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Abstract
The aims of this project are to investigate the ability of advanced mathematical 

techniques and their contribution to the analysis of complex situations in analytical 

chemistry. The project falls into two areas. The first is the use of chemometrics to 

classify glycosaminoglycans (GAGs) such as chondroitin sulfates and glucosamines, 

substances that are being investigated for their potential use in the treatment of arthritis 

symptoms. This work is then expanded to the classification of novel anti-arthritis 

agents from different manufactures. The second part of this project looked at fitting 

different chromatographic band broadening models to real data. This work attempted to 

provide greater understanding of the processes involved in band broadening.

This classification work used different infrared spectroscopy techniques to analyse 

the molecules to which the classification systems were applied. Fourier Transform 

Infrared spectroscopy (FTIR), diffuse reflectance spectroscopy (DRIFTS) and 

Attenuated Total Reflectance spectroscopy (ATR) were evaluated for the classification 

of the chondroitin sulfates and glucosamines. The use of different spectral regions and 

derivative spectra were evaluated for their effect on the classification of the samples. It 

was found that FTIR coupled with derivative spectrums below 2000 cm 1 provided the 

best classification of these molecules.

The classification of sodium pentosan polysulfate was then considered using 

methods developed in the classification of chondroitin sulfates and glucosamines. 

Samples of the same material made by different manufacturers were provided to see if 

classification methods could distinguish them. Transmission spectroscopy coupled with 

the chemometric methods similar to those used for the classification of chondroitin
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sulfate and glucosamines, were able to discriminate the samples by manufacturer and 

partially discriminate the samples by batch.

The second part of this thesis looks at fitting models to data as opposed to building 

classification models from data. This section looks at band broadening models in liquid 

chromatography followed by gas chromatography and finally looking at model fitting 

generally with some theoretical data. In this section a new model for band broadening 

in liquid chromatography is proposed. This model was found to be better able to predict 

band broadening behaviour in liquid chromatography at high flow rates. This model 

was then applied to gas chromatography; however it was found that previously 

published models best fit the data. The theoretical analysis highlighted the need for 

high quality data in order to draw conclusions about the model. It was also found that 

post column processes had the greatest effect on the band broadening.

Overall it was found that these advanced analytical techniques would be able to 

significantly improve the analysis of Glycosaminoglycan type compounds and provide 

further understanding of the band broadening process in liquid chromatography.
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Chapter 1: Modelling and model 
fitting in analytical chemistry
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1 Modelling and model fitting in chemistry
Model, noun; a simplified mathematical description of a system or process, used to 

assist calculations and predictions.. Compact Oxford English dictionary [1].

The work presented in this thesis considers some of the ways that modelling can be 

used specifically in analytical chemistry. Otto notes that modelling in analytical 

chemistry is used “to describe the relationship between responses and factors 

Specifically this terminology is being applied to regression modelling [2]. Modelling 

can also be used to describe the relationship between different groups of samples in 

order to classify that sample or group of samples. Essentially, modelling in analytical 

chemistry can be viewed as a method of predicting how a sample or system will respond 

in the future based on measurements and experiments in the past.

This thesis looks at two aspects of the modelling process in analytical chemistry. 

The first presented in chapters 2, 3 and 4 is the development of classification models 

from a data set. In this case compounds of interest in the treatment of arthritis. The 

development of the classification models is undertaken using a number of chemometric 

techniques. The second aspect of modelling investigated in this work is the fitting of a 

model to a data set. This investigation uses non-linear regression to fit data to band 

broadening models in analytical chromatography and then various methods to determine 

which of the models fits the data best.

1.1 Multivariate analysis
Many of the important techniques which are considered part of chemometrics are 

derived from more classical statistics. More specifically, chemometrics is derived from 

a branch of statistics known as multivariate statistics. In multivariate statistics (and 

chemometrics) more than one variable is used to describe a particular sample [3]. The
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reason that multivariate statistics lends itself so well to chemical analysis is that many 

analytical techniques define a particular sample with a number of different variables [4],

In infrared, UV and visible spectroscopy, each wavelength can be considered a 

discrete variable that in some way describes the sample. In mass spectroscopy each 

mass to charge ratio (m/z) number can also be considered a variable, as can each 

chemical shift value in nuclear magnetic resonance (NMR) spectroscopy [4]. It is also 

possible to use combinations of these variables in spectroscopy for example integrated 

areas of specific features of the spectrum, the relative intensities or integrated areas of 

specific chemical shifts in NMR [5]. In NMR it is also possible to look at the slight 

changes of resonance of some features due to changes in their molecular environment, 

which can describe specific compounds [6], In the case of this project looking at 

infrared spectroscopy there is a redundancy in the variables which makes the use of 

reduction techniques such as principal components analysis (Section 1.4.1.1) highly 

applicable [4, 7].

Multivariate methods have also been applied when more than one test has been 

performed on the samples in question; each result collected separately may not give 

enough information about the sample [8]. However when results obtained by different 

methods are brought together, they may provide the analyst with desired information. 

An example of this is data provided from a number of sensors in an electronic “nose”. 

While each sensor by itself cannot distinguish between all the samples, analysis of the 

data from all the sensors at one time can [9]. Similar work has been done on the 

elemental analysis of 5th century wine amphorae using X-ray fluorescence [10].
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1.2 Chemometrics
Hibbert defines chemometrics as “the use of computational and mathematical 

methods to extract information from analytical data” [4], An increasing need for 

chemometrics has developed due to the large amounts of data that are routinely 

collected in analytical techniques [4], Indeed, one of the reasons for an increase in the 

use of chemometrics may be the increasing affordability of computing power [7], 

Chemometrics has its origins in pattern recognition and classification methods, with 

much of the original work in this area occurring in the 1970’s but has since grown to 

encompass a wide range of disciplines including quantification, and experimental 

design [11], There are a number of scientific journals that are solely devoted to the 

study and applications of chemometrics such as the Journal of chemometrics and 

Chemometrics and intelligent laboratory systems.

This project looked at using chemometrics for classification of different 

glycosaminoglycan (GAG) compounds using a number of analytical techniques. 

Classification and quantification of compounds is important to manufactures and 

regulatory authorities, as it is used on both the raw materials and on the finished 

product, in many cases chemometrics is used as part of a diagnostic test, or process 

control in manufacturing [12, 13].

The most common uses of chemometrics can be considered to be classification, 

calibration and experimental design [2, 4]. Each of these areas has a number of tools 

which are used to achieve the desired outcomes. This chapter provides an explanation 

of what each of these areas of chemometrics are, together with some of the 

chemometrics techniques presented in selected literature.
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1.3 Computers and software
Computers are an indispensable tool for all types of chemists. They are used for 

providing fast access for references and information but they are also used in the 

collecting and analysis of data. It is in this last function that they are most important for 

chemometrics and regression analysis.

The work presented in this thesis mainly uses the following pieces of software; 

Microsoft Excel, StatistiXL, SIRIUS 6.5 and Graphpad prism.

1.4 Chemometric Techniques
The techniques used in this project fall into three groups; data analysis, data 

reduction and classification. It has been noted that there is overlap in the some of the 

techniques used, in that some techniques may be used for both data reduction and 

classification or quantification in some way [8]. An example of this is principal 

components analysis, originally employed as a data reduction technique [3, 8, l l, 14, 

15]. It also forms the basis of some pattern recognition techniques used here such as 

SIMCA (Soft Independent Modelling of Class Analogies) or as an inherent part of 

quantification in Principal Components Regression (PCR) [16].

1.4.1 Exploratory data analysis, data reduction and principal 
components analysis.

One approach in the analysis of data is the approach set out in the 

NIST/SEMATECH engineering statistics hand book [17], This approach is known as 

exploratory data analysis. This involves using different techniques to gain 

understanding of the data before making hypotheses about the structure of the data. It is 

noted in the engineering statistics hand book that most of the processes in exploratory 

data analysis are graphical techniques [17]. The reason this was undertaken as stated in
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the reference is that it allowed the natural pattern recognition abilities that humans 

possess to be used.

An important part of exploratory data analysis used in this project has been the use 

of principal components analysis (PCA). PCA is a subset of factor analysis, which 

Johnson and Wichern note was developed in the early 20th century in the discipline of 

psychometrics [3], The goal of this early work in psychometrics was to describe the 

relationship between numbers of variables collected for a group of samples (people in 

the case of psychometrics) by a smaller number of unseen or hidden variables or 

factors.[3, 7], Most authors agree that the work by Hotelling in 1933 had the greatest 

effect on the use and direction of factor analysis to this day [2, 4, 7, 8], Factor analysis 

techniques began to be used in chemistry in the 1970’s, both as tool for exploratory data 

analysis and as part of pattern recognition techniques such as SIMCA, developed by 

Wold [16].

Principal components analysis fits very well into the exploratory data analysis 

framework as it can show definite patterns in the data that may not be visible on 

inspection of the raw data [3], In this field, PCA has been shown to be used when a 

structure to the data is hard to view from the raw data. For example in environmental 

pollution studies [18], where it has been used to identify what materials are causing the 

pollution. In food analysis, when multivariate calibration is being performed, PCA is 

often used to find the main sources of variability in the data [19].

1.4.1.1 Principal components analysis
Multivariate data can be displayed as a matrix which contains a number of variables

(measurements) and a number of samples. The standard notation is to present these as 

columns and rows respectively. Essentially PCA reduces the number of variables
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(columns) that are needed to describe a set of samples (rows) without the loss of any 

real information. The new variables are then referred to as principal components (PCs) 

and are similar to factors calculated in factor analysis. In the exploratory data analysis 

frame work one needs to consider the amount of variance in the data [7]. This may be 

hard to do with visual inspection of raw data such as chromatograms and spectra if the 

differences are small, and almost completely impossible for purely numerical data. 

PCA allows the user to simply represent the data as variables which can be easily 

visualised in a simple plot. New variables calculated in PCA contain the same amount 

of variance as in the original data [3].

For a given set of samples a matrix (X) can be constructed which is made up of 

samples in the rows (C) and and the variables in columns (S), giving rise to the matrix 

terminology seen in (1.1). As stated before PCA calculates a new set of variables (T) 

also know as scores and a set of loadings (P) which relate how the new variables or 

principal componts relate to the original variables. Thus (X) can also be described 

mathematically by equation (1.2). Both T and P are matrices, where T will have the 

same number of rows as X and P will have the same number of columns as X. The 

number of columns in T will be the same as the number of rows in P [7].

x = c.s (1.1)

X = T.P (1.2)

It can be then viewed that the matrices T and P contain a series of column vectors 

(ta) and row vectors (pa) respectively. The number of row vectors and column vectors 

is determined by the number of principal components (a). From these vectors it is 

possible to go back and then recalculate the original elements (xmn) of the original data 

matrix (X) using formula (1.3) where A is the number of the principal component [7].

CHEMOMETRICS AND MODEL FITTING IN ANALYTICAL CHEMISTRY
-7-



Matthew James Foot University of Technology, Sydney

X„,„ =Z‘".aP.„ (l-3)
0 = 1

Thus it is possible to see how the principal components, scores and loadings are 

related to the original data. This work has presented the score information, as a score 

plot. The score plot allows visualisation of the data and it is possible to see which 

samples are similar and which are different. This ability to cluster like samples has 

been used to great effect. Spectroscopy, because of its large number of variables 

collected for each sample and difficulties in spotting small differences in spectra, is an 

ideal technique to use with PCA [20]. Infrared spectroscopy and near infrared 

spectroscopy have been used with PCA to group rice samples [21] starch samples [22] 

and crude oil [23]. PCA is to applicable to NMR spectroscopy [24, 25] and 

fluorescence spectroscopy [26]. A score plot produced from data in this thesis can be 

seen in Figure 1.1.
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Figure 1.1: A score plot of a FTIR data set showing the first two principal components plotted 

orthogonally to each other. The different coloured points represent different samples. This data
has been mean centered.
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In many real data sets there are often more variables than there are samples e.g. 

spectroscopy, in addition, there is often colinearity between variables [20], The number 

of principal components that can be extracted is often a fraction of the number of 

variables (otherwise it is not a useful method of data compression). The extracted 

principal component variables are no longer colinear with each variable being 

independent. Noise is another feature of real data and PCA is an effective way of 

limiting the effect of noise on the data. Noise is relegated to the later PC’s which are 

often discarded due to the lack of information that they contain.

While a plot of the scores of each principal component yields information as to the 

overall structure of the data set, more information can be obtained by also looking at the 

loadings. Every principal component calculated has a set of loadings for every variable. 

These numbers represent how much of each variable has gone into calculating that 

principal component; it is possible to have negative loadings for some variables.

The link between the loadings and the principal component is a useful feature that 

can give insight as to which features in the original data give rise to what is seen in the 

score plots of data. Figure 1.2 shows a loadings plot of the first principal component for 

an FTIR data set. In the case of chemical data it becomes possible to use this 

information to link the trends seen in the score plot to chemical features in the sample 

being analysed. Work by Coimbra et al on FTIR and wine polysaccharides used the 

loading plots from PCA to identify clustering in samples, e.g. presence of particular 

sugars or total sugar concentration [27].

While PCA is possibly the most common factoring technique used in chemistry it is 

not the only one. Other examples include Partial Least Squares (PLS) factoring [28], 

factor analysis (as opposed to PCA), which can be used to extract real chemical
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factors[15]. The outcomes of these techniques are essentially the same despite the 

different algorithms used. In essence the data has been reduced from a large number of 

variables that may be hard to understand and colinear, to a smaller number of 

orthoganal variables that describe the samples. The effect of reducing the number of 

variables can be an important step in many analytical processes. Work has been 

reported in the past for which the sole purpose is to find a method of reducing a large 

data set into a more manageable size [29]. PCA is often used in conjunction with, and 

as part of other chemometric methods such as linear discriminant analysis and 

SIMCA[7, 8, 30].

Variables Created 03/11/04 13:06

Figure 1.2: A loadings plot of a principal component extracted from mid infrared FTIR data. The 
loading is plotted against the variables of that data set.

There are a number of different algorithms that are used to extract principal 

components from a data set [7, 8]. Different software packages use algorithms that suit 

the type of data that each package was originally designed to analyse. Eigenvalue 

analysis / eigenvector decomposition is a common method for calculation of the 

principal components in a square data matrix. It is also possible to calculate the 

principal components from a non square matrix after first calculating the covariance or 

correlation matrix of a data set. The eigenvalues show how much variability is removed
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with each eigenvector. In this case each eigenvector is analogous to a principal 

component. Singular value decomposition is another possible method for calculation of 

principal components from a data set which has a non square matrix form[3, 31].

1.4.1.2 Hierarchical cluster analysis (HCA)
HCA is an unsupervised pattern recognition tool in which samples are aligned to

each other based on their similarity (or dissimilarity) which is determined by how far 

apart they are [2]. Brereton notes that HCA was developed as a tool for the biological 

sciences. However, it can be applied very easily to chemical data [7]. In this project 

HCA was used as a first up grouping method after principal components analysis. PCA 

can be used to visually group the samples but this tends to be subjective. HCA provides 

a less subjective method for clustering the samples based on their position in the 

principal component score plots.

HCA calculates the distance between successive samples. This distance can be 

calculated in a number of ways including Manhattan city block distance, Euclidian 

distance, Mahalanobis distance etc [7]. This project uses exclusively the Euclidian 

distance as this is the method included in the software package. The Euclidian distance 

for two samples (a and b) is defined in equation (l .4) and is a measure of the distance of 

two points in space where xaj is the /th measurement of sample a [8]. The closer this 

distance is to zero the more similar the objects are thus the distance are measures of 

dissimilarity. The results from the clustering are presented graphically as a dendrogram.

(1.4)
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Figure 1.3: A dendrogram.

The dendrogram shows how samples are slowly built up from a linkage of 2 

samples, slowly on up to form groups. This is know as an agglomerative method [2, 7].

A dendrogram is shown in Figure 1.3. As it was originally developed as a tool for the 

biological sciences it is no surprise that much of the work using clustering methods is 

biology based. Examples include measuring trace metal concentrations in heart tissue 

[32] to the classification of microorganisms [33]. HCA has shown itself to be 

applicable to infrared spectroscopy on both biological samples in difficult media (i.e. 

blood) [34] and natural products such as olive oil [35].

1.4.2 Pattern Recognition
It was noted by Brereton [8], Wold [36] and others [2, l l] that chemornetrics grew 

out of pattern recognition and the need for classification in chemistry. Pattern 

recognition could be thought of as identifying if a sample belongs to one group or 

another, or it could look at the difference between the groups. Pattern recognition has 

been further broken down into two sub-categories, supervised pattern recognition and
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unsupervised pattern recognition. Supervised pattern recognition is where some 

knowledge about the group structure is included by the operator. Unsupervised pattern 

recognition is where no prior knowledge about the group structure is included in the 

process and all decisions about the group structure are decided by the algorithms that 

are used. Pattern recognition can also be looked at as finding the difference between 

different groups

Pattern recognition can also be broken down into a number of different levels based 

on how they perform in different situations. Albano et al. [37] defined the levels of 

pattern recognition as:

• Classification into a defined class.

• Classification into a defined class with the possibility of an outlier belonging to 

none of the defined groups.

• Classification into groups and outliers with one of the groups having a non 

homogeneous group structure.

• Classification into groups and outliers with the possibility of having non- 

homogeneous group(s) structure and being able to relate this classification to an 

external factor.

• Classification into groups and outliers with the possibility of non-homogeneous 

group(s) structure and being able to relate this back to a number of external 

factors.

All of the pattern recognition used in this project fell within the scope of the first 

three levels of pattern recognition listed by Albano. Pattern recognition may also be 

grouped into hard and soft modelling techniques. Similar to the groupings set out by
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Albano et al. this definition only contains two types. Hard modelling techniques tend to 

fall in the first level of pattern recognition, defining models into definite groups; a hard 

modelling technique could be considered linear discriminant analysis (LDA). Soft 

modelling techniques allow for some samples to belong to more than one group or no 

groups; an example of a soft modelling technique is SIMCA.

The work presented in this thesis used both supervised and unsupervised pattern 

recognition; namely PCA, LDA, SIMCA and these techniques interlock with each other. 

PCA not only proved a way to visualise the data but could also be used as a simple 

unsupervised pattern recognition tool which groups the data based on the similarity of 

their principal component scores. LDA often requires data reduction or variable 

selection, a role filled by PCA. SIMCA uses PCA as a central part of its pattern 

recognition process. .

1.4.2.1 Linear Discriminant Analysis
Linear discriminant analysis (LDA) is one of a number of discriminant analysis

techniques that has been used in classification problems; other types of discriminant 

analysis include Quadratic Discriminant Analysis (QDA) and Regularized Discriminat 

Analysis (RDA) [7]. Linear discriminant analysis is a hard modelling technique where 

samples are classed into known groups by using a discriminant function. LDA is also 

known as Fishers discriminant analysis [3]. In LDA a discriminant function is 

calculated and this function is then used to calculate the membership of unknown 

samples [4]. LDA falls into the Albano’s first level of pattern recognition [37] and as a 

consequence it cannot discriminate outliers or samples which do not belong to any of 

the groups, i.e. all samples must be classified to one of the present groups.
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LDA has some drawbacks when applied to spectral data if the number of variables 

must be less than the number of objects (samples) plus 2. If there are more variables 

then the discriminant function cannot be calculated, and class membership cannot be 

assigned [7, 30], Spectroscopic data usually has more variables than there are objects. 

For this reason a data reduction method is often employed before continuing with LDA. 

Data reduction methods that have been used with LDA include PCA and PLS [28]. It is 

also possible to use other variable selection techniques, from simple variable selection 

by the user to variables selected by mathematical methods (e.g. genetic algorithms

LDA functions by using the training variables for the samples to derive a 

discriminant function for each group. Hibbert noted that a discriminant function of a 

group G is given by equation (1.5):

Where a represents the variables, and a and b are coefficients. The number of 

discriminant functions that can be calculated for a data set is equal to the number of 

different groups minus one [4], The goal of these discriminant functions is to achieve 

the maximum possible separations between the groups. In the case of a set of samples 

that contains two groups the function will calculate a set of samples with a positive 

score belonging to one group and those with a negative score belonging to the other 

group [2]. This discriminant function can be plotted out as a new variable, in which 

case it is called canonical variate. For this reason LDA is sometimes known as 

Canonical Variate Analysis (CVA) [39].

[38]).

(1.5)
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The Mahalanobis distance is a statistical measure of distance which accounts for 

the fact that some variables may be correlated[7], which means they give the same 

information. Mahalanobis distance effectively calculates the distance of an object from 

the statistical center of a group of objects. Using the Mahalanobis method, an unknown 

sample is compared by its distance to the group centroids of groups of known samples. 

The measure of this distance can then be used to classify the samples (i.e. whichever 

group give the smallest Mahalanobis distance). Mahalanobis distance is included with 

LDA as the calculation of these class distances is analogous to calculating the canonical 

variants, thus the two methods arrive at the same results. The equation for calculating 

the Mahalanobis distance of two objects a and b (defined in matrix terms) is given by 

equation (1.6) where C is the covariance matrix of the variables [2, 7, 8].

In this project LDA is used in as a classification technique after data reduction by 

principal components analysis on spectroscopic data. This method of analysis is similar 

to processes used by Reeves & Zapf [40] in their near infrared work studying different 

food ingredients, Sivakesava & Irudayaraj in the classification of adulterants in honey 

[41], and Paradakar et al. in classification of adulterants in maple syrup [42]. By 

reducing the data with PCA before discriminant analysis it allows the user to gain 

information as to how the data is structured and it is possible (in supervised pattern 

recognition) to identify outliers before proceeding with the analysis. LDA has also been 

used for infrared forensic analysis [43] in a similar manner. LDA is versatile and has 

been used not only in the classification of different chemicals but in the classification of 

detectors used in ion chromatography [44] and in clustering of genetic data [45].

(1.6)
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1.4.2.2 Soft Independent Modelling of Class Analogies (SIMCA)
SIMCA is the soft modelling technique that was used in this project. SIMCA is a

supervised pattern recognition technique that makes use of principal components as an 

inherent part of the technique. SIMCA was developed by S. Wold and was first 

publicised in 1976 in the paper “Pattern recognition by means of disjoint principal 

component models” [l 6]. There are a number of advantages and disadvantages to using 

SIMCA for pattern recognition. SIMCA is a technique that is primarily used by 

chemometricians and was developed for pattern recognition in chemistry. As a result it 

is rare to find SIMCA algorithms in anything but specially designed software packages 

for chemometrics, as opposed to other techniques which were developed for classical 

statisticians. Another advantage that SIMCA has with many other soft modelling 

techniques is that the addition of new groups does not require the user to completely 

remodel the entire data set. Instead the new class is modeled independently of the 

existing classes and then the comparison is made [8].

As the title of the original paper by Wold suggests, PCA is an integral part of the 

SIMCA process. Essentially in SIMCA a principal component model of each class is 

extracted and then compared to the extracted principal component models of the other 

classes. When new samples are required to be classified they are then compared to the 

various models of the various groups. It is noted that SIMCA does not only use the raw 

principal components but also the group residuals to define the group. This is done 

using the F test and critical scores [l l, 16].

There are considerations when using this method in that the F test (and SIMCA) 

has some flaws when the number of variables greatly outweighs the number of samples 

and also when the number of samples is very high as was explored by Droge and Van’T
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Klooster in their two papers on SIMCA [46, 47], The nature of this problem relates to 

fact that the confidence bands are too narrow. This is a consideration for the work 

included in this project as FTIR data has inherently large number of variables to 

describe a single object.

When considering a group of samples that are best described by a one principal 

component model, by selecting a confidence interval, a critical value can be derived for 

the residual standard deviation of the sample; this can be envisioned as a tube 

surrounding the principal component. Wold also included a provision for the scores of 

an object to exclude it from a group, by defining an upper and lower limit set by the 

samples with the highest and lowest scores. This can be seen in the one component 

model as a cap on the ends of the tube defined by the critical value. This gives a three 

dimensional space where an unknown sample must fall for group membership [4, 7, 11, 

16].

This project uses SIMCA as a classification technique on infrared spectroscopic 

data. Work using infrared spectroscopic data and SIMCA has been performed on 

biological samples, [48] pharmaceutical samples, [49] illicit drugs [50] and questioned 

documents [43] with success. Unlike many other techniques used in this project, 

SIMCA was developed by a chemist and thus has seen most use in this field. Weber & 

Goux used SIMCA along with other techniques to classify samples collected from 

NMR data [51]. This work found that SIMCA was the best method (compared to K 

nearest neighbours clustering) for classifying carbohydrate residues . SIMCA has been 

used for calculating the kinetic profile in dissolution experiments [52] showing that it 

was a highly adaptable technique.
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1.4.2.3 Validation of pattern recognition models
It is important with an analytical model that it is validated. Validation ensures that

the model is working as intended. For pattern recognition the two main types of 

validations that are discussed in the literature are the use of a test set and the process of 

cross validation [4, 7, 11, 16, 43].

Using a test set involves selecting a number of samples to be tested and not using 

them to develop the model. When the model has been made it is used to classify these 

test samples. From the number correctly classified it is then possible to draw 

conclusions as to the applicability of the model. Cross validation involves modelling a 

particular class and leaving out one sample and then modelling the group and fitting the 

left out sample to this now remodeled group. This process is then repeated for each of 

the samples in the group. The final model for a group is then an average of all the re

modeled groups. It is also possible to perform cross validation where the data is divided 

into sets of samples, cross validation is then performed in a similar manner to leaving 

one sample out at a time however in this case a group of samples has been left out. The 

advantage of using cross validation is that it can be used when the number of samples is 

too small for a test set or when an independent test set is unavailable [2, 4, 7, 8, l l, 16, 

30,53].

