt T, Vogt S, Stenlund H, Arndt A, Trygg J., 

Modelling human musculoskeletal functional movements using 
ultrasound imaging, BMC Medical Imaging 2010, DOI: 
10.1186/1471-2342-10-9 

 

XI. Åkesson L, Trygg J, Fuller J.M, Madsen R, Gabrielsson J, Bruce S, 

Stenlund H, Tupling T, Pefley R, Lundstedt T, Lernmark Å and 

Moritz T, Serum metabolite signature predicts the acute onset of 

diabetes in spontaneously diabetic congenic BB rats, Metabolomics 

2011, DOI: 10.1007/s11306-011-0278-3 

 



 

6 

Notation 

The following notation has been used throughout. Scalars are denoted by 

italic letters. Vectors are denoted by bold lower-case letters and matrices are 

denoted by bold upper-case letters. Inverses and transposes are denoted by 

superscripts, (−1) and (T) respectively. For OPLS modeling, the predictive and 

orthogonal data are denoted by subscripts, (p) and (o) respectively. 

 

 

Symbol  Size  Description 

N  Number of samples (observations). 

K  Number of observed variables. 

M  Number of response variables. 

A  Number of model components. 

X [N × K] Data matrix (analytical data) 

x [1 × K] Single observation 

Y [N ×M]  Response matrix (values or class) 

y [N × 1] Single response variable 

B [K ×M] Coefficient matrix for X-data. 

T [N × A] Score matrix for X-data. 

P [K × A] Loading matrix for X-data. 

W [K × A] Weight matrix for X-data. 

W* [K × A] Transformed weight matrix for X-data. 

U [N × A] Score matrix for Y-data. 

Q [M × A] Loading matrix for Y-data. 

C [M × A] Weight matrix for Y-data. 
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Abbreviations 

CV Cross Validation 

DA  Discriminant Analysis 

DoE  Design of Experiments 

EMSC Extended MSC 

FIR Far Infrared Spectroscopy 

FPA Focal Plane Array 

FTIR Fourier Transform Infrared Spectroscopy 

IR Infrared Spectroscopy 

K-OPLS Kernel-based OPLS 

LV Latent variables 

MIA Multivariate Image Analysis 

MIR Mid Infrared Spectroscopy 

MLR  Multiple Linear Regression 

MSC Multiplicative Signal (or Scatter) Correction 

MVA  Multi-Variate Analysis 

NIPALS Non-linear Iterative Partial Least Squares 

NIR Near Infrared Spectroscopy 

NMR Nuclear Magnetic Resonance 

OLS  Ordinary Least Squares 

OSC  Orthogonal Signal Correction 

OPLS  Orthogonal Projections to Latent Structures 

O2PLS  Bidirectional OPLS 

OnPLS Multiblock OPLS 

PCA  Principal Component Analysis 

PLS  Partial Least Squares 

PLS+ST Partial Least Squares by Similarity Transformation 

POSC Projected Orthogonal Signal Correction 

Q2 Goodness of Prediction 

R2 Goodness of Fit 

PRESS Predictive Error Sum of Squares 

RMSEE Root Mean Square Error of Estimate 

RMSEP Root Mean Square Error of Prediction 

ROI Region of Interest 

SIMCA  Soft Independent Modeling of Class Analogy 

SNV Standard Normal Variate 

SS Sum of Squares 

SVD  Singular Value Decomposition 

TP Target Projection (or Target Rotation) 

UV  Unit Variance 

XTP Extended TP 



 

8 



 

9 

1. Background 

This chapter provides a brief overview of the principles and key concepts 

used in the remainder of the thesis; a good grasp of the issues discussed 

herein is necessary to properly understand the studies reported in the 

included papers. 

 

1.1 Chemometrics 
Chemometrics is an interdisciplinary science that draws on tools and ideas 

from chemistry, mathematics and statistics [1, 2]. It is necessary to have a 

good working knowledge of the fundamental concepts and principles of all 

three fields in order to obtain useful insights from large bodies of analytical 

data [3]. Consequently, analyzing large scale studies is not straightforward. 

Structures captured in data do not necessarily arise solely from the chemical 

phenomena under investigation; the conclusions will also be affected by 

variation originating in the analytical chain and the instruments used, and 

by the data-handling and modeling techniques used [4]. Ideally, studies 

should be designed so as to minimize the influence of analytical factors on 

the identification of structures relating to the chemical phenomenon of 

interest. Moreover, the researcher must be able to accurately assess the 

(bio)chemical relevance of any results obtained [5]. That is to say, diagnostic 

measures of a model‘s quality should not automatically be interpreted as 

measures of the relevance of the information it generates. Improving the 

scope for control and monitoring of the analytical chain as a whole would 

thus facilitate the identification of relevant data. 

 

The amount of chemical information available has increased dramatically 

over the last couple of decades, primarily as a consequence of the transition 

from analog to digital analytical platforms [6]. This data explosion has meant 

that where analytical studies once used just a few descriptors (typically 

variables that define the sample characteristics), millions are now available. 

Moreover, however complex things may be today, it is reasonable to expect 

that even larger quantities of data will be generated as current techniques are 

refined, new technologies are developed, and novel means of using 

complementary approaches together are advanced [7, 8]. The availability of 

large quantities of data from past and current studies means that data 

combinatory (i.e. handling of multi-block data) will be used in greater extent 

[9-11]. The visualization of data will become increasingly complicated due to 

the growing numbers of complex data structures. Thus, the ongoing 

development and improvement of multivariate modeling techniques is of the 

utmost importance. 
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Chemometrics can be defined as ―the chemical discipline that uses 

mathematical and statistical methods, (a) to design or select optimal 

measurement procedures and experiments, and (b) to provide maximum 

chemical information by analyzing chemical data‖ [1]. 

Another popular definition, proposed by the founders of the field, is that 

―chemometrics is what chemometricians do. Chemometricians are people 

who drink beer and steal ideas from statisticians‖ [12]. 

One might hope that both definitions could be true: one should avoid 

reinventing the wheel where possible, enjoy the company of one‘s colleagues, 

and strive to perform important science. 

 

Chemometrics is a relative new research field, having effectively been 

created by S. Wold, B. R. Kowalski and others around 1972; the International 

Chemometrics Society was founded in 1974 [13]. The first (specialized) 

chemometric journals, Chemometrics and Intelligent Laboratory Systems 

and the Journal of Chemometrics, were first published in 1986 and 1987, 

respectively. However, other journals, such as Analytical Chemistry, have 

been publishing chemometric articles since the 1970‘s. 

 

1.1.1 Key concepts and terminology 

Design of experiments (DoE) and multivariate analysis (MVA) are two of 

the cornerstones of chemometrics [14-18]. DoE is employed in the initial 

stages of a study so as to ensure minimal covariance (i.e. to maximize the 

orthogonality) between the studied factors. Full factorial designs can be 

visualized as n-dimensional boxes with sides of equal length [14, 19]. Each of 

the corner and center point represents an observation to be made. Full 

factorial designs can be either extended or reduced, depending on the 

objective of the study. In general, design points are added for optimization 

purposes and removed for screening and robustness testing. MVA 

(mathematical) modeling is used to analyze relationships, including 

relationships between observations and those between variables. 

Unsupervised models are used to identify obvious trends in data, such as 

groupings and outlying observations. Supervised models are used to identify 

relationships pertaining to a specific question or hypothesis. MVA models 

can handle confounding and covariance patterns (both within and between 

variables), which are not handled well by traditional univariate statistical 

methods [4]. 

 

As is the case in other specialized fields, some words have more specific 

meanings when used in the context of chemometrics than they do when used 

in more general contexts. For example, correlation is only used in situations 
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where all variables have equal variance; in all other cases, covariation is 

used. Information and variation are another example; variation is what is 

captured by an instrument, while information is what you get after validating 

the results. Variables or descriptors refer to observed variables, while factors 

refer to designed variables. Responses (Y) are the wanted outputs, such as 

yields or classes, while data (X) refers to the output from analytical 

instruments. In general, data is modeled with the objective of predicting the 

responses with as much accuracy as is possible. Systematic variation refers to 

trends (predictable) while non-systematic variation refers to noise (random). 

In the optimal case, wanted systematic variations are expected to co-vary 

with the responses while unwanted systematic variations are not. 

 

1.1.2 Life sciences 

The term ―life sciences‖ refers to scientific studies of living organisms (e.g. 

humans, animals and plants). From a chemometrics perspective, these 

biological aspects introduce new and (more complex) demands when 

interpreting a model‘s output. Complex biomarker patterns can be concealed 

by individual features as diet, age, gender, size, et cetera [20-22]. The 

increased sample complexity is likely to increase the number of structures in 

the data, meaning that important information can be concealed by large 

amounts of unwanted systematic and non-systematic variation. In 

comparison with simpler chemical systems, model descriptors (e.g. 

variation, predictability, reproducibility and validity) are secondary to the 

interpretability of the model. Thus, if the model does not generate useful 

biological and chemical insights, its quality is irrelevant. 

 

In the life sciences, data is normally obtained by sampling in vivo (i.e. 

from living systems), while chemical studies involve in vitro sampling (e.g. of 

reactions conducted in test tubes). This is a rough statement but highlights 

the complexity of the life sciences; many important factors (both known and 

unknown) will be neither controlled nor modeled. The reactions and 

chemical processes that occur in living organisms are generally more 

complex than those conducted in test tubes, and so one can reasonably 

expect to observe complex patterns with multiple biomarkers rather than 

single biomarkers [23]. In an in vitro study, it is possible to monitor and 

compare complete reaction processes, from initiation to completion. By 

contrast, in an in vivo study, samples will typically be collected at various 

stages of the process, making comparisons difficult. 

 

Metabolomics, proteomics, genomics, transcriptomics, and many other 

‗omics‘ fields, are all important fields in modern chemometrics and life 

sciences that center around the investigation of biological and (bio)chemical 
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questions using multiple statistical designs, modeling techniques, statistical 

methods, and analytical platforms [24-27]. 

 

1.2 Modeling 
Models are used to obtain a simplified view of our reality, facilitating both 

interpretation and prediction of the studied properties [28]. Models can be 

built in many ways and to predict many things. Physical models describe the 

behavior of real objects, while conceptual models are more abstract and are 

used to represent ideas. Conceptual models range from mental/philosophical 

models to logical/mathematical models. Mathematical models can be 

divided into sub-categories: fundamental (hard) models represent 

scientifically-stated laws of nature, while empirical (soft) models represent 

knowledge gained from experiments. In chemometrics, empirical models are 

used in order to study general properties of chemical systems [29].  

 

1.2.1 Linear Models 

Linear models are preferred due to their simplicity, which makes it easy to 

summarize and interpret relationships and to make predictions [4, 15, 28]. A 

linear model can be used both for estimating the importance of a variable 

and for predicting the values that will be observed in new samples (eq. 1.1). 

In order to model the true responses, the model error (e) must be accounted 

for (eq. 1.2). For very simple datasets, rough linear functions can be derived 

by visual inspection, using pen, paper, and a ruler to produce a line whose 

slope and intercept reflect the regression coefficients. Variables can be 

described as being ―independent‖ or ―dependent‖. Independent variables are 

used to guide the modeling (e.g. responses and design factors), while 

dependent variables (e.g. analytical data) are observed; their values are 

guided by those of the independent variables. 

 

Linear functions are used both for data with single variables and for 

multivariate data sets, in which case a multi-linear function is obtained. The 

difference is that linear functions use scalars for the linear parameters (k and 

m), whereas these are replaced by vector quantities (b) in multi-linear 

functions (eq. 1.3). In linear functions, the true responses are denoted by y, 

the responses estimated by the model are denoted by yhat, the observed 

variables by x, the linear parameters by k and m, and the residuals by e. 

 

Linear function:  yhat = kx + m   (1.1) 

 

True responses: y = kx + m + e  (1.2) 
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Multi-linear functions:  yhat = Xb =  

= b0 + x1b1 + … + xnbn (1.3) 

 

Linear regressions are generally fitted using various least squares 

approaches to estimate the regression coefficients (b). The principle of least 

squares is that a line (component) is optimally fitted when the total sum of 

all squared residuals (i.e. distances from the observations to the line) is 

minimized. Using squared residuals is beneficial since both negative and 

positive values become positive and large residuals are more heavily 

penalized. In the context of linear regression, linearity refers to the linearity 

in the regression parameters (i.e. coefficients). By extension, non-linearity 

refers to the non-linearity in the regression parameters. For example, the 

responses may increase in one region and decrease in another. It would thus 

be necessary to fit two lines to model both trends, resulting in two sets of 

(non-linear) regression coefficients. 

 

In order to make linear regressions mathematically computable (i.e., the 

inverse data matrix has to be computable according to eq. 1.4) the data must 

satisfy the linearly independent criteria (i.e. none of the variables can be a 

linear combination of the others) [4]. Hence, the data need to have full 

column rank and the variables are assumed to not include measurements 

errors. 

 

bhat = (XTX)-1XTy  (1.4) 

 

In multiple linear regressions (MLR), the ordinary least squares (OLS) 

method is often used [28]. The OLS method is used to model linearity and 

non-linearity in a linear way, using quadratic and interaction terms, etc. 

Hence, the OLS regression parameters are linear. In chemometrics, OLS is 

used for modeling designed data for a few responses. The use of design of 

experiments (DoE) ensures that the linear regression criteria are satisfied, 

since all design variables (X-data) are constructed to be both 

uncorrelated/orthogonal and error-free. 

 

However, some least squares solutions are not optimal when working with 

the data captured by many of today‘s instruments. High resolution 

(chromatographic and spectroscopic) instruments capture information on 

several variables for individual compounds and information pertaining to a 

single variable for multiple compounds. Furthermore, the highly sensitive 

detectors used capture both unwanted non-systematic variations (i.e. white 

noise) and unwanted systematic variations (e.g. background). Data 

containing such variations will not satisfy the linear regression criteria. 
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1.2.2 Pre-treatment of data 

Before conducting a modeling study, it is often necessary to pre-treat the 

data so as to make it compatible with the selected modeling approach [4]. 