1.5 Non-linear regression and model selection

1.5.1 Regression analysis
Many chemical measurements are based around the assumption that there is a 

relationship between at least two variables. For example Beer’s law relates the amount 

of light absorbed by a solution at a particular wavelength and the concentration of that 

solution. This has been shown in equation (l .7).
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A = ecl (1.7)

Where A is the measured absorbtion, s is the molar absorbtivity of solution, c is the 

concentration and 1 is the path length of the cell used in the measurement. Assuming 

the length of the cell (1 in the equation) used in the measurement is always the same this 

relationship can be presented in the form shown in equation (1.8). 

y = mx + b (1.8)

That is, the dependent variable y can be calculated from the independent variable x 

and constants m and b. Fitting a line to the data in the form of this equation allows for 

the calculation of constants m (the slope of the line analogous to si in Beer’s law) and b 

the offset of the line (analogous to the offset when c = 0 ).

Real data does not behave in exactly linear relationships so one needs to estimate 

how well a straight line fits the data. Thus at any given value in the independent 

variable, the value in the dependent variable may be different to the value calculated by 

the line (equation) that has been fitted to the data. This difference is referred to as the 

residual. If these residuals are small then the line plotted is a close fit to the data. The 

best estimates for m and b from this line are obtained through the use of the principal of 

maximum likelihood which minimizes the sum of the squares of the residuals [2, 7, 54, 

55].

Regression analysis is a form of modelling which describes how two factors relate 

to each other. Using regression analysis to calculate the constants and the equation for a 

line (linear regression applies to any linearly additive relationship, thus lines may be 

curved), allows this model to be used as a predictive tool. This may include being used 

to determine how other samples will behave, or to be used to describe the underlying 

physical or chemical relationship between the two factors.
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The linear terminology in linear regression does not refer to the shape of the curve 

but the type of equation that describes the curve. Thus linear regression does not 

necessarily mean fitting a straight line; it can mean fitting of any curve where the 

equation that describes the data is made up of linear parameters only. Thus a set of data 

that is best described by the equation y = ax“ + bx + c shows curvature, would still be 

fit using linear regression [54, 55].

Non linear regression is used when the model (equation) that is being used to 

describe the data is not linear in at least one of the unknown parameters. That is, the 

partial derivative for any parameter in the model is not a constant, and it cannot be 

transformed into a linear model by reparameterisation [55]. As with linear regression it 

is the goal of non linear regression to make the best possible estimates of the equation 

parameters of the model that fits the data. There are a number of different methods 

which can be used in order to estimate the model parameters. Otto lists these as: 

method of steepest decent, linearisation methods and search methods. This project used 

non-linear regression to describe band broadening as a function of flow rate models in 

analytical chromatography. This aimed to provide better descriptions of the band 

broadening process and a better understanding of the factors involved. The software 

used in this project uses a linearisation method, which is well adapted for computer use 

due to its iterative nature [2]. For this reason further discussion will be limited to the 

linearisation method.

Linearisation of a non-linear model is performed by making an estimate of the 

starting values of the parameters. Through the estimation of the parameters the equation 

can be converted to a linear equation and then solved in a similar manner to linear least 

squares regression [2, 54, 55]. After the initial guess has been made and the sum of
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squares or residuals (SSR) has been calculated it is necessary to refine the parameters of 

the equation in a systematic manner to ensure that the SSR is at a minimum. Each 

change to the parameters that reduces the SSR is considered to be closer to the best 

estimate, this process is continues on until there is no further reduction in the SSR [54].

The caveats to using this method are that the initial estimates for the model 

parameters need to be reasonably close to the best estimates. If this is not the case then 

calculation of the SSR using the best estimates may take a long time, or may never 

occur. This is avoidable with a number of software packages which allow the user to 

view (graphically) how close their estimates are to the real data before actually fitting 

the equation. It is also possible to observe local minima in the SSR, resulting in poor 

estimates of the model parameters. This tends to be a greater problem in noisier data 

[54]. It is also important to note the standard errors for each parameter as predicted by 

the fit. In the work presented here the standard errors (and 95% confidence interval) for 

each parameter are calculated by approximation. A number of factors affect the 

approximation of the errors including the scatter of the original data, the number of data 

points collected and the X values used in the fitting [56].

1.5.2 Model selection criteria
Often in chemistry there is more than one possible model that can fit a particular 

data set. Thus there needs to be a method of determining which of the models proposed 

fits the data best, and hence which is the true model.

Linear and non-linear least squares fit are based around the principal of maximum 

likelihood [54]. When this is applied to regression analysis, it suggests that the most 

likely fit is the line which has the lowest residual sum of squares. Lowering the residual 

sum of squares can often be achieved by simply increasing the number of parameters in
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the model being fitted. This does not indicate that the model is being fitted better, but it 

may be a case of over fitting. If over fitting is occurring the model chosen will fit the 

data very well, but will not make very good predictions as to how the process being 

modelled will behave in the future.

Thus there is a need for a method with which to select the model which best fits the 

data but does not over fit the data. Penalised maximum likelihood functions are 

possible methods to do this. These functions work by calculating a value and applying a 

penalty based on the number of parameters in the model. This project has used 

penalised maximum likelihood functions to choose the best model of band broadening 

in analytical chromatography. Two common functions that are used in this area and 

have been used in this project are the Akaike information criterion (AIC) proposed by 

Akaike [57] and the Bayesian or Schwarz information criterion (often referred to as 

BIC) proposed by Schwarz [58].

1.5.2.1 Akaike Information Criterion
Akaike’s information criterion was one of the first developed penalised maximum

likelihood functions. The AIC is defined as being;

AIC = (-2)ln(maximum likelihood) + 2k (1.9)

where k is the number of parameters in the model or equation. In regression 

analysis this equation may be converted into the form;

AIC = n\n{SSR) +2k (1.10)

Where n is the number of data points used in the fitting of the model, k is the 

number of parameters and SSR is the sum of squares of residuals [54, 55]. When 

comparing two or more models fitted to a particular set of data using AIC, the model 

that is selected will be the one with the lowest AIC. It can be seen that increasing the
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number of parameters in a model should reduce the SSR leading to a small reduction in 

the first term of the equation, while bringing out an increase in the second term of the 

equation. Thus there is a penalty involved with using a higher order equation.

AIC has been used where one out of a number of models needs to be selected, and 

maximum likelihood ratios can be calculated. In many cases the AIC has been adapted 

to the specific use from the generalised form. For example in work by Jones et al., 

changes were made in order to fit change points in phospholipid anisotropy [59]. It is 

hoped that better fits of anisotropy data will provide more accuracy in future work. To 

this end, work by Beajzer et al. studied fluorescence anisotropy decays to see if they 

were best fit with homogeneous or heterogeneous decay curves as determined by AIC 

[60]. Models selection with AIC has been used in a diverse number of areas from 

enzyme kinetics [61] and protein dynamics [62] in the biological sciences, to stability 

and physical properties testing by the pharmaceutical industry [63, 64].

1.5.2.2 Bayesian (Schwarz) Information Criterion
Schwarz in i 978 proposed a slightly different method for model selection based on

Bayes’s theorem [58]. Schwarz states that the best model is the model that maximizes 

equation (l. I l):

S = log L(Y I 9)-—k log;i (l.ll)
2

Where L (Y|9) is the likelihood function, k is the number of parameters in the 

model and n is the number of experiments used in the model fitting. Bogdan et al note 

that in the case of linear regression minimizing BIC, equation (1.12), is the same as 

maximizing S [65]:
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BIC = n log(——) + i log « (1.12)
n

Similar to AIC, the BIC has a term referring to the actual fit of the data and a 

penalty term. It was noted by Schwarz and other authors that BIC, unlike AIC, was 

deemed to be “consistent”. That is, as the sample size tends towards infinity the 

probability of selecting the correct model tends towards 1 [58, 65]. While it has been 

suggested that BIC is superior in performance to AIC [66] both criteria have been used 

to give a more complete picture.

BIC has been used in a number of modelling applications where determination of 

the best model is required. Smith and Brier used BIC as a stop criterion in developing 

neural networks [67]. It was regarded by the authors that using BIC as a stop criteria 

avoided the problem of over fitting. BIC has been shown to be useful in protein 

analysis [62] and in genetic model selection [65, 68]. BIC has also been shown to be 

useful in the area of single molecule emission spectroscopy with the accurate 

determination of change points indicating intermediate states in the molecule not 

normally seen in bulk spectroscopy [69].
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Chapter 2 : Glycosaminoglycans use 
and analysis
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2 Glycosaminoglycans: use and analysis.
Osteoarthritis (OA) is a degenerative disease of the cartilage in the joints in the 

human body [1]. While there has been little consensus on the correct definition of OA 

and what symptoms are and are not indicative of OA [2] it has been suggested that it is a 

major health problem that is facing the world wide community today. Osteoarthritis has 

been found to be more prevalent in women than men and lifestyle has been noted as a 

major factor in the occurrence of osteoarthritis, for example existing injuries to the 

bones and joints, and an increase in occurrence of those who are overweight [1, 3]. 

From the stand point of the chemist, a change in the chemistry of the fluid in the joint 

space occurs in sufferers of osteoarthritis [3, 4]. In the medical community there has 

been difficulty in classifying osteoarthritis. This suggests that arthritis itself is not one 

disease but a series of pathways through which similar symptoms arise [5].

The Australian Institute of Health and Welfare in their report, Australia's health 

2002 [6] made note that, according to an Australian Bureau of Statistics survey in 1995, 

1.2 million Australian suffered from OA. The same report mentions that OA accounts 

for 1.5% of all problems managed by general practitioners (GP’s) in the year 2000. The 

cost to the Australian health care system in the years 1993 - 1994 was estimated to be 

624 million Australian dollars. The American Food and Drug Administration (FDA) 

released a report that estimated costs of treatments of OA in America for the year 2000 

to be in the order of 65 billion US dollars[7]. The same report states that 42 million 

Americans were thought to suffer from arthritis, and that this number was expected to 

grow to 60 million by the year 2020. These numbers alone suggest that there is a 

pressing need for newer and better treatments of arthritis.
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2.1 Current Treatments
At the moment there is a number of different treatments available to sufferers of 

OA including pharmaceuticals, natural products and remedies, and in extreme cases 

surgery. While presented here as separate treatments, many patients have found their 

situation improves with the use of more than one type of treatment. Indeed this prospect 

has been suggested by Ayral that glycosaminoglycans (in this case Hyaluronic acid) and 

corticosteroids should be viewed as complementary medicines [8].

2.1.1 Pharmaceuticals
For this work pharmaceuticals will be defined as products that do not have natural 

base and are synthesized in the laboratory. Most of the pharmaceutical treatments for 

osteoarthritis focus on relieving the pain and inflammation caused by the condition. 

There are a large number of different pharmaceutical preparations available on the 

market for the treatment of OA; however, this project will only discuss the broad groups 

of treatments that are available.

2.1.1.1 Corticosteroids
Common treatments for the symptoms of arthritis include corticosteroids or 

glucocortoids. The efficacy of these drugs is based on their anti-inflammatory effect, as 

they inhibit the formation of prostaglandin. There have been a number of reported side 

effects that occur from this type of treatment, mostly associated with chronic use. These 

effects have included abdominal pain, gastrointestinal bleeding, weight gain, 

osteoporosis, tendon rupture, hypertension, congestive heart failure and a number of 

other effects [9, 10]. Due to the large number of dangerous side effects, corticosteroids, 

while good for treating localised pain on a short term basis, are not considered the best 

choice for the long term treatment of arthritis. An example of a very commonly used
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corticosteroid is Hydrocortisone also know as Cortisol which is present in many over 

the counter and proscription products [9, 10]

2.1.1.2 Non steroidal anti-inflammatory drugs (NSAIDs)
These drugs were recently introduced for the treatment of OA and have been found

to be quite effective in controlling the pain and inflammation caused by OA in a number 

of studies. NSAIDS work in a similar way to corticosteroids, they inhibit the 

production of prostaglandins, however their mechanism has been shown to be through 

the inhibition of cyclo-oxygenase enzymes[10]. They do not share the steroid structure 

of the corticosteroids. However, there have also been a number of serious side effects 

from the use of NSAIDS one of which being an increase in the occurrence of gastro

intestinal ulcers [11, 12]. While newer forms of NSAIDS have been found to do less 

damage to the gastrointestinal tract, it is assumed that all NSAIDS cause some level of 

damage to the tract [10]. The most commonly recognised NSAID would be 

acetylsalicylic acid (Aspirin) which is sold under many different names around the 

world, other commonly used NSAIDs include ibuprofen and indomethacin [9].

2.1.2 Natural products and remedies
In the last 10 to 15 years there has been an increasing focus on the use of natural

products in the treatment of various medical problems including arthritis. The so called 

“natural remedies” have become attractive for a number of reasons including cost, 

availability and the perception of greater safety in the use of natural products[13]. A 

group of natural products, known as glycosaminoglycans (GAGs) have become popular 

in the treatment of arthritis. GAG’s are similar in structure to polysaccharides and the 

work presented in this thesis focuses on sulfonated GAGs.
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There are a number of different products available on the market today which 

contain GAG compounds; noticeably dietary supplements containing Chondroitin 

sulfates and glucosamine are very popular with a number of different brands available 

in Australian markets. It was estimated that in 1998 there were more than 1 billion 

tablets containing glucosamine sold in the United States of America [14]. At the time of 

writing many of the supplements and treatments are available over the counter without a 

prescription and there are fewer controls covering them than prescription 

pharmaceuticals.

Orally administered products are usually desired. However, for most 

pharmaceutical or natural products this may not always be applicable. Thus there are 

also a number of treatments involving glycosaminoglycans in which the “active” 

ingredient is delivered via an injection often into the joint space itself [15]. These 

treatments have undergone far greater study as their invasive nature required more 

extensive regulation and thus regulatory approval. Active ingredients used in intra- 

articular injections include hyaluronic acid, pentosan polysulfate, chondroitin sulfates 

and similar compounds. Some intra-articular injection treatments (also known as 

‘Viscosuplamentation’) contain mixtures of these chemicals to try to improve the 

efficacy [16].

There have been a number of clinical trials on a number of natural and semi

synthetic GAG compounds in recent years. Largely the trials concluded there was a 

beneficial effect of these compounds when compared to a placebo, however the 

mechanisms through which the compounds help the sufferer, i.e. how they affect the 

arthritis joint, are still unresolved. It has also been suggested by Baici et al that 

compounds like chondroitin sulfate cannot be absorbed by the body and that there is
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little reason to assume that they have any effect on an arthritic joint. Baici however 

states that chondroitin sulfate may still have a place in the treatment of arthritis as it 

may protect the gastrointestinal tract from ulcers induced by NS AID therapy [17]. 

Largely, the response from clinical trials on GAG compounds such as chondroitin 

sulfate and glucosamine has been positive, with work on both animal [18, 19] and 

human patients [8, 11, 14-16, 20, 21].

2.1.3 Surgery
Surgery is often the final option in controlling the pain caused by OA, when other 

less invasive procedures no longer effective. Surgery may be used in order to replace 

the damaged joint or treat the surfaces of the joint to allow for ease of movement or 

reduction in pain.

2.2 Glycosaminoglycans
The body of work presented here examines in depth the methods available for the 

qualitative and quantative analysis of glycosaminoglycans (GAGs). GAGs are 

polysaccharides containing a repeating disaccharide unit. The disaccharide unit is made 

up of either N-acetylgalactosamine or N-acetylglucosamine and an uronic acid [22] ( 

Figure 2.1 ). Further differentiation between GAG molecules can come in the form and 

position of different functional groups on the disaccharide moieties. For example 

chondroitin sulfate A has a sulfate group attached to the 4 position of the 

acetylgalactosamine ring (Figure 2.2). There are a number of different GAGs. Some of 

which occur naturally in the human body and a number which have physiological 

significance either in the human body or in the treatment of disease and injury. Some 

physiologically important glycosaminoglycans include chondroitin sulfates, heparin 

sulfate, keratin sulfate, and hyaluronates (including hyaluronic acid). These compounds
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mostly have high molecular weights (up to 10,000,000Da) making analysis of these 

compounds difficult.

Many GAG compounds found in the human body are bound to a protein, making 

very large molecules known as proteoglycans. Proteoglycans are large molecules made 

up of a protein core with GAGs attached to the core. There are many different 

proteoglycans, with differing GAG compositions and amounts. Proteoglycans can be 

defined by broad groups which give indication to their role in the human body, these 

groups are extra cellular, cell membrane and intracellular [23]. An example of a 

proteoglycan is aggrecan (seen in Figure 2.3), which is found in cartilage. Aggrecan 

has a protein core to which chondroitin sulfates and keratin sulfates are attached. Due 

to its highly anionic nature (due to the GAG's attached to it), Aggrecan draws water into 

the cartilage giving the cartilage its structural properties [5].

It is the use of some of these compounds in the treatment of diseases such as 

arthritis that has prompted investigations into how these compounds have been analysed 

in the past and the search for new and better ways to analyse these compounds in the 

future.

D-Galactosamine
D-Glucosamine

L-iduronic acid D-Glucoronic acid

Figure 2.1: Common monosaccharide components of Glycosaminoglycans
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Figure 2.2: Chondroitin sulfate A with the N-acetylagalactosamine ring sulfated in the 4 position 
joined to D-glucoronic acid.

Chondroitin sulfate

Keratin sulfate

Link proteins

Protein CoreProtein core

Figure 2.3 Aggrecan: An example of a cartilage proteoglycan which contains both chondroitin 
sulfate and keratin sulfate.

2.2.1 Analysis of Glycosaminoglycans
The chemical analysis of glycosaminoglycans can be broken down into two areas,

qualitative (what is there) and quantitative (how much is there). GAGs are very large 

highly anionic molecules and these properties offer up interesting challenges to the 

analysis of these molecules. There are a number of different methods for the analysis of
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GAGs; these include direct spectroscopic techniques such as fourier transform infrared 

spectroscopy (FTIR), ultraviolet and visible spectroscopy (UV/VIS), nuclear magnetic 

resonance (NMR) spectroscopy, and separation techniques including electrophoresis, 

capillary electrophoresis (CE), high performance liquid chromatography (HPLC), ion 

chromatography (IC) etc. There are also several solid phase methods based on immuno- 

analysis, such as enzyme linked immunosorbent assays (ELISA) and indirect 

spectroscopic techniques that use dyes or indicators. Glycosaminoglycan analysis may 

also use a combination of these methods; it is not uncommon to see a separation 

technique used in conjunction with a spectroscopic technique.

2.2.1.1 Spectroscopy
Work on the analysis of glycosaminoglycans began to appear in the literature in the 

early 1960s. Importantly for this project, some of the earliest work was done using 

infrared spectroscopy.

Work on sulfated polysaccharides and sulfated monosaccharide (a “building block” 

for GAGs) by Lloyd and Dodgson examined spectral band assignment for these 

molecules [24, 25], Infrared spectroscopy has proved to be useful in the study of a 

number of physical and chemical properties of GAGs. Johonson and Penneys used 

potassium bromide FTIR spectroscopy to study the surfaces of arteries and veins and 

identified a number of absorbances that were attributed to the GAGs in these tissues 

[26].

F. Cabassi et al. and B. Casu et al. [27, 28] used spectroscopic techniques to 

examine different aspects of GAG structure. Cabassi used Raman and absorption 

spectroscopy to study the positioning of the sulfate group (the difference between N 

sulfonation and O sulfonation). The paper concluded that Raman spectroscopy is highly
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useful for qualitative and quantitative analysis of glycosaminoglycans. Casu 

demonstrated that solution IR can be used for the analysis of glycosaminoglycans. The 

Casu work also compared the information observed in different solutions (in this case 

D20 and DC1).

Further qualitative work using infrared spectroscopy was undertaken by Embery 

and Rolla in 1980 where the characteristic absorbances of Chondroitin 4 sulfate were 

determined [29]. Grant et al. examined the position of the sulfate band O or N 

sulfonation of heparin/heperin salts by infrared spectroscopy and suggested that there 

were differences in the conformation of the molecules depending on the counter cation 

[30].

More recent infrared analysis of GAG compounds has focused on their biological 

role and how their physical and chemical properties influence this. Work by 

Bagratashviti et al.[31 ] and Servaty et al. [32] researched the GAGs found in cartilage to 

study their abilities to bind water. The ability to bind water is an important property 

giving cartilage its shock absorbing characteristics.

While much of the work with infrared spectroscopy and GAG was primarily 

qualitative, quantitative work has been done on these samples both on their chemical 

properties (sulfate composition) by Longas et al. [33] and the quantity of a GAG 

(Chondroitin sulfate) present in cartilage as done by Potter et al [34]. Further work has 

been performed to try and relate chemical properties to biological activity. Longas et al. 

measured the sulfate content and the acetylation content via FTIR to establish a link 

between these properties and antiproliferative activity on bovine cells. This work used a 

single band from the spectrum of heparin to quantify each component (sulfate and 

acetylation) [35].
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The development of nuclear magnetic resonance spectroscopy (NMR) allowed 

further work on determining the chemical structure of GAGs. GAG analysis focuses 

mainly on proton and carbon 13 NMR.

NMR has proven to be a highly useful tool in the analysis of chondroitin sulfates 

and related molecules. Honda et al. showed the use of 13C to discriminate between the 

structures of chondroitin sulfate A and C utilising the difference between the positioning 

of a sulfate group [36]. Hamer and Perlin used 13C NMR to investigate Chondroitin A, 

B and C, they found that many chondroitin sulfate preparations contain more than one 

type of chondroitin, and are thus heterogeneous in composition. This work allowed an 

estimate of heterogeneity in the compounds. However, this result was more qualitative 

than quantitative. Gatti et al. used proton (1H) NMR to determine hydrogen bonding in 

GAG compounds such as hyaluronic acid and chondroitin sulfates. This work 

concluded that hydrogen bonds form easily with these compounds [37]. This is not 

surprising when considering the role of these molecules in the human body. The ability 

to form hydrogen bonds will effect the absorption of water into the extra cellular matrix. 

This in turn will have an effect on the articular joint properties.

Further qualitative work on chondroitin sulfates was undertaken by Scott et al [38]. 

The study of the N-H resonance with 1H NMR indicated whether there was hydrogen 

bonding in the sample. This work showed that the resonance structures found in 

dermatan sulfate (chondroitin sulfate B) were different to those in chondroitin sulfate A 

and C indicating a difference in the H bonding profile and a difference in the 

intramolecular structure. Scott and Heatley continued this work to other 

glycosaminoglycans using a similar method [39].
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NMR has also been used for the quantification of GAG compounds. Work by 

Holme and Perlin used NMR to determine the amount of dermatan sulfate in heparin. 

This work used ratios of different chemical shift peaks to determine the heparin to 

dermatan sulfate amount. Holme and Perlin presented a comprehensive listing of the 

resonances of the different carbon atoms present in chondroitin A, B and C[40]. Neville 

et al. applied proton NMR to determine the purity of heparin preparations, this work 

used NMR to detect common contaminants such as dermatan sulfate and calculated the 

potency of the sample [41].

An important area of GAG analysis utilizes enzymatic digests of the GAG 

molecules. Through digestion, the GAG is broken down into its repeating units (usually 

a disaccharide but it can be larger or smaller); this process leaves the user with 

molecules that are smaller and easier to analyse. Sanderson et al. analysed the 

oligosaccharide and disaccharide products of a digest of dermatan sulfate by NMR in 

order to characterise the GAG. It should be noted that before NMR on the products of 

the digest they were separated using gel permeation chromatography [42].

Similar qualitative work was undertaken and published in 1991 by Sugahara, who 

studied the oligosaccharide fractions obtained by gel filtration of the enzymatic digests. 

The chemical information about the structure of the glycosaminoglycans and the units 

of the GAG that link it to the protein core (in a proteoglycan) gave useful information 

about the GAG structure [43]. This work was performed on whale cartilage. Similar 

work was also performed on shark cartilage by Sugahara et al [44] and de Waard et al. 

[45].

Use of 2D NMR techniques on collected disaccharide fractions of GAG’s (e.g. 

chondroitin sulfate) allowed the detection of small impurities in the samples giving
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further indication of the composition of the larger macromolecule. D’Arcy et al. used 

2D NMR techniques to identify the spatial orientation of the disaccharide units in the 

hope that it would reveal further information as to the biological significance of these 

molecules [46].

Much of the interest surrounding glycosaminoglycans is due to their biological 

significance. Studies on the possible biological activity give an indication into the role 

of the molecules in the body or how a particular molecule is affected by a disease. 

Servaty et al. studied a possible mechanism of arthritis with an NMR study on the effect 

of hypochlorous acid (HOC1) on chondroitin sulfate, important for its role in joints and 

cartilage. By studying the NMR and IR spectra before and after reaction with HOC1 the 

mechanism of cartilage destruction in arthritis was researched [47].

Recent work on the NMR investigations of GAGs has examined the links between 

the biological properties of the molecules and their structures. Mulloy et al. have used 

NMR and enzymatic tests to determine linkage between structure and biological 

activity. This work found that if small structural changes were made to the molecule, 

large differences could be seen in the biological activity [48]. NMR has also been used 

to determine the origin of the GAGs as seen in work by Mucci et al[49]. Further 

characterisations of GAGs has been shown in work by Huckerby et al [50] and Schiller 

et al. [51]. Recently NMR has been coupled with advanced pattern recognition 

techniques to study the GAG molecules. Work by Ruiz-Calero et al. used chemometric 

techniques and NMR such as principal components analysis to screen 

glycosaminoglycans samples for their major components and contaminants successfully 

[52]
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2.2.1.2 Separations
Glycosaminoglycans are large complex molecules. Because they are naturally 

occurring they are not homogeneous, thus separation techniques are an obvious choice 

for their analysis. Separation techniques are also used when looking at digests of GAGs 

as they allow the different components of the digest to be separated and analysed 

individually. Separation techniques that have been used for the analysis of 

glycosaminoglycans include gas chromatography, liquid chromatography and 

electrophoresis techniques. There is a large amount of published research on the 

analysis of glycosaminoglycans this way as can be seen in the reviews by Mao et al, 

Vynios et al, and Kakchi et al. [53-55]. The following literature review is only a sample 

of what has been done.

The analysis of glycosaminoglycans by GC has inherent difficulties; notable among 

these is the large size and lack of volatility of the molecules. In order to analyse GAG’s 

by GC there needs to be some kind of derivatisation procedure before the analysis. This 

causes some loss in the sensitivity and adds time and difficulty to the analysis. 

However, the ability to link GS with MS made this method attractive before the 

development of other MS interfaces. Larking analysed the hexosamine sugars produced 

from glycosaminoglycan digestion from human plasma and urine using packed column 

GC linked with a flame ionisation detector. After digestion of the GAGs in urine, the 

method required digestion of the resultant monosaccharides before analysis which was 

achieved in sixteen minutes for glucosamine and galactosamine [56].

More up to date work using capillary GC and mass spectrometry has also been 

performed on GAGs. In this case work by Kariya et al. examined the branching of 

chondroitin sulfate molecules isolated from Japanese sea cucumbers [57]. This work
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again uses a pre-column derivatisation step to be able to analyse the molecules by the 

GC. The use of capillary columns allowed far greater resolution to that achieved by 

Larking. This work also used mass spectrometry in order to be able to elucidate the 

structure of the analyte molecules.

Liquid chromatography is another technique that has been used in the analysis of 

glycosaminoglycans. There are many different subcategories of liquid chromatography 

that have been used; high performance liquid chromatography (HPLC), gel permeation 

and size exclusion chromatography and ion chromatography. Theses techniques 

function on different methods of separation. Liquid chromatography functions on a 

liquid mobile phase and a solid or semi solid stationary phase which separates the 

molecules. Liquid chromatographic techniques have the advantage of being able to 

analyse larger more complex molecules because there is no need for the compound to be 

volatile, however the separations obtained using liquid chromatography are not as 

efficient as those obtained using GC. A difficulty that is frequently encountered with 

the analysis of GAGs using liquid chromatographic techniques is the detection of the 

eluted compounds. The compounds have a very low absorptivity in the ultraviolet and 

visible spectrum of light, thus pre-column or post column derivatisation is necessary to 

be able to use common detectors (UV/VIS detectors, photo diode array detectors etc).

The different mechanisms of separation in liquid chromatography are based on 

different interactions between the analyte molecules in the mobile phase and the 

stationary phase. Work by Lee et al. shows initial work on the separations of the 

disaccharides produced from reduction of the GAGs to the disaccharides with terminal 

hydroxymethyl groups [58]. With the advancement of technology, newer detectors 

have become available, one of which is the interfacing of liquid chromatography with
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mass spectrometry(MS). Da Col et al have used MS and MS-MS to study sulfated 

GAGs and, like much of the work on separations of these molecules, it is limited to 

studying the mono- and disaccharide products of digestion and not the whole molecule 

[59], In order to increase the UV sensitivity of the reduced disaccharides when 

analysed by HPLC, recent work has looked at derivatisation of the compounds prior to 

analysis, Ramsay et al investigated a number of different compounds used to tag GAG 

moieties produced through digestion. This work found that with four tagging 

compounds increased sensitivity and ease of analysis could be achieved for a large 

number of GAG moieties [60].

Size exclusion chromatography uses particles with regular shaped small pores; the 

mobile phase carries the analyte molecules into these pores. The smaller the molecules, 

the further they will be carried into the pores and a longer time to elute from the 

column, giving a separation based on the size of the molecule. Size exclusion 

chromatography allows the analysis of whole molecules thus there is no need for a 

derivitisation or digestion step before analysis.

Maderich and Sugita used size exclusion chromatography to analyse a number of 

different GAGs. In order to increase the sensitivity of this method, a post column 

reaction with dimethylmethylene blue (DMMB/DMB) was used. This method was 

found to be useful in determining the polydispersity of the compounds and for 

quantitation [61]. By comparison with known compounds, size exclusion 

chromatography could provide information relating to the structure of the analyte 

molecules in addition to the polydispersity. Volpi and Bolognani compared GAGs to 

proteins and observed that GAGs formed extended chains when in aqueous solutions 

making them appear to have a much higher relative molecular mass than proteins of
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similar molecular mass [62], This could have an effect on the physical properties of 

GAG’s like chondroitin which play an important role in articular joint spaces in 

humans.

Due to the anionic nature of GAGs, ion exchange chromatography is another 

possible choice for their analysis. Ion exchange chromatography uses ion exchange 

resins as the stationary phase and buffer solutions as the mobile phase. In ion exchange 

chromatography the order of elution of the molecules is determined by the charge on the 

molecule [63].

Pre-column derivitisation of the analyte GAGs allows for an increase in the 

sensitivity of a method by using different detectors. Takagaki et al. tagged the GAG 

molecules with 2-aminopyridine to allow the use of highly sensitive fluorescence 

detectors. This method allowed them to successfully analyse a mixture of 

glycosaminoglycans in pico-mol quantities [64]. Ion chromatography (IC) has also 

been used as a purification technique for GAGs. Zierer et al. isolated novel sulfated 

polysaccharides from marine sponges, and before analysis using electrophoresis 

techniques, purified the sample using ion exchange resin eluted with increasing ionic 

strength solutions and collection of the fractions [65].

Normally, ion chromatography uses conductivity detectors. As conductivity 

detectors work at a high potential, there is often a large amount of baseline noise. By 

changing the detector there may be an increase in the sensitivity and speed of the 

method. Campo et al investigated the use of pulsed amphometric detection (PAD) with 

anion exchange chromatography methods to increase the sensitivity and speed of 

analysis of GAGs. The methods developed and validated in this work were then used to 

measure the amount of GAGs in human plasma. The authors concluded that PAD gives
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the user the ability to analyse more compounds in the one procedure and gave very low 

limits of detection and quantification [66],

Recent advances in chromatography involve the use of multidimensional 

chromatography, where the analyte molecules are separated on two different stationary 

phases. Ruiz-Calero et al. linked size exclusion and ion chromatography in one analysis 

to determine not only the average molecular mass of a heparin sample but to also 

determine the phosphate and sulfate content of the sample in one run [67].

Electrophoresis is the other main separation technique that is used in the analysis of 

glycosaminoglycans. Electrophoresis relies on the movement of ions when under the 

influence of a potential difference. Since GAG compounds are highly anionic this 

technique is suitable for their analysis. Different types of electrophoreses techniques 

have been used in GAG analysis; gel electrophoresis, cellulose acetate strip 

electrophoresis and capillary electrophoresis. These can be broadly grouped into two 

areas; slab electrophoresis and capillary electrophoresis. Electrophoresis can allow the 

user to analyse whole GAGs without digestion and can be linked with a number of 

different detection systems. Slab techniques often use stains and dyes to visualise the 

migration of the analyte molecules “after analysis” or collect the analytes for off line 

analysis. Capillary electrophoresis necessarily uses on line detection systems such as 

UV detectors [68].

Slab electrophoresis techniques have been used in the analysis of GAGs for many 

years. Morris et al. used cellulose acetate strip electrophoresis in a complex multi-step 

procedure to analyse 4 GAGs that are found in embryonic tissue. This work was not 

quantitative and was plagued with sample loss as it involved the use of two different 

buffer solutions [69]. Poblacion and Michelacci used both agrose gel and
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polyacrylamide gel electrophoresis to examine the origin of different dermatan sulfates 

(a.k.a. chondroitin sulfate B). It is claimed in the paper that they achieved 

quantification of the dermatan sulfates based on the molecular mass of the different 

dermatan sulfates depending on their source [70], Polyacrylamide gel has also been 

used as screening analysis to check for homogeneity of GAGs [71]. Detection of GAGs 

using slab electrophoresis has been improved with the use of fluorophore labeled 

analyte molecules [72],

Capillary electrophoresis (CE) functions on a similar principal to slab 

electrophoresis in that the movement of analyte molecules, occurs due to electric 

potential in a conducting medium. However, as the name suggests this is performed in 

a capillary. CE while a relatively new technique is becoming increasingly used in 

chemical analysis. It provides a very high resolution when separating based on 

molecular weight and can also provide separation over a very large mass range and can 

be used to resolve stereoisomers [73].

Analysis of GAGs has been performed with CE on both intact molecules and on 

digest products. Ruiz-Calero et al. analysed and quantified monosaccharides produced 

from digests of heparin, chondroitin 4 sulfate and dermatan sulfate using CE. The very 

low chromaphoric properties of these analyte molecules led to the use of an indirect 

detection method where the background electrolyte absorbs (in this case fluoresces) and 

the analytes are detected by the absence or reduction in fluorescence [74]. Prochazka et 

al. [73] and Schrim et al. [75] both used CE coupled with indirect UV detection to 

analyse pentosan polysulfate (PPS). Schrim et al. looked at developing a 

“fingerprinting” technique of analysing PPS, while Prochazka et al. was able to use a 

similar method in the quantification of the same molecule.
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2.2.1.3 Other techniques
Glycosaminoglycans do not absorb energy in the visible or ultra violet region of 

light. Spectrophotometric assays are able to quantify the amount of a substance present 

in a sample by measuring absorbance (or transmission) at a particular wavelength. As 

long as the response satisfies Beer’s Law and is in the linear range then 

spectrophotometric assays are a good source for determining the amount of desired 

compound. In order to be able to perform these assays on GAGs there is a need to use a 

dye. Farndale et al [76] proposed a method for determining total sulfated GAGs 

concentration in tissue cultures. This method, however, suffered from interferences and 

was revised by Farndale et al [77] in 1986 to allow for better quantitation and 

discrimination of sulfated GAGs. The improved method reduced the effect that 

interfering compounds had on the assay.

Other dyes have been used in order to quantify GAG content. Thuy and Nyhan 

proposed a method using Azure A and Azure B dye to measure individual 

glycosaminoglycans, and to measure the total GAG content in urine. This method was 

found to be sufficient for total GAG content in urine however it was unable to 

determine which GAG’s were present [78].

Solid phase immunoassays have also been used in the analysis of GAGs. These 

tests rely on a reaction between the analyte molecule and an antibody or antigen. The 

antibody is bound to a solid surface and the sample is brought into contact with this 

solid phase. The analyte molecule binds to the antibody and then a second labeled 

antibody is added to enable detection. A response is then measured spectroscopically 

(using either colourimetry fluorescence or chemiluminescence) or by measuring 

radioactivity. Solid phase assays have the advantage of being highly specific (the
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antibodies will only bind with specific analytes) and very sensitive (able to detect 

nanogram levels of analytes) [79],

Yang et al. developed a method of measuring hyaluronic acid and chondroitin 

sulfate with no more than 300ng of analyte molecule needed for a positive result for the 

test [80]. This analysis was further developed by Vynios et al and was able to quantify 

GAGs such as chondroitin sulfate at the nanogram level. This work notes that the 

uncertainties are comparable with those produced in a standard colorimetric assay and 

the method of analysis can be developed to determine a large number of samples at a 

time [81]. Ziouti et al noted that a common analysis of GAG was undertaken using the 

ELISA (Enzyme Linked ImunnoSorbent Assay) methodology. The paper also noted the 

different types of antibodies used and different detection systems. However, the 

detection limits for these types of assays, for not only the GAG macromolecules or the 

GAG disaccharide units, is very low. This, coupled with their specificity, makes these 

techniques extremely good for determining the concentration of GAGs and related 

compounds in plasma and human tissues [23].

2.3 References
1. Mankin, H.J., K.D. Brandt, and L.E. Shulman, Workshop on Etiopsthogenesis of 

Osteoarthritis; Proceedings and Recommendations. Journal of Rheumatology, 

1983. 13(6): p. 1130-1160.

2. Jurmain, R., Stories from the Skeleton. Behavioural reconstruction in human 

osteology. 1999, Amsterdam, The Netherlands: Gordon and Breach science 

publishers.

3. Ishiguro, N., T. Kojima, and A.R. Poole, Mechanism of cartilage destruction in 

osteoarthritis. Nagoya Journal of Medical science, 2002. 63: p. 73-84.

CHEMOMETRICS AND MODEL FITTING IN ANALYTICAL CHEMISTRY
-55-



Matthew James Foot University of Technology, Sydney

4. Rovetta, G., Galactosaminoglycuronoglycan Sulfate (matrix) in therapy of 

tibiofibular osteoarthritis of the knee. Drugs under experimental and clinical 

research, 1991. 17(1): p. 53-57.

5. Hardingham, T.E., A.J. Fosang, and J. Dudhia. Aggrecan, the chondroitin 

sulfate / keratinsulfate proteoglycan from cartilage, in Articular Cartilage and 

Osteoarthritis. 1991. Wiesbaden, Germany: Raven Press.

6. AIHW, Australia's health 2002. The 8th Biennial health report of the australian 

institute of health and welfare. 2002, Australian institute of health and wefare.

7. Lewis, C., Arthritis: Timely Treatments for an Ageless Disease. 2001, US Food 

and Drug administration.

8. Ayral, X., Injections in the treatment of osteoarthritis. Best practice in research 

clinical rheumatology, 2001. 15(4): p. 609-626.

9. Loebl, S., G.R. Spratto, and A.L. Woods, The nurse's drug handbook. 7th. ed. 

1994: Delmar Publishers INC.

10. Bryant, B., K. Knights, and E. Salerno, Pharmacology for health professionals. 

2003, Sydney: Mosby.

11. Morreale, P., R. Manopulo, M. Galati, L. Boccanera, G. Saponati, and L.

Bocchi, Comparison of the antiinflammatory efficacy of chondroitin sulfate and 

diclofenac sodium in patients with knee osteoarthritis. Journal of Rheumatology, 

1996. 23(8): p. 1385-1391.

12. Capped, M.S. and J.R. Schein, Diagnosis and treatment of Nonsteroidal anti

inflammatory drug associated upper gastrointestinal toxicity. Gastroenterology 

clinics of North America, 2000. 29(1): p. 97-124.

CHEMOMETRICS AND MODEL FITTING IN ANALYTICAL CHEMISTRY
-56-



Matthew James Foot University of Technology, Sydney

13. Adbelfattah, W. and T. Hammad, Chondroitin sulfate and glucosamine: A 

review of their safety profile. JANA, 2001.3(4): p. 16-23.

14. da Camara, C.C. and G.V. Dowless, Glucosamine sulfate for osteoarthritis. The 

Annals of Pharmacotherapy, 1998. 32.

15. Matsuno, H., K. Yudoh, M. Kondo, and T. Kimura, Biochemical effect ofintra- 

articular injections of high molecular weight hyaluronate in rheumatoid 

arthritis patients. Inflammation Research, 1999. 48(3): p. 154-159.

16. Geler, K.A., J.B. Keeperman, R.C. Sproul, K. Roth, and H.M. Reynolds, 

Viscosupplementation: Anew treatment option for osteoarthritis. Orthopaedic 

Nursing, 2002. 21(5): p. 25-34.

17. Baici, A., D. Horler, B. Moser, H.O. Hofer, K. Fehr, and F.J. Wagenhauser, 

Analysis of glycosaminoglycans in human serum a fter oral admin istration of 

chondroitin sulfate. Rheumatology International., 1992. 12(3): p. 81-88.

18. Campo, G.M., A. Avenoso, S. Campo, A.M. Ferlazzo, D. Altavilla, and A. 

Calatoni, Efficacy of treatment with glycosaminoglycans on experimental 

collagen-induced arthritis in rats. Arthritis research & therapy, 2003. 5(3): p. 

R122-R131.

19. Carney, S.L., M.E.J. Billingham, B. Caterson, A. Ratcliffe, M.T. Bayliss, T.E. 

Hardingham, and H. Muir, Changes in proteoglycan turnover in experimental 

canine osteoarthritic cartilage. Matrix, 1992. 12: p. 137-147.

20. Todd, C., Meeting the therapeutic challenge of the patient with osteoarthritis. 

Journal of the American Pharmaceutical Association, 2002. 42(1): p. 74-82.

21. O'Rourke, M., Determining the efficacy of glucosamine and chondroitin for 

osteoarthritis. Nurse Practitioner, 2001. 26(6): p. 44-52.

CHEMOMETRICS AND MODEL FITTING IN ANALYTICAL CHEMISTRY
-57-



Matthew James Foot University of Technology, Sydney

22. King, M.W. 2003.

23. Ziouti, N., I.-E. Triantaphyllidou, M. Assouti, N. Papageorgakopoulou, D. 

Kyriakopoulou, S.T. Anagnostides, and D.H. Vynios, Solid phase assays in 

gly cocojugate research: applications to the analysis of proteoglycans, 

glycosaminoglycans and metalloproteinases. Journal of Pharmaceutical and 

Biomedical Analysis, 2004. 34: p. 771-789.

24. LLoyd, A.G., K.S. Dodgson, R.G. Price, and F.A. Rose, Infrared studies on 

sulphate esters I. Polysaccharide sulphates. Biochimica et Biophysica Acta, 

1961.46: p. 168-115.

25. LLoyd, A.G. and K.S. Dodgson, Infrared studies on sulphate esters II. 

Monosaccharide sulphates. Biochimica et Biophysica Acta, 1961. 40(1): p. 116

120.

26. Johnson, W.T.M. and R. Penneys, A method for the chemical analysis of intimal 

surfaces of arteries and veins with potassium bromide infrared spectroscopy: 

Preliminary results. Applied Spectroscopy, 1974. 28(4): p. 328 - 334.

27. Cabassi, F., B. Casu, and A.S. Perlin, Infrared absorption and Raman scattering 

of sulfate groups of heparin and related glycosaminoglycans in aqueous 

solution. Carbohydrate Research, 1978. 63: p. 1-11.

28. Casu, B., G. Scovenna, A.J. Cifonelli, and A.S. Perlin, Infrared spectra of 

glycosaminoglycans in deuterium oxide and deuterium chloride solution: 

Quantitative evaluation of uronic acid and acetamidodeoxyhexose moieties. 

Carbohydrate Research, 1978. 63: p. 13-27.

CHEMOMETRICS AND MODEL FITTING IN ANALYTICAL CHEMISTRY
-58-



Matthew James Foot University of Technology, Sydney

29. Embery, G. and G. Rolla, Interaction between sulphated macromolecules and 

hydroxyapatite studied by infrared spectroscopy. Acta Odontologica 

Scandinavica, 1980.38(2): p. 105-108.

30. Grant, D., W.F. Long, and F.B. Williamson, A model of two conformational 

forms of heparins/heparans suggested by infrared spectroscopy. Medical 

Hypotheses, 1987. 24: p. 131-136.

31. Bagratashvili, N.V., N.Y. Ignatieva, A.N. Kharlanov, and V.V. Lunin. FTIR 

spectroscopy of main components of cartilage, in Saratov fall meeting 2001: 

Optical technologies in biophysics and medicine III. 2001. Saratov, Russia:

SPIE.

32. Servaty, R., J. Schiller, H. Binder, and K. Arnold, Hydration of polymeric 

components of cartilage: an infrared spectroscopic study on hyaluronic acid 

and chondroitin sulfate. International journal of biological macromolecules, 

2001. 28(2): p. 121-127.

33. Longas, M.O. and K.O. Breitweiser, Sulfat compostion of glycosaminoglycans 

determined by infrared spectroscopy. Analytical Biochemistry, 1991. 192: p. 

193-196.

34. Potter, K., L.H. Kidder, I.W. Levin, E.N. Lewis, and R.G.S. Spencer, Imaging of 

collagen and proteoglycan in cartilage sections using Fourier transform 

infrared spectral imaging. Arthritis & Rheumatism, 2001. 4(4): p. 846-855.

35. Longas, M.O., H.G. Garg, J.M. Trinkle-Pereira, and C.A. Hales, Heparin 

antiproliferative activity on bovine pulmonary artery smooth muscle cells 

requires both N-acetylation and N-sulfonation. Carbohydrate Research, 2003. 

338: p. 251-256.

CHEMOMETRICS AND MODEL FITTING IN ANALYTICAL CHEMISTRY
-59-



Matthew James Foot University of Technology, Sydney

36. Honda, S., H. Yuki, and K. Takiura, Use of Fourier transform 13C nuclear 

magnetic resonance spectroscopy for sulfate placement in chondroitin sulfates. 

Journal of Biochemistry, 1974. 76: p. 209-211.

37. Gatti, G., B. Casu, G. Torri, and J.R. Vercellotti, Resolution-enhanced IH-nmr 

spectra of dermatan sulfate and chondroitin sulfates: conformation of the uronic 

acid residues. Carbohydrate Research, 1979. 68: p. C3-C7.

38. Scott, J.E., F. Heatley, D. Moorcroft, and A.H. Olavesen, Secondary structures 

of hyaluronate and chondroitin sulfates. A n.m.r. study ofNH signals in dimethyl 

sulfoxide solution. Biochemical Journal, 1981. 199(3): p. 829-832.

39. Scott, J.E. and F. Heatley, Detection of secondary structure in 

glycosaminoglycans via the 1H n.m.r signed of the acetamido NH group. 

Biochemical Journal, 1982. 207(1): p. 139-144.

40. Holme, K.R. and A.S. Perlin, Nuclear magnetic resonance of heparin in a 

mixture with dermatan sulfate and other glycosaminoglycans. 2D spectra of the 

chondroitin sulfates. Carbohydrate Research, 1989. 186: p. 301-312.

41. Neville, G.A., F. Mori, K.R. Holme, and A.S. Perlin, Monitoring of the purity of 

pharmaceutical heparin preparations by high field lH-nuclear magnetic 

resonance spectroscopy. Journal of Pharmaceutical sciences, 1989. 78(2): p. 

101-4.

42. Sanderson, P.N., T.N. Huckerby, and I.A. Nieduszynski, Chondroitinase ABC 

digestion of dermatan sulphate. N.m.r. spectroscopic characterisation of the 

oligo- and poly-saccharides. Biochemical Journal, 1989. 257: p. 347-354.

43. Sugahara, K., M. Masuda, T. Harada, I. Yamashina, P. de Waard, and J.F.G. 

Vliegenthart, Structural studies on sulfonated oligosaccharides derived from the

CHEMOMETRICS AND MODEL FITTING IN ANALYTICAL CHEMISTRY
-60-



Matthew James Foot University of Technology, Sydney

carbohydrate-protein linkage region of chondroitin sulfate proteoglycans of 

whale cartilage. European journal of biochemistry, 1991. 202(3): p. 805-811.

44. Sugahara, K., Y. Ohi, T. Harada, P. de Waard, and J.F.G. Vliegenthart, 

Structural studies on sulfonated oligosaccharides derived from the 

carbohydratre-protein linkage region of chondroitin 6-sulfate proteoglycans of 

shark cartilage: 1. Journal of Biological Chemistry, 1992. 267(9): p. 6027-6035.

45. de Waard, P., J.F.G. Vliegenthart, T. Harada, and K. Sugahara, Structural 

studies on sulfonated oligosaccharides derived from the carbohydrate-protein 

linkage region of chondroitin 6-sulfate proteoglycans of shark cartilage: 2. 

Journal of Biological Chemistry, 1992. 267(9): p. 6038-6043.

46. D'Arcy, S.M.T., S.L. Carney, and T.J. Howe, Preliminary investigation into the 

purification, NMR analysis, and molecular modelling of chondroitin sulfate 

epitopes. Carbohydrate Research, 1994. 255: p. 41-59.

47. Servaty, R., J. Schiller, H. Binder, B. Kohlstrunk, and K. Arnold, IR and NMR 

Studies on the Action of Hypochlorous Acid on Chondroitin Sulfate and Taurine. 

Bioorganic Chemistry, 1998. 26: p. 33-45.

48. Mulloy, B., P.A.S. Mourao, and E. Gray, Structure /function studies of 

anticoagulant sulfatedpolysaccharides using NMR. Journal of Biotechnology, 

2000. 77: p. 123-135.

49. Mucci, A., F. Schenetti, and N. Volpi, 1H amcl 13C nuclear magnetic resonance 

identification and characterisation of components of chondroitin sulfates of 

various origin. Carbohydrate Polymers, 2000. 41: p. 37-45.

50. Huckerby, T.N., R.M. Lauder, G.M. Brown, I.A. Nieduszynski, K. Anderson, J. 

Boocock, P.L. Sandall, and S.D. Weeks, Characterisation of oligosaccharides

CHEMOMETRICS AND MODEL FITTING IN ANALYTICAL CHEMISTRY
- 61 -



Matthew James Foot University of Technology, Sydney

from the chondroitin sulfates. IH-NMR and 13C-NMR studies of reduced 

disaccharides and tetrasaccharides. European journal of biochemistry, 2001. 

268: p. 1181-1189.

51. Schiller, J., L. Naji, D. Huster, J. Kaufmann, and K. Arnold, 1H and 13C HR- 

MAS NMR investigations on native and enzymatically digested bovine nasal 

cartilage. Magnetic resonance materials in physics, biology and medicine, 2001. 

13: p. 19-27.

52. Ruiz-Calero, V., J. Saurina, S. Hernandez-Cassou, and M.T. Galceran, Proton 

nuclear magnetic resonance characterisation of glycosaminoglycans using 

chemometric techniques. The Analyst, 2002. 127: p. 407-415.

53. Mao, W., C. Thanawiroon, and R.J. Linhardt, Capillary electrophoresis for the 

analysis of glycosamnioglycans and glycosamnioglycan-derived 

oligosaccharides. Biomedical Chromatography, 2002. 16: p. 77-94.