One widely-used treatment is to column center the variables. The average 

value for each variable is calculated and subtracted from each observation; 

the result is that the models obtained will be centered on a common point of 

origin (i.e. a zero of coordinates). Column centering thus simplifies the 

estimation of regression coefficients and ensures that the interception 

coefficient (b0) will be zero (eq. 1.5). 

 

yhat = Xb,  b0 = 0  (1.5) 

 

Almost all models use column-centered data because the general aim 

when modeling is to capture the maximum variation within the sample 

cohorts. On the other hand, there are cases where modeling of non-centered 

data is useful. For non-centered data, the position of the density point (of the 

sample cohort) relative to the model origin often defines the major 

structures in the data. Non-centered data can thus be used to estimate 

relative concentrations. Internal standards (which one would expect to be 

detected in equal amounts in all observations) can be used to estimate and 

correct for differences in the relative proportions of other entities that are 

being monitored [30]. Thus, samples with larger scores values (i.e. those that 

are farthest from the model origin) are expected to have higher total 

concentrations. 

 

Scaling the variables is another important technique for the treatment of 

data. Since the objective in modeling is to maximize variation or covariation, 

the variability within variables has to be optimized. It is possible for different 

variables to capture the same relationship but with very significant 

differences in magnitudes. In such cases, the variables with the highest 

magnitudes will be unduly overemphasized in the resulting model. 

 

Scaling generally involves dividing each variable by a function related to 

its standard deviation. Two approaches to scaling are generally used in 

chemometrics: unit variance (UV) scaling and Pareto scaling, although it 

should be noted that scaling is not always used. Unit variance (UV) scaling is 

achieved by dividing each value by the corresponding standard deviation. 

This means that all variables are given exactly the same importance, each 

having a variance of one. This method has the drawback that if noise is 

present, the noisy variables will be given the same weight as more 

informative variables. UV scaling is generally used for data with highly 

informative variables, such as design descriptors and compound 

quantifications. 
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Pareto scaling is achieved by dividing the variables by the square root of 

their standard deviations. It can be regarded as being an intermediate 

between UV scaling and no scaling. The variables with the largest 

magnitudes will still be the largest, but the difference between the largest 

and smallest variables is reduced. Pareto scaling is best used with good 

quality data with relative large quantities (regions) of less-informative 

variables. 

 

No scaling is used for data with complicated/overlapping structures and 

many non-informative or noisy variables. The use of no scaled variables 

produces models that emphasize the most obvious structures in the data and 

are focused on highlighting obvious trends rather than investigating complex 

relationships between the variables. 

 

UV-scaled is used to model correlation, while Pareto and no scaled data 

are all used to model covariation (eq. 1.6 - 17). The correlation is calculated 

to estimate the degree of similarity of two variables. A correlation of one 

indicates perfect correlation and a correlation of zero indicates that the 

variables are orthogonal (unrelated). 

 

Covariation: cov(x, y) = Σ(xi-xmean)T(yi-ymean)/(N-1) (1.6) 

 

Correlation: corr(x, y) =  cov(x, y)/(xstd ystd) (1.7) 

 

1.2.3 Latent variables 

Latent variables (LV) are defined as manifest variables inferred from 

directly observed variables [4]. The aim is to represent the general properties 

of a system with as few latent variables as possible, regardless of the number 

of observed variables. The latent variables are generated as a consequence of 

projecting observations onto model components, representing obvious or 

wanted relationships in the data. In cases where the models are fitted with 

the aim of maximizing either the correlation or the covariation in the data, 

the model components are referred as principal components. Latent variable 

transformations can be performed for both linear and non-linear data. 

 

For example, suppose that two groups (i.e. classes) are observed to be 

clustered around two different points in a box, and that their positions differ 

with respect to all three dimensions of the box (i.e. length, depth and height). 

The first model component is obtained by identifying the vector that 

maximizes the separation between the groups. By projecting the 

observations onto this component, discriminatory trends are collected into a 
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single latent variable. The model thus captures inter-class variation. If the 

box is then rotated so that the discriminatory component is aligned along the 

‗depth‘ axis, trends in the positions of the objects in the two groups can be 

described in terms of the ‗new‘ length and height directions. Trends related 

to intra-class variations can thus be examined in terms of two additional 

(optional) components. In this case, the box variables (i.e. length, depth and 

height) have been transformed into three latent variables, one describing the 

inter-class variations and two describing intra-class variations. The two sets 

of variables describe the same variation, but the second set is designed to 

highlight the variation and facilitate the identification of trends within it. 

 

Stop criteria are generally needed in order to ensure that the latent 

variables primarily capture systematic variation. When the number of latent 

variables equals the number of observed variables, both sets of variables will 

describe all of the same relationships, albeit in different ways. The Kaiser 

criterion can be used as stop criterion, in order to reduce modeling of non-

systematic variations [31]. For models based on variables with equal variance 

(i.e. UV-scaled), principal components with eigenvalues (i.e. component 

lengths) larger than one are retained. Hence, if an eigenvalue is lower than 

one, the latent variable will have less influence on the model than an 

observed variable. In order to efficiently compress (summarize) the main 

features of the data, the resulting latent variables should have a higher 

explanatory degree than the observed variables. 

 

1.2.3.1 Projections 

By projecting observations onto model components, observations are 

transferred from the observed variable space into the latent variable space. 

The modeled relationships are recorded and stored as scores (T). The model 

coefficients (i.e. the angle between each of the observed variables and the 

component) are stored as loadings (P). Scores are multiplied by the 

(corresponding) loadings to define the model (TPT) for the data (X). All 

unmodeled variation is stored as residuals (E) (eq. 1.8). 

 

 X = TPT + E    (1.8) 

 

1.2.4 Modeling basics 

The mathematical notation used in this section is as follows: X refers to 

the data matrix and Y refers to the response matrix. Each matrix can have a 

unique number of columns (i.e. variables). However, all matrices need to 

have equal numbers of rows (i.e. observations). Identical rows have to 

correspond to identical observations. The X matrix is of size [NxK] and the Y 
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matrix is of size [NxM]. The corresponding residual matrices E and F have 

the same dimensions as X and Y, respectively. For a J component model, the 

coefficients (B), loading weights (W and W*) and loadings (P) are have 

dimensions [JxK], while the loading weights (C) and loadings (Q) have 

dimensions [JxM]. The scores (T and U) are both of size [NxJ]. For multi-

block modeling, Y, Z, etc are used for additional data sets. 

 

Unsupervised modeling is used for single datasets (e.g., X or Y), with the 

aim of modeling the maximum variance. Supervised modeling is performed 

pairwise (e.g., X and Y), with the aim of modeling the maximum covariance. 

Multi-block modeling involves the use of strategies for combining several 

data sets, and can be either supervised or unsupervised. Hence, variance can 

only be computed for a single dataset and covariance can only be calculated 

between two datasets. 

 

Direct calibration (classical modeling) involves regressing data (e.g. 

spectra) onto responses (e.g. concentrations) [4]. Assuming that the 

responses are error free, the linear regression criteria are fulfilled. As such, 

least squares methods such as OLS, can be used. Regression coefficients are 

calculated in order to model the data (X) as a function of the responses (Y). 

The direct equations are generally written in the form X = YKT + F. 

 

Indirect calibration (inverse modeling) involves regressing responses onto 

the data [4]. Since analytical data is likely to include significant levels of both 

multicollinearity and noise, indirect calibration methods (e.g. multivariate 

techniques) such as PCA, PLS and OPLS are preferred. Regressions are 

calculated with the intent of modeling the responses (Y) as functions of the 

data (X). The indirect equations are generally written in the form Y = XB + 

E. 

 

For data where the unwanted systematic variation is properly handled, the 

regression coefficients from indirect modeling can easily be linearly 

transformed into regression coefficients corresponding to direct calibration 

[32]. Hence, K=B(BTB)-1. This rotation is generally used to obtain pure 

estimate profiles. 

 

1.2.4.1 Complex data 

In the context of chemometrics, complex data is data for which the 

observed variables are expected to include both wanted and unwanted 

systematic structures as well as non-systematic structures. These unwanted 

variations generally influence modeling in two ways. First, wanted predictive 

structures are confounded with covarying parts related to unwanted sources 
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(e.g. phenomena related to the analytical process used rather than the 

process being studied). Both these unwanted structures and the noise in the 

data might exhibit significant correlations with the responses purely by 

chance. These unwanted structures will influence both the predictivity and 

interpretability of the model. Secondly, wanted predictive structures are 

overlapped by orthogonal (non-covarying) structures, related to systematic 

structures as well noise. These structures can reduce or complicate both the 

model‘s predictivity and interpretability. 

 

1.2.5 Multivariate analysis 

Multivariate Analysis (MVA) methods are used to both observe and 

predict relationships in complex data. Projection-based techniques such as 

principal components analysis (PCA), partial least squares (PLS), and 

orthogonal projections to latent structures (OPLS) are all widely used in 

MVA due to their ability to handle data exhibiting multicollinearity and 

noise. 

 

1.2.5.1 PCA 

Principal Component Analysis (PCA) is an unsupervised projection 

method [33, 34]. PCA is a workhorse of chemometrics due its versatility and 

broad applicability, the simplicity of the models it generates, and ability to 

provide easily-understood overviews of the key relationships in a data set. It 

captures the general systematic properties of a system, highlighting obvious 

groupings, trends, and outliers. The general objective in PCA modeling is to 

maximize the variance within a dataset (i.e. X or Y), for each component. 

The components of a PCA model are referred to as the principal components. 

The models can be used to predict the behavior of unmodeled samples, 

yielding additional scores. This is used in order to test (verify) the observed 

trends. 

 

PCA models can be constructed using multiple algorithms. Those most 

commonly used in chemometrics are non-linear iterative partial least 

squares (NIPALS) and singular value decomposition (SVD) [35, 36]. The 

SVD algorithm is more complicated to calculate than is NIPALS. However, 

with the widespread availability of powerful computers, the choice between 

the two is primarily a matter of taste nowadays. 

 

NIPALS is a sequential method, meaning that the latent variables are 

calculated one at a time, in decreasing order according to their eigenvalues. 

SVD is a non-sequential method, meaning that all latent variables are 

calculated simultaneously. When only a few numbers of latent variables are 
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of interest relative to the total number of observed variables, the NIPALS 

algorithm is generally preferred. 

 

The NIPALS algorithm condenses the X-data into t-scores, p-loadings 

and e-residuals. For each principal component, there is a given set of scores 

with corresponding loadings. The t-scores define the observed relationships 

between observations; the p-loadings define the observed relationships 

between variables. Trends are discerned by examining the scores; the 

influence of individual variables can be assessed by looking at their loadings. 

This makes PCA useful for answering (bio)chemical questions. 

 

The NIPALS algorithm is an iterative process that terminates once a 

predefined criterion has been satisfied. In general, this criterion relates to 

the difference between the two most recently-calculated scores vectors; when 

this difference is less than some given value (e.g. 10-10), the iteration stops. 

The algorithm is also terminated if large amounts of non-systematic 

variation are obviously being captured. 

 

PCA is generally referred as a data compression technique (i.e. noise 

filtration method). The compression ratio is quite high, since large amounts 

of systematic variation are captured by a few principal components. Since all 

principal components are uncorrelated, data compressed by PCA satisfies 

the MLR criteria. The T-scores are therefore used to represent the systematic 

structures in the data because the inverse matrix ((TTT)-1) is computable. 

Partial least squares regression (PLSR) is a method that employs PCA 

compressed data to make the ordinary least squares equations (i.e. multiple 

linear regressions) solvable [4].  

 

1.2.5.2 PLS 

Partial Least Squares (PLS) regression, also known as Projections to 

Latent Structures, is a supervised projection method [37, 38]. The difference 

between PLS and PCA is that, PLS maximizes the covariance between two 

sets of data (i.e. X and Y) while PCA maximizes the variance within a single 

dataset. Hence, the components of a PLS model are rotated in order to 

maximize their relationships to the responses. Since both X and Y data are 

modeled by latent variables, PLS is referred to as a bilinear modeling 

technique. 

 

The PLS regression is computable in different ways [39]. Most commonly 

used are the PLS algorithms presented by Wold and Martens [4]. The Wold 

algorithm, known as the (PLS) NIPALS algorithm, utilizes orthogonalized 

PLS factorization, meaning that no collinearities are found in T-scores. The 
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Martens PLS algorithm utilizes non-orthogonalized PLS factorization, 

meaning that the T-scores will include collinearities. These two PLS 

algorithms are identical in the way they fit the first principal component. 

Also, as long the inner relationships (i.e. the relationships between t and u-

scores) are identical, the other components of both models will also be 

identical for additional components. However, for complex data, the 

additional components will differ. 

 

The PLS-modeled XY-covariance is summarized by the t and u-scores 

(i.e. the inner relation). The t-scores represent the covarying structures from 

the X-data. For complex X-data, the t-scores will also include Y-orthogonal 

structures. The same goes for the Y-data, for which the u-scores (equal with 

the y-vector for single responses) might also include X-orthogonal 

structures.  

 

The loadings define the relationships between the observed variables and 

the model component. The w-loadings (i.e. loading weights) are estimated 

by projecting the X-data onto a response vector (i.e. the y-vector or u-

scores), while the p-loadings are estimated by projecting X-data onto the t-

scores. The NIPALS algorithm deflates modeled variations from X-data 

based on t-scores and p-loadings (eq. 1.9), while the Martens algorithm 

utilizes t-scores and w-loadings (eq. 1.10). Both PLS models estimate the 

covarying Y-structures on the basis of t-scores and c-loadings (eq. 1.11). 

 

NIPALS PLS model of X-data: X = TPT + E (1.9) 

 

Martens PLS model of X-data: X = TWT + E (1.10) 

 

PLS model of Y-data: Y = TCT + F  (1.11) 

 

It is hard to say which of the two PLS techniques is best, and is largely a 

function of personal taste. However, one should be aware of the differences 

between these two models. The orthogonalized PLS model deflates both 

covarying and overlapping orthogonal structures from the X-data. The non-

orthogonalized PLS model deflates only the covarying structures. However, 

the non-orthogonalized PLS model tends to overestimate the predictive 

structures (i.e. noise will be divided into y-predictive and y-orthogonal 

structures). 