54. Vynios, D.H., N.K. Karamanos, and C.P. Tsiganos, Advances in analysis of 

glycosaminoglycans: its application for the assesment of physiological and 

pathological states of connective tissues. Journal of Chromatography B: 

Biomedical Applications, 2002. 781: p. 21-38.

55. Kakehi, K., M. Kinoshita, and S.-i. Yasueda, Hyaluronic acid: separation and 

biological implications. Journal of Chromatography B: Biomedical 

Applications, 2003. 797: p. 347-355.

56. Larking, P.W., Quantitative gas chromatographic measurement of 

glycosaminoglycan hexosamines in urine and plasma. Journal of 

Chromatography, 1987. 420: p. 231-239.

CHEMOMETRICS AND MODEL FITTING IN ANALYTICAL CHEMISTRY
-62-



Matthew James Foot University of Technology, Sydney

57. Kariya, Y., S. Watabe, M. Kyogashima, M. Ishihara, and T. Ishii, Structure of 

fucose branches in the glycosaminoglycan from the body wall of the sea 

cucumber Stichopus japonicus. Carbohydrate Research, 1997. 297: p. 273-279.

58. Lee, G.J.-L., D.-W. Liu, J.W. Pav, and H. Tieckelmann, Separation of reduced 

disaccharides derived from glycosaminoglycans by high performance liquid 

chromatography. Journal of Chromatography, 1981. 212: p. 65-73.

59. Da Col, R., L. Silvestro, A. Naggi, G. Torri, C. Baiocchi, D. Moltrasio, A. 

Cedro, and I. Viano, Characterization of the chemical structure of sulphate d 

glycosaminoglycans after enzymatic digestion. Application of liquid 

chromatography-mass spectromtry with an atmospheric pressure interface. 

Journal of Chromatography, 1993. 647: p. 289-300.

60. Ramsay, S.L., C. Freeman, P.B. Grace, J.W. Redmond, and J.K. Macleod, Mild 

tagging pproceclures for the structural analysis of glycans. Carbohydrate 

Research, 2001.333: p. 39-71.

61. Maderich, A.B. and E.T. Sugita, Determination of polyanionic macromolecules 

by size exclusion chromatography. Journal of Chromatography B: Biomedical 

Applications, 1993. 622: p. 278-283.

62. Volpi, N. and L. Bolognani, Glycosaminoglycans and proteins: different 

behaviors in high performance size-exclusion chromatography. Journal of 

Chromatography, 1993. 630: p. 390-396.

63. Skoog, D.A., D.M. West, and F.J. Holler, Fundamentals of analytical chemistry. 

7th ed. 1996, Orlando: Saunders Collage Publishing.

CHEMOMETRICS AND MODEL FITTING IN ANALYTICAL CHEMISTRY
-63-



Matthew James Foot University of Technology, Sydney

64. Takagaki, K., Y. Takeda, T. Nakamura, K. Daidouji, H. Narita, and M. Endo, 

Analysis of glycosaminoglycans by high performance liquid chromatography. 

Journal of Biochemical and Biophysical Methods, 1994. 28(4): p. 313-320.

65. Zierer, M.S. and P.A.S. Mourao, A wide diversity of sulfate d polysaccharides 

are synthesized by different species of marine sponges. Carbohydrate Research, 

2000. 328: p. 209-216.

66. Campo, G.M., S. Campo, A.M. Ferlazzo, R. Vinci, and A. Calatoni, Improved 

high performance liquid chromatographic method to estimate aminosugars and 

its application to glycosaminoglycan determination in plasma and serum. 

Journal of Chromatography B: Biomedical Applications, 2001.765: p. 151-160.

67. Ruiz-Calero, V., L. Puignou, M. Galceran, and M. Diez, Coupling high 

performance size exclusion and ion chromatography for the analysis of low 

molecular mass heparin. Journal of Chromatography A, 1997. 775: p. 91-100.

68. Skoog, D.A., F.J. Holler, and T.A. Nieman, Principles of instrumental analysis. 

5th ed. 1998, Philadelphia USA: Hardcourt Brace & Company.

69. Morris, J.E., D.W. Canoy, and L.S. Rynd, Electrophoresis with two buffers in 

one dimension in the analysis of glycosaminoglycans on cellulose acetate strips. 

Journal of Chromatography, 1981. 224: p. 407-413.

70. Poblacion, C.A. and Y.M. Michelacci, Structural differences of dermatan 

sulfates from different origins. Carbohydrate Research, 1986. 147: p. 87-100.

71. Naggi, A., Characterisation of the glycosaminoglycan component of matrix. 

Drugs under experimental and clinical research, 1991. 17(1): p. 21-5.

72. Karousou, E.G., G. Porta, G. De Luca, and A. Passi, Analysis offlurophore 

labelled hyaluronan and chondroitin sulfate disaccharides in biological

CHEMOMETRICS AND MODEL FITTING IN ANALYTICAL CHEMISTRY
-64-



Matthew James Foot University of Technology, Sydney

samples. Journal of Pharmaceutical and Biomedical Analysis, 2004. 34: p. 791

795.

73. Prochazka, S., M. Mulholland, and A. Lloyd-Jones, Optimisation of the 

separation of the oligosaccharide sodium pentosan poly sulfate by reverse 

polarity capillary zone electrophoresis using a central composite design. Journal 

of Pharmaceutical and Biomedical Analysis, 2003. 31: p. 133-141.

74. Ruiz-Calero, V., L. Puignou, and M.T. Galceran, Analysis of glycosaminoglycan 

monosaccharides by capillary electrophoresis using indirect laser detection. 

Journal of Chromatography A, 2000. 873: p. 269-282.

75. Schirm, B., H. Benend, and H. Watzig, Improvements in pentosan polysulfate 

sodium quality assurance using fingerprint electropherograms. Electrophoresis, 

2001. 22(6): p. 1 150-1162.

76. Farndale, R.W., C.A. Sayers, and A.J. Barrett, A direct spectrophotometric 

microassay for sulphated glycosaminoglycans in cartilage cultures. Connective 

Tissue Research, 1982. 9(4): p. 247-248.

77. Farndale, R.W., D.J. Buttle, and A.J. Barrett, Improved quantitation and 

discrimination of sulphated glycosaminoglycans by use of dimethylmethylene 

blue. Biochimicaet Biophysica Acta, 1986. 883(2): p. 173-177.

78. Thuy, L.P. and W.L. Nyhan, A new quantitative assay for glycosaminoglycans. 

Clinica Chimica Acta, 1992.212(1-2): p. 17-26.

79. Anon., Imunnoassay Facts & Fantasies. 2000, Assay designs Inc.

80. Yang, B., B.L. Yang, and P.F. Goetinck, Biotinylated hyaluronic acid as a probe 

for identifying hyaluronic acid binding proteins. Analytical Biochemistry, 1995. 

228: p. 299-306.

CHEMOMETRICS AND MODEL FITTING IN ANALYTICAL CHEMISTRY
-65-



Matthew James Foot University of Technology, Sydney

81. Vynios, D.H., A. Faraos, G. Spyracopoulou, A.J. Aletras, and C.P. Tsiganos, A 

solid-phase assay for quantitative analysis of sulfated glycosaminoglycans at the 

nanogram level. Application to tissue samples. Journal of Pharmaceutical and 

Biomedical Analysis, 1999. 21: p. 859-865.

CHEMOMETRICS AND MODEL FITTING IN ANALYTICAL CHEMISTRY
-66-



Matthew James Foot University of Technology, Sydney

Chapter 3: Classification of chondroitin 
sulfate A, chondroitin sulfate C, 
glucosamine hydrochloride and 
glucosamine 6 sulfate, using 
chemometrics and different infrared 
techniques
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3 Classification of chondroitin sulfate A, chondroitin 
sulfate C, glucosamine hydrochloride and 
glucosamine 6 sulfate, using chemometrics with 
different infrared techniques.

3.1 Introduction
Increasingly, there has been a move towards the use of so called natural products 

for the treatment of OA. The reasons for the increased uptake of these products include 

cost, availability and a perception of greater safety with the use of natural products [1]. 

Chemically, arthritis is characterised by a change in the composition of the extra cellular 

matrix of the joint and of the cartilage itself [2, 3], Ishiguro notes there is a distinct 

change in the ratio of chondroitin sulfate 6 to chondroitin sulfate 4 which has 

contributed to some of the recent interest in these compounds [3]. Despite research 

suggesting that chondroitin sulfates (and other similar GAG compounds cannot be 

absorbed through the digestive tract [4j there are a large number of different brands 

available in most pharmacies and health food stores.

Chondroitin sulfate is present in a number of forms. The most common forms are; 

chondroitin 4 sulfate (CS4) also known as chondroitin sulfate A (CSA) seen in Figure 

3.1, chondroitin 6 sulfate (CS6) also known as chondroitin sulfate C (CSC) seen in 

Figure 3.2, and dermatan sulfate also known as chondroitin sulfate B (CSB).

Chondroitins are GAGs made up of alternating Uronic acid and N-acetyl-D 

galactosamine residues. The disaccharide units are joined to one another by a (31-4 

linkage, and the residues are joined by a (31-3 linkage. Dermatan sulfate is similar but 

contains iduronic acid as opposed to uronic acid. There are a number of sources of
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chondroitin sulfate. In the nutraceutical market, the three main sources are derived from 

bovine cartilage, shark cartilage and porcine cartilage.

Figure 3.1: Chondroitin sulfate A

Figure 3.2: Chondroitin sulfate C

Glucosamine is another natural product that is used in the treatment of arthritis, and 

in many countries it is freely available over the counter. Glucosamine is a naturally 

occurring compound present in many of the body’s tissues [5]. Glucosamine is usually 

used in arthritis treatment by itself or in conjunction with chondroitin sulfate and other 

chemicals [6]. Research has suggested that these compounds, when used together, may 

have a synergistic effect [7]. The chemical structure of glucosamine can be seen in 

Figure 3.3. Glucosamine for arthritis products is usually formulated as the 

hydrochloride salt or glucosamine sulfate. It is notable that while both the
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hydrochloride salt and glucosamine sulfate are used in pharmaceutical preparations, 

glucosamine sulfate is thought to have a higher biological activity due to the presence of 

the sulfate [8]. It should also be noted that there is a large cost difference between the 

two salts, with the hydrochloride salt being significantly less expensive.

Figure 3.3: Glucosamine hydrochloride (left) and glucosamine 6 sulfate (right)

Increasingly there are a large number of products that are available that contain one 

or a combination of chondroitin sulfate A, chondroitin sulfate C, glucosamine 

hydrochloride or glucosamine sulfate. With any pharmaceutical product there is a need 

to test and identify the raw materials that are being used to make the product. 

Traditionally, chondroitin sulfates and glucosamines have been analysed using a wide 

variety of analytical techniques including chromatography [9-12], UV/VIS spectroscopy 

[13-15] NMR [16-18], wet chemical techniques (eg titrations) [19] and immunoassay 

techniques [20].

Infrared spectroscopy has been used to give a great deal of information about the 

compound being analysed. This makes it very useful in testing the raw materials before 

formulation of the product. IR testing along with pattern recognition techniques may 

allow this to be substituted for the number of tests currently required to identify raw 

materials at the moment. Infrared spectroscopy has been shown to be effective in the 

analysis of chondroitins and glucosamine (see Section 2.2.1.1). Spectroscopic methods
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of identification present the user with a number of advantages. There is no need to 

retain a sample of standard for comparison, only the spectrum of the standard is 

required as the absorbances at different wavelengths are variable while the wavelengths 

are fixed [21,22].

While GAGs such as chondroitin sulfate A and chondroitin sulfate C as well as 

compounds such as glucosamine hydrochloride and glucosamine 6 sulfate have been 

investigated and classified with the use of chemometrics [18] this thesis reports the first 

published use of infrared spectroscopy in conjunction with chemometrics for the 

analysis of these compounds [23].

3.2 Experimental

3.2.1 Chemicals and reagents
Chondroitin sulfate A sodium salt (70%, remainder being chondroitin sulfate C and 

water), chondroitin sulfate C sodium salt (90%, remainder being chondroitin sulfate A 

and water), glucosamine hydrochloride and glucosamine 6 sulfate of purity greater than 

99% were purchased from Sigma Aldrich (Sigma Aldrich Australia, Castle hill, 

Australia). All potassium bromide used was spectroscopic grade KBr (Spectroscopic 

Grade KBr, Merck Darmstadt, Germany).

3.2.2 Transmission spectroscopy
Ten samples of each compound were prepared by pressing into a 16 mm KBr disk

using spectroscopic grade KBr. Spectra were collected over the range 4000 cm"1 to 400 

cm"1 using a Nicolet Magna IR 760 spectrometer (Nicolet Wisconsin, USA). 64 scans 

were collected at a resolution of 4 cm"1.
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3.2.3 DRIFTS
Ten samples of each compound were prepared with the spectroscopic grade KBr. 

DRIFTS was preformed with a Spectra Tech DRIFTS attachment with a Nicolet Magna 

IR 760 spectrometer (Nicolet Wisconsin, USA). Spectra were collected in the range 

4000 cm'1 to 400 cm1. 256 scans were collected at a resolution of 4 cm"1.

3.2.4 ATR
ATR was carried out using raw samples. Ten samples from chondroitin sulfate A, 

chondroitin sulfate C, and glucosamine hydrochloride were tested. Glucosamine 6 

sulfate was not tested due to insufficient sample. Testing was carried out in Nicolet 

Magna IR 760 spectrometer (Nicolet Wisconsin, USA) using a Pike Technologies 

horizontal ATR assembly (HATR) with a Zinc Selenide (ZnSe) crystal with multiple 

internal reflections (Pike Technologies, Wisconsin USA). Samples were pressed onto 

the crystal using the clamp in the ATR assembly. 128 scans were collected over the 

range 4000 cm 1 to 700 cm"1 with a resolution of 4 cm"1. Air was used as the 

background.

3.2.5 Data analysis
The spectra were converted into a form readable by Microsoft Excel® where the 

data was collated and first difference spectra were calculated. Data was then transferred 

to SIRIUS® 6.5 (PRS software Bergen, Norway.) where the principal components 

analysis and SIMCA analysis were performed. StatistiXL (StatistiXL, Western 

Australia, Australia) were used to perform the linear discriminant analysis. 

Descriptions of PCA, LDA and SIMCA can be found in Chapter 1.

CHEMOMETRICS AND MODEL FITTING IN ANALYTICAL CHEMISTRY
- 72 -



Matthew James Foot University of Technology, Sydney

3.3 Results and Discussion

3.3.1 Spectroscopy
As the same group of samples were analysed with all the above techniques, it was 

possible to assume the general spectroscopic features would remain fixed. Differences 

then observed could be assigned to arising from the different techniques used to collect 

the spectra. Work on the infrared spectroscopy of GAGs was published by Lloyd and 

Dodgson in 1961, describing and assigning the characteristic absorbances of 

polysaccharide sulfates (Chondroitin sulfates, hyaluronic acid) and the monosaccharide 

sulfates (D-glucosamine, D-Galactose, D-glucose) derived from GAGs [24, 25].

The work presented here used three different methods of spectroscopy. It should be 

noted that there are both advantages and disadvantages to each method. Sample 

preparation was notably different in each case, with each method producing different 

results in terms of spectral quality, and analysis time. Transmission spectroscopy as 

presented here using the method of pressing KBr disks had by far the longest sample 

preparation, however it did produce a higher spectral quality. DRIFTS had a much 

shorter sample preparation time, and required (marginally) less sample than 

transmission. Spectral quality for DRIFTS was slightly lower than that for 

transmission, and on the whole the method was more susceptible to differences in 

moisture content of the atmosphere in the sampling chamber of the spectrometer. ATR 

had the simplest sampling of all the methods used. However, the size of the sample 

required was much larger than that of either transmission spectroscopy or DRIFTS. 

Indeed the sample size precluded the testing of glucosamine 6 sulfate as only a small 

amount of this sample was available. Using a Zinc selenide (ZnSe) crystal in this work 

also attenuated the signal above 2000 cm'1.
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As seen in Figure 3.4 there is easily discernable differences between the 

chondroitin and glucosamine samples. The differences between the chondroitin 

samples are small as the major difference between the samples is the positioning of a 

sulfate group. The glucosamine samples were included because it is likely that all 

samples would require similar testing in a manufacturing environment. It may also be 

possible to reduce the required number of tests to positively identify a sample if 

chemometric methods can provide a high level of certainty as to the identity of a 

sample. For the chemometric analysis all the data was mean centered as a 

preprocessing step.

3.3.1.1 Chondroitin sulfate A and chondroitin sulfate C
The transmission spectra of chondroitin sulfate A and C can be seen in Figure 3.4.

For chondroitin sulfate A and chondroitin sulfate C spectra the region above 2000 cm"1 

was dominated by the OH stretching vibration. The band at 1630 cm 1 and 1650 cm 1 

was due to the amide 1 band for chondroitin sulfate A and chondroitin sulfate C 

respectively. The band at 1250 cm'1 for CSA and at 1240 cm'1 for CSC has been 

assigned to S=0 corresponding to the band assignment by Cabassi et. al. [26]. The 

peaks at 850 cm'1 (CSA) and 825 cm 1 (CSC) were due to the C-O-S vibration 

according to Honda et. al. [27]. Peaks at 1150cm1 and 1050 cm 1 (CSA) and 1140 cm'1 

and 1070 cm'1 (CSC) were probably due to carbon - carbon vibrations while peaks at 

1420 cm"1 and 1380 cm"1 in both compounds were from carbon hydrogen vibrations.

3.3.1.2 Glucosamine hydrochloride and glucosamine 6 sulfate.
The transmission spectra of glucosamine 6 sulfate and glucosamine hydrochloride

can be seen in Figure 3.4. The spectra of glucosamine 6 sulfate and glucosamine 

hydrochloride are similar to that of glucose as they share very similar structures. Both
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samples showed exceptions due to the presence of the sulfate and amine functional 

groups. The S=0 band in glucosamine 6 sulfate was seen at around 1230 cm"1. 

Glucosamine hydrochloride showed two N-H peaks above 3000 cm’1. Both samples 

showed a number of peaks between 1500 cm 1 and 1700 cm"1 that were due to the amine 

group on each ring structure. Notably, there were peaks at 1585 cm’1 and 1540 cm’1 in 

the glucosamine hydrochloride that were due to the asymmetric and symmetric NFF+ 

bending respectively.

3.3.2 Chemometrics

3.3.2.1 Transmission spectroscopy
Principal components analysis

The score plot of the first two principal components, (Figure 3.5), for the full 

spectrum showed the four groups clearly separated. One of the chondroitin sulfate C 

samples was excluded from the group as it was determined to be an outlier due to 

problems with sample collection resulting in greatly reduced transmission intensity 

across some areas of the spectrum notably below 1600 cm1. As expected, the 

chondroitin sulfate groups were closer to each other than the glucosamine groups. The 

variable loading plot (Figure 3.6) of the first principal component indicates that a great 

deal of the information was derived from the area above 2300 cm"1. The loading plot of 

the second principal component (Figure 3.7), was dominated by peaks below 2300 cm'1. 

The plot of the first two principal components also indicated a clear division between 

the chondroitin and the glucosamine samples (Figure 3.5).
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Figure 3.5: First two principal components extracted from the full spectrum. The black squares 
represent chondroitin sulfate A, the yellow squares represent chondroitin sulfate C, The green 
circles represent glucosamine hydrochloride, and the blue circles represent glucosamine 6 sulfate.
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Figure 3.6: Loadings plot from the first principal component extracted from the raw spectrum

The plot of the first two principal components of the raw data below 2000 cm"1 

looked highly similar to that of the first two principal components of the full spectrum. 

However, it appeared to have rotated through approximately a half turn , as shown in 

Figure 3.8; again the same chondroitin sulfate C sample was removed because it was an 

outlier for the same reasons as stated above.
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Figure 3.7: Loadings plot from the second principal component extracted from the raw spectrum

This suggested that the area above 2000 cm"1 while greatly affecting the principal 

components analysis had little effect on the differentiation of the samples and that most 

of the differences between the samples were occurring in the fingerprint region of the 

spectra. Notably, the highest loading came from the area of the spectrum around 1230 

cm1. PCA performed on the area above 2000 cm1 showed similar trends to the full 

spectrum; however there was less discrimination between both groups of compounds. 

Targeting the chemometric analysis on the region below 2000 cm'1 was performed 

because of the greater number of distinguishing features contained in the spectra in this 

region.

The score plot of the first two principal components of the full first difference 

spectrum showed good separation of all the samples, this can be seen in Figure 3.9. 

Indeed the scores of all 10 samples of the chondroitin sulfate C almost completely 

overlapped each other. It was interesting to note that the chondroitin sulfate C was 

grouped closer to the glucosamine 6 sulfate than the chondroitin sulfate A. Similar to 

the raw spectrum results the rotation effect was seen when using only the area below 

2000 cm"'(seen in Figure 3.10) suggesting that most of the information contributing to
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the separation of the samples was due to the area below 2000 cm'1. The area above 

2000 cm’1 showed a greatly reduced separation of the samples with overlap of 

chondroitin sulfate C and glucosamine 6 sulfate.
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Figure 3.8: Score plot of the first two principal components extracted from the spectrum below 
2000 cm 1 The black squares represent chondroitin sulfate A, the yellow squares represent 
chondroitin sulfate C, The green circles represent glucosamine hydrochloride, and the blue circles 
represent glucosamine 6 sulfate.

Scores 1 vs 2

_ *10
Comp. 1 (74.1%)

Figure 3.9: First two principal components extracted from the full first difference spectrum The 
black squares represent chondroitin sulfate A, the yellow squares represent chondroitin sulfate C, 
The green circles represent glucosamine hydrochloride, and the blue circles represent glucosamine 
6 sulfate.
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Scores 1 vs 2
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Figure 3.10: First two principal components extracted from the first difference spectrum below 
2000 cm 1. The black squares represent chondroitin sulfate A, the yellow squares represent 
chondroitin sulfate C, The green circles represent glucosamine hydrochloride, and the blue circles 
represent glucosamine 6 sulfate.

Hierarchical Cluster Analysis
Before performing HCA the data was reduced using principal components analysis. 

To construct the dendrograms (the output of HCA), the scores of the first three principal 

components were used as shown in Figure 3.11. In this case (and throughout the 

chapter) HCA is being used as an unsupervised pattern recognition technique linking the 

samples in a three dimensional space defined by the principal components. Further 

discussion on HCA can be found in section 1.4.1.2. The dendrogram of the full 

spectrum based on the Euclidian distance showed that the chondroitin sulfate C samples 

were the most dissimilar compared to the other samples. It was also interesting to note 

that one of the chondroitin sulfate A samples was incorrectly grouped with the 

chondroitin sulfate C samples. Another interesting feature of this information was that 

the glucosamine 6 sulfate was closer to the CSA than to the glucosamine hydrochloride. 

This may have been due to the sulfated structure of the G6S. This is closer to that of the 

chondroitin sulfate, as the sulfate was part of the monosaccharide. Although the 

glucosamine sulfate, which is sulfated in the 6 position, was more closely associated
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with the chondroitin sulfate A which is sulfated in the 4 position of the N-acetyl- 

galactosamine moiety of the disaccharide unit.
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Figure 3.11: Dendrogram created from the first three principal components of the full spectrum 
showing the clustering of the glucosamine hydrochloride (gluhcl), chondroitin sulfate A (CSA), 

chondroitin sulfate C (CSC) and the glucosamine 6 sulfate (G6S).
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The dendrograms produced from the reduced data set below 2000 cm 1 showed 

similar trends to that of the full wavelength range. One chondroitin sulfate A sample 

was still grouped with the chondroitin sulfate C samples and the glucosamine 6 sulfate 

was still shown to be most similar to the chondroitin sulfate A. Using the first three 

principal components, extracted from the spectrum above 2000 cm1, the clustering 

performed poorly with only chondroitin sulfate C being separated as a distinct group, as 

seen in Figure 3.12. Examination of the dendrograms produced from the first difference 

data indicated that there was no longer any misclassification of the chondroitin sulfate A

(with one sample incorrectly grouped with chondroitin sulfate C using the raw spectra). 

As with the raw data there was little change in the structure of the dendrogram when 

using only the area below 2000 cm1. Both data sets showed the glucosamine 6 sulfate
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grouped more closely to the chondroitin sulfate C. The chondroitin sulfate A was the 

most dissimilar group. .
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Figure 3.12: Dendrogram of the first three principal components above 2000 cm 1 showing the
clustering of the glucosamine hydrochloride (gluhcl), chondroitin sulfate A (CSA), chondroitin 

sulfate C (CSC) and the glucosamine 6 sulfate (G6S).

Linear discriminant analysis
LDA was performed on all samples after data reduction using PC A as described 

above. For each sample the first three PCs (when calculated as an entire group) were 

used as variables in the LDA. The LDA was conducted with and without cross 

validation. A substantial difference in the classification rate when using cross 

validation may indicate a problem with the classification. As noted in Chapter 1, LDA 

is a hard modelling technique, and if new samples were to be added to the sample set, 

the entire set would need to be remodelled.

Considering the raw data for both the full spectrum and the area below 2000 cm"1, 

one sample of chondroitin sulfate C was removed from the classification as it was an 

outlier leaving 39 samples from 4 groups to classify. Using only the spectrum above
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2000 cm'1 no outliers were detected. Using the entire spectra with no data treatments 

resulted in perfect classification of all samples (a classification rate of 100%) for both 

the original grouping and the cross validated data set. The same classification rate was 

achieved using only the area of the spectrum above 2000 cm'1.

When analysing the samples using the decomposed spectra (by PCA) below 2000 

cm'1 it was observed that one sample of chondroitin sulfate A was incorrectly classified 

as chondroitin sulfate C on both the original classification and the cross validated 

classification, resulting in an overall classification rate of 97.5%. These results can be 

seen in Table 3-1.

Despite being able to achieve a 100% classification rate using the raw spectrum, the 

first difference spectrum was considered to see if there was a reduced ability to classify 

the samples after manipulating the spectral data. First differences reduced the intra 

sample variation, however at the same time they magnify the noise in the output. Only 

first differences have been considered. There were no outliers among these samples.

As expected, a 100% classification rate was achieved with the full first difference 

spectra. Considering that 100% classification was achieved with the raw spectrum, 

further decreasing the intra sample variation was not expected to adversely affect the 

classification. Use of the first difference spectra below 2000 cm'1 showed no samples 

were misclassified. This was an improvement on the classification rate achieved with 

the raw spectrum below 2000 cm'1. Using only the principal components extracted 

from the variables above 2000 cm’1 it was noted that the classification rate fell to 95% 

(0.950). This was due to two glucosamine sulfate samples being classified as 

chondroitin sulfate C. The results regarding classification rate are summarised in Table 

3-2.
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Table 3-1: LDA on spectrum below 2000 cm'1

Act. Group CA
Pred. Group (Std)

CC GH GS
Correctly

Classified
CA 9 1 0 0 0.900
CC 0 9 0 0 1.000
GH 0 0 10 0 1.000
GS 0 0 0 10 1.000
Overall Correct Class. Rate 0.975

Pred. Group (Cross validated) Correctly
Act. Group CA CC GH GS Classified
CA 9 1 0 0 0.900
CC 0 9 0 0 1.000
GH 0 0 10 0 1.000
GS 0 0 0 10 1.000
Overall Correct Class. Rate 0.975

Table 3-2: A summary of LDA results for transmission spectroscopy.
Data treatment Spectral region # Misclassified Classification rate (%)

Full 0 100
Raw Spectrum Below 2000 cm'1 1 97.5

Above 2000 cm'1 0 100
Full 0 100

First derivative Below 2000 cm'1 0 100
Above 2000 cm'1 0 100

SIMCA
Soft Independent Modelling of Class Analogies has been used to elassify the four 

groups based on a prineipal components model of each group. This work used the cross 

validation method to test the goodness of fit as opposed to a test set [28, 29], Using 

SIRIUS 6.5, cross validated principal component models were fitted to one another to 

calculate a class distance. A class distance of less than one meant that there was little 

difference between the groups, a class distance of greater than one but less than three 

indicated a partial separation of the groups, a class distance of greater than three 

indicated complete separation of the two groups. Further discussion on SIMCA can be 

found in section 1.4.2.2.

For the raw spectra, only one sample across all the groups was discarded due to 

problems with the sampling process, this was from the chondroitin sulfate C group
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leaving this group with only 9 members. Table 3-3 lists the number of principal 

components calculated in the cross validated model for each group using the different 

spectral ranges. Table 3-4 shows the class distances calculated for each group using the 

three areas of the raw spectra. It was interesting to note that for each region of the 

spectra the same samples were not completely resolved, namely the chondroitin sulfate 

A and both the glucosamine samples. However, it can be seen that the region of the 

spectrum below 2000 cm"1 came closest to reaching the critical value (3) indicating 

complete separation of the two groups.

Table 3-3: Number of outliers, principal components and % variance explained for each spectral 
region using raw spectra.

Sample Spectral range Outliers #PC's % variation explained
CSA Full 0 6 99.98

Below 2000 cm'1 0 5 99.98
Above 2000 cm 1 0 4 99.97

CSC Full 1 6 99.97
Below 2000 cm'1 1 4 99.93
Above 2000 cm 1 1 4 99.92

GluHCI Full 0 6 99.98
Below 2000 cm"1 0 5 99.96
Above 2000 cm'1 0 5 99.99

GluS04 Full 0 6 99.94
Below 2000 cm"1 0 6 99.94
Above 2000 cm"1 0 5 99.97

Table 3-5 shows the number of samples and the number of principal components 

calculated for the cross validated models using the three regions of the first difference 

spectrum. Table 3-6 shows the class distances from the first difference spectrum. 

Consistent with previous results, greater class distances were achieved with the use of 

the first difference spectrum. The results showed that the different regions of the 

spectrum (full spectrum, below 2000 cm 1 and above 2000 cm"1) provided roughly the 

same class distances. The first difference spectra provided complete separation for all 

the models as opposed to partial separation of two pairs of samples seen when using the
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raw spectra. Across all regions of the spectrum the class distances between chondroitin

sulfate C and glucosamine 6 sulfate were the lowest.

Table 3-4: Class distances calculated for each spectral region using the raw spectra

Full spectrum
CSA CSC GluHCI GluS04

CSA ★ ★★ 3.636 3.387 2.253
CSC 4.952 3.867
GluHCI ★ ★★ 2.163
GluS04 ★ ★★

Below 2000cm'1
CSA CSC GluHCI GluS04

CSA ★ ★★ 3.911 3.318 2.692
CSC 3.653 4.279
GluHCI ★ ★ ★ 2.902
GluS04

Above 2000cm1
CSA CSC GluHCI GluS04

CSA ★ ★★ 3.363 3.44 1.98
CSC 5.729 3.679
GluHCI ★ ★★ 1.668
GluS04 ★ ★★

Transmission spectroscopy performed well in the classification of the samples. 

Being able to discriminate between the large sample differences (e.g. between 

chondroitin sulfate and glucosamine hydrochloride) and the smaller sample differences

(e.g. between chondroitin sulfate A and chondroitin sulfate C), made it a highly useful

technique. It would be possible using transmission spectroscopy and one of the

classification techniques discussed here to definitively state the identity of a particular

GAG sample. The results suggested that either the full spectra or the spectra below 

2000 cm'1 be used along with first difference spectra. The area below 2000 cm'1 

contained a substantial amount of chemical information which contributed to the

effective classification.
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Table 3-5: Number of outliers, principal components and % variance explained for each spectral 
region using the first difference spectra

Sample Spectral range Outliers #PC's % variation explained
Full 0 6 99.34

CSA Below 2000 cm'1 0 6 99.31
Above 2000 cm'1 0 7 99.69
Full 0 2 67.22

CSC Below 2000 cm'1 0 2 66.08
Above 2000 cm'1 0 6 98.65
Full 0 4 98.51

GluHCI Below 2000 cm'1 0 4 98.72
Above 2000 cm'1 0 8 99.96
Full 0 3 98.48

GluS04 Below 2000 cm'1 0 6 99.80
Above 2000 cm'1 0 7 99.87

Table 3-6: Class distances calculated from each spectral region of the first difference spectra.

Full spectrum
CSA CSC GluHCI GluS04

CSA * * ★ 15.397 13.31 10.31
CSC kkk 9.523 3.763
GluHCI *★* 6.099
GluS04 kkk

Below 2000cm'
CSA CSC GluHCI GluS04

CSA kkk 15.185 12.148 7.816
CSC * * ★ 9.595 3.756
GluHCI ★ ★ ★ 6.118
GluS04 kkk

Above 2000cm'1
CSA CSC GluHCI GluS04

CSA kkk 15.526 15.08 15.145
CSC kkk 7.76 3.937
GluHCI *** 5.557
GluS04 kkk

3.3.2.2 DRIFTS
Principal components analysis

When extracting the principal components from the raw DRIFTS data, the first 

three principal components explained 96.5% of the variation in the data. Three 

chondroitin sulfate C samples were identified as outliers and were excluded from the

analysis, leaving a total of 37 samples. Samples were excluded due to problems with

the sample preparation proceedure, where it is likely some sample was lost resulting in
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much lower intensity spectra than expected. From the score plots of the first three 

principal components it was noted that the glucosamine samples were well separated 

from the chondroitin samples, however, there was overlap in the chondroitin samples 

(see Figure 3.13). Most of the separation between groups was observed along the PC 2 

axis with the first principal component explaining 56.70% of the variation, with 32.48% 

and 7.35% of the variation being explained by the second and third PCs respectively. 

The loadings plot of the second principal component revealed a high negative loading in 

the 3300 cm 1 to 2400 cm'1 range. Another notable feature was the large positive peak 

at around 1650 cm '. This can be seen in Figure 3.14.

Scores

Figure 3.13: First three principal components extracted from the raw DRIFTS spectra The black 
squares represent chondroitin sulfate A, the yellow squares represent chondroitin sulfate C, The 
green circles represent glucosamine hydrochloride, and the blue circles represent glucosamine 6 
sulfate.

When using the spectra below 2000 cm'1, as with the results observed for the full 

spectra, three chondroitin sulfate C samples were excluded from the analysis because
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they were classified outliers. Similar grouping trends were observed for the spectra 

below 2000 cm"1 with the first three principal components describing 96.9% of the 

variation in the data set, with the glucosamines being separated from the chondroitin 

samples and each other, and the chondroitin samples appearing unresolved from each 

other. Similar results were seen with the spectra above 2000 cm"1, with groups 

appearing in a similar arrangement as those for previous data treatments.

Using first difference data gave rise to a similar trend as to that observed for the 

raw spectra. Using first differences there were no outliers detected. The glucosamine 

samples were separated from each other and from the chondroitin, while the chondroitin 

samples did not appear to be separated. Using the spectra below 2000 cm’1 did not 

improve the grouping of the chondroitin sulfates, and showed a similar structure to that 

noted when using the entire spectra. This suggested that most of the information that 

contributed to the separation of these samples was occurring in the region below 2000 

cm’1.

It was noted here that when performing the PCA analysis on the first difference 

spectrum above 2000 cm"1, the first principal component contained relatively little 

useful information in separating the 4 different compounds. However, separation was 

observed between glucosamine hydrochloride and all other samples, along the PC 2 

axis. Study of the PC 2 v PC 3 score plot revealed better separation between all groups, 

notably it was now easy to identify glucosamine sulfate samples from the chondroitin 

sulfate samples, indicated in Figure 3.15. Comparing the loadings plots of PC 1 and PC 

3, it was observed that most of the information was situated above 3550 cm"1 while the 

loadings on each variable of PC 3 were spread across the entire range (Figure 3.16).
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Figure 3.14: Loadings plot for principal component 2
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Figure 3.15: Score plot of principal component 2 vs. principal component 3 extracted from the first 
difference DRIFTS spectra above 2000 cm'1. The black squares represent chondroitin sulfate A, 
the yellow squares represent chondroitin sulfate C, The green circles represent glucosamine 
hydrochloride, and the blue circles represent glucosamine 6 sulfate.
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Figure 3.16: Loadings plot of principal component 3

Hierarchical Cluster Analysis
HCA was performed using the first three cross validated principal components for 

all data treatments (raw spectra, first difference spectra, full spectra and spectra below 

2000 cm ). Using the full spectrum, only glucosamine sulfate samples were clustered 

together based on the dendrogram of the dissimilarity matrix. All other sample groups 

were split. The glucosamine hydrochloride was divided into two distinct groups. This 

method was unable to separate the chondroitin sulfates. Similar results were seen when 

using the spectra below 2000 cm’1. Clustering using the spectrum above 2000 cm’1, 

while unable to resolve the chondroitin samples, was able to determine these samples as 

different to the glucosamine samples with the highest branching in the dendrogram 

separating the chondroitin samples and the glucosamine samples.

Using the first difference spectrum it was possible to resolve 3 groups using an 

unsupervised clustering technique (HCA). In both the full spectrum and the spectrum 

below 2000 cm’1, both glucosamine samples were able to be separated. However, as 

with the raw spectra, this clustering method was unable to find any meaningful
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separation between chondroitin sulfate A and chondroitin sulfate C. Using HCA on the 

principal component scores above 2000 cm"1 resulted in an inferior grouping than using 

either the full spectrum or the spectrum below 2000 cm’1. As was noted previously, 

observation of the score plots of PC 2 v PC 3 revealed a better separation of the sample 

groups. It was decided that it would be worth while to see the effect of using these two 

PCs would have on the clustering. Figure 3.17 shows the dendrogram obtained when 

clustering was performed using only PC 2 and PC 3. Far superior classification was 

achieved using these two principal components as opposed to using the first three 

principal components.
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Figure 3.17: Dendrogram obtained using only principal component 2 and principal component 3 
showing the clustering of the glucosamine hydrochloride (GH), chondroitin sulfate A (CA), 
chondroitin sulfate C (CC) and the glucosamine 6 sulfate (GS).

Linear discriminant analysis
LDA was performed on the first three principal components of the raw and first 

difference spectra, full spectrum, the spectral region below 2000 cm"1 and the spectral 

region above 2000 cm"1. Cross validation was used with all data treatments. Principal
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components analysis revealed that three chondroitin sulfate C samples were outliers in 

all three spectral regions and these samples were excluded from the analysis, leaving 37 

samples. No outliers were detected using the first difference spectra.

Tabulated results of the classification rate are shown in Table 3-7. It was observed 

that the highest classification rate was achieved using the first three principal 

components extracted from the spectral region above 2000 cm1, it should be noted that 

this may correlate with the higher degree of information stored in the 2nd and 3,d 

principal component extracted. The second highest classification rate was achieved 

using the full spectrum, and the lowest rate came from using the spectral region below 

2000 cm'1. In all cases misclassification came from chondroitin samples being 

incorrectly classified (chondroitin sulfate A as chondroitin sulfate C and vice versa), 

and not from chondroitin samples being incorrectly classified as either glucosamine 

sulfate or glucosamine hydrochloride.

First difference spectra in all three spectral regions performed equally for all 

samples. All regions achieved an 85% classification rate of the samples. 

Misclassifications occurred only between the chondroitin sulfate A and chondroitin 

sulfate C. All glucosamine samples were correctly classified.

Table 3-7: A summary of LDA classification rates using DRIFTS spectra.
Data treatment Spectral region # Misclassified Classification rate (%)

Full 4 88.9
Raw Spectrum Below 2000 cm'1 6 81.8

Above 2000 cm'1 2 93.9
Full 6 85.0

First derivative Below 2000 cm'1 6 85.0
Above 2000 cm'1 6 85.0

SIMCA
SIMCA was performed using cross validation to determine the class distances in 

the same manner as described in Section 3.3.2.1. Details of the principal components
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extracted for each group from the DRIFTS data is shown in Table 3-8. The class 

distances for each section of the spectrum are shown in Table 3-9. It was noted that 

using the raw spectrum SIMCA was unable to completely separate any of the groups. 

Flowever, since none of the class distances were below 1 it indicated that none of the 

models calculated for each group were overlapping, indicating that raw DRIFTS spectra 

were able to achieve some level of discrimination between groups. The results 

suggested that using the raw DRIFTS spectrum it was possible to tell the difference 

between a glucosamine and a chondroitin sample, however detecting differences such as 

what type of chondroitin was present (A or C) would not be in the scope for this method 

using only the raw spectra.

First difference spectra proved to be more valuable in discriminating between the 

different compounds. Class distances calculated using the full spectra and the region 

below 2000 cm 1 allowed complete separation of all pairs except for chondroitin sulfate 

A and chondroitin sulfate C. Using the spectra above 2000 cm"1 was able to achieve 

partial separation between all the groups of compounds. These results also showed that 

there was an increase in separation of groups when using the spectra below 2000 cm"1 

when compared to the full spectra (Table 3-10 and Table 3-11). This strengthens the 

speculation that most of the useful information for the classification of these compounds 

using DRIFTS was contained in the finger print region of the spectrum.

These results suggested that while DRIFTS was acceptable in identifying the major 

differences between the compounds it was less effective at differentiating the small 

differences between similar compounds. This was most likely due to the greater intra 

sample variation, and the increased noise in the spectra. DRIFTS did offer advantages 

over normal transmission spectroscopy, as sample preparation was quicker as there was
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no need to press the sample into a disk. DRIFTS using very small amounts of sample 

(typically 1 - 2 mg) would be an excellent technique if one was dealing with very small 

amounts of sample.

Table 3-8: Number of outliers, principal components and % variance extracted for each group 
using the DRIFTS spectra.

Sample spectral range outliers PCs % variation explained
Full 0 5 99.95

CSA Below 2000 cm'1 0 4 99.93
Above 2000 cm'1 0 4 99.97
Full 0 4 99.97

CSC Below 2000 cm"1 0 4 99.97
Above 2000 cm 1 0 3 99.97
Full 0 5 99.97

GHCL Below 2000 cm"1 0 4 99.95
Above 2000 cm 1 0 4 99.98
Full 0 2 95.86

G6S Below 2000 cm"1 0 5 99.74
Above 2000 cm"1 0 5 99.96

Table 3-9: Class distances calculated for each spectral region using the DRIFTS spectra

Full spectrum
CSA CSC GHCI G6S

CSA ★ ★★ 1.312 1.821 1.804
CSC ★ ★ ★ 1.706 1.764
GHCI ★ ★★ 1.535
G6S ★ ★★

Below 2000 cm"1
CSA CSC GHCI G6S

CSA 1.394 1.558 1.755
CSC ★ ★★ 1.515 1.674
GHCI ★ ★★ 1.728
G6S ★ ★★

Above 2000 cm'1
CSA CSC GHCI G6S

CSA ★ ★★ 1.413 2.006 1.844
CSC 1.824 1.824
GHCI ★ ★★ 1.352
G6S ★ ★★
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Table 3-10: Number of outliers, principal components and % variance extracted for each group 
using the first difference DRIFTS spectra

Sample spectral range outliers PCs % variation explained
Full 0 2 90.25

CSA Below 2000 cm"1 0 2 84.79
Above 2000 cm"1 0 3 99.22
Full 0 2 77.89

CSC Below 2000 cm"1 0 2 69.65
Above 2000 cm'1 0 2 96.51
Full 0 2 86.99

GHCI Below 2000 cm"1 0 2 81.18
Above 2000 cm"1 0 3 98.91
Full 0 3 79.58

G6S Below 2000 cm"1 0 3 77.11
Above 2000 cm"1 0 2 95.24

Table 3-11: Class distances calculated for each spectral region using the first difference DRIFTS 
spectra

Full spectrum
CSA CSC GHCI G6S

CSA 1.101 4.179 3.052
CSC kkk 4.556 3.19
GHCI kkk 4.668
G6S ★ ★★

Below 2000 cm"
CSA CSC GHCI G6S

CSA ★ ★★ 1.135 5.195 3.477
CSC ★ ★★ 5.517 3.53
GHCI ■kick 6.04
G6S

Above 2000 cm 1
CSA CSC GHCI G6S

CSA ★ ★★ 1.038 1.568 1.735
CSC ★ ★ ★ 1.666 1.687
GHCI ★ ★★ 2.081
G6S ★ ★★

3.3.2.3 ATR
Spectra for ATR were collected over the range of 4000 cm"1 to 700 cm"1. Analysis

of the spectra was conducted in the area 2000 cm"1 to 700 cm'1. ATR spectroscopy has

a tendency to reduce the signal at higher wavelengths as the depth of penetration into

the sample was a function of the wavelength [21], thus little information was available
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in the area above 2000 cm'1. Figure 3.18 shows an ATR spectrum of chondroitin sulfate 

A indicating the region of the spectrum used in the following analyses. As noted in 

section 3.2.4 glucosamine 6 sulfate was not analysed by this technique because of the 

relatively large sample size needed to collect a spectrum (between 0.2 and 0.5 grams).

Principal components analysis
The first three principal component extracted from the raw spectrum indicated 

reasonable separation between all three groups with possible overlap of some 

chondroitin sulfate A and chondroitin sulfate C samples. The best separation of the 

chondroitin sulfate samples was obtained on the PCI v PC2 plot while a plot of PCI v 

PC3 showed the separation of glucosamine hydrochloride from the chondroitin sulfate 

samples. Separation was best seen in a three dimensional score plot of PCI, 2 and 3 as 

seen in Figure 3.19.

Wavenumbers (cm-1)

Figure 3.18: An ATR spectrum of chondroitin sulfate A
The score plots extracted from the first difference spectrum showed very similar

results with a slight overlap of chondroitin sulfates A and C. Glucosamine 

hydrochloride was clearly separated from the chondroitin samples in the score plots. 

The PC2 vs. PC3 plot of the first difference spectra showed chondroitin sulfate C
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separated as a group from chondroitin sulfate A and glucosamine, which were not 

separated (Figure 3.20).

It can be noted that with ATR the differences in observed separation using PCA 

when comparing derivative spectra to raw spectra were small. This may be a case of 

concentration effects being removed from the analysis. Other spectroscopy techniques 

required the sample be made up in a matrix with KBr, while ATR analysed pure 

samples thus removing concentration as a variable possibly affecting the spectroscopy.

Figure 3.19:3d score plot of ATR raw spectrum. The black squares represent chondroitin sulfate A, 
the yellow squares represent chondroitin sulfate C and the green circles represent glucosamine 
hydrochloride.

Scores
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Figure 3.20: PC2 vs. PC3 score plot from ATR data. The black squares represent chondroitin 
sulfate A, the yellow squares represent chondroitin sulfate C and the green circles represent 
glucosamine hydrochloride.

Hierarchical duster analysis
HCA on the first three principal components for the raw spectra was not successful 

in separating the three groups of samples. The entire data set was classified into two 

main groups one of which contained glucosamine hydrochloride and some chondroitin 

sulfate A and C samples and one group containing only chondroitin sulfate C samples 

(Figure 3.21). This highlights the shortcomings of unsupervised pattern recognition as 

the glucosamine hydrochloride was easily distinguished in the score plot seen in Figure 

3.19. This grouping was probably due to the proximity of the misclassified chondroitin 

samples to glucosamine in the PCI, PC2 plane.

HCA performed much better when using first difference spectrum. This was most 

likely due to the better separation of the groups by the principal components analysis. 

Glucosamine hydrochloride was completely separated from the chondroitin sulfate 

samples. The chondroitin samples were broken down into three groups, one group 

contains only one sample of chondroitin sulfate A, one group contained only 

chondroitin sulfate A samples and the other group contained mainly chondroitin sulfate
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C samples and 2 samples of chondroitin sulfate A. This dendrogram can be seen in 

Figure 3.22. This result confirmed the need for unsupervised pattern recognition 

requiring well defined data to be usable as a classification technique.

t
ft

1
to
5

'10 Scores Euclidian Dendrogram

Object
Figure 3.21: Raw spectra dendrogram showing the clustering of the glucosamine hydrochloride 

(GH), chondroitin sulfate A (CA) and chondroitin sulfate C (CC).

Scores Euclidian Dendrogram

1.00 -■

Object
Figure 3.22: First difference dendrogram glucosamine hydrochloride (GH), chondroitin sulfate A

(CA) and chondroitin sulfate C (CC).
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Linear discriminant analysis
Linear discriminant analysis on the raw ATR spectrum gave a cross validated 

classification rate of 0.933 for the raw spectrum and 0.967 for the first difference 

spectrum. In each case the misclassification occurred between when a chondroitin 

sulfate A sample was classified as a chondroitin sulfate C sample. These results can be 

seen in Table 3-12 (raw spectrum) and Table 3-13 (first difference spectrum).

It was possible that in using only the spectra below 2000 cm, as necessitated by 

the limitations of ATR, that some important information was not used in the grouping of 

the samples which may have be the cause of the misclassification. However, with the 

classification above 95% in the case of the first difference spectra it was felt that this 

would be the preferred method of spectral pretreatment when using LDA with ATR. 

SIMCA
Using both the raw spectrum and the first difference spectrum, SIMCA was able to 

at least partially separate all groups. Greater class distances were calculated using the 

first difference spectrum as opposed to the raw spectrum. In both cases the class 

distance between chondroitin sulfate A and chondroitin sulfate C was the lowest. These 

results can be seen in Table 3-14 and Table 3-15.

Table 3-12: Cross validated LDA on the raw spectrum
Pred. Group (Holdout) Correctly

Act. Group CC CA GH Classified
CC 10 0 0 1.000
CA 2 8 0 0.800
GH 0 0 10 1.000
Overall Correct Class. Rate 0.933

Table 3-13: Cross validated LDA on the first difference spectrum
Pred. Group (Holdout) Correctly

Act. Group CC CA GH Classified
CC 10 0 0 1.000
CA 1 9 0 0.900
GH 0 0 10 1.000
Overall Correct Class. Rate 0.967
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Table 3-14: Number of principal components and the % variance explained for the cross validated 
models.

Raw spectra
Sample Outliers #PCs % variation

CSC 0 4 99.94
CSA 0 5 99.94
GHCI 0 5 99.95

First derivative spectra
Sample Outliers PCs %Var

CSC 0 4 97.39
CSA 1 4 93.61
GHCI 0 3 95.87

Table 3-15: Class distances calculated using the cross validated models

Raw spectra
CSC CSA GHCI

CSC *** 1.637 3.001
CSA ★ ★★ 3.669
GHCI ★ ★★

First derivative spectra
CSC CSA GHCI

CSC *** 2.829 4.997
CSA ★ ★ ★ 6.317
GHCI ***

These results show promise, and as opposed to the other methods used left the 

option for adding further groups without the need to remodel the previous groups.

While the omission of glucosamine 6 sulfate did leave a question as to the final ability 

of SIMCA on ATR (indeed on all ATR models studied here) it was anticipated that it 

would be discriminated from the other groups studied here.

3.4 Conclusions
The results presented here showed the utility of infrared spectroscopy in classifying 

GAG samples and related compounds. Chemometrics has also been shown to be highly 

advantageous in classifying these samples. The best classification rate came with the 

use of transmission spectroscopy. Using this method allowed the complete 

classification irrespective of the method used to model the groups. Overall, the first
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difference spectra proved to be better than raw spectra for use as the data to build the 

classification models. This was mainly due to the reduction of the intra-sample 

variation. While first difference spectra contain more noise (i.e. a lower signal to noise 

ratio) this was effectively mitigated through the use of PCA which relegates this noise 

to higher and unused principal components.