 

Both the NIPALS PLS and the Martens PLS generates orthonormal (i.e. 

orthogonal and normalized to the length of one) loading weights (w). The 

advantage of the Martens PLS is that it generates straightforward 

relationships between the w-loadings and the regression coefficients (i.e. 
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B=WCT). For the NIPALS PLS, the p-loadings are always equal to or larger 

than the w-loadings, meaning that the TP-model deflates larger amounts of 

variation (i.e. modeled space) than does the TW-model (eq. 1.12). Therefore, 

the inequality between p-loadings and w-loadings has to be corrected for in 

order to calculate the regression coefficients (i.e. B = W(PTW)-1CT). The 

transformation of the w-loadings is defined as w*-loadings (W* = W(PTW)-

1); the transformed loadings are used as regression coefficients for predicting 

t-scores from X-data. For this reason, the w*-loadings are favored (over the 

w-loadings) for interpreting the predictive structures. For the first model 

component, the w-loadings are identical to the w*-loadings. For the NIPALS 

PLS, all t-scores and w-loadings are necessarily orthogonal. This is not the 

case for either the p or the w*-loadings. However, the p-loadings (but not 

the w*-loadings) are orthogonal to all previously-fitted w-loadings. 

 

 TPT = T(W+Wo) T = TWT + TWo
T (1.12) 

 

1.2.6 Orthogonal variation 

Orthogonal variation was introduced as a concept in the late 1990s, 

alongside the orthogonal signal correction (OSC) method [40, 41]. The OSC 

method was presented as a filtration method that could either complement 

or replace traditional signal correction methods such as multiplicative signal 

correction (MSC) and the standard normal variate (SNV) transformation. 

The primary purpose of OSC was to facilitate the interpretation of predictive 

variation. While traditional filtration methods were (and are) useful and 

often necessary, it is not always clear what kind of systematic variation 

(predictive or orthogonal) they are filtering out. The immediate benefits of 

OSC filtration prompted the development of several related methods with 

similar purposes. These new methods were mainly referred to as OSC 

methods. 

 

Today, orthogonal projections to latent structures (OPLS) has refined the 

view of orthogonal variation, opening up a paradigm shift within 

chemometrics [42, 43]. The objectives of modelers have shifted from mainly 

focusing on predictive power towards focusing on information exchange. Of 

course, the selling point of linear modeling has always been the ease of 

interpreting the models generated. Traditionally, interpretation is done to 

pinpoint variables that demonstrate the model‘s good predictivity. This has 

gradually changed; nowadays, it is generally done with the aim of identifying 

the underlying causes of the relationships identified by the model, thus 

increasing information exchange [44]. The power of the OPLS method has 

been demonstrated through its applications in the modeling of complex 

relationships, particularly in the context of modern life science research [45]. 
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The OPLS model is often presented as a hybrid that combines PLS 

modeling with OSC filtration [46]. However, a more proper definition would 

be that OPLS modeling combines the benefits of both PLS modeling and OSC 

filtration. In particular, there is a significant difference between OSC and 

OPLS in terms of the filtration of orthogonal variations. While the OSC 

method uses a rather crude filtration that primarily removes non-predictive 

variation, the OPLS model filters out the orthogonal structures which 

overlap the predictive structures. This means that OPLS modeling separates 

the orthogonal variations into overlapping orthogonal variations and non-

overlapping orthogonal variations. This can be an important distinction: 

overlapping orthogonal variations stem from experimental/analytical issues 

such as time trends, calibration transfers, and detection limits; non-

overlapping orthogonal variations relate to as yet unidentified biochemical 

trends [47]. 

 

OPLS can also be regarded as combining the strengths (or correcting the 

weaknesses) of both the Wold/NIPALS PLS and the Martens PLS. The 

obvious difference between the PLS techniques are the ways in which they 

handle loadings, which is reflected in the structures in the X-data that are 

modeled [4]. Remarkably, it is not optimal to construct PLS models using 

either the p-loadings (Wold PLS) or the w-loadings (Martens PLS). The p-

loadings capture overlapping y-orthogonal structures, while use of the w-

loadings results in overestimation of the predictive structures. Even if w-

loadings might seem the better option, their use does not guarantee that the 

model will include only the wanted predictive structures.  

 

Focusing on the differences between p and w-loadings highlights the 

influence of unwanted systematic structures and non-systematic variations. 

The OPLS technique offers a strategy to both capture and correct for these 

unwanted variations, meaning that the resulting predictive pp-loadings will 

be similar to the w-loadings. Hence, only variations related to noise are 

expected to differ. This optional information is crucial for increased 

understanding of the complex structures present in the data. The 

information so obtained is also important in order to improve study designs 

and for selecting appropriate data treatments. The predictive p-loadings (i.e. 

pp-loadings) of OPLS are the tools for presenting Y-predictive variations in 

X-data. Hence, the pp-loadings represent the systematic structures in X-

data, while the w-loadings represent the structures of optimized predictions. 

 

If one considers the Y-predictive structures alone, the performance of 

OPLS is comparable to that of other PLS-based target rotation techniques. 

Target rotation, based on the Martens PLS algorithm and later referred as 
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target projection (TP), was initially introduced in the late 1980‘s [48, 49]. 

The objective of TP was to make a single score vector proportional to the 

response, revealing the predictive variation in complex data. Projected 

orthogonal signal correction (POSC), based on the NIPLAS algorithm, is a 

target rotation technique similar to TP [42]. However, POSC and TP differ 

widely from OPLS in terms of the orthogonal variations modeled. While 

OPLS separates the orthogonal variation into two parts, both TP and POSC 

generate a single set of orthogonal variation. POSC uses principal component 

analysis (PCA) decomposition of the residuals to model the orthogonal 

variation. Analogously, X-tended target projection (XTP) uses an identical 

strategy, generating the orthogonal variations by PCA modeling of the TP 

residuals [50]. 

 

O2PLS is the two block version of OPLS, with bidirectional predictivity 

[51, 52]. While OPLS models the responses sequentially, O2PLS models all 

data simultaneously. O2PLS and OPLS differ also in the way orthogonal 

variations are handled. O2PLS resembles POSC and XTP in that it models 

the non-predictive (i.e. unique) variations from each data block (by PCA) in 

order to capture orthogonal variations. Recently, OnPLS has been presented 

as a multi-block method that is equivalent to O2PLS but which extends to 

more than two matrices [53]. OnPLS estimates the joint variations 

simultaneously, based on all possible pairwise block combinations. 

 

PLS post-processing by similarity transformation (PLS+ST) is an 

alternative method for calculating OPLS [54]. The difference relates to the 

origin of the modeling technique: OPLS is based on the Wold PLS algorithm, 

while PLS+ST is based on the Martens PLS algorithm. Since there are many 

alternative ways of calculating PLS (within the framework of linear algebra), 

it is reasonable to expect that additional OPLS algorithms will be developed 

in the future [55, 56]. 

 

A common misconception is that OPLS modeling performs better than 

PLS modeling in terms of predictivity [57]. This is definitively not the case. 

OPLS modeling was shown to have the same predictive power as PLS 

modeling at an early stage in its development [58]. As long as different 

models capture roughly identical amounts of variation, their predictive 

power will be fairly similar. Of course, there will be specific cases in which 

OPLS will outperform PLS and vice versa [59]. However, these differences 

will stem from differences in the models being compared rather than the 

modeling techniques themselves. Even OPLS models will perform differently 

when the number of components, scaling, transformations, training set 

selections, et cetera is changed [60]. 
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Kernel-OPLS was introduced as an OPLS based technique whose primary 

purpose was to optimize the model‘s predictivity, at the expense of 

interpretability [61, 62]. The kernel-OPLS uses various functions to 

transform the observations. This means that interpretation is very difficult 

because observations are not directly comparable, and linear structures in 

the kernel space are non-linear in the observational space. Even if kernel-

OPLS is a latent variable-based model it is regarded as being non-linear due 

to the kernel transformations.  

 

1.2.6.1 Unwanted variations in PLS 

Both unwanted systematic and unwanted non-systematic variations 

influence the outcome in PLS modeling. As the number of overlapping 

(unwanted) structures and the extent of their overlap increases, the 

information exchange will decrease. For error free data, as shown in Figure 

1a, the p-loadings are identical to the w-loadings. This is highly desirable 

because it means the X-data will not include Y-orthogonal variations.  

 

In Figure 1 illustrate the effects from overlapping y-orthogonal and y-

covarying structures, demonstrating the way they complicate the 

interpretation of PLS models with respect to p and w-loadings. Looking at 

the y-orthogonal structures (Figure 1b), the w-loadings indicate that all 

variables have equal predictive power. However, the rotated t-scores (i.e. the 

inner relationships between t and u are rotated), suggest the presence of 

differences between the p and w-loadings. That is, the p-loadings include 

the overlapping y-orthogonal structures. 

 

For cases where both y-predictive and y-orthogonal structures are 

included (e.g. noisy data), the w-loadings suggest that the variables differ in 

importance (Figure 1c). Due to the rotation of the t-scores, the resulting p-

loadings won‘t be identical to the w-loadings in this case either. The 

difference between p and w-loadings is attributable to the additional y-

orthogonal structures; the y-predictive structures related to the overlapped 

structures are captured by w-loadings, whereas the p-loadings capture both 

the y-orthogonal and the y-predictive structures. 

 



 

25 

 
 

Figure 1: PLS models generated using a) designed (error free) data b) data 

containing y-orthogonal structures included and c) data containing both y-

predictive and y-orthogonal structures. For b-c, the X-data was combined with 

unwanted data (Xo), yielding new X-data. All of the columns in the X-data were 

mean centered. 

 

Additive and multiplicative effects influence PLS modeling in different 

ways (Figure 2). For multiplicative effects (Figure 2b), no difference between 

p and w-loadings is observed. All variables are multiplied by exactly the 

same factor and so the existing structures are overlapped by identical 

structures that differ from their predecessors only in magnitudes. 

Consequently, scaling data does not introduce additional systematic 

structures. By contrast, additive effects (Figure 2c) result in the introduction 

of unwanted offsets that give rise to additional structures. That is, offsets 

have different effects on different variables. As a result, the p and w-loadings 

will be changed. From the deflation of the orthogonal structures (by OPLS) it 

is seen that unwanted features (i.e. spillover effects) are found in the data, 

and so all variables can be used to separate the two groups. For both additive 

and multiplicative effects (Figure 2d), structures related to additive effects 

are corrected for while structures related to multiplicative effects can‘t be 

corrected for. 
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PLS based modeling can‘t be used to distinguish wanted y-predictive 

structures (i.e. sought chemical information) from unwanted y-predictive 

structures (i.e. covarying experimental variation). This means that spectral 

corrections should be performed when obvious amounts of additive and/or 

multiplicative structures are present in data. Notably, one should keep in 

mind that correction methods are not flawless, since none of those methods 

ensures optimal handling of unwanted structures [63]. As such, the use of 

correction methods might actually complicate interpretation of the model. 

 

 
 

Figure 2: Ten samples equally divided into two classes and subjected to PLS-

modeling, using a) error free data, b) data including multiplicative effects, c) data 

including additive effects, and d) data including both additive and multiplicative 

effects. In the ‘Data’ column, class 1 (y=1) is shown by dashed black lines while class 

0 (y=-1) is shown by grey lines. In the ‘Loadings’ column, the w-loadings (which are 

identical to the pp-loadings) are shown as black lines, the p-loadings are shown as 

dashed black lines, and the po-loadings are shown as dash-dotted grey lines. In the 

‘OPLS-corrected Data’ column, the data plotted after the orthogonal structures were 

removed. In the ‘Scores vs. Responses’ column, the t-scores are plotted as a function 

of the responses (y). Class 1 is shown by black dots and class 0 is shown by grey 

dots.  
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1.2.6.2 OPLS Algorithm 

Orthogonal projections to latent structures (OPLS) separates the variation 

into three distinct parts: predictive variation, (overlapping) orthogonal 

variation, and residuals. Moreover, the unmodeled systematic variation 

(which remains in the residuals) can be modeled by PCA, yielding non-

overlapping orthogonal variations. The OPLS model deflates overlapping 

orthogonal systematic variation from the X-data into a separate orthogonal 

dataset (Xo). The ToPo
T-space is completely separated from the TpPp

T-space 

(and also the TpWp
T-space). The model components for the orthogonal and 

predictive spaces might be correlated, although they cannot be equal. Hence, 

the po-loadings can be similar to both the pp and the wp-loadings. All t-

scores (tp and to) are orthogonal to each other due to the deflation of ToPo
T 

(and not ToWo
T). 

 

The OPLS technique is described for a single y vector[64]. The first five 

steps are identical for the NIPALS PLS. 

 

1.  w = XTy(yTy)-1 

2.  w = w(ǁwǁ)-1  (w is orthonormal) 

3.  t = Xw 

4.  c = yTt(tTt)-1 

5.  p = XTt(tTt)-1 

--------------------------------------------- 

6.  wo = p-w(ǁp-wǁ)-1 

7.  to = Xwo 

8.  po = XTto (to
Tto)-1 

9.  XE = X - topo
T 

10. Return to step 1 and use X = XE. 

 

OPLS model of X:  X = TpPp
T + ToPo

T + E (1.13) 

OPLS model of Y:  Y = TCT + F  (1.14) 

 

The main objective in OPLS is to maximize both the covariance (i.e. 

interpretability) as well as the correlation (i.e. predictivity). For a single y 

vector, this can only be achieved for one (predictive) component models. For 

further details on this subject see [64]. 

1.2.6.3 Orthogonal Signal Correction 

The orthogonal signal correction (OSC) method was introduced by Wold 

et al for the purpose of dealing with issues that are not well handled by the 

common spectral correction methods such as MSC, SNV, smoothing, 

derivatives, et cetera [40]. Ideally, OSC should remove only the non-

predictive structures from data. It is a comparatively straightforward 
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technique based on non-orthogonalized (Martens) PLS modeling of Y-

orthogonal responses to remove non-predictive structures from the data. 

However, use of this method does not guarantee the removal of the 

maximum possible y-orthogonal variation. Fearn and Hösköldsson 

presented alternative OSC algorithms that improve upon this [65, 66]. 

However, since the original OSC method works quite well, it has been 

frequently used in both chemometrics and spectroscopy. 

 

1.2.7 Orthogonal variation and its applications 

The analysis of orthogonal structures can provide important insights into 

the origins and causes of the observed experimental variation, facilitating the 

interpretation of information related to the analytical chain, the 

instrumental setup, and the design of the study, amongst other things. The 

information so obtained can support and strengthen the study‘s conclusions. 

In order to properly assess the quality of the data obtained in any study, 

efforts should be made to interpret the orthogonal structures. The OPLS 

technique has proved valuable in several studies because of its ability to 

handle overlapping orthogonal structures. Moreover, the fact that it 

generates easily-interpreted results is particularly useful when seeking to 

determine the influence of specific experimental variations; it is to be 

expected that orthogonal structures related to the experimental variation will 

be identified in any data set obtained in life sciences research, making OPLS 

valuable in such contexts. 

 

OPLS has been used to re-analyze data obtained in previous studies, both 

to re-assess the validity of the initially-drawn conclusions and to obtain new 

insights. Stenlund et al (Paper I) used the OPLS technique in order to re-

examine data from a PLS based study conducted by Berntsson et al [67], 

concerning the transfer of calibration data between NIR instruments. 

Analysis of the orthogonal structures in the data supported the original 

authors‘ conclusions and also revealed the origins of the observed 

instrumental differences. 

 

OPLS modeling is especially well-suited for use in quality control 

evaluations of experimental protocols. Wiklund et al [45] used OPLS to 

identify the origins of some apparent bio-chemical and phenotypical 

differences that had been observed between transgenic and wild type poplar 

trees. Analysis of orthogonal variation revealed that the data exhibited 

systematic bias related to the experimental procedure used when scraping 

the xylem tissue, which primarily affected the observed levels of sugars and 

energy metabolites. 
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OPLS is also useful in multi block and hierarchical modeling. Eriksson et 

al [68] used three different spectroscopic techniques (NIR, IR and Raman 

spectroscopy) to study mixtures of varying proportions of five different 

carrageenans. Analysis of the orthogonal variation in the data (i.e. that 

unrelated to the relative proportions of the carrageenans) revealed that the 

data acquired on the third day of measurements had been adversely affected 

by moisture. This finding was confirmed by the observation that this drift 

effect was only apparent in the NIR and IR spectra. 

 

The interpretability of OPLS modeling has also proven crucial for selecting 

representative models. In a large comparative study, published by the MAQC 

Consortium in Nature biotechnology [59], OPLS was the most effective 

single method examined. Notably, the PLS model was in the bottom 25% in 

this comparison, which raises a question: how is this possible, given that 

these two methods had the same predictivity in this case? The answer lies in 

the procedure used when selecting the representative model; the orthogonal 

structures analyzed by OPLS provide additional information regarding 

preprocessing, scaling, observation and variable selection, and model 

complexity, all of which influence the accuracy of the final predictive model. 

 

1.2.8 Discriminant Analysis 

Discriminant analysis (DA) is a very simple strategy for using PLS based 

modeling to maximize the separation between groups or classes [69]. A 

dummy matrix is set up by class descriptors (i.e. variables), one for each 

given class. If a sample belongs to the given class, it is given a value of one 

(1), otherwise it‘s given a value of zero (0). The dummy matrix has a number 

of rows that is equal to the number of observations and a number of columns 

equal to the number of classes. 

 

It should be noted that using a single column vector as a multi class 

descriptor is not valid. The PLS models are therefore constructed with the 

classes arranged in increasing order rather than to maximize the separation 

between classes. 

 

1.2.9 Model statistics 

Statistics are needed in order to establish that the observed relationships 

provide valid information [15]. The model might give rise to rather unclear 

or even spurious predictions, since a model is a heavily simplified 

representation of reality. There are several methods for estimating the 

accuracy (or overfit) of a model. Jack-knifing and bootstrapping are both 

commonly used, and are described as resampling methods [70]. Jack-knifing 
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removes subsets from the original dataset, prior to the fitting of sub-models. 

Bootstrapping generates a number of new datasets, built by random 

selection from the original dataset. Both methods are used to create a 

training set (used to fit the model) and a test set (used to validate the model) 

from a single dataset. 

 

Cross validation (CV) includes strategies on how to estimate the predictive 

precision, using a number of sub-models [71, 72]. CV is used for internal 

validation purposes meaning that observations are used both in the fitting of 

the model as well to estimate of its predictive precision. In the SIMCA-

P+[73] software package, the default way to perform CV is by using seven 

sub-models, where all cells in the data matrix are excluded once [17, 18]. For 

PLS modeling, removal is done in a row-wise fashion; for PCA modeling, 

removal is done diagonally. Model diagnostics can be calculated on the basis 

of each subset. By summarizing the outcome of the sub-models, the quality 

of the model is estimated. External validation is performed using 

observations excluded from all steps in the modeling, i.e. using data that was 

not used in the construction of the original model or in the sub-models. It is 

preferable to have as large an external dataset as possible because the 

availability of a large external validation set increases the reliability of the 

model diagnostics. 

 

In multivariate analysis, estimations of the model diagnostics are obtained 

by means of partial or full cross validations [4]. Partial CV estimates the 

predictive precision for each fitted component separately. Full CV is 

performed with respect to the complete model (i.e. all previously fitted 

components). Both methods give valuable information about the model. 

However, model diagnostics estimated from partial CV should not be 

expected to provide identical values to those obtained by full CV. 

 

The predictive precision of a model is defined as the goodness of 

prediction (Q2), based on cross validation (eq. 1.15). For PLS modeling, 

Q2(Y) gives the accuracy of the predicted Y-data. Q2 values of one (1) reflect 

perfect predictive precision while values equal to or below zero (0) indicate 

that a random guess is probably more accurate than the model outcome. The 

rank of a model (i.e. the number of significant components) is generally 

based on the Q2-values. For cases where the cumulative Q2 decreases, the 

model is said to include non-systematic variations (i.e. noise). Hence, the 

algorithm is terminated and the last (non-significant) component is 

excluded. There are different ways to estimate the model rank, which often 

yield different numbers of components [74]. 
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The amount of modeled variation is defined as the goodness of fit (R2) (eq. 

1.16-1.17). R2 is based on the model components, i.e. it does not utilize CV. 

An R2 value of one (1) indicates that all variation in the data is modeled; a 

value of zero (0) means that no variation in the data is modeled. The PRESS 

is the predictive error sum of squares [17, 18]. PRESS is estimated from cross 

validation data, where all excluded observations are predicted by the 

appropriate sub-model and compared to the true response. SS(Y), SS(X), 

SS(E) and SS(F) are the sum of squares for the Y, X, E and F-data, 

respectively. 

 

Goodness of prediction: Q2(Y) = 1 - PRESS/SS(Y) (1.15) 

 

Goodness of fit: R2(X) = 1 – SS(E)/SS(X)  (1.16) 

 

Goodness of fit: R2(Y) = 1 – SS(F)/SS(Y)  (1.17) 

 

For external validation data (i.e. the test set), the predictive precision is 

defined by the validation error (RMSEP). RMSEP is the root mean square 

error of prediction, calculated for the complete model. However, in order to 

make the RMSEP values informative, it should be considered alongside the 

calibration error (RMSEE). The RMSEE is the root mean square error of 

estimates, calculated for the training data and for the complete model. In 

cases where the RMSEP and RMSEE do not decrease further, the optimal 

number of significant components (i.e. model rank) is obtained. Also, 

additional components might cause the RMSEP value to increase, indicating 

model overfitting. 

 

1.2.10 Variable selection 

Variables are generally selected with the aim of improving both 

predictivity and interpretability [28, 75, 76]. The main objective when 

selecting variables is to avoid model overfitting. Since a model is based only 

on selected observations, it may not reproduce the behavior observed in all 

cases. The overfitting of data will thus result in poor predictive precision for 

additional observations and the model will not fulfill its purpose. 

 

The inclusion of additional (noisy) variables increases the predictive 

precision of the model; however, it might be at the expense of its 

interpretability. Consequently, only variables with obvious predictive 

contributions should be kept, while all other variables are excluded. There 

are many ways to decide which variables to select, all of which have different 

pros and cons. A classic chemometrics approach is to use significance testing 

based on cross validation data. For each variable, a confidence interval is 
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estimated based on a significance level (generally 95%) [17, 18]. For 

confidence intervals including the zero values, the variables are seen as non-

significant. Hence, those variables are equally likely to have positive or 

negative correlations with the responses. 

 

PLS modeling is sensitive to significant levels of both unwanted systematic 

structures and non-systematic variations. Hence, these unwanted structures 

will clearly influence the modeling, resulting in reduced predictive precision. 

The easiest way of dealing with variables capturing large amounts of 

unwanted variation is to simply remove them from the data. It is notable that 

while this significantly improves the model‘s diagnostics, it presents a clear 

risk of losing important information. 

 

OPLS modeling offers a way of removing the overlapping (confounded) 

systematic Y-unrelated variations from data while retaining all variables. 

This means that if the noise levels are low, no variable selection will be 

necessary. However, both noise and additional systematic variation are likely 

to co-vary with the responses. For such data with large amounts of unwanted 

variation, removal of the unwanted variables will be preferred. 

 

1.2.11 Outliers 

Outliers are defined as observations that deviate from the norm and from 

expectations [77]. Outliers that have little effect on the modeling are referred 

to as moderate outliers. Moderate outliers are in general retained since they 

do not noticeably affect the modeling outcome. Outliers with large influence 

on modeling are referred to as strong outliers. Strong outliers are generally 

removed from the data because they have a pronounced effect on the model 

outcome. However, removing complete observations from training data is 

not always desirable. Hence, for data with fewer observations than variables, 

the model rank will be reduced. In such cases, removal of variables might be 

preferable.  

 

Importantly, all removals of either observations or variables should be 

well supported by proper analytical knowledge in order to avoid fatal 

mistakes. The general objective of removing observations from data is not to 

improve the model‘s diagnostic values but to select valid representatives of 

the data or phenomenon being modeled. Since all individuals have unique 

features, this should be reflected in the models. 
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1.3 Spectroscopy 
Spectroscopy is the study of interactions between matter (e.g., 

compounds, molecules, and atoms) and radiated energy (e.g., light) [78]. The 

resulting variation in radiated energy is collected as spectra. For each 

radiated frequency (e.g. wavelength or wavenumber), corresponding 

intensity values (e.g. absorbance) are recorded. The absorbance is defined as 

the optical density of a sample, and is generally estimated from the 

transmittance, using the Lambert-Beers law (eq. 1.18). The transmittance is 

estimated from the ratio of the intensity of the light passing through a 

sample (I) to the intensity of the incident light (I0): T=I/I0.  

 

Absorbance: A(λ) = log10(I0/I)  (1.18) 

 

Vibrational spectroscopy, such as near infrared (NIR) and Fourier 

transform infrared (FTIR), are popular techniques due to their ease of use 

and low cost, and the speed with which analyses can be performed. The 

techniques are generally nondestructive, which is useful in that it allows the 

sample to be reused, either in complementary analyses or in resampling for 

validation purposes. Infrared (IR) spectra are acquired at frequencies in the 

range of 0.8 to 1000 µm (or equivalently, 14000 to 10 cm-1) [79]. The Near-

IR spans the range from 14000 to 4000 cm-1, the Mid-IR is between 4000 

and 400 cm-1, and the Far-IR is between 400 and 10 cm-1. The frequency of 

visible red light is ~700 nm; the Near-IR region starts where the visible 

region ends. NIR analyses use incident light in the Near-IR frequencies; 

FTIR spectroscopy focuses on the Mid-IR regions. 

 

NIR spectra are more complex than their FTIR counterparts because of 

the overtones [80]. FTIR spectra contain almost exclusively excitations 

arising from fundamental vibrations, i.e. those arising from absorption by 

molecules in the vibrational ground state. The NIR spectra reflect excitations 

from both fundamental vibrations and overtone vibrations. While both types 

of vibration stem from the absorption of photons with specific frequencies 

(resulting in the excitation of the molecule into a higher vibrational state), 

overtone vibrations differ from fundamental vibrations in that they involve 

the absorption of twice as much energy, exciting the molecule into a 

significantly higher vibrational state. Further, bands will also occur from 

combinations of different (fundamental) vibrations [80]. The number of 

combinations (i.e., peaks) is due to the number of fundamental absorptions 

and the multiples of these absorptions. As such, the spectra contain many 

peaks that arise from vibrational combinations or overtones. These 

phenomena make IR spectra hard to interpret, especially NIR spectra. 
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Vibrations of specific functional groups are only visible in IR spectra if 

they cause a change in the molecule‘s dipole moment; vibrations that do not 

cause such changes are said to be ‗silent‘. In general, symmetrical stretches 

are silent but asymmetrical stretching and scissoring is visible in the IR. 

Consequently, not all molecules are visible by NIR and FTIR spectroscopy 

(notably N2 and O2 are IR-silent). In some cases, complementary techniques 

such as Raman spectroscopy can be used to observe IR-silent vibrations. 

 

The interpretation of IR spectra becomes increasingly difficult as the 

complexity of the samples increases [81, 82]. This is illustrated by the fact 

that the carbonyl groups of acetic acid (CH3COOH), acetone (CH3COCH3), 

and methylethylketone (CH3COC2H5) give rise to C=O stretches at three 

different frequencies in the region between 1710 and 1740 cm-1. However, the 

spectrum of a mixture of these three compounds does not contain three 

different CO-peaks; instead, a single broad peak is observed that arises from 

all three compounds. That is to say, in this case, the information is not just 

overlapped, it is also confounded. 

 

Light scattering effects and background effects are present in almost all 

spectra. Light scattering means that the trajectory of the light is affected by 

the medium or sample, reducing the detected intensity of the passing light. 

Background effects are related to the medium, and are generally discounted 

by subtracting a previously-acquired background signal, collected from an 

empty or reference sample, from the sample signal. 

1.3.1 Hyperspectral imaging  

Hyperspectral images are constructed in the same way as color images, 

using layers of information [83, 84]. A color image is created by overlaying 

three different layers (e.g., red, green and blue); similarly, hyperspectral 

images are built from a multitude of layers. For IR-based imaging 

techniques, each layer corresponds to the intensity of one spectral band (i.e., 

wavelength or wavenumber), or to the intensity ratio of bands. Multivariate 

modeling of hyperspectral images is included within the concept of 

multivariate image analysis (MIA) [85, 86]. 