Generally it was considered that the area below 2000 cm'1 contained all the 

information that was required to create acceptable classification models. The full 

spectra also allowed for good classification of the samples. However, the classification 

rate was generally not improved with the use of the full spectra over that for the region 

below 2000 cm'1. Using only the spectral region above 2000 cm'1 was considered to be 

unsuitable, in that a great deal of information contained in the fingerprint region of the 

spectrum was lost. In the case of a technique such as ATR, this was detrimental to the 

classification, because of the reduced sensitivity of the technique at the higher 

wavelengths.

It was noted in the introduction that many of these samples are used in the 

burgeoning natural products industry. For this reason there was a need for testing of 

both raw materials as well as finished products. Infrared spectroscopy coupled with 

chemometrics was shown to have the potential to conclusively identify a sample as a 

particular raw material. This work demonstrated that, in a laboratory situation, 

transmission spectroscopy could conclusively determine the identity of a particular 

sample. With further work, this procedure could be extended to be used on finished 

products, to identify a particular sample and possibly even determine which particular 

batch that sample came from.
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ATR spectroscopy, which requires no sample preparation, has the advantage of 

applicability outside the lab in a manufacturing environment. Current ATR technology 

has the ability to isolate the sampling surface of the crystal from the rest of the 

instrument reducing complications arising from the environment that the instrument 

might be located in. Sampling is easy and testing of raw materials could be done 

efficiently, and quickly. ATR used in this manner could allow raw materials to be 

tested as they are produced without the need for the sample to go to a laboratory.

DRIFTS performed the least satisfactory classification of all the spectroscopic 

techniques used here. While DRIFTS used only small amounts of sample, when testing 

these materials in a pharmaceutical or manufacturing environment, sample size would 

not be a problem. Sample preparation was not significantly less than that of 

transmission so it was concluded that DRIFTS was the least useful of the spectroscopic 

techniques for the analysis of GAGs and other compounds.

Supervised modelling performed better than the unsupervised clustering methods 

used here, and while unsupervised methods make unbiased decisions, there was no 

reason why information as to the supposed class should not be used in this case. Of the 

supervised methods used here, it depended on preference as to which one was used. 

Both offered advantages and disadvantages and one did not perform significantly better 

than the other. SIMCA offered a significant advantage in that new groups could be 

added without the need to remodel all of the groups. It was suggested by Kher [30] that 

SIMCA and LDA should be viewed as complimentary techniques. In a laboratory 

environment an either-or-approach to the modelling technique should be taken. In the 

case of a manufacturing environment (envisioned for ATR) SIMCA would be more
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advantageous. This is because SIMCA easily allows expansion of the models when

new samples become available.
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Chapter 4 : Classification of the 
biopolymer sodium pentosan 
polysulfate by Fourier transform 
infrared spectroscopy
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4 Classification of the biopolymer sodium pentosan 
polysulfate by Fourier transform infrared 
spectroscopy (FTIR)

4.1 Introduction
Sodium Pentosan Polysulfate (NaPPS) is a glycosaminoglycan that is of increasing 

interest because of its medical properties. NaPPS is a semi synthetic agent derived from 

the Beechwood tree [1-3]. The structure of NaPPS can be seen in Figure 4.1. NaPPS is 

made up of a number connected xylose rings and is highly sulfonated. It also contains 

gluconic acid moieties. PPS is also available as a calcium salt (CaPPS). NaPPS has 

been considered important because its structure is similar to that of GAGs. It is thought 

that through interaction with the GAGs, NaPPS can affect biological processes. Being a 

semi-synthetic chemical it has a number of advantages over both fully synthetic and 

natural products. Being similar to natural products it retains similar modes of action to 

other natural products, but the synthesis and derivation from Beech trees removes 

concerns that other GAGs may hold being synthesized from animal and bacterial 

sources.

Figure 4.1: The repeating unit of NaPPS [2]
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NaPPS has been used effectively in the treatment of interstitial cystitis, a painful 

disease of the urinary tract. Hwang et al showed in their meta-analysis of patients 

treated for interstitial cystitis with pentosan polysulfate (PPS), that it was more 

beneficial than the placebo for treatment of some of the symptoms [4]. Parsons et al. 

investigated links between the potassium sensitivity test (PST) scores, interstitial cystitis 

and treatment with PPS. After suggesting the link between the PST scores and 

interstitial cystitis, the authors reasoned that treatment with PPS that resulted in an 

improvement in PST scores also was a beneficial treatment of interstitial cystitis [5]. It 

was suggested that this was due to the interaction between the GAGs in the endothelium 

of the bladder and the PPS.

PPS has also been used as a blood anti-coagulant; work by Shkumatov et al. 

compared the binding properties of PPS and Heparin with a number of proteins 

significant in the coagulation of blood. While it was found in this work that the Heparin 

performed better than the PPS it is noted that Heparin can induce a number of side 

effects. Use of PPS does not run the risks of the side effects and due to the semi

synthetic nature of PPS the heterogeneity of the preparation is reduced [6].

Deli et al. studied the ability of PPS to affect the blood brain barrier in rats. The 

study showed that PPS increased the uptake of a low density lipoprotein. Since GAGs 

play an important role in many cell transport processes, the authors suggested that PPS 

may have a role to play in the treatment of various diseases that have an effect at the 

blood brain barrier. The authors suggested that this may mean that PPS could possibly 

be used in the treatment of Alzheimer’s disease, HIV related encephalopathy or other 

prion based diseases [3],
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PPS has also been investigated for the use in treatment of kidney stones. Kidney 

stones can be very painful; they are formed by the precipitation of minerals in the 

urinary tract within the body. Martin et al [7] investigated the effect that NaPPS had on 

the crystal growth of calcium oxalate crystals (one of the primary forms of kidney 

stones). This work showed that in invitro studies, NaPPS slowed the rate of growth of 

calcium oxalate crystals by up to 50% in both distilled water and human urine.

More recently PPS has been investigated for the treatment of arthritis because of its 

structural similarity to GAGs. Smith et al studied the effects that CaPPS had on arthritis 

like symptoms induced in rabbits [8]. This work argued that CaPPS was an effective 

chondroprotective agent. The study also concluded that the chondroprotective effects 

were linked to a bell shaped dose response curve. It was suggested that while it did not 

have a large anti-inflammatory effect, it could modulate some of the inflammation 

pathways [8].

It has been suggested that PPS (both NaPPS and CaPPS) be regarded as structure 

modifying osteoarthritis drugs (SMOADs). In an extensive review by Peter Ghosh [1], 

he notes that clinical trials on osteoarthritis models in dogs show that PPS gives 

symptomatic relief, and drug treatment could be correlated with a reduction of some 

markers of disease activity.

Analysis of PPS (NaPPS and CaPPS) has shown the possibility of variation in the 

biological activity of different samples. Shen et al showed that different manufacturers 

produce NaPPS that have different bioactivity and thus the samples are likely to show 

different therapeutic benefits [9]. The work of Shen et al. focused on the use of the 

BIAcore2000 instrument to determine the biological activity of the products from the 

two manufacturers. Using this technique it was shown that there was not only
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significantly more variation between manufactures than within the same manufacturer’s 

products but products from one manufacturer demonstrated consistently higher binding 

affinity for the enzymes hyaluronidase and lysozyme. This would indicate that these 

products are likely to require different dosages to obtain controlled therapeutic 

effectiveness.

Since PPS is considered a biologically active molecule, it is not only important to 

determine the activity of the molecule, but it is often important to measure it in different 

biological environments. Dtirust and Meyerhoff developed a method for measuring 

therapeutic concentrations of PPS in biological systems with the use of selective 

membrane electrodes [10]. Significantly for this work it was shown that this can be 

done in plasma, an important step in the clinical analysis of these chemicals.

In the laboratory the analysis of PPS is similar to the methods used for the analysis 

of other GAGs. Primarily this has focused around the use of separations and 

spectroscopic techniques. Spectroscopic analyses such as the Farndale assay [11, 12] 

provide a fast and sensitive analysis for GAGs and similar compounds (such as PPS) 

but are not specific to particular GAGs. Separation techniques are required in order to 

identify these compounds.

Electrophoresis has shown great promise for use in the analysis of GAGs as it can 

detect small structural changes in the molecule; it is also popular due to the high 

sensitivity and small sample size required for analysis. The low absorptivity of PPS 

means that it is amenable to identification by reverse phase capillary electrophoresis 

(CE), and a number of papers have shown this.

Work by Degenhardt et al. presents one of the first specific NaPPS analysis 

techniques [13]. Degenhardt uses the electropherograms as a method for measuring the

CHEMOMETRICS AND MODEL FITTING IN ANALYTICAL CHEMISTRY
- 114-



Matthew James Foot University of Technology, Sydney

quality of the product. This work shows that the user is able to determine different 

batches and compounds by CE but contains no real measure on how good the method is 

for the analysis. Schirm et al. carries this work further with the use of characteristic 

electropherograms as a fingerprinting technique [14]. While the electropherograms in 

this paper show some similarities a great deal of data processing must be performed in 

order to present them on a common scale, which is needed to perform the pattern 

matching. Despite this, the technique presents a method for comparison of different 

samples which relies on more than operator judgement. Prochazka furthered this work 

and presented a method optimised for the analysis of NaPPS and showed CE to be a 

robust and repeatable option for analysis [2, 15],

Other separations techniques have been used to characterise, quantify and identify 

PPS. Size exclusion chromatography has been used to determine the molecular weight 

and polydispersity of the polymer [16]. Gas chromatography and HPLC have also been 

considered and used to some extent in research into glycosaminoglycans (section 

2.2.1.2).

Infrared spectroscopy is presented in this chapter as an alternate method for the 

classification of different batches of NaPPS made by different manufacturers. FTIR 

provides a technique that is reliable, repeatable and can give insight into the chemical 

composition of the analyte molecules. FTIR has been used previously to quantitatively 

and qualitatively study different sulfonated glycosaminoglycans [17, 18]. However, 

few papers have been published relating to the IR spectroscopy of NaPPS or CaPPS 

despite their use for over 40 years [ 1 ].

The work presented here shows that with the use of chemometrics, FTIR is a 

powerful technique that can resolve variations between manufacturers and even batches
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of the same product. This work also considers data pre-treatment steps that have been 

used to assist in classifying samples [19]. It is also hoped that this work may in the 

future provide a simple and fast technique for the analysis of NaPPS raw material and 

finished product, and that classification can be linked to the bioactivity of the samples.

4.2 Experimental

4.2.1 Chemicals and reagents
Seven samples of sodium pentosan polysulfate from two manufacturers were 

donated by Associate Professor Peter Ghosh, Royal North Shore Hospital. The samples 

were pressed into KBr disks (Spectroscopic grade KBr Merck Darmstadt, Germany). 

Table 4-1 shows a listing of the samples.

Table 4-1: List of samples
Sample ID Symbol Sample name

A1 Red Square Bene 1
A2 Red Square Bene 2
A3 Red Square Bene 3
A4 Red Square Bene 4
B1 Blue Circle Sanofi 1
B2 Blue Circle Sanofi 2
B3 Blue Circle Sanofi 3

4.2.2 Instrumentation
The samples were analysed by transmission FTIR spectroscopy. The analysis was 

undertaken on a Nicolet Magna IR 760 spectrometer (Nicolet Wisconsin, USA). Six 

replicate spectra of each sample were collected in near infrared region (11000 cm"1 to 

2500cm"1) and mid infrared region (4000cm’1 to 400cm ').

4.2.3 Data Analysis
The infrared data was transferred into a form readable by Microsoft Excel® where 

the initial data treatment was undertaken. The data matrix was then transposed into 

SIRIUS 6.5 (PRS software Bergen, Norway.), which was used to perform the principal
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components analysis (PCA) and the SIMCA classification. The principal component 

scores for the full data set were then transferred back into Excel and discriminant 

analysis was then performed using the StatistiXL (StatistiXL, Western Australia, 

Australia) software add on for Microsoft Excel®.

Both techniques used cross validation due to the lack of a test data set.

4.3 Results and Discussion

4.3.1 Spectroscopy
Forty two near-infrared and forty two mid infrared spectra were obtained. Typical 

near-infrared and mid-infrared spectra obtained from samples from both manufacturers 

can be seen in Figure 4.2 and Figure 4.3 respectively.

The data contained in the spectra were converted into a matrix consisting of the 

wavenumbers and the transmission values contained in an Excel spreadsheet. Initially 

the spectra were compared to determine the intra-sample variation and the inter-sample 

variation respectively. Six replicates were collected for each sample. At each 

wavenumber the relative standard deviation (RSD) was calculated between these 

replicates. An overall RSD was also calculated at each wavenumber for the seven 

samples. Plots were constructed of the RSD versus the wavenumber. These plots can 

be seen in Figure 4.4 and Figure 4.5. Examination of these plots show that there are 

several regions in the IR spectra where the inter sample variation is greater than the 

individual intra sample variation, hence showing that there was a difference between the 

samples that could be utilized for further classification. This procedure was also be 

used to identify areas of the spectrum where the most variation can be found.
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Figure 4.2: A typical near infrared spectrum of NaPPS

Figure 4.3: A typical mid infrared spectrum of NaPPS
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Figure 4.4: %RSD plots from the near infrared spectra. The lines for each sample indicate the 
intra-batch variation, while the combined RSD indicates the %RSD across all samples.
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Figure 4.5: %RSD plots from the mid infrared spectrum. The lines for each sample indicate the 
intra-batch variation, while the combined RSD indicates the %RSD across all samples.

Visual inspection of the raw spectra and the RSD plots sugested that there was 

more information contained in the mid infrared region of the spectrum. It could be seen 

from the %RSD plots that the mid-infrared region generally had a lower relative 

standard deviation than the near-infrared region of the spectrum when the relative 

standard deviation for the individual sample was compared to the overall RSD of all the 

samples. For this reason further work continued on the mid infrared spectra as opposed 

to the near-infrared spectra.

The next step was to assign some of the more prominent bands in the mid-infrared 

spectrum. The broad band at 3600 cm'1 was assigned to the OH stretching vibration. 

The sharper band occurring at around 1620 cm'1 was considered to be due to the 

carboxylate ion. The peak at around 1240 cm’1 was assigned to the sulfate S=0 

stretching, the peak at 810 cm'1 is probably due to the C-O-S vibration. After visual 

inspection of the infrared spectra obtained from each sample, a distinct difference was
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noted between the samples provided by each manufacturer. This can be seen when two 

representative spectra are overlayed as seen in Figure 4.6. The main differences can be 

seen in a shoulder to the peak occurring at 1620 cm 1 at 1550 cm'1 and very small 

differences can be seen in the shoulders of the sulfate peak at 1100 cm'1.

Figure 4.6: An overlay of typical MIR spectra obtained from the two manufacturers. 
Manufacturer A is in blue and manufacturer B is in red.

4.3.2 Principal components analysis
The first difference spectra in the mid-infrared region were calculated and plotted

using Microsoft Excel. The raw and first difference spectra were transposed into 

SIRIUS 6.5 in order to perform principal components analysis (PCA). Four different 

data treatments were used for calculating the principal components scores.

PCA was first performed on the raw spectra, to establish whether the differences 

could be utilized to classify the individual manufacturers. In this case, the first two 

principal components described 94.2% of the variation in the data; however, the score 

plots showed no clear distinction between the two different manufacturers. This can be 

seen in Figure 4.7. Two samples were excluded from further analysis as both appeared 

to be outliers; upon looking at the raw data it was noted that these samples had a much
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lower transmission than all other samples; there appeared to be no explanation for this. 

The loadings plot for the first principal component showed no significant wavelengths 

contributing to the principal component; this can be seen in Figure 4.8. It is apparent 

from the plot that there are more features below 1800 cm"1.

, DataSet: Scores 1 vs 2
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Figure 4.7: A score plot of the first two principal components of the entire raw spectrum.
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Wavenumber (cm'1)

Figure 4.8: The loadings plot for the first principal component, obtained for the full spectrum.

It was decided that since the region of the spectrum below 1800cm"1 contained 

more information the investigation would focus on that region. It was anticipated that
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this region of the spectrum would allow for better classification based on score plots. In 

Figure 4.9, the score plot indicates that the use of the region of the spectrum below 

1800cm 1 facilitates improved discrimination between the two manufacturers. It is 

noted that it is impossible to visually separate the batches from each manufacturer. No 

specific peaks stand out on the loadings plot.

The use of difference spectra data pre-treatments was investigated to search for 

further improvement. Difference spectra show the slope of the spectra at a particular 

point. Calculations of the first and second differences of spectra is a common practice; 

it reduces the intra sample variation and increases the inter sample variation. Difference 

spectra can also reveal small peaks hard to visualise in the raw spectra. A drawback to 

using difference spectra is a decrease in the signal to noise ratio; for each successive 

derivative calculated (i.e. first, second, third, etc) there is a decrease in the signal to 

noise ratio.
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Figure 4.9 Score plot of the first two principal components of the raw spectrum using only the 
region below 1800 cm’1.

CHEMOMETRICS AND MODEL FITTING IN ANALYTICAL CHEMISTRY
- 122-



Matthew James Foot University of Technology, Sydney

DataSet: Scores 1 vs 2

2.0 -■

0.0 VV*'■"CJ"*

-2.0 -■

Comp. 1 (64.7%)

Figure 4.10: Score plot of the First two principal components of the first difference spectrum.
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Figure 4.11: Score plot of the first two principal components of the first difference spectrum using 
only the region below 1800 cm1.

This work investigated first difference spectra only. The score plots from the 

principal components analysis from these results can be seen in Figure 4.10 and Figure 

4.11 respectively. It could be seen that in Figure 4.10 when using the first difference of 

the whole mid IR spectrum that discrimination between manufacturer A and
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manufacturer B was only marginally better than the entire spectrum without using the 

first difference. However when the region below 1800cm'1 was used (Figure 4.11) a 

clear distinction between the two manufacturers was achieved.

These results suggested that, in the case of NaPPS, it was better to use the 

fingerprint region of the spectrum in conjunction with the use of a first difference 

transformation on the spectrum. However, it must be noted that this can only be 

considerd preliminary work due to the small number of samples avalible.

4.3.3 Linear discriminant analysis
Linear discriminant analysis (LDA) can be used a as a method of hard modelling.

As noted in chapter 1, LDA can only determine if a sample belongs to one group or 

another; it cannot tell if the sample is an outlier from all previously listed groups.

LDA was performed using the first three principal component scores from the four 

different data treatments discussed in section 4.3.1. It was decided to see if the LDA

could first distinguish the two manufacturers for each data set. If this was successful 

then further testing would be done to see if it could distinguish the different batches for 

each manufacturer using the same data set. Table 4-2 contains the summary of the 

results.

Table 4-2: Overall classification rate for NaPPS samples using LDA on the first three principal

Treatment % Classified %Classified (Cross validated)
Full spectrum 77% 74%
Below 1800cm'1 100% 100%
First Derivative 77% 75%
First Derivative Below 1800cm’1 100% 100%

The results contained in Table 4-2 indicate that there is little difference between the 

using the normal spectrum and the first difference spectrum. This finding suggests that 

the only data treatment needed to separate the two manufacturers is to use the
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fingerprint region of the spectrum. This is not a surprising result when one considers 

the spectrum and notes that there is far more information relating to the compound 

contained in this region. It is interesting to note that the use of first differences has no 

great effect on the classification suggesting the intra-sample variation is not greatly 

affecting the classification.

It is a positive note that the most successful classification by manufacturer is in the 

area below 1800cm'1 as this information can be used to reduce the sampling time. It is 

also a beneficial result for coupling the classification with a technique such as ATR, as 

this method attenuates the response at wavenumbers above 2000 cm 1 when using 

common crystals such as Zinc Selenide.

Further analysis was carried out to establish whether differences between batches 

could be detected using this same technique. Only the spectral region below 1800cm 1 

was used as the whole spectrum was not able to completely differentiate between the 

manufacturers. Again the two cases looked at were the raw spectrum and the first 

difference spectrum. These results can be seen in Table 4-3 and Table 4-4.

These results show clearly show that the first difference spectra are better able to 

classify the samples into batches. This is because the small features in the spectrum are 

enhanced allowing for greater differentiation between samples. Another important 

point is that any misclassified samples were not classified into the wrong manufacturer, 

but rather misclassified into a different batch by the same manufacturer. Better 

classification was seen from manufacturer A than manufacturer B.

The cross validated overall classification score is lower for the raw' spectrum, 

suggesting that there is more intra-sample variation, that is, the scores for each batch 

have a much larger spread.
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Table 4-3: Classification of batches using LDA on raw spectrum below 1800cm-t

Actual Pred. Group (Std) Raw spectra below 1800 cm'1 Correctly
Group A1 B1 A2 B2 A3 B3 A4 Classified

A1 4 0 0 0 0 0 1 0.800
B1 0 6 0 0 0 0 0 1.000
A2 2 0 2 0 2 0 0 0.333
B2 0 0 0 5 0 1 0 0.833
A3 0 0 2 0 3 0 1 0.500
B3 0 0 0 1 0 4 0 0.800
A4 2 0 0 0 0 0 4 0.667

Overall Correct Class. Rate 0.705
Actual Pred. Group (Cross validated) Raw spectra below 1800 cm'1 Correctly
Group A1 B1 A2 B2 A3 B3 A4 Classified

A1 4 0 0 0 0 0 1 0.800
B1 0 6 0 0 0 0 0 1.000
A2 2 0 2 0 2 0 0 0.333
B2 0 0 0 5 0 1 0 0.833
A3 0 0 3 0 2 0 1 0.333
B3 0 1 0 2 0 2 0 0.400
A4 2 0 0 0 0 0 4 0.667

Overall Correct Class. Rate 0.624

Table 4-4: Classification of batches using LDA on the first difference spectra below 1800cm 1

Actual Pred. Group (Std) 1st Derivative spectra below 1800 cm'1 Correctly
Group A1 B1 A2 B2 A3 B3 A4 Classified

A1 6 0 0 0 0 0 0 1.000
B1 0 4 0 0 0 2 0 0.667
A2 1 0 4 0 0 0 0 0.800
B2 0 0 0 6 0 0 0 1.000
A3 0 0 0 0 5 0 1 0.833
B3 0 2 0 0 0 3 0 0.600
A4 0 0 0 0 0 0 6 1.000

Overall Correct Class. Rate 0.843
Actual Pred. Group (Cross validated) 1st Derivative spectra below 1800 cm'1 Correctly
Group A1 B1 A2 B2 A3 B3 A4 Classified

A1 6 0 0 0 0 0 0 1.000
B1 0 4 0 0 0 2 0 0.667
A2 1 0 4 0 0 0 0 0.800
B2 0 0 0 6 0 0 0 1.000
A3 0 0 0 0 5 0 1 0.833
B3 0 2 0 0 0 3 0 0.600
A4 0 0 0 0 0 0 6 1.000

Overall Correct Class. Rate 0.843

4.3.4 SIMCA
Soft independent modelling of class analogies (SIMCA) is a soft modelling 

technique developed by Wold [20] that has been used to classify the different batches. 

As discussed in section 1.4.2.2 SIMCA models each class (group/subset) separately. In
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the use of SIMCA, a class distance of less than one indicates no discrimination between

groups, a class distance of between one and three indicates partial discrimination 

between the groups, and a class distance of greater than three indicates complete 

discrimination between the groups.

As a soft modelling technique SIMCA works differently to LDA. For this reason 

the classification was considered for batches only, as LDA was considered better for 

testing if the sample belonged to one manufacturer or another. The calculated class 

distances are presented in Table 4-5 and Table 4-6. These results have been calculated 

with cross validation.

Table 4-5: Class distances calculated using the full spectral range and the spectrum below 1800 cm 
for the raw spectra.

Full spectra
A1 B1 A2 B2 A3 B3 A4

A1 ★ ★ ★ 1.994 2.433 2.263 1.962 2.613 1.084
B1 3.592 2.886 3.954 6.668 2.809
A2 **★ 1.668 2.103 6.354 2.818
B2 2.248 5.443 2.632
A3 2.053 1.771
B3 ★ ★ ★ 2.116
A4 ★ ★ ★

Below 1800 cm"
A1 B1 A2 B2 A3 B3 A4

A1 1.454 2.473 2.573 2.184 1.662 1.069
B1 * ★ ★ 3.413 3.324 3.275 2.09 1.642
A2 ★ ★ ★ 1.462 1.343 0.775 2.741
B2 ★ ★★ 1.363 1.294 2.666
A3 ★ ★ 1.160 2.264
B3 1.954
A4 ★ ★★

These results show that the most pairs are separated when using the first difference

spectrum below 1800 cm"1. The untreated spectrum below 1800 cm'1 was the least able

to discriminate between the batches. There was only one case where there were no 

separations between the groups (batches A2 and B3 using the spectra below 1800 cm"1). 

This data suggests that there is useful information contained in the full spectrum. It may
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also indicate that there is a larger than expected intra-sample variability in the region 

below 1800 cm'1. This would be mainly attributed to concentration effects of the

different amounts of sample used to make the disks. This effect is reduced as a result of 

using the first difference spectrum.

Table 4-6: Class distances calculated using the full spectral range and the spectrum below 1800 cm 1 
for the first difference spectra.