 

In order to collect IR-images, spectra are collected either using detectors 

that (point or line) scan the sample area or with focal plane arrays (FPA) that 

use multiple detectors simultaneously [87]. The drawback of scanning is that 

the analysis is rather time-consuming, while FPA can be complicated by 

between-detector differences. 

 

The spatial resolution of the image is related to the frequency of the 

incident light. For IR imaging, the resolution will be a function of the 
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wavelength of the light and the numerical aperture of the optics [88]. For 

example, for our FPA-FTIR setup the maximum resolution is approximately 

5×5µm and the minimum resolution is approximately 20×20µm for the 

spectral region 800-4000 cm-1. This means that images will suffer from 

averaging effects at lower wavenumbers. 

 

The section-by-section analysis of samples at specific spatial positions, 

will introduce another type of unwanted effect. Since both the sample 

texture/density and irregularities introduced during drying (such as fringes 

and edging) will affect the trajectory of the light, scattering effects will be 

prominent [89-91]. This is why false positive values are often observed in 

‗empty‘ pixels in FTIR imaging. 

1.3.2 Signal corrections 

Signal correction is used to remove background and light scattering effects 

as well noise. Specific functions are used to filter out unwanted additive and 

multiplicative effects and non-systematic variations. The objective of spectral 

correction is generally to make the data pleasant to the eye, meaning that it 

is up to each researcher to decide what the spectra should look like [40]. 

However, since most of the methods are unsupervised, both predictive and 

unknown structures are filtered out. This will influence the modeling 

outcome [92]. 

 

Light scattering effects and density-related effects give rise to obvious 

additive and multiplicative effects. Thus, spectra of identical samples might 

have peaks with different intensities and magnitudes. Such features are 

generally filtered out by either multiplicative signal/scatter corrections 

(MSC) or standard normal variate (SNV) transformations. The MSC 

estimates an average spectrum, used as reference for all other spectra [93]. 

By optimizing the linear relationship between the reference spectra and the 

spectra to be corrected, an offset (b0) and a slope (b1) are estimated. Hence, 

the corrected spectra are obtained by subtracting the offset from the 

recorded spectra and then dividing by the slope (eq. 1.19). The SNV corrects 

all spectra individually [94]. First, the average value is subtracted. Secondly, 

the spectral variance is set to one by dividing each spectrum by the standard 

deviation (eq. 1.20). Thus, in this case, SNV and UV-scaling are equivalent. 

 

MSC:  xmsc = (x – b0) / b1   (1.19) 

 

SNV: xsnv = (x – xmean) / xstd  (1.20) 

 

Noise removal is generally accomplished using either Savitzky-Golay or 

low pass filtering. The Savitzky-Golay method uses a polynomial function to 
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smooth the signal [95]. The function can be regarded as an averaging filter 

for sub-ranges of the spectra, specified by the user. Band pass filtering uses 

the frequencies of the signal [96]. Since true peaks are much broader than 

the variations due to noise, higher frequencies are filtered out to smooth the 

spectra. 

 

Signal correction can also be achieved by means of transformations or by 

variable selection. For example, transformations can be performed using 

either derivatives or frequencies (i.e. Fourier transformations). Both first 

and second order derivatives are efficient for filtering out additive effects 

[97]. However, they can also greatly amplify noise. For Fourier 

transformations, only the information related to wavelengths is 

redistributed. Noise and background effects are therefore removed using 

band pass filtering [98]. For cases where the major variations in spectra 

stem from multiplicative and additive effects, principal component analysis 

(PCA) can be used [99]. However, PCA is an unsupervised method, which 

implies that it may remove other structures as well.  

 

Extended Multiplicative Signal Correction (EMSC) is a model-based 

method designed to filter out additive and multiplicative effects as well as 

wavelength-dependent effects (eq. 1.21) [100]. It is a supervised MSC 

method that uses singular value decomposition (SVD) to deal with the 

collinearity problem for model parameter estimations. It is important to be 

aware of the differences between EMSC and the OSC/OPLS methods. 

Notably, even if the method filters out orthogonal variations, the orthogonal 

structures are predefined by the EMSC method (i.e. depends on the 

wavelength λ). 

 

EMSC:  xemsc = (x – b0 – d1λ – e1λ2) / b1  (1.21) 
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2 Results and Discussion 

This chapter discusses the results and conclusions presented in Papers I-

IV. The papers focus on presenting the results obtained; by contrast, this 

section aims to clarify how things worked and the questions raised in the 

course of the work. All of the papers centered on the use of OPLS in the 

modeling of spectroscopic data. In Paper I, the benefits and applications of 

orthogonal variations are discussed. Paper II discusses predictive variations 

and individual responses. OPLS was used to generate a model with improved 

interpretability (highlighting biomarker patterns) and predictions. In 

Papers III and IV, the orthogonal variations in hyperspectral images are 

discussed. Paper III describes the development of an OPLS-based 

methodology for the analysis of hyperspectral data collected from biological 

samples; Paper IV discusses the application of this method to wood 

samples.  

 

2.1 Paper I: OPLS facilitates interpretation of models  
In this study it was showed how overlapping variations influence the 

outcome in multivariate analysis. The first example, utilizing simulated data, 

was performed in order to illustrate the origin of scores rotations, which are 

frequently observed in PLS modeling. This was illustrated by gradually 

increasing the covarying patterns between two overlapped profiles. For the 

PLS models, all p1-loadings appeared more or less identical. This implies 

that all PLS models deflate variations related to similar loading profiles, 

independent of the actual amounts of y-correlated variation. The first PLS 

components deflate variations related to the average profile, according to 

both y-covarying and y-orthogonal structures. For additional PLS 

components, variations related to the structural differences between the 

overlapping structures were modeled. Hence, PLS models both Y-predictive 

structures and Y-orthogonal structures, for each component. For the 

corresponding OPLS models, no scores rotations were observed. However, 

the gradual changes were observed in the pp1-loadings. The y-predictive 

structures were obviously captured by the predictive components while the 

y-orthogonal structures were captured by the orthogonal components. 

However, there are limitations on what can be filtered out. In particular, y-

predictive structures introduced by unwanted systematic structures or non-

systematic variation can‘t be separated from the wanted (true) structures. 

 

The y-predictive structures generated by both the OPLS and PLS models 

gave rise to identical interpretations. Consequently, the pp1-loadings from 

OPLS modeling were similar to the w1-loadings for the corresponding PLS 
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models. However, the differences between OPLS and PLS modeling were 

highlighted by differences in the interpretations of the two models‘ 

additional components. The po1-loadings and overlapped y-orthogonal 

structures of the OPLS models were all similar. However, this was not seen 

in any of the PLS models; none of the w-loadings, p-loadings or b-

coefficients indicated equality with the orthogonal overlapped structures, 

even for the uncorrelated data. For cases where multiple overlapping 

structures will be present, each orthogonal (OPLS) component will probably 

not reveal similarities with only one overlapping structure. Instead, the 

initial orthogonal component will relate to an average profile of the 

orthogonal structures, as is observed in PLS modeling of the initial 

component. 

 

For the NIR calibration transfer data, OPLS modeling was used to 

highlight instrumental differences. The study used statistically designed 

data, modeling the water content of a pharmaceutical product. All samples 

were analyzed using the reference instrument and the instrument to be 

calibrated. In this study, we only had access to (previously) SNV-corrected 

data. The original calibration transfer study (by Sjöblom et al [41]) was 

conducted to model instrument-specific features using OSC filtration. OSC 

was compared to traditional spectral correction methods such as MSC, SNV 

and their derivatives. The authors concluded that OSC offered performance 

comparable to the other spectral correction methods, as judged by RMSEP 

and bias. They also concluded that water content measurements could be 

used for transfer calibration. However, the water content was seen to vary 

between instruments (i.e. over time), influencing the model outcome. 

 

The interpretational advantages of OPLS were clearly highlighted in 

Paper I. Instrumental differences according to Wood‘s anomaly (i.e. 

polarization effects) were obvious in the pp-loadings. Moreover, smaller 

variations related to the water content were observed for the same predictive 

OPLS component. The water content (i.e. the major structures analyzed by 

the instruments) accounted for about 80% of the variation in the data. 

Unwanted structures (i.e. those not related to the differences between the 

instruments) were efficiently filtered out by the orthogonal OPLS 

component. However, it must be noted that y-covarying parts (which in this 

case are those related to the water content) are not filtered out by OPLS 

modeling. Thus, the reductions in the samples‘ water contents were found to 

vary systematically between the two instruments. 

 

In Figure 3, both the w-loadings and the p-loadings are used to illustrate 

the complications associated with drawing conclusions from PLS models 

when large unwanted overlapping structures are present. The w1-loadings 
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indicate the presence of differences between the instruments. Remarkably, 

nothing in the w1 or the w2-loadings indicated that the water content 

contributed to the major structures in data, although more than 90% of the 

variation was modeled. Structures related to the Wood‘s anomaly regions are 

first observed in the p2-loadings. Moreover, the relationships between 

Wood‘s anomaly regions and water regions were not identical with either the 

w1-loadings or the pp1-loadings. In fact, the obvious coupling between the 

water regions and the Wood‘s anomaly regions was not observed in any 

single set of p-loadings. The p1-loadings indicated that the water content 

was primarily related to the instrumental differences (R2X[1] = 0.86). 

However, due to the use of statistical designs, we knew that the major 

structures related to water content were in fact not y-predictive. It was thus 

necessary to have more knowledge about the system to make correct 

predictions using the PLS model than was the case with the OPLS model. 

 

 
 

Figure 3: A two-component PLS model for calibration transfer data. W-

loadings (upper) and P-loadings (lower). Wood’s anomaly regions are found at 

1100-1150 nm (Woods A1) and 1450-1550 nm (Woods A2); the water regions are 

found at 1850-2100 nm. For the corresponding OPLS model (in Paper I), the pp1-

loadings were similar with the PLS w1-loadings and the po1-loadings were similar 

with the PLS p1-loadings. 
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The binary powder data was used to illustrate how nonlinear structures 

can be observed from OPLS modeling. Since only the t-scores are bound to 

be orthogonal, non-linear effects are indicated by p-loadings with similar 

structures. Such similarities can‘t be seen using ordinary PLS modeling. 

 

The binary powder data was set up (using statistical design) in order to 

analyze mixtures of a fine powder and a coarse powder, ranging from 10% to 

90% in increments of 10%. The observed trends for observations ranging 

from 10% to ~70% (of the coarser powder) were clearly linearly related. 

However, the trends observed for 80% and 90% mixtures deviated in a 

nonlinear way, indicating instrumental limitations. This was mainly due to 

prominent baseline and light scattering effects observed for the coarser 

powder (bigger particles), meaning that the true chemical differences were 

suppressed in the spectra. In the original binary powder study (by Berntsson 

et al [67]), the authors concluded that nonlinear effects were present. They 

utilized a third-order polynomial in a one component PLS model, optimizing 

the correlations for t-scores and y. The single-component PLS model 

indicated that 99.8% of the variation in the X-data was captured. For the 

PLS model, the correlation coefficient was r=0.951; using the third order 

polynomial increased this to r=0.999. These conclusions were drawn using 

MSC data for mixtures containing 0% to 100% of the coarser powder. 

 

For comparative purposes, OPLS modeling was performed using exactly 

the same data (0-100%, MSC) as was used in the original analysis. The 

application of spectral corrections (i.e. MSC and SNV) had no effect on the 

binary powder data. The single component PLS model captured 99.7% of the 

X-variation. As shown in Figure 4, a nonlinear relationship was seen for the 

PLS t-scores and the responses. In the (1 predictive + 3 orthogonal) 

component OPLS model, the y-predictive variations accounted for 91.3% of 

the X-variations, while 8.7% was filtered out as y-orthogonal variation. The 

tp1/to1-plot shows that the third order polynomial (as used by Berntsson et 

al) correlates nicely with the trends. However, it is not necessary to use a 

third degree polynomial with the OPLS model, indicating that the unwanted 

structures (related to baseline and light scattering effects) have been filtered 

out from the X-data as orthogonal variations. The predictive precision (Q2) 

of the PLS model was 0.89; that of the OPLS model was 0.97. In fairness, a 

four-component PLS model would have yielded the same predictive 

precision as the OPLS model. However, the conclusions drawn regarding the 

baseline and light scattering effects using the OPLS model could not have 

been drawn using the PLS loadings. 

 



 

41 

 
 

Figure 4: PLS and OPLS models for MSC filtered binary powder data. 1100 

observations (100 in each group) were used to model mixtures of powders 

containing 0% to 100% of the coarser powder, in increments of 10%. For the upper 

two plots, dashed grey lines are used to illustrate nonlinear trends indicated by the 

t-scores. 

 

2.2 Paper II: Intra and inter-personal variations 
This paper describes a strategy (methodology) for monitoring kidney graft 

patients, using NMR spectroscopy and OPLS modeling. Since different 

individual are expected to respond differently to medical treatments (both in 

terms of the duration of the treatment and the improvement observed), all 

intra-personal recovery profiles had to be aligned. In order to make 

individuals comparable, it was necessary to compare datapoints acquired at 

identical points (in terms of time or some other variable) in the recovery 

process[101]. Because samples were collected throughout the recovery 

process, samples from before and after the graft kidney function were 

available for most patients. This assumption was crucial for aligning the 

recovery profiles and identifying common inter-personal features.  

 

As in all studies examining humans, it was expected that individual 

features unrelated to the studied biochemical questions would give rise to 
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prominent structures in the data. These structures need to be filtered out 

efficiently to make the wanted responses visible. OPLS modeling was used to 

target (rotate) individual responses to optimize their covariation with the 

graft kidney function; effectively, each patient was modeled using themselves 

as a reference, giving rise to response profiles suitable for comparison. 

Neither PCA nor PLS modeling was optimal; the individual responses related 

to the graft kidney function were observed in several components. For these 

reasons, OPLS modeling was favored.  

 

In this study, OPLS was used as the target rotation technique. However, 

since we did not focus on interpreting the individual orthogonal loadings, 

other target rotation techniques (as POSC and TP) would have yielded 

identical outcomes. A PCA model was calculated for the individual recovery 

profiles, i.e. the pp-loadings from the individual OPLS models. The model 

was fitted for non-centered data, meaning that the first component indicates 

the average (pp-loadings) profile direction. Individual profiles having similar 

scores are considered to be identical. The scores showed that two out of the 

nineteen samples were clear outliers. Examination of the clinical histories of 

the individuals from whom these samples were taken (which we did not 

access prior to the modeling) revealed that one of them may have rejected 

the grafted kidney during the sampling periods while the other one never got 

it to function. 

 

All selections made for each of the nineteen individuals were reevaluated 

(validated). This was done using the average graft kidney recovery profile, 

according to the initial PCA component. One patient exhibited a changed 

recovery profile while the other did not indicate in any change of state. Their 

clinical histories indicated that one patient may have undergone rejection 

while the other did not initiate kidney function. The outcome of our 

modeling strategy was thus entirely consistent with these individuals‘ clinical 

histories. No other patient exhibited kidney graft failure. The joint pp-

loadings profile (i.e. the p1-loadings from PCA) indicated creatinine to be the 

compound with highest covariation. Since creatinine is clinically used as a 

biomarker for kidney function, these results further support the usability of 

our methodology. 

 

2.3 Paper III: Orthogonal variations in hyperspectral data 
This study focused on OPLS modeling of hyperspectral data. Since the 

OPLS based methodology is a general strategy, it is applicable to all kinds of 

hyperspectral data, independent of data size or resolution. In this specific 

case, we used OPLS-DA modeling of FTIR imaging data collected from 

mouse liver tissues. The use of mouse liver tissues was beneficial in three 
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respects. First, red blood cells (i.e. erythrocytes) and liver cells (i.e. 

hepatocytes) are readily distinguished by visual inspection and by staining. 

This facilitates the valid selection of cell types in the FTIR imaging data. 

Second, we wanted to use biological samples to demonstrate the applicability 

of the method, which was designed for modeling highly complex data. FTIR 

data was used because the chemical differences were expected to be 

concealed by complex structures arising from the background and light 

scattering effects as well chemical overlap. Third, the availability of 

additional biological samples was desirable in order to evaluate the 

versatility of the method and to thus determine whether the model was only 

valid for the specific sample or whether it could be used for other samples as 

well (i.e. whether it was a local or global model). 

 

In-house software was created to accommodate the FTIR-data used in the 

modeling since the OPUS [102] (Bruker) software supplied with the FTIR 

instrument did not support data transfer into suitable formats and the 

available spectral correction methods were not appropriate for our modeling 

strategies, which focus on large spectral regions rather than correcting data 

with the objective of quantifying a couple of peaks. In order to acquire data 

suitable for modeling, several MATLAB [103] scripts were developed in-

house. Software was created to export each of the 4096 spectra (64 by 64 

pixels) from the OPUS format into MATLAB format and construct three-

dimensional (hyperspectral) data structures with respect to the spatial 

information and spectral standardizations in order to make samples 

comparable. The spectral standardization software also included features 

such as the ability to classify samples, label empty areas, and filter noise 

(Figure 5). 
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Figure 5: Spectral standardization using in-house software developed in the 

MATLAB environment. a) raw FTIR spectra collected from four different areas of 

the image. b) the corresponding standardized FTIR spectra. The software includes 

features such as class selection, labeling empty areas (thresholding), selection of 

ROI, baseline correction (rubber band), total sum correction, and spectral (1D) and 

image (2D) smoothing. For each option, all spectra are standardized 

simultaneously, using identical settings. 

 

The spectra standardization was based on a large spectral region, the so 

called region of interest (ROI). Since spectra were not only affected by a 

single offset, zero regions were used for baseline corrections of additive 

effects. The zero regions were defined by ground points in the spectra in 

which no chemical information was expected to be detected. By using these 

zero regions, rubber band (interpolated) baselines were estimated and 

withdrawn. Further, by using large ROIs, all samples within these regions 

can be expected to contain equal amounts of chemical information. These 

assumptions, in conjunction with the Lambert-Beers law, imply that the total 

absorbance will sum to 100%. By subtracting the total intensity from all 

samples, multiplicative effects are reduced. 

 

We chose this standardization strategy in order to better understand how 

variable spatial resolutions influence the modeling outcome. The influence of 
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these unwanted effects is visible in gradual spectral deformations that 

increase from one spectral region to the next. Traditional signal correction 

methods such as multiplicative signal correction (MSC) and standard normal 

variate transformation (SNV) are not optimal for correcting such unwanted 

structures [63]. Consequently, spectral regions at low wavenumbers will 

suffer from clear averaging effects (from neighboring and empty areas) 

compared to spectral regions at higher wavenumbers. This means that 

additive and multiplicative effects are more effectively smoothed in regions 

at 800 cm-1 than in regions at 4000 cm-1 (Figure 6). If the MSC or SNV 

filtering methods are used, corrections of one spectral region will impair the 

quality of another. 

 

 
 

Figure 6: Averaging effects due to variations in spectral resolution. N.A: is the 

numerical aperture (depending on optical set up, e.g. lens and medium). The spatial 

resolution varies with the wavelength of the light, according to the numerical 

aperture of the optics. 

 

The orthogonal components indicated that structures related to baseline 

effects and light scattering were still present in data. In keeping with this, the 

orthogonal (to1) scores showed obvious similarities with both the visual 

image and the FTIR images for the amide band (Figure 7). This was also 

observed in the entire test set (eleven mouse liver samples in total). Figure 7 

compares raw (non-standardized) data and standardized data. For the raw 

data, the red blood cells areas appeared to be less dense (i.e. were less 

intense) than the liver cell areas even though this was not the case. In the 

standardized data, these effects have been corrected for. However, it is 

noticeable that while our standardization method was reasonably good, it 

was not perfect; as such, it was necessary to include OPLS modeling in order 

to properly handle the remaining unwanted structures. 
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Figure 7: FTIR-images for raw and standardized data compared to the main 

orthogonal variations from OPLS modeling. The spectral region around 1654 cm-1 

includes the amide band, providing a representative view of the sample density. In 

each image, the red blood cells are shown in the upper right corner while the 

remaining parts of the images show liver cells. 

 

In order to make this type of modeling successful, one has to make valid 

selections. Figure 8 shows the results obtained with false classifications. Two 

liver cell (hepatocytes) areas were separated from one-another and from the 

red blood cells. It was apparent that these areas differed only in terms of 

sample density. However, we used our model to test the hypothesis that 

there was a third cell type in that area. The scores obtained indicated the 

presence of three different cell types in the training data, in keeping with our 

selections. The separation was not as large as that between the blood cells 

and the authentic liver cells, but it still appeared to be valid. Interestingly, 

along the second predictive component (in Figure 8b), the red blood cells 

were located between the two cell types. Additionally, the corresponding 

predictive loadings showed obvious similarities with the first orthogonal 

component. It was thus not possible to determine whether the differences 

between the liver cell areas were non-linear (e.g. quadratic, logarithmic, etc.) 

or false.  

 

The solution was found by comparing the 2-class OPLS model with the 3-

class OPLS model. Obvious structural similarities were observed for the first 

orthogonal loadings. The second predictive loadings, which primarily 

reflected liver cell discrimination, also contained similar structures in both 

models. The 3-class indicated that the first orthogonal component 

(R2X[o1]=0.16) and the second predictive component (R2X[p2]=0.15) 

accounted for roughly the same amount of variation as did the first 

orthogonal component (R2X [o1]=0.36) of the 2-class model. This suggests 

that the liver cell areas differed only in terms of sample density, meaning 

that there was no third class.  
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The test data shown in Figure 8 provide further support for this 

conclusion. The visual imagine shows that no obvious high density areas 

were apparent in the test data that were not present in the training data. 

Furthermore, the model did not indicate the presence of a third class in the 

test sample. For this methodology, the use of orthogonal variation was 

necessary for valid interpretation of the model. 

 

 
 

Figure 8: An illustration of the consequences of false classifications. Three 

classes were selected from the mouse liver samples. The red blood cell areas (in red) 

are modeled together with two liver cell (hepatocytes) areas differing in sample 

density (in blue and green). For the training data, a) is the visual image, b) is the 

OPLS tp1/tp2-plot and c) is the pseudo-colored scores image. The analogous results 

for the test data are shown in subfigures d-f. 

 

2.4 Paper IV: Revealing the chemical landscape of 
secondary xylem 

This paper describes a study in which OPLS modeling of hyperspectral 

FTIR data was applied to Poplar and Arabidopsis wood samples. The 

classification of cell types (on the basis of the cell walls) for these wood 

samples was significantly more complicated than performing the same 

exercise with mouse liver samples. The plant samples contained both fiber 

and vessel walls (i.e., fiber-fiber, vessel-vessel and fiber-vessel walls) in 

almost all areas of the transverse wood sections. Moreover, rays were 

observed to cross the samples at different depths. This meant that only 

smaller areas related to a specific cell type could be found. Since both fibers 
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and vessels are gradually degraded into cell walls, various amounts of voids 

were found within the cell walls. Furthermore, the thickness of the primary 

cell walls was expected to be small (or negligible) compared with the 

thickness of the secondary cell walls. However, these relationships will vary 

on an annual basis. Since lignin is expected to be found in larger amounts in 

the intermediate regions, increased lignin content might be a consequence of 

reduced cell wall thickness. 

 

The maximum spatial resolution of the FTIR images was approximately 

5×5µm. For the wood samples, the vessels were found to have diameters 

around 30µm with the corresponding cells having thicknesses of up to 5µm. 

The fibers were found to have diameters of around 10-20µm. Since a 

spectrum might capture different types and amounts of cell walls, chemical 

overlap was expected to complicate the analysis. Furthermore, large 

numbers of cell voids and sample cracks were captured, meaning that the 

total intensity varied within (what were believed to be) identical cell walls. 

Since only a few neighboring pixels could (with high certainty) be labeled as 

belonging to specific class, pixel cross-talk effects were expected to 

significantly contribute to intra-class variation. 

 

The distance from one annual ring to another was about 3mm. The FTIR 

images covered about 0.3×0.3mm, meaning that roughly ten images were 

needed to cover the annual growth. Since each FTIR image covered roughly 

one month of growth, one pixel corresponds to one day of growth. Since 

plants are plastic (i.e. have to adapt to environmental changes in order to 

survive), it was expected that the samples‘ chemical properties would vary 

within the individual FTIR images; chemical differences were indeed 

observed both between and within similar cell walls. This, together with 

unwanted structures arising from background and light scattering effects, 

chemical overlap, pixel crosstalk, and various amounts of empty areas, made 

analysis of these samples highly complex. 

 

Initially, both Poplar and Arabidopsis samples were analyzed with the aim 

of identifying chemical differences between the fibers and the vessel walls. 

For the 2-class models, one predictive component was obtained. In addition, 

a 4-class model was used to model chemical variation in the annual ring 

area; in this case, early and late wood fibers were compared in both vessels 

and in the annual ring. Chemical fingerprints for native cellulose, 

hemicellulose, lignin and pectin were used to relate the predictive modeling 

structures to the samples‘ chemical properties. For each compound, about 

ten spectral bands (from the literature) were found to correspond to our pure 

(reference) spectra. The modeling outcomes appeared to be consistent with 

results reported in the literature. 
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As shown in Figure 9, all of the first orthogonal (to1) components were 

similar, featuring a carboxylic vibration band (at 1740 cm-1 [81]). Since 

carboxylic acid groups are present in all parts of the cell walls, this is a 

representative image. In addition, it was concluded that by happy chance, 

orthogonal variation was effectively filtering out density-related effects, 

facilitating interpretation of the model.  

 

 
 

Figure 9: Three different samples were modeled using OPLS. This figure shows 

a) the first orthogonal (to1) scores and b) FTIR data in the region around 1740 cm-1. 

The poplar middle wood sample and the Arabidopsis sample were used to model a 

2-class case. The poplar annual ring sample was used to model a 4-class case. 
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3 Conclusions and future perspectives 

This thesis discussed the development and application of multivariate 

methods with respect to orthogonal structures. The ability to model both 

predictive and overlapping orthogonal structures has been shown to provide 

more information on the analytical chain than is otherwise obtainable. 

Moreover, new methodologies have been developed to deal with 

experimental variation, using additive and multiplicative effects in relation 

to predictive and orthogonal structures. Specifically, the OPLS technique has 

been applied in the study of infrared spectroscopic data, and was shown to 

provide useful insights into the origins of the observed experimental 

variations and into the predictive structures. 

 

The first part of this thesis examined the strengths and drawbacks of PLS 

modeling. It was found that PLS techniques cannot properly handle 

orthogonal structures, which complicates model interpretation. Paper I 

illustrates the unwanted effects associated with overlapping orthogonal 

structures, using both simulated data and by the reanalysis of data obtained 

in previous studies. The OPLS technique revealed the nature of scores 

rotations caused by confounding orthogonal and predictive structures. The 

information overlap attributable to orthogonal structures makes it necessary 

to include additional components in the model to compensate for this 

mixture of information. OPLS was shown to be superior to PLS because of its 

ability to efficiently separate the orthogonal and predictive structures. In 

Paper II, OPLS modeling was used to target inter-personal variation by 

filtering out intra-personal variation. A dynamic modeling process was used, 

focusing on data from kidney graft patients in recovery; the data was 

processed to facilitate comparison of results from different individuals by 

using each individual as their own reference. The predictive component of 

OPLS proved to be a powerful tool for assessing biomarkers associated with 

patient recovery; the model was also very useful for estimating the patients‘ 

recovery status, and was used to identify potential new biomarker 

candidates. Paper III describes the development of methodology for 

modeling highly complex FPA-FTIR imaging (hyperspectral) data. In-house 

software was produced to accommodate data for multivariate modeling. The 

new software featured a spectral standardization procedure that was 

designed to reduce multiplicative effects in the data, which is undesirable in 

multivariate analysis. The OPLS model efficiently filtered out the 

overlapping orthogonal variations, revealing information about experimental 

variation such as density effects and classification errors. Furthermore, the 

local OPLS model was shown to have global qualities. Analysis of the 

orthogonal structures showed that all of the mouse liver tissues examined 
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exhibited identical density related effects. Paper IV describes the 

application of the OPLS-based methodology presented in Paper III to 

Poplar wood samples. This was a more challenging project than the previous 

mouse liver study because it was necessary to account for a greater range of 

factors. Specifically, more than two cell types were present in the Poplar 

sections and there was no convenient biological reference that could be used 

to identify the cell types in the sample. Consequently, detailed biochemical 

knowledge was needed to classify the cells in the samples. The identification 

of orthogonal structures made it possible to filter out both light scattering 

and background effects, facilitating interpretation of the predictive 

structures. This made it possible to identify chemical differences between 

early and late wood fibers and between the annual ring areas and vessels. 