Full spectra
A1 B1 A2 B2 A3 B3 A4

A1 ★ ★★ 2.973 2.917 4.675 3.275 2.633 1.709
B1 *** 2.752 3.359 2.985 2.366 2.843
A2 ★ ★★ 2.816 2.161 2.078 2.883
B2 ★ ★ ★ 3.092 2.799 4.188
A3 ★ ★★ 2.446 3.309
B3 2.314
A4

Below 1800 cm'1
A1 B1 A2 B2 A3 B3 A4

A1 ★ ★★ 3.616 3.025 6.236 3.019 3.154 1.836
B1 ★ ★ ★ 3.186 3.576 2.812 2.577 3.412
A2 ★ ★★ 3.47 2.072 2.423 3.076
B2 ★ ★★ 3.638 3.448 5.488
A3 ★ ★ * 2.209 2.796
B3 ★ ★ ★ 2.43
A4 ***

It is important to recognise that these samples are derived from a natural source and

thus even within one manufacturer there can he a great deal of variation. This may

explain why some batches have a greater class distance from all other batches than

others. It may also explain why some batches have a greater class distance from those 

batches made by the same manufacturer than batches made by the different 

manufacturer.

4.4 Conclusions
These results show that FTIR spectroscopy is a valid technique for use in the 

classification of NaPPS samples. FTIR offers information about the chemical 

composition of the sample and has the advantage of being able to analyse the intact
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molecule. In the case presented here the number of samples used in the classfication 

was limited by the availability of the material to be tested, thus this method does show 

much promise. While the technique may not be automated like many chromatography 

techniques, it does not require much specialist knowledge once the model has been 

built. Further work on the spectroscopy would likely indicate that other spectroscopy 

techniques such as Diffuse Reflectance Infrared Fourier Fransform Spectroscopy 

(DRIFTS) or Attenuated Total Reflectance (ATR) spectroscopy would also be 

applicable to this work, as seen in its ability to classify chondroitin and glucosamine 

samples.

Hibbert makes note that humans are very good at pattern recognition, however any 

decision made by a human will be subjective [21]. The chemometric techniques used 

for this work show that it is possibly to classify very similar samples without the need 

for subjective decisions made by an operator.

PCA provides a good method for the unsupervised grouping of the samples, and 

gives an idea as to which data treatment regime (full spectrum or fingerprint region, raw 

spectrum or first difference) may hold the key to grouping the samples. LDA provides 

some hard numbers as to the grouping based on the principal components. It has been 

shown to be most useful when used in conjunction with the first difference spectra. 

Optimal results for classifying into both manufacturer and batch are obtained when 

using the spectrum below 1800 cm’1. The implications to this are that collecting the 

spectrum would take half the time as there is no need to collect the spectrum above the 

1800 cm'1 region.

Similar results were seen with the SIMCA evaluation of the data. Best results were 

obtained with the first difference spectrum below 1800 cm'1, SIMCA has a significant
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advantage to LDA when linking a particular sample to a particular batch in that new 

batches can be added easily, without the need to remodel the entire data set. While not 

used in this work due to the lack of samples and the nature of the problem as it was 

addressed here, SIMCA could be used to identify samples which are not part of any 

group. LDA by definition must identify a sample as belonging to one group or another.

The final result from this work is that it is best to use the first difference spectrum 

of NaPPS samples below 1800 cm'1. To classify the samples to their manufacturer it 

would be preferable to use LDA as it is simple and effective. It would be hoped that the 

manufacturing process which may give batch to batch variability (possibly due to the 

raw material) will still have an over all trend to which samples can be classified. To 

match a sample to a particular batch, SIMCA would best fit the role. New batches 

would be made all the time and SIMCA removes the need to constantly remodel the 

entire data set for each new batch. However, with the continuing advancement of 

computer power this becomes a moot point. A further caveat to this would be that a 

better estimate would be needed of the number of degrees of freedom that are present in 

a sample to avoid classification problems.
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Chapter 5 : Fitting band broadening 
equations in chromatography
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5 Fitting band broadening equations in 
chromatography

5.1 Analytical Chromatography
Jennings notes that chromatography is act of separating two or more substances 

by partitioning them between two phases”. These are usually one mobile phase and one 

stationary phase [l].

For both gas and liquid chromatography, the stationary phase is contained in a column 

through which the mobile phase passes until it reaches some detection system. The flow of 

the mobile phase is controlled by gas pressure or pump pressure allowing some variation 

flow rates which will in turn affect retention times.

For both gas and liquid chromatography the most important factor affecting the 

separation is the column. Gas chromatography (GC) was first proposed by A. J. P. Martin 

in his Nobel Prize acceptance speech [l]. Initially GC columns were short and packed with 

inert coated particles in the stationary phase. The open tubular column or capillary column, 

in use with most systems today, was developed by Golay in the late 50’s [2]. The 

advantage of open tubular capillary columns was that they allowed for a much higher 

efficiency compared to that of packed columns. Current columns are made of fused silica 

coated with thin films of stationary phase and are usually 15 metres long or longer [3].

High performance liquid chromatography (HPLC) was developed later than gas 

chromatography and has a different set of constraints placed upon it. These constraints 

have been thoroughly discusses by Giddings in his text on chromatography [4]. In HPLC 

the interaction between the mobile phase and the analyte molecule has an important effect 

on the separation. The use of polar stationary phases and non polar solvents is known as
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normal phase HPLC; when the situation is reversed it is known as reversed phase HPLC 

[5], The work in this project has used reversed phase HPLC.

Band broadening effects can be seen as coming from two main areas; columnar effects 

and extra-columnar effects. As suggested, columnar effects occur in the column as the 

separation is occurring and extra-columnar broadening occurs in the areas between the 

injector and the column, and the column and the detector.

5.1.1 Columns
Reversed phase HPLC (RPLC) columns are packed columns usually varying between 5 

cm in length and 30 cm in length, and less than 0.5 cm in internal diameter with a number 

of different stationary phases bonded to the packing material of the column. As noted 

previously, the stationary phase is usually non-polar in its chemistry as opposed to the 

mobile phase which is considered to be polar. The stationary phase is bonded to either a 

polymeric or silica support material with a particle size of 10 pm or less [6]. RPLC 

stationary phase chemistries range from C| through to Ci8 groups bonded to the silica 

support. Other bonded groups include amino groups, cyano groups and phenyl groups. 

Their application is dependant on the chemistry of the molecules to be separated.

Capillary GC also has a number of different column chemistries dependant on the 

application. Unlike HPLC columns, capillary columns have the stationary phase bonded to 

the wall of the column. Stationary phases are mostly based on polysiloxane polymers and 

polyethylene glycol polymers.

5.1.2 Detectors
An important part of the chromatographic system that has an effect on the output of 

any system, is the detector used. In the work presented here one form of detection was used 

for each type of chromatography. The photodiode array detector (PDA or DAD) for the
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liquid chromatography work and a flame ionisation detector (FID) in the gas 

chromatography work. Both detectors are commonly used with these types of instruments.

The photodiode array was first used as a spectroscopic detector in the late 60’s and 

early 70’s [7] and was developed as a multi-wavelength detection system for HPLC in the 

early 80’s [8, 9]. The detector used in this work had an array of 512 diodes and had an 

operating range of 190 nm to 800 nm according to the operating manuals. Each diode in the 

array collects part of the spectrum. Each of the diodes acts as a capacitor which discharges 

an amount dependant on the amount of light that strikes it. The Waters 996 detector used in 

this work reads each diode sequentially, taking a minimum of 1 1 ms to read all 512 diodes 

[10].

The flame ionisation detector (FID) for gas chromatography was first developed by A. 

E. Thompson and reported in the literature in 1959 [11]. The detector as described by 

Thompson is essentially unchanged and available in instruments today. FID detectors are 

used for the detection of organic compounds. The eluent from the column is fed into a 

hydrogen and oxygen (or air) flame. As the organic compounds in the eluent enter the 

fame they undergo combustion which produces positively charged ions and electrons. The 

movement of ions between electrodes contained in the detector causes a current to Bow. 

This current is the signal which is monitored [12].

Both detectors used in this work contribute to post columnar peak broadening. It has 

been suggested by Gaspar et al that post columnar band broadening was affected by the 

detector time constant [13]. Time constants of the detectors refer to the fact that the 

detector and detection system take a finite amount of time to respond to the physical 

phenomenon that it is measuring. Gaspar’s work found that the detection system 

contributed greatly to peak asymmetry and loss of efficiency at high flow rates as seen by
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differences in peak shape with changes in detector time constants. While this work studied 

GC-FID, it is probable that similar post columnar effects will be visible in HPLC systems, 

as PDA detectors will also have a finite response time to the signal being measured.

5.2 Band broadening
Band broadening in chromatography refers to the tendency of analyte molecules to 

spread out as they pass through the chromatographic system. In an ideal system the analyte 

molecules should be concentrated into a plug that results in a square pulse when the 

intensity versus the time is plotted. However physical constraints cause the intensity versus 

time output to closely approximate a Gaussian distribution, with the signal building up to 

maximum intensity before tapering off to baseline intensity.

The shape of this curve is determined by a number of properties relating to the 

instrument being used, the detector, the column and the analyte molecule. Importantly the 

height, shape and the retention time of the peak has been used by chromatographers as a 

method for measuring the efficiency of a chromatographic system.

Plate theory in chromatography was developed by Martin and Synge, and first 

published in 1941 [14] for which they were subsequently awarded the Nobel prize for 

Chemistry in 1952. This theory related the efficiency of a chromatographic separation to 

the efficiency of fractional distillation. This theory suggested that the efficiency of the 

separation was due to a number of [theoretical] plates in the column; the more plates in the 

column the more efficient the separation observed. The expression “height equivalent of a 

theoretical plate” (HETP or H) comes from this theory. While this theory accounted for the 

Gaussian shape of the signals obtained from analyte molecules, it did have some limitations 

[15]. Despite problems, chromatographers still use the terminology to measure the
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efficiency of their chromatographic system, namely H and N (the plate count/ number of 

plates).

Based on the assumption of a Gaussian peak, plate height (thus efficiency) can be 

calculated based on the peak variance (o2) and the length that the analyte molecule has 

migrated (L). In essence this is the distance between the injector and the detector; in the 

perfect system this is the column length. This relationship can be seen in equation 5.1 and 

Figure 5.1.

H = (5.1)

Distance migrated
Figure 5.1: Derivation of H from a2 and L from a chromatographic peak.

Most, if not all, chromatographic columns when obtained from the manufacturers do

not list the efficiency in terms of HETP (or H), but plate count. There are a number of 

methods for calculating N which revolves around the peak width and the retention time. 

The simplest of the equations for determining N is given by.

N =
{W)

(5.2)

Here Tr is the retention time and W is the peak width as determined at the baseline [6]. 

There are a number of other equations which achieve the same result (i.e. calculating the 

number of theoretical plates), differing in their complexity, and how the peak width is
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measured. Importantly for many chromatographers these equations are often built into the 

instrument controller/data collection software.

5.2.1 Kinetic rate theory of chromatography
While the plate theory of chromatography developed by Martin and Synge [14] can

describe the output seen by chromatographers, it has no relationship to processes taking 

place inside the column. In reality, the columns are not filled with hundreds of tiny plates 

where distillation-like processes occur. In a 1956 paper published by Van Deemter et al. 

[16], the rate theory of chromatography was first established and later built upon by 

contemporaries such as Giddings [4] and Golay [2]. Rate theory has been accepted over 

plate theory because it better describes the action of band broadening [3],

van Deemter et al proposed a model (theory) in which the efficiency of a packed GC 

column is affected by three main processes; eddy diffusion, longitudinal diffusion and mass 

transfer. These three factors and the flow rate or linear velocity (u) at which the analysis 

was undertaken, could be used to calculate the efficiency. This gave rise to what is known 

as the Van Deemter equation (equation (5.3)). This work has been widely cited in literature 

on the topic of band broadening

D
H = A + — + Cu (5.3)

u

In van Deemter’s work (on packed columns) the eddy diffusion term (A) represents the 

path dependency i.e. analyte molecules will take different paths through the stationary 

phase. The paths of each molecule will then differ from each other in a random fashion as 

they travel down the column following the path of least resistance resulting in band 

broadening. This A term was considered to be independent of the linear velocity of the 

system [16, 17].
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The second term in the van Deemter equation is the analyte diffusion term (B/u). This 

term takes into account that when analyte molecules reach a chromatographic column they 

will diffuse. Understandably, this will be affected by the flow rate in the column, as a 

higher flow rate (higher linear velocity) will push the sample through the column quicker 

allowing less diffusion [3, 17, 18]. In the many band broadening models proposed for both 

gas chromatography and liquid chromatography the B/u term is almost always present.

The third term of the van Deemter equation is the mass transfer term Cu. This term 

refers to the movement of the analyte in both the mobile and stationary phase. Analyte 

molecules with an affinity for the stationary phase move faster in the mobile phase than 

they do in the stationary phase. This results in the spreading of bands as some molecules 

are “left behind” in the stationary phase. This term can be said to have two components, 

one for the stationary phase Csu and one for the mobile phase C„,u. However Knox noted in 

1999 that if there were more than three parameters, the equation was probably over 

paramatized and sufficient measurements cannot be made to determine more than three 

parameters with confidence [17]. Despite this statement Knox later wrote about a further 

equation with 5 adjustable parameters [19]. However, since the work that gave rise to this 

equation focused on non retaining glass beads, it was decided to have the maximum number 

of adjustable parameters limited to three.

5.2.2 More than just van Deemter
The van Deemter model is by far the most recognised of all the models proposed to 

describe the relationship between chromatographic efficiency and flow rate. However there 

have been a number of other theories proposed to describe the band broadening seen in 

chromatography. This is not only due to refinement of the theory of band broadening, but to 

differing chromatographic applications (liquid chromatography compared to gas
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chromatography, packed columns compared to capillary columns). Of all the terms in van 

Deemter’s model, the lateral diffusion term B/u appears in most models as this process 

happens regardless of the chromatographic system being used. However the other terms 

that appear in the equation (i.e. A and Cu) are not necessarily used. For example, the Golay 

model based on capillary GC columns dispensed with the A term as there is only one 

possible path in an open capillary column, resulting in the following equation [2].

H = —- + Cu (5.4)
u

It has been considered that much of the band broadening occurs due to columnar 

effects. However there has been debate that in some experimental situations extra columnar 

effects are also important. An example of an extra columnar effect would be the finite time 

constants of the detector and the detector system. Indeed there have been studies where the 

broadening in GC has been shown to be non-linear with respect to u. Gaspar et al modified 

the Golay equation adding a further term (Dir) (equation (5.5)) which has a nonlinear 

dependence on the linear velocity to account for these extra columnar effects [13]. Work by 

Berezkin et al showed the non linearity predicted in the Golay - Guiochon equation, best 

described the data seen in over 70% of the 67 experimental systems that they studied [20].

H = — + Cu + Du2 (5.5)
u

Band broadening is also an issue with liquid chromatography. While in many ways 

similar to gas chromatography in its mechanisms of separations, it will behave differently 

due to the fact that the mobile phase is a liquid. Knox proposed an equation to predict the 

band broadening in liquid chromatography that was similar to that of van Deemter’s, 

(equation (5.3)), however his Aul/'] term was not a stand alone constant, but dependant on
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the linear velocity[21 ]. However Knox noted in a later paper, that this Ait'h term was not 

exactly the same as van Deemter’s A term and suggested that this Aul/J could be used to 

determine the goodness of packing in a column. Essentially, this Aul/j term as shown in the 

equation below could be combined together with processes giving rise to the Cu term. That 

is relating to the mass transfer in the moving zones in the column (e.g. the partitioning 

between the mobile and stationary phase) [17, 21].

H = — + Aw'3 +Cu (5.6)
u

This intermingling of the A and C parameters in liquid chromatography (and possibly 

in gas chromatography) along with curvature relating to instrumental parameters such as 

time constants alluded to by Gaspar et al, has led to speculation as to further processes 

being present that can be better described by a new model/ equation which is shown in 

equation (5.7).

H = — + f exp(gu) (5.7)
u

In equation (5.7) B, f and g are constants. This new equation looks superficially 

different to previous equations used to describe band broadening (eg van Deemter, Golay, 

and Golay-Guiochon and Knox equations) but can be reduced to forms similar to the other 

equations [22]. An expansion of the second term results in:

H = *+f
U

1 + gu + ~~~ ' + higher order terms

H = — + f + (fg)u +u V 2! j
u2 + higher order terms

(5.8)

(5.9)
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If higher order terms in if and above can be neglected, the equation can be 

approximated by:

H ~ —h / + fgu (5.10)
ll

This equation can then be compared to the van Deemter equation suggesting that A -f 

and C =fg.

At very high values of it, the u~ will have to be retained resulting in an equation similar 

to the Golay-Guiochon equation.

5.3 Why model band broadening equations?
If there are already a number of models present which are have been used to predict 

band broadening in both liquid and gas chromatography, what is the need for new 

equations? The simple answer may be that further understanding provided about band 

broadening may allow for better equipment, better software, and in the end better analysis. 

Solving (or accurately predicting) the causes of band broadening at higher flow rates may 

allow conventional analysis to be undertaken at increased speed, resulting in shorter run 

times and overall faster analysis. The predictive ability of the equations is another factor 

that needs to be considered. If the equations proposed to not accurately predict the most 

efficient flow rate for the separation, then the rational for using that equation is flawed. 

Better prediction of the optimum flow rates could reduce method development times. In 

industries where LC and GC analysis is a common factor in the production process, time 

savings could equate to cost savings or profit margins.

Another reason for this search can be related to the plethora of existing models and 

which one is the “right” or “best” model. There is still debate as to which model works the 

best for both GC data and LC data; Berezkin’s number of 71% of GC systems being best

CHEMOMETRICS AND MODEL FITTING IN ANALYTICAL CHEMISTRY
- 144-



Matthew James Foot University of Technology, Sydney

described by the Golay - Guiochon equation, still leaves a significant number best 

described by other models (in Berezkin’s case the van Deemter and Golay models) [20], 

This suggests that there is an incomplete understanding of all the factors contributing to 

band broadening. Any work that can further add to the understanding of the band 

broadening process will be beneficial.

This work also looks at the quality of data needed to determine which model best fits 

the data. The theoretical analysis section (see experimental for more details) evaluates 

when it viable and non viable to state from the data if it is best fit by one or another model. 

It is important to note that some work on band broadening fits curves to data collected at as 

few as 6 different velocities. At the same time the two information criterions studied in this 

work will be evaluated to establish which is better at selecting the correct model.

5.4 Experimental

5.4.1 Chemicals and reagents
Liquid chromatography samples were prepared from methyl parabens and propyl 

parabens both of which were of above 99% purity. Methyl and propyl parabens were 

chosen because they are well separated by HPLC, and retain a good peak shape over a wide 

range of flow rates. The mobile phase used was 60% Omnisolv HPLC gradient analysis 

grade Acetonitrile (EM Science Gibbstown NJ, USA) and 40% Milli-Q water (Millipore 

WI, USA). Samples were prepared by dissolving lOOmg of the methyl and propyl paraben 

in lOOmL of mobile phase. The samples were filtered through 0.45pm syringe filters 

(Bonnet Equipment, Taren Point, Australia) before being put in auto sampler vials.

Gas chromatography samples were prepared from nanograde toluene (Mallinckrodt) 

and LR grade ethylbenzene (Ajax Univar). 100 pL of toluene and 150 pL of ethylbenzene

CHEMOMETRICS AND MODEL FITTING IN ANALYTICAL CHEMISTRY
- 145 -



Matthew James Foot University of Technology, Sydney

were dissolved in 50 mL of Omnisolve gradient analysis grade methanol (EM Science 

Gibbstown NJ, USA)

5.4.2 HPLC analysis
HPLC analysis was carried out on a Waters 2690 separations module linked to a 

Waters 996 photodiode array detector (Waters Australia, Rydalmere, Australia). The 

experiments were carried out on a Phenomenex Phenosphere-NEXT C8 column (4.6mm x 

150mm, 5pm) (Phenomenex, USA) and a Waters Xterra RP]8 column (4.6 mm x 150 mm, 

5 pm). The instrument was controlled using Waters Millennium version 3.20 software 

(Waters, Milford, MA, USA). Plate counts and other chromatographic information were 

calculated by the system suitability software add-on to Millennium.

The mobile phase was 60:40 acetonitrile: water; flow rates were measured from 

0.1 mL/min up to 2.0mL/min with intervals of 0. lmL/min. Three injections at each How rate 

were performed and the injection volume was lOpL. The diode array detector was set to 

scan between 220nm and 260nm and the chromatogram from 254nm was extracted for this 

work. Initial work was carried out with the Phenomenex column with machine default 

settings of 15 ms exposure time and a sampling rate of 1 spectra a second. Further work 

was carried out using the Xterra column. This second set of experiments was undertaken to 

determine the effect of different detector parameters on the data, a listing of the detector 

parameters can be found in the discussion. For all the HPLC experiments, a run was 

considered to be a full set of experiments over the flow rate range which resulted in 60 

experiments per run.

5.4.3 GC analysis
An Agilent model 6890 net GC (Agilent technologies) equipped with a flame 

ionisation detector was used to collect all data. The GC system was controlled using
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Chemstation GC version 10 (Agilent technologies) The column was a 30 m HP-1 column 

with an internal diameter of 0.32 pm and a 0.25 pm film thickness (J&W scientific Folsom, 

CA, USA). In all experiments the oven temperature was set to 120°C and the injection port 

and detector was set to 250°C. 1 pL was injected for each experiment using split injection 

with a splitting ratio of 100:1. The carrier gas was helium. Hydrogen and air were used in 

the FID. Flow rates for each experiment were set between 0.1 and 5.0 mL/min flow of 

helium at 0.1 mL/min increments. A run consisted of injecting the sample three times at a 

particular flow rate over the range of 0.1 mL/min to 5.0 mL/min resulting in 150 injections 

per run. Each run was used to test three different data sampling rates 20 Hz, 100 Hz and 

200 Hz.

5.4.4 Theoretical Analysis
Theoretical data analysis was undertaken to evaluate the power of the model fitting 

tools. This involved taking a set H versus u data generated using one of the equations listed 

in the introduction. Parameter values were assigned and linear velocity values were chosen 

in a range likely to be found in conventional HPLC analysis. Plate height values were then 

generated at the different theoretical flow rates. This data was considered the “true” data. 

From this data a set of 100 theoretical experiments were generated by adding different 

amounts of normally distributed random noise, generated using the random number 

generator in Excel. The amounts of noise added were 1%, 3%, 6% and 9%. The data were 

then analysed in the same manor as the real experimental data to see if the generating 

equation could be predicted.

5.4.5 Data Analysis
Data was originally collected using the data collection routines in the instrument 

controlling software (eg Millennium and Chemstation). These programs calculated the
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retention times, peak heights, and peak areas, as well as the plate counts. This data was 

exported into an Excel® (Microsoft, Redmond, USA) workbook to calculate the plate 

heights at each flow rate. Linear velocities and plate height values were further exported 

into Graphpad Prism 4 (Graphpad software inc. San Diego, USA) graphing software which 

was used to perform the non-linear fitting. This non-linear fit gave the constants for each 

equation as well as the sum of squares of residuals which are used to calculate the AIC and 

BIC (see section 1.5). The fitting method used by Graphpad Prism 4 also calculates the 

standard error on each parameter which are calculated as approximate values [23].

5.5 Results and Discussion

5.5.1 HPLC
The plot of H versus u for both methylparaben and propylparaben data collected using 

the Phenomenex column showed a marked curvature at higher flow rates. This immediately 

suggested that equations which predict curvature will be better suited to fitting this data. 

Upon inspection of the data it was noted that that there was increased scatter at increased 

How rates. To account for this increased scatter a weighted fit was performed along with 

unweighted fits. Forthe weighted fits the data was fitted with a l/y2 weighting. Figure 5.2 

shows plate height versus linear velocity for propylparaben indicating increased scatter and 

curvature at higher flow rates.

Equations (5.3) - (5.6) are by definition linear and may be estimated using linear least 

squares fitting, however equation (5.7) contains non-linear fitting parameters and must be 

fitted using non-linear least squares methods. Residuals from the unweighted and weighted 

fits to the data in Figure 5.2 are shown in Figure 5.3 and Figure 5.4. The residuals in 

Figure 5.3 appeared to be increasing at increasing flow rates; this was characteristic of 

heteroscedastic data. The weighted residuals shown in Figure 5.4 did not show this trend to
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the same extent. Data collected for methylparaben showed similar trends as the data shown 

for propylparaben (similar shaped curves, increased scatter at high flow rates etc).
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Figure 5.2: H vs. u data for propylparaben collected using HPLC.
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Figure 5.3: Residuals for unweighted Fit of equation (5.7) to data in Figure 5.2.
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Figure 5.4: Residuals for weighted fit of equation (5.7) to data in Figure 5.2.

Inspection of the models fitted to the data indicated that those equations lacking a 

curvature term significantly over estimated the efficiency (i.e. a smaller H) at higher flow 

rates. Only equations (5.5) and (5.7) followed somewhat closely to the actual data. This 

can be seen in Figure 5.5. A plot of the weighted residuals versus the linear velocity gives 

an indication as to the ability of each equation to fit the data. Figure 5.6 showed that the 

residuals calculated for equations (5.3) and (5.5) were generally much larger and showed 

some model violation, while residuals from equation (5.7) showed no trends.

Table 5-l contains the unweighted and weighted fit parameter estimates and standard 

error on each of the parameters for all the equations tested with this data. A comparison of 

the % error in the B term and other fitting statistics (including AIC and BIC which are 

discussed in section 1.5) is shown in Table 5-2.

The AIC and BIC both predicted that equation (5.7) best describes the experimental 

data, as shown by significantly lower numbers. Outside equation (5.7), equation (5.5), the 

only other equation containing a curvature term, fitted the data best. Numerical results 

shown here back up what has been seen graphically, that there was very little difference
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between the model proposed by van Deemter and the model proposed by Knox in their 

ability to fit this data.
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Figure 5.5: Propylparaben H vs. u data with equations (5.3) (5.5), (5.6) and (5.7) fitted.
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Figure 5.6: Weighted residuals of equations (5.3), (5.5) and (5.7) plotted against linear velocity for 
propylparaben data.
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Table 5-2: Fitting statistics from methylparaben and propylparaben.