The OPLS based methodology is thus a powerful tool for assessing the 

chemical landscape of secondary xylem. 

 



 

52 

4. References 

[1] Otto M, Chemometrics, WILEY-VCH Verlag GmbH, 2007. 

[2] Varmuza K, Filzmoser P, Introduction to Multivariate Statistical 

Analysis in Chemometrics, Taylor & Francis Group, LLC, 2009. 

[3] Wold S, Chemometrics; What do we mean with it, and what do we 

want from it? Chemometrics and Intelligent Laboratory Systems, 

1995. 30(1): p. 109-115. 

[4] Martens H, Naes T, Multivariate Calibration, John Wiley & Sons: 

Chichester, 1992. 

[5] Wiklund S, Spectroscopic Data and Multivariate Analysis: Tools to 

Study Genetic Perturbations in Poplar Trees. Umeå University, 2007. 

ISBN:978-91-7264-380-2. 

[6] Baird D, Analytical-Chemistry and the Big Scientific Instrumentation 

Revolution. Annals of Science, 1993. 50(3): p. 267-290. 

[7] Wold S, Berglund A, Kettaneh N, New and old trends in 

chemometrics. How to deal with the increasing data volumes in 

R&D&P (research, development and production) - with examples from 

pharmaceutical research and process modeling. Journal of 

Chemometrics, 2002. 16(8-10): p. 377-386. 

[8] Wold S, Sjostrom M, Chemometrics, present and future success. 

Chemometrics and Intelligent Laboratory Systems, 1998. 44(1-2): p. 

3-14. 

[9] Westerhuis J A, Kourti T, MacGregor J F, Analysis of multiblock and 

hierarchical PCA and PLS models. Journal of Chemometrics, 1998. 

12(5): p. 301-321. 

[10] Gabrielsson J, Jonsson H, Airiau C, Schmidt B, Escott R, Trygg J, The 

OPLS methodology for analysis of multi-block batch process data. 

Journal of Chemometrics, 2006. 20(8-10): p. 362-369. 

[11] Eriksson L, Damborsky J, Earll M, Johansson E, Trygg J, Wold S, 

Three-block bi-focal PLS (3BIF-PLS) and its application in QSAR. Sar 

and Qsar in Environmental Research, 2004. 15(5-6): p. 481-499. 

[12] Pomerantsev A L, Progress in Chemometrics Research (WSC-3 

Proceedings), http://rcs.chph.ras.ru/WSC3/book.htm, Accessed April 

22, 2011. 

[13] Geladi P,Esbensen K, The Start and Early History of Chemometrics .1. 

Selected Interviews. Journal of Chemometrics, 1990. 4(5): p. 337-

354. 

[14] Eriksson L, Johansson E, Kettanen-Wold N, Wikström C, Wold S. 

Design of Experiments. Principles and applications. Umeå: Umetrics 

Academy, 2008. 



 

53 

[15] Box G E P, Hunter W G, Hunter J S, Statistice for Experimenters, 

John Wiley & Sons: New York, 1978. 

[16] Lundstedt T, Seifert E, Abramo L, Thelin B, Nystrom A, Pettersen J, 

Bergman R, Experimental design and optimization. Chemometrics 

and Intelligent Laboratory Systems, 1998. 42(1-2): p. 3-40. 

[17] Eriksson L, Johansson E, Kettanen-Wold N, Trygg J, Wikström C, 

Wold S. Multi- and Megavariate Data Analysis. Part I. Basic Principles 

and applications. Umeå: Umetrics Academy, 2006. 

[18] Eriksson L, Johansson E, Kettanen-Wold N, Trygg J, Wikström C, 

Wold S. Multi- and Megavariate Data Analysis. Part II. Advanced 

applications and Method Extensions. Umeå: Umetrics Academy, 

2006. 

[19] Fisher R A, The arrangements of field experiments. Journal of the 

Ministry of Agriculture of Great Britain, 1926. 33: p. 503-513. 

[20] Kuhl J, Moritz T, Wagner H, Stenlund H, Lundgren K, Bavenholm P, 

Efendic S, Norstedt G, Tollet-Egnell P, Metabolomics as a tool to 

evaluate exercise-induced improvements in insulin sensitivity. 

Metabolomics, 2008. 4(3): p. 273-282. 

[21] Jonsson P, Stenlund H, Moritz T, Trygg J, Sjostrom M, Verheij E R, 

Lindberg J, Schuppe-Koistinen I, Antti H, A strategy for modelling 

dynamic responses in metabolic samples characterized by GC/MS. 

Metabolomics, 2006. 2(3): p. 135-143. 

[22] Rajalahti T, Arneberg R, Berven F S, Myhr K M, Ulvik R J, Kvalheim O 

M, Biomarker discovery in mass spectral profiles by means of 

selectivity ratio plot. Chemometrics and Intelligent Laboratory 

Systems, 2009. 95(1): p. 35-48. 

[23] Wuolikainen A, Metabolomics Studies of ALS. A Multivariate search 

for clues about a devastating disease, Umeå University, 2009. ISBN: 

978-91-7264-885-2. 

[24] Dunn W B, Ellis D I, Metabolomics: Current analytical platforms and 

methodologies. Trac-Trends in Analytical Chemistry, 2005. 24(4): p. 

285-294. 

[25] Fiehn O, Metabolomics - the link between genotypes and phenotypes. 

Plant Molecular Biology, 2002. 48(1-2): p. 155-171. 

[26] Aebersold R, Mann M, Mass spectrometry-based proteomics. Nature, 

2003. 422(6928): p. 198-207. 

[27] Bylesjö M, Latent variable based computational methods for 

applications in life sciences : Analysis and integration of omics data 

sets, Umeå University, 2008. ISBN:978-91-7264-541-7. 

[28] Höskuldsson A, Prediction Methods in Science and Technology. Vol 1 

Basic Theory, Thor Publishing: Warsaw, Poland, 1996. 

[29] Trygg J, Parsimonious Multivariate Models, Umeå University 2001. 

ISBN: 91-7305-082-2 



 

54 

[30] Redestig H, Fukushima A, Stenlund H, Moritz T, Arita M, Saito K, 

Kusano M, Compensation for Systematic Cross-Contribution 

Improves Normalization of Mass Spectrometry Based Metabolomics 

Data. Analytical Chemistry, 2009. 81(19): p. 7974-7980. 

[31] Yeomans K A, Golder P A, The Guttman-Kaiser Criterion as a 

Predictor of the Number of Common Factors. Statistician, 1982. 

31(3): p. 221-229. 

[32] Trygg J, Prediction and spectral profile estimation in multivariate 

calibration. Journal of Chemometrics, 2004. 18(3-4): p. 166-172. 

[33] Jackson J E, A Users Guide to Principal Components, Wiley: New 

York, 1991. 

[34] Wold S, Esbensen K, Geladi P, Principal Component Analysis. 

Chemometrics and Intelligent Laboratory Systems, 1987. 2(1-3): p. 

37-52. 

[35] Wold H, Nonlinear estimation by iterative least squares procedures. 

Ed Wiley:New York, 1966. 

[36] Demoor B L R, Golub G H, The Restricted Singular Value 

Decomposition - Properties and Applications. Siam Journal on Matrix 

Analysis and Applications, 1991. 12(3): p. 401-425. 

[37] Wold S, Ruhe A, Wold H, Dunn W J, The Collinearity Problem in 

Linear-Regression - the Partial Least-Squares (PLS) Approach to 

Generalized Inverses. Siam Journal on Scientific and Statistical 

Computing, 1984. 5(3): p. 735-743. 

[38] Wold S, Sjostrom M, Eriksson L, PLS-regression: a basic tool of 

chemometrics. Chemometrics and Intelligent Laboratory Systems, 

2001. 58(2): p. 109-130. 

[39] Andersson M, A comparison of nine PLS1 algorithms. Journal of 

Chemometrics, 2009. 23(9-10): p. 518-529. 

[40] Wold S, Antti H, Lindgren F, Ohman J, Orthogonal signal correction 

of near-infrared spectra. Chemometrics and Intelligent Laboratory 

Systems, 1998. 44(1-2): p. 175-185. 

[41] Sjöblom J, Svensson O, Josefson M, Kullberg H, Wold S, An 

evaluation of orthogonal signal correction applied to calibration 

transfer of near infrared spectra. Chemometrics and Intelligent 

Laboratory Systems, 1998. 44(1-2): p. 229-244. 

[42] Trygg J, Wold S, Orthogonal projections to latent structures (O-PLS). 

Journal of Chemometrics, 2002. 16(3): p. 119-128. 

[43] Bylesjo M, Rantalainen M, Cloarec O, Nicholson J K, Holmes E, Trygg 

J, OPLS discriminant analysis: combining the strengths of PLS-DA 

and SIMCA classification. Journal of Chemometrics, 2006. 20(8-10): 

p. 341-351. 

[44] Gabrielsson J, Jonsson H, Airiau C, Schmidt B, Escott R, Trygg J, 

OPLS methodology for analysis of pre-processing effects on 



 

55 

spectroscopic data. Chemometrics and Intelligent Laboratory Systems, 

2006. 84(1-2): p. 153-158. 

[45] Wiklund S, Johansson E, Sjostrom L, Mellerowicz E J, Edlund U, 

Shockcor J P, Gottfries J, Moritz T, Trygg J, Visualization of GC/TOF-

MS-based metabolomics data for identification of biochemically 

interesting compounds using OPLS class models. Analytical 

Chemistry, 2008. 80(1): p. 115-122. 

[46] Gabrielsson J, Trygg J, Recent developments in Multivariate 

calibration. Critical Reviews in Analytical Chemistry, 2006. 36(3-4): 

p. 243-255. 

[47] Bylesjo M, Eriksson D, Sjodin A, Jansson S, Moritz T, Trygg J, 

Orthogonal projections to latent structures as a strategy for 

microarray data normalization. Bmc Bioinformatics, 2007. 8: p. -. 

[48] Karstang T V, Kvalheim O M, Multivariate Prediction and Background 

Correction Using Local Modeling and Derivative Spectroscopy. 

Analytical Chemistry, 1991. 63(8): p. 767-772. 

[49] Kvalheim O M, Interpretation of partial least squares regression 

models by means of target projection and selectivity ratio plots. 

Journal of Chemometrics, 2010. 24(7-8): p. 496-504. 

[50] Kvalheim O M, Rajalahti T, Arneberg R, X-tended target projection 

(XTP)-comparison with orthogonal partial least squares (OPLS) and 

PLS post-processing by similarity transformation (PLS plus ST). 

Journal of Chemometrics, 2009. 23(1-2): p. 49-55. 

[51] Trygg J, O2-PLS for qualitative and quantitative analysis in 

multivariate calibration. Journal of Chemometrics, 2002. 16(6): p. 

283-293. 

[52] Trygg J, Wold S, O2-PLS, a two-block (X-Y) latent variable regression 

(LVR) method with an integral OSC filter. Journal of Chemometrics, 

2003. 17(1): p. 53-64. 

[53] Löfstedt T, Trygg J, OnPLS—A novel multiblock method for modelling 

of predictive and orthogonal variation. Journal of Chemometrics, 

2011. DOI: 10.1002/cem.1388 

[54] Ergon R, PLS post-processing by similarity transformation (PLS plus 

ST): a simple alternative to OPLS. Journal of Chemometrics, 2005. 

19(1): p. 1-4. 

[55] Tapp H S, Penfold R, Kemsley E K, TinyLVR: A utility for viewing 

single predictor multivariate models in terms of a two factor latent 

vector model. Chemometrics and Intelligent Laboratory Systems, 

2011. 105(1): p. 19-26. 

[56] Kemsley E K,Tapp H S, OPLS filtered data can be obtained directly 

from non-orthogonalized PLS1. Journal of Chemometrics, 2009. 

23(5-6): p. 263-264. 



 

56 

[57] Tapp H S, Kemsley E K, Notes on the practical utility of OPLS. Trac-

Trends in Analytical Chemistry, 2009. 28(11): p. 1322-1327. 

[58] Verron T, Sabatier R, Joffre R, Some theoretical properties of the O-

PLS method. Journal of Chemometrics, 2004. 18(2): p. 62-68. 

[59] MAQC Consortium The MicroArray Quality Control (MAQC)-II study 

of common practices for the development and validation of 

microarray-based predictive models. Pharmacogenomics Journal, 

2010: p. S5-S16. 

[60] Kjeldahl K, Bro R, Some common misunderstandings in 

chemometrics. Journal of Chemometrics, 2010. 24(7-8): p. 558-564. 

[61] Rantalainen M, Bylesjo M, Cloarec O, Nicholson J K, Holmes E, Trygg 

J, Kernel-based orthogonal projections to latent structures (K-OPLS). 

Journal of Chemometrics, 2007. 21(7-9): p. 376-385. 

[62] Bylesjo M, Rantalainen M, Nicholson J K, Holmes E, Trygg J, K-OPLS 

package: Kernel-based orthogonal projections to latent structures for 

prediction and interpretation in feature space. Bmc Bioinformatics, 

2008. 

[63] Fearn T, Riccioli C, Garrido-Varo A, Guerrero-Ginel J E, On the 

geometry of SNV and MSC. Chemometrics and Intelligent Laboratory 

Systems, 2009. 96(1): p. 22-26. 

[64] Trygg J, April 2002 editorial: How to create an OSC filter for PLS and 

end up with a new generic modelling method, O-PLS. 

http://www.chemometrics.se/editorial/april2002.html, Accessed 

April 27, 2011. 

[65] Fearn T, On orthogonal signal correction. Chemometrics and 

Intelligent Laboratory Systems, 2000. 50(1): p. 47-52. 

[66] Hoskuldsson A, Variable and subset selection in PLS regression. 

Chemometrics and Intelligent Laboratory Systems, 2001. 55(1-2): p. 

23-38. 

[67] Berntsson O, Danielsson L G, Lagerholm B, Folestad S, Quantitative 

in-line monitoring of powder blending by near infrared reflection 

spectroscopy. Powder Technology, 2002. 123(2-3): p. 185-193. 

[68] Eriksson L, Toft M, Johansson E, Wold S, Trygg J, Separating Y-

predictive and Y-orthogonal variation in multi-block spectral data. 

Journal of Chemometrics, 2006. 20(8-10): p. 352-361. 

[69] Ståhle L, Wold S, Partial least squares analysis with cross-validation 

for the two-class problem: A Monte Carlo study. Journal of 

Chemometrics, 1987. 1(3): p. 185-196. 

[70] Efron B, Nonparametric Estimates of Standard Error - the Jackknife, 

the Bootstrap and Other Methods. Biometrika, 1981. 68(3): p. 589-

599. 



 

57 

[71] Wold S, Cross-Validatory Estimation of Number of Components in 

Factor and Principal Components Models. Technometrics, 1978. 

20(4): p. 397-405. 

[72] Shao J, Linear-Model Selection by Cross-Validation. Journal of the 

American Statistical Association, 1993. 88(422): p. 486-494. 

[73] SIMCA-P+ version 12.0, Umetrics, Umeå, Sweden, 

(http://www.umetrics.com) 

[74] Wiklund S, Nilsson D, Eriksson L, Sjostrom M, Wold S, Faber K, A 

randomization test for PLS component selection. Journal of 

Chemometrics, 2007. 21(10-11): p. 427-439. 

[75] Baroni M, Clementi S, Cruciani G, Costantino G, Riganelli D, 

Oberrauch E, Predictive Ability of Regression-Models .2. Selection of 

the Best Predictive Pls Model. Journal of Chemometrics, 1992. 6(6): 

p. 347-356. 

[76] Andersen C M, Bro R, Variable selection in regression-a tutorial. 

Journal of Chemometrics, 2010. 24(11-12): p. 728-737. 

[77] Barnett V, Lewis T, Outliers in Statistical Data, John Wiley & Sons: 

Chichester, 1984. 

[78] Chalmers J, Griffiths P R, Handbook of Vibrational Spectroscopy. 

Volume 1, John Wiley & Sons: Chichester, 2001. 

[79] ISO 20473:2007. http://www.iso.org 

[80] Naes T, Isaksson T, Fearn T, Davies T, A User-Friendly Guide to 

Multivariate Calibration and Classification, NIR Publications: 

Chichester, 2004. 

[81] Naumann D, Schultz C, Helm D. What can infrared spectroscopy tell 

us about the structure and composition of intact bacterial cells. 

Mantsch HH, Chapman D. eds. Infrared Spectroscopy of 

Biomolecules.Wiley-Liss, New York, NY.1996; 279-310. 

[82] Jackson M, Ramjiawan B, Hewko M, Mantsch H H, Infrared 

microscopic functional group mapping and spectral clustering analysis 

of hypercholesterolemic rabbit liver. Cellular and Molecular Biology, 

1998. 44(1): p. 89-98. 

[83] Geladi P, Wold S, Esbensen K, Image-Analysis and Chemical 

Information in Images. Analytica Chimica Acta, 1986. 191: p. 473-

480. 

[84] Burger J, Hyperspectral NIR Image Analysis: Data Exploration, 

Correction, and Regression. Umeå University, 2006. ISBN: 91-576-

7109-5. 

[85] Geladi P, Isaksson H, Lindqvist L, Wold S, Esbensen K, Principal 

Component Analysis of Multivariate Images. Chemometrics and 

Intelligent Laboratory Systems, 1989. 5(3): p. 209-220. 



 

58 

[86] Esbensen K, Geladi P, Strategy of Multivariate Image-Analysis (Mia). 

Chemometrics and Intelligent Laboratory Systems, 1989. 7(1-2): p. 

67-86. 

[87] Kidder L H, Haka A S, Levin I W, Lewis E N, Advances in FT-IR 

spectroscopic imaging microscopy of biological tissue using infrared 

focal-plane array detectors. Biomedical Topical Meetings, Technical 

Digest, 2000. 38: p. 303-305 

[88] Lasch P, Naumann D, Spatial resolution in infrared micro 

spectroscopic imaging of tissues. Biochimica Et Biophysica Acta-

Biomembranes, 2006. 1758(7): p. 814-829. 

[89] Bird B, Miljkovic M, Diem M, Two step resonant Mie scattering 

correction of infrared micro-spectral data: human lymph node tissue. 

Journal of Biophotonics, 2010. 3(8-9): p. 597-608. 

[90] Mohlenhoff B, Romeo M, Diem M, Woody B R, Mie-type scattering 

and non-Beer-Lambert absorption behavior of human cells in infrared 

microspectroscopy. Biophysical Journal, 2005. 88(5): p. 3635-3640. 

[91] Romeo M, Diem M, Correction of dispersive line shape artifact 

observed in diffuse reflection infrared spectroscopy and 

absorption/reflection (transflection) infrared micro-spectroscopy. 

Vibrational Spectroscopy, 2005. 38(1-2): p. 129-132. 

[92] Daszykowski M, Walczak B, Use and abuse of chemometrics in 

chromatography. Trac-Trends in Analytical Chemistry, 2006. 25(11): 

p. 1081-1096. 

[93] Geladi P, Macdougall D, Martens H, Linearization and Scatter-

Correction for near-Infrared Reflectance Spectra of Meat. Applied 

Spectroscopy, 1985. 39(3): p. 491-500. 

[94] Barnes R J, Dhanoa M S, Lister S J, Standard Normal Variate 

Transformation and De-Trending of near-Infrared Diffuse Reflectance 

Spectra. Applied Spectroscopy, 1989. 43(5): p. 772-777. 

[95] Savitzky A, Golay M J E, Smoothing + Differentiation of Data by 

Simplified Least Squares Procedures. Analytical Chemistry, 1964. 

36(8): p. 1627-&. 

[96] Griffiths P R, Haseth J A, Fourier Transform Infrared Spectroscopy. 

Wiley & Sons: New Jersey, 2007. 

[97] Hopkins D, Derivatives in spectroscopy. Near Infrared Analysis, 

2001, 2: p. 1-13 

[98] Williams P, Norris K, Near-infrared technology in the agricultural and 

food industries. American Cereal Association, St. Paul: Minnesota, 

1987. p. 330 

[99] Sun J G, Statistical analysis of NIR data: Data pretreatment. Journal 

of Chemometrics, 1997. 11(6): p. 525-532. 

[100] Martens H, Nielsen J P, Engelsen S B, Light scattering and light 

absorbance separated by extended multiplicative signal correction. 



 

59 

Application to near-infrared transmission analysis of powder 

mixtures. Analytical Chemistry, 2003. 75(3): p. 394-404. 

[101] Lundstedt T, Hedenstrom M, Soeria-Atmadja D, Hammerling U, 

Gabrielsson J, Olsson J, Trygg J, Dynamic modelling of time series 

data in nutritional metabonomics - A powerful complement to 

randomized clinical trials in functional food studies. Chemometrics 

and Intelligent Laboratory Systems, 2010. 104(1): p. 112-120. 

[102] OPUS version 5.0.53, Bruker Optik GmbH, 

(http://www.brukeroptics.com) 

[103] Matlab software 7.0, Mathworks, Natick, MA 

(http://www.mathworks.com) 

 



 

60 

5. Acknowledgements 

This section is written in Swedish. In summary, I thank everyone and blame 

myself. 

Har jag inte haft vet att vara orolig innan detta kapitel så är jag det nu. 

Murphy‘s lag säger att jag givetvis glömt nära, kära och hjälpsamma 

människor. Otack är världens lön. För er som känner att ni har blivit 

felaktigt utelämnad eller tycker att motiveringen var felaktig så ges här 

utrymme för justering. 

 

Jag Hans Stenlund tycker att just du …………………………………………………….. 

har varit min stora inspirationskälla under alla dessa år. Tack var dig så har 

jag ändå någon form av värdighet kvar i kroppen. Utan dig så hade jag aldrig  

…………………………………………………………………………………………….................... 

……………………………………………………………………………… . Tack! 

Först av allt så vill jag tacka min familj för att ni står ut. Med familj så menar 

jag alla som jag delar blodsband med (på ett eller annat sätt). Fru, barn, 

föräldrar, far och morföräldrar, kusiner och många andra är inkluderade. 

Även många vänner räknas hit. Tack för att ni finns! 

 

För att belysa min andra omgång här på Universitetet så börjar jag med 

att ta milstolparna (samt handledare) i kronologisk ordning. 

Året var 2003 och jag beslutade mig för att överge gymnasieläraryrket till 

förmån för kemistyrket. Henrik Antti (vice handledare) introducerades mig 

till kemometrins förlovade land. Henrik tillsammans med Pär Jonsson 

handledde mig igenom ett väldigt intressant examensarbete (i samarbete 

med AstraZeneca) viket bidrog till att några av mina förlorade polletter föll 

på plats. Som grädde på moset så blev det publikation. Nu stod dörren på 

glänt. Tack! 

År 2004 så förbarmade sig Thomas Moritz (vice handledare) för min 

fortsatta utveckling och gav mig dessutom lön för besväret. Thomas har 

fungerat som mentor och skyddshelgon allt sedan dess. Faktum är att hela 

hans grupp är supertrevlig. De erbjuder insnöade teoretiker insikt i hur saker 

och ting fungerar i verkligheten. Tack för allt! 



 

61 

År 2005 så blev det dags för doktorandtjänst. Johan Trygg 

(huvudhandledare), mest känd som OPLS-patentets fader, öppnade hela 

kemometrifältet framför mina fötter och erbjöd mig mängder av vägval. Jag 

hoppade på dem alla. Dessutom så har jag fått erfarenhet om ‖allt det andra‖ 

som att ansvara för forskning, samarbeten och publikationer till att stångas 

med stelbent byråkrati. Man får bryskt erfara var gränsen för sin egen 

kapacitet går men med facit i hand så har det varit värt det. Tack för en 

mycket givande tid! 

 

Sedan så har jag haft förmånen jobba med många fantastiska personer 

som har haft inverkan på min utbildning. Nedan så spaltar jag upp de som 

jag står i stor tacksamhetsskuld till gällande de publikationer som ingår i 

avhandlingen. 

András Gorzsás har under de senaste åren blivit min radarpartner. Grymt 

sympatisk och hittar alltid tid för att dela med sig av sina kunskaper. I min 

värld så är detta ett mönsterexempel på hur samarbeten ska genomföras. Du 

hjälper mig, jag hjälper dig och tillsammans så hjälper vi andra. Win-win-

win-situation! 

Björn Sundberg (Mr FuncFiber) har lämnat den vetenskapliga lekparken 

olåst vilket har bidragit till att avsevärt förfina ‖try and error‖-metodiken. 

Några guldkorn har vi i alla fall vaskat fram. Det kostar att ligga på topp! 

Erik Johansson borde vara inskriven i alla kemometri-doktoranders 

forskningsplan. Enorm erfarenhetsbank, väldigt tålmodig och generös. För 

alla er som sitter med frågor, nu vet ni vem som tillhandahåller svaren! 

Dessutom Erik, kolla in referenslistan. Felfri! 

Johan Gottfries erbjöd god insikt i ordens verkliga betydelse och hur de ska 

användas i vetenskaplig text. Ok, jag har en bit kvar men om sisådär 400 år 

så bör jag nog närma mig målet. ‖Should would could‖ används numera 

sparsamt! 

 

Jag har dessutom fått förmånen att jobba tillsammans med många 

fantastiska kollegor. Här listar jag de stackare som har tvingats dela 

kontor med mig. Å vad less de ska vara efter alla dessa år. 

Max Bylesjö var den som fick ta första smällen. Jag hade frågorna han hade 

svaren. Dessutom så satte han en ny standard som i stora drag innebär att 

man bör publicera fler än tio artiklar under tre år för att få kallas lovande 

doktorand. Kul! 



 

62 

Rasmus Madsen och Tommy Löfstedt är de som jag delat kontor med allt 

sedan dess. Och tur var väl det. Rasmus har koll på det medicinska och 

Tommy har koll på det matematiska. Gissa hur många frågor de har fått? 

Givetvis så är ju allt ett givande och tagande så därför har jag lärt dem precis 

allt jag kan. Mot deras vilja ska tilläggas. 

 

Ingen orkar forska på fastande mage. Såvida man inte är klättrare. 

Carlos Cabrera (profeten) och Linus Malm (adepten) är de som jag har 

tillbringat de allra flesta lunchraster tillsammans med. Nu tror väl de flesta 

att vi bara pratar klättring men se nej, vi har även tränat under 

lunchrasterna. Men som de extremsportande supernördar som vi verkligen 

är så kan vi inte släppa jobbet ens under den tiden. Tragiskt! 

Jonas Wiklund har äntligen övergivit det sjunkande skeppet och korsat en 

ocean (bildligt och verkligt) för att hamna i kontoret bredvid. Kemi är 

framtiden! 

Anna Wuolikainen (jag måste fortfarande googla för att få efternamnet rätt) 

är i och för sig ingen klättrare men det har aldrig hindrat från att förvirra 

lunchdiskussionerna. Du är med milsvid marginal den person som jag har 

bytt flest ord med. Har du en susning om vad vi har pratat om? 

 

Sedan så är det så otroligt många andra trevliga personer som jag har fått 

förmånen att lära känna. Kemin har varit en fantastisk arbetsplats med 

mycket trevlig atmosfär. Man får nästan intrycket av att alla tycker om 

sina jobb och sin arbetsplats. 

Ett stort tack till hela vår grupp. Johan, Tommy, Rasmus, Rui, Mattias, 

Melanie, Nabil, Magdalena, Jeanette och Carl. Historiskt sett så ingår även 

Max, Jon, Stefan med flera. Även Henkes, Mattias och Annas grupper ska ha 

ett stort tack. Anna, Pär, Tommy, Elin, Elin, Lina, David, Anton och så 

många andra har verkligen förgyllt min tid. 

 

 

Jag är otroligt tacksam för den här tiden! 

/Hans 