Equation UW/W Ob SSR RA2 AIC BIC
Methyl-Paraben UW 6.60E-06 6.02E-06 0.957 -715 -415

(5.3) W 4.94E-06 0.538 0.929 -31 -118
UW 2.33E-06 2.11 E-06 0.985 -778 -442

(5.5) W 1.80E-06 0.2306 0.979 -82 -140
UW 4.91 E-06 5.16E-06 0.963 -724 -419

(5.6) W 3.75E-06 0.4851 0.940 -37 -120
UW 2.00E-06 1.18E-06 0.992 -813 -457

(5.7) W 1.10E-06 0.05921 0.991 -164 -175
Propyl-Paraben UW 3.68E-06 1.88E-06 0.9543 -785 -445

(5.3) W 3.46E-06 0.3015 0.9387 -66 -133
UW 1.55E-06 9.29E-07 0.9774 -827 -463

(5.5) W 1.59E-06 0.1887 0.9713 -94 -145
UW 2.82E-06 1.71 E-06 0.9585 -791 -447

(5.6) w 2.74E-06 0.2862 0.9443 -69 -134
UW 9.98E-07 2.73E-07 0.9933 -901 -495

(5.7) w 8.05E-07 0.03215 0.9933 -200 -191

The performance of the models was also judged by their predictive ability. Table 5-3

shows the optimum and maximum predicted H values (H calculated at the maximum linear 

velocity, i.e. at a flow rate of 2.0 mL/min) for the weighted and unweighted fits of all the 

equations. The predicted optimum values obtained from equation (5.7) are much closer for 

both of the compounds analysed. The predicted maximum values again favoured equations 

which contain a curvature term. Data obtained for propylparaben was best predicted by 

equation (5.7), while the data collected from methylparaben was best fitted by equation 

(5.5) at the maximum H. Equation (5.7) while performing slightly worse than equation 

(5.5) for one set of the data, overall performed better, as it was able to make reasonably 

accurate predictions for both the optimum conditions (maximum efficiency) and the 

maximum H (minimum efficiency).

Original work by van Deemter based his A term around the particle size of the packing

material. The relationship set out by van Deemter et al. was as follows:

A = 2yd,, (5.11)
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Where dp was the average particle diameter and y was a constant close to 0.6 reflecting 

the quality of the packing of the column [24]. All these were positive quantities meaning 

the A term should also be a positive, further highlighting the short comings of the van 

Deemter and Knox equations when fitted to this data. From the expansion of equation 

(5.7), it was suggested that the/term and the A term were equivalent. From the weighted fit 

of propylparaben with an estimated/term of 6.47x10~4 and assuming a y term of 0.6, results 

in the particle diameter (dp) being estimated at 5.4xl0“4cm or 5.4 pm. The same calculation 

for methylparaben resulted in a particle diameter of 6.5 pm. Both of these figures were 

close to the particle size listed for the column, which was 5 pm.

That the raw data was increasingly scattered at higher flow rates led to some doubt 

over the applicability of the newly proposed model for band broadening in HPLC. In order 

to establish if the source of the curvature and the scatter were the same, a number of further 

tests were proposed. These tests involved changing a number of detector parameters, such 

as the sampling rate and the response time. Nine experimental conditions were investigated 

in order to determine the source of curvature and scatter in the data. These experiments 

were undertaken by Jennifer Dainer [25] and permission was obtained to use the data.
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Table 5-4: Different experimental conditions for investigation of source of scatter and curvature.

Run
number

Sampling Rate 
(spectra/sec)

Exposure Time 
(ms)

1 1 15
2 1 15
3 1 150
4 10 15
5 10 150
6 0.1 15
7 0.5 15
8 5 15
9 0.1 150

By varying the parameters as shown in Table 5-4 it was possible to reduce the possible 

causes of curvature and scatter due to the inherent properties of the system (i.e. pump, 

column and detector). These experiments were performed on a different column; the main 

difference being the length of the carbon chain bonded to the stationary phase. The first 

part of this work was done on a C8 column while this study was done on a Cig column. The 

differing stationary phase should cause a general increase in retention time, and if the 

curvature seen in previous tests was due to specific column effects, a change in the shape of 

the curves should be witnessed. It was noted that in ideal conditions curvature was still 

present, indicating that curvature was independent of the column alone.

The changes to experimental conditions were a result of changes to the sampling rate; 

which is the number of spectra collected every second; and the exposure time; the time in 

which it took to sequentially read all photo diodes in the photodiode array detector. As in 

previous work, weighted and unweighted fits were performed on this data in order to make 

it comparable. Data is only shown here for propylparaben as methylparaben data followed 

the same trends extremely closely.

Significantly across all of the data sets collected, equation (5.7) was shown to be the 

best fitting model (both unweighted and weighted least squares fitting) by both Akaike’s 

information criterion and the Bayesian information criterion with the exception of data
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collected at a sampling rate of 0.1 spectra a second. Table 5-5 shows the combined model 

weighted fitting data from these experiments.

The parameter that had the most noticeable effect on the data was the sampling rate. 

Data collected using the same exposure time at varied sampling rates showed an increase in 

scatter as the sampling rate drops below 1 spectra/s. Data collected at three different orders 

of magnitude of sampling rate (0.1 spectra/s, 1 spectra/s and 10 spectra/s) showed a 

progression of data which was so scattered as to be almost unrecognisable as a van Deemter 

style plot to data with almost no scatter at all. These plots are shown in Figure 5.7, Figure

5.8 and Figure 5.9. Study of the model fitting data (Table 5-5) showed the reduction in the 

quality of the fit of all the equations, and an increase in the standard error of the predicted 

parameter estimates shown by the Gb/B x 100% statistic, the common parameter for all 

equations.

HETP vs Linear velocity

0.016
0.014
0.012
0.010
0.008
0.006
0.004
0.002
0.000

u (cm/s)

Figure 5.7: Plot of HETP vs. linear velocity (0.1 spectra/s)
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Table 5-5: Model fitting data

T
Equation ol(/B x 100% WSSR R AIC BIC

(5.3) 5.5% 0.1081 0.9800 -127 -159

RUN 1
(5.5) 3.3% 0.2219 0.9752 -84 -141
(5.6) 4.2% 0.1295 0.9781 -117 -155
(5.7) 1.0% 0.02446 0.9961 -217 -198

(5.3) 5.9% 0.1179 0.9749 -122 -157

RUN 2
(5.5) 3.5% 0.247 0.9672 -78 -138
(5.6) 4.5% 0.1424 0.9724 -111 -152
(5.7) 0.7% 0.0103 0.9976 -269 -221

(5.3) 5.6% 0.1413 0.9721 -111 -152

RUN 3
(5.5) 3.4% 0.2588 0.9674 -75 -137
(5.6) 4.4% 0.1651 0.9700 -102 -148
(5.7) 1.1% 0.02455 0.9943 -216 -198

(5.3) 5.9% 0.1232 0.9769 -120 -156

RUN 4
(5.5) 3.5% 0.2597 0.9693 -75 -136
(5.6) 4.5% 0.15 0.9744 -108 -151
(5.7) 0.4% 0.004095 0.9997 -324 -245

(5.3) 7.0% 0.1545 0.9593 -106 -150

RUN 5
(5.5) 3.8% 0.2976 0.9463 -67 -133
(5.6) 5.1% 0.1791 0.9561 -97 -146
(5.7) 2.1% 0.09176 0.9764 -137 -164

(5.3) 23.7% 3.971 0.4367 89 -65

RUN 6
(5.5) 19.7% 3.592 0.4476 83 -68
(5.6) 22.1 % 3.902 0.4406 88 -66
(5.7) 20.1 % 3.417 0.4350 80 -69

(5.3) 7.7% 0.2716 0.9509 -72 -135

RUN 7 (5.5) 3.8% 0.2853 0.9625 -69 -134
(5.6) 5.8% 0.2804 0.9520 -70 -134
(5.7) 2.1% 0.09163 0.9827 -137 -164

(5.3) 5.1% 0.07739 0.9835 -148 -168

RUN 8 (5.5) 3.3% 0.2119 0.9697 -87 -142
(5.6) 3.9% 0.09971 0.9804 -132 -161
(5.7) 0.5% 0.004031 0.9996 -325 -245

(5.3) 23.9% 3.744 0.2816 85 -67

RUN 9
(5.5) 19.6% 3.385 0.3146 79 -70
(5.6) 22.1% 3.685 0.2870 84 -67
(5.7) 18.4% 3.152 0.3341 75 -71
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HETP vs Linear velocity
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Figure 5.8: Plot of HETP vs. linear velocity (1 spectra/s)

HETP vs Linear velocity
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Figure 5.9: Plot of HETP vs. linear velocity (10 spectra/s)

An indication of the size of the scatter caused by sampling rate was seen in the plots of 

the standard deviation of the H values at the different flow rates used in the investigation. 

The maximum standard deviation for the 10 spectra/s sampling rate is two orders of 

magnitude smaller than that collected at 0.1 spectra/s (seen in Figure 5.10). The 

implications of the lower sampling rates are that the possibility of “missing” a peak or not 

detecting a substantial portion of the peak as it passed through the detector, was increased. 

While standard HPLC does not usually take place at flow rates much higher than 2.0
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mL/min, new technologies may increase the speed of analysis (and flow rates used) 

suggesting that higher sampling rates for diode array detectors need to be utilised. It was 

also noticed that the changes in sampling rate had no effect on the curvature of the data 

when it was possible to see any trend in the data.

Standard deviation vs Flow rate

- 0.0025
o
T 0.002
o
.2 0.0015>QJ
5 0.001
(5
5 0.0005
c
CO
ft 0

0 0.5 1 1.5 2 2.5

Flow rate (mL/min)

Figure 5.10: Standard deviation versus How rate for 0.1 speetra/s sample rate and 10 spectra/s sample 
rate

The other adjustable parameter on the diode array detector was the exposure time. As 

noted previously, the exposure time is the time it takes to sequentially read all the diodes 

(512) in the detector. As noted in Table 5-4 two different exposure times were investigated, 

15 ms the default setting, and 150 ms. The Waters 996 photodiode array detector can have 

exposure times as low as 1 1 ms or as high as 500 ms. Results were compared at the best 

possible sampling rate investigated (10 spectra/sec) and little difference was seen. Both 

data sets showed similar curvature and the modelling statistics followed similar trends for 

order of best fit. For all the models that were compared the longer exposure time has the 

higher standard error in the B/u term. However, this change did nothing to affect the overall 

structure of the data. The H versus u plots for the two can be seen in Figure 5.11 and 

Figure 5.12. Comparison of the standard deviation at similar flow rates showed that there
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was little difference when using the higher exposure time; this result can be seen in Figure 

5.13.

HETP vs Linear velocity
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Figure 5.11: 15 ms exposure time H versus u plot.

HETP vs Linear velocity
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Figure 5.12: 150 ms exposure time H versus u plot.
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Standard deviation vs Flow rate
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Figure 5.13: Standard deviation vs. How rate for both exposure times.

5.5,2 GC
It was noted that when using HPLC there was a distinct curvature at higher flow rates. 

This curvature was determined to be best modelled by equation (5.7). It was noted that in 

this work excluding equation (5.7), the best fit was provided by equation (5.5). This was 

due mainly to the presence of a curvature term present in this equation (Dir). Curvature in 

H versus a plots has been previously reported in the literature, indeed work by Gaspar [13] 

and Berezkin [20] suggested that this curvature was observed commonly in modern GC 

analysis.

Previously reported curvature and the applicability of equation (5.7) in modelling 

curvature in HPLC led to speculation on the curvature present in GC. Further work was 

performed with capillary GC to fit band broadening models to GC data. For this work 

equation (5.6) was excluded from the analysis and replaced by equation (5.4), the GC 

specific band broadening model proposed by Golay [2]. This equation is comparable to the 

original van Deemter equation with out the inclusion of a path dependant term (A). Golay 

originally proposed this equation as capillary GC columns have insignificant path 

differences available to analyte molecules.
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Observation of H versus u plots of toluene and ethylbenzene at all sampling rates 

suggested that there was slight heteroscedacitiy present in the data (a representative plot can 

be see in Figure 5.14). It was noted that there was generally more scatter in the data 

collected for ethylbenzene compared to that of toluene. Overall, the scatter of the data 

collected at a sampling rate of 20 Hz was the most scattered, with the data collected at a 

sampling rate of 100 Hz being the least scattered.

HETP vs linear velocity

E 0.2

u (cm/s)

Figure 5.14: H verse u plot of toluene analysed by GC sampling rate 200 Hz.

The presence of heteroscedastic trends in the data (i.e. an increase in noise 

corresponding to an increase in signal) led to the use of weighted fitting along with 

unweighted fitting (using a 1/y weighting). Weighted and unweighted residuals are shown 

in Figure 5.15. Inspection of the residuals both weighted and unweighted suggested that 

there were no advantages to weighted fittings, as there was only marginal change in the 

pattern of the residuals. Table 5-6, Table 5-7 and Table 5-8 show the parameter estimates 

calculated from the GC data along with the standard error for each parameter.
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-0.02

-0.03
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♦ t ♦♦♦

Figure 5.15: Unweighted (top) and weighted (bottom) residuals for toluene from fit of equation (5.5).

The only parameter that was consistent across all equations was the diffusion parameter 

(B/it). A comparison of the model fit as shown by the SSR, R2 and the information 

criterions (AIC and BIC) is shown in Table 5-9. Descriptions of AIC and BIC can be 

found in section 1.5 of this thesis. These results showed that equation (5.3) best fits the data 

with both information criterions being significantly lower than others calculated.
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Table 5-9: Fitting statistics for GC data

Sample Equation Weighting (ob/B) * 100% SSR H" AIC BIC
Toluene 20 Hz (5.3) UW 2.68% 0.03073 0.9062 -516.4 -546.8

W 5.81% 3.219 0.8939 181.4 -243.7
(5.4) UW 2.28% 0.04026 0.8771 -477.9 -531.3

W 3.78% 3.682 0.8189 199.5 -237.1
(5.5) UW 2.13% 0.03347 0.8978 -503.6 -541.2

W 4.22% 3.368 0.8690 188.1 -240.8
(5.7) UW 2.60% 0.03762 0.8851 -486.0 -533.6

W 6.05% 3.722 0.8301 203.1 -234.3
Ethylbenzene 20 Hz (5.3) UW 4.02% 0.06406 0.8244 -406.2 -498.9

W 6.12% 4.318 0.7934 225.4 -224.6
(5.4) UW 4.05% 0.09118 0.7501 -355.2 -478.1

W 6.33% 6.365 0.6177 281.6 -201.5
(5.5) UW 3.39% 0.06691 0.8166 -399.7 -496.1

W 5.14% 4.524 0.7844 232.4 -221.6
(5.7) UW 4.26% 0.0757 0.7925 -381.1 -488.0

W 7.57% 5.223 0.7329 254.0 -212.2
Toluene 100 Hz (5.3) UW 0.85% 0.00344 0.9900 -839.2 -684.3

w 2.33% 0.656 0.9896 -57.2 -347.3
(5.4) UW 1.46% 0.01758 0.9489 -598.1 -581.0

w 2.96% 2.081 0.8480 113.9 -274.3
(5-5) UW 0.88% 0.00614 0.9822 -752.8 -646.8

w 1.98% 0.817 0.9628 -24.2 -333.0
(5.7) UW 1.22% 0.00984 0.9714 -682.6 -616.3

w 2.93% 1.179 0.9221 30.7 -309.2
Ethylbenzene 100 Hz (5.3) UW 1.17% 0.00512 0.9801 -785.2 -663.5

w 2.63% 0.867 0.9735 -15.4 -329.2
(5.4) UW 1.83% 0.02007 0.9221 -582.3 -576.7

w 3.97% 2.975 0.8016 167.5 -251.0
(5.5) UW 1.08% 0.00703 0.9727 -737.6 -642.8

w 2.29% 1.020 0.9603 9.0 -318.6
(5.7) UW 1.60% 0.01185 0.9540 -659.3 -608.8

w 3.64% 1.587 0.9059 75.3 -289.8
Toluene 200 Hz (5.3) UW 1.96% 0.02106 0.9475 -573.1 -571.4

w 4.94% 2.548 0.9374 146.3 -259.0
(5.4) UW 2.15% 0.04184 0.8957 -472.1 -528.8

w 4.02% 3.655 0.7701 198.4 -237.6
(5.5) UW 1.80% 0.02853 0.9289 -527.5 -551.6

w 3.84% 2.783 0.8803 159.5 -253.2
(5.7) UW 2.23% 0.03503 0.9127 -496.7 -538.2

w 5.34% 3.154 0.8247 178.3 -245.1
Ethylbenzene 200 Hz (5.3) UW 3.03% 0.0359 0.8835 -493.1 -536.6

w 5.86% 3.476 0.8735 192.9 -238.7
(5.4) UW 2.91% 0.05287 0.8284 -437.0 -513.6

w 5.31% 4.925 0.6954 243.1 -218.2
(5.5) UW 2.62% 0.0419 0.8640 -469.9 -526.6

w 4.87% 3.843 0.8224 207.9 -232.2
(5.7) UW 3.42% 0.05056 0.8359 -441.7 -514.3

w 7.42% 4.503 0.7488 231.7 -221.9

Despite fitting results that suggested equation (5.3) best fits the data collected for this

work, it should be; noted that, similar to HPLC data, this model icontained negative

parameters. As discussed in section 5.3.1 of the results, the A term is a physical parameter
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related to the particle diameter and thus a negative value for a supposed physical constant is 

meaningless. As this work was carried out using capillary GC the A term itself is 

meaningless for the reason that there is minimum eddy diffusion.

Excluding models which produced negative parameters, the best fit of all the 

experiments at the different sampling rates was provided by the equation (5.5). In all runs 

both the AIC and BIC selected this model. In all experiments, equation (5.7) fared second 

best, confirming Berezkin's result that saw the Golay-Guiochon equation being the best 

model in most cases. This result reaffirmed the presence of curvature in GC data.

Consideration of the predictive ability of the models was also important along with the 

fitting data. In this work it was considered that there were two points at which there was a 

need to be able to make good predictions; at the optimum flow rate (i.e. the flow at which 

maximum efficiency is obtained) and the prediction at high Bow rate (in this case the 

maximum Bow rate). This information can be seen in Table 5-10. All surveyed models 

under predicted the efficiency at the optimum conditions, as seen by the larger value for H. 

Consistent with other results, equation (5.5) gave predictions closest to the actual optimum 

value. It was noted that the optimum value for toluene occured at different Bow rates to 

that of ethylbenzene. At higher linear velocities the general trend was followed, in that the 

equations that predict curvature made better predictions of the plate height. However, at the 

optimum Bow rate, equation (5.7) performed better than equation (5.5). It is suggested that 

the better performance at the higher Bow rates would be due to the ability of equation (5.7) 

to better model curvature observed at high Bow rates .
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As proposed by Gaspar et al [13] curvature was seen at higher linear velocities, 

confirming these results and results by Berezkin [20]. It was noted here that the sampling 

rate, while having a noticeable effect on the scatter in the data, did not have a observable 

effect on the preferred model as shown by fitting parameters. This confirmed that the 

curvature is inherent in the system and it seemed most likely that this value Du2 represented 

post column band broadening. Gaspar suggested that the greatest effect is due to the time 

constants involved in detection. The scatter in the data similar to HPLC, was a function of 

the detection parameters, but it did not seem to have an effect on the overall trends in the 

data.

5.5.3 Theoretical Data
Theoretical data was generated from the arbitrarily chosen Knox equation with varying 

amounts of noise added to it. The noise was added to the data as a percentage of the 

original H value. Being a percentage of the H value the least squares fits were made using a 

weighted fitting. Equations (5.3) - (5.7) were fitted to this data and then the model fitting 

statistics were compared. The intervals of noise addition were chosen in order to best 

illustrate the point where models can no longer be effectively determined.

Due to the number of effective “experiments” that were carried out in this particular 

study, it became counter productive to look at the fit of each curve to each set of theoretical 

data. The use of AIC and BIC to compare the fits of each model to each data set was used 

instead of viewing the actual fits. For both AIC and BIC the model that was best fitted to 

the data had the lower score. In the case where two or more AIC or BIC values are the 

same, it indicated that there was an even probability that either model fitted the data.

At a noise level of 1%, the correct equation was selected 88 times out of 100 by both 

the AIC and BIC. In the 12 other cases, equation (5.3) was selected as the best fitting
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equation. Figure 5.16 shows this data as a histogram. Previously noted in Section 5.3.1 

when conducting HPLC experiments, there was closeness in the shape of the curves 

produced from equation (5.3) and equation (5.6), suggesting why this model was selected in 

some cases. When the noise level was increased to 3% the correct equation was selected in 

66 cases out of 100. At 3% noise the selection between the AIC and BIC was identical. As 

the graph in Figure 5.17 indicates, in 6 of the data sets generated, equation (5.5) was 

selected as the best fit. This indicated a loss in performance as it was now possible for a 

small number of cases to be able to fit an equation with a curvature term, despite the 

generating equation containing no such term.

Knox equation 1% noise

□ AIC 
HBIC

Equation

Figure 5.16: Histogram of “best fit” equations at 1% noise

At 6% noise the correct equation was no longer identified as the best fit to the data in 

the majority of cases. Again, as seen at lower noise levels the AIC and BIC performed 

exactly the same. Figure 5.18 shows the results of best fit at 6% noise. The van Deemter 

equation was considered the best fitting more times than any other equation. Only equation 

(5.4) with two terms was unable to fit to the data in at least 1 case. It was considered likely
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that in the case of 6% noise occurring at every measurement that it would be unlikely that a 

model can be discriminated with any degree of certainty.

Knox equation 3% noise

(5.3) (5.4) (5.5) (5.6) (5.7)

□ AIC 
■ BIC

Equation

Figure 5.17: Histogram of “best fit” at 3% noise

Knox equation 6% noise

Figure 5.18 : Best fit determined by BIC at 6% noise

At a noise level of 9% both criterions did not predict the correct equation most of the 

time, indeed all equations were considered to best fit the data 4 times or more (Figure 

5.19). This was the first case where the AIC and BIC did not agree on the selection of the
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correct equation. However, at a level of 9% noise in the data it made little difference, with 

neither being able to fit the right equation most of the time.

Knox equation 9% noise

(3) (4) (5) (6) (7)

Equation

Figure 5.19: AIC at 9% noise

It was impossible to conclude which equation the data was generated from when the 

noise level reached 6%. This suggested that to be able to fit a model to a real data set, the 

noise in that data set should ideally be below 3%. It is important to note however that this 

study was not completely indicative of real data, as in many cases the noise would not be 

evenly spread over the entire data set. However, it provided a rough guide as to the 

selective ability of the two penalised maximum likelihood functions. For data sets of this 

size neither criterion out performed the other. As suggested by Schwarz, the BIC should 

perform better as the number of experiments becomes larger, this is due to the size of the 

penalty function. In AIC this penalty function is a static amount; 2 times the number of 

parameters in the equation. However in the BIC this penalty term will grow as more 

samples are collected.

5.6 Conclusions
Band broadening for some time was felt to be adequately described by existing models 

both for liquid chromatography and gas chromatography. Work that was presented here
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raised questions as to how well these models described phenomena. This chapter has 

reported a possible new empirical equation for describing band broadening in HPLC. This 

new equation has been found to provide much better fits to experimental data than 

previously reported models. This new model was also found to provide better predictions 

of both optimum and maximum linear velocity conditions.

Despite its superior predictive ability and superior fit of experimental data, equation 

(5.7) raised more questions. The equation itself, until further work is done can only be 

viewed as an empirical relationship of what was being observed, where as other equations 

attempted to place themselves within a real physical frame work. However, in the case of 

liquid chromatography and diode array detection, the ability of the physically based 

equations was quite poor, indicating that the models proposed have no physical meaning or 

there are more factors at work unaccounted for in the proposed models.

Investigation of detector parameters in LC showed that even in extremely low noise 

situations, ideal for detection at high flow rates, showed that curvature was present in LC 

diode array data. That the second set of experiments investigating detection parameters 

used a column with a different stationary phase suggested that the curvature could be an 

extra-columnar feature.

The approach to gas chromatography was somewhat different to the approach taken to 

liquid chromatography, because curvature had been previously reported in GC as early as 

1978. Being previously described in the literature by other equations, a study was 

conducted to conclude whether the equation proposed here was applicable to GC as well as 

LC. The study revealed that equation (5.7) did not yield the superior fitting or predictive 

quality seen in LC. Results confirmed previous studies which showed that the best fits and 

predictions are given by equation (5.5).
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The superior ability of the Golay - Guiochon equation in GC again confirmed that 

curvature seen in H versus u plots may be a post column feature. The likely culprit for this 

effect could be the detection system, and its ability to perform at very high flow rates. It 

was notable that for GC/FID the detection system is essentially unchanged for a substantial 

period of time, and for the detection of hydrocarbon compounds performed admirably, even 

at very high flow rates when the settings were correct. This suggested that high quality 

efficiency data could be obtained using the system here until it reached the physical limits 

of the analyte/carrier gas/instrument system, i.e. it should continue to perform well enough 

until the systems reaches one of its safety shut off points or the analyte compounds co elute 

(with each other, or with the solvent peak).

One of the other focuses of this work was to look at model fitting and model selection. 

A number of issues became apparent from the outset. Most importantly in the process of 

fitting models to data is the quality of the data. Low noise data was essential to be able to 

fit a single model to it with any reliability. It was also important to have a sufficient 

number of measurements. Real data analysed in this work was found to be somewhat 

heteroscedastic and this was affected by the detector parameters.

Penalised maximum likelihood functions such as Akaike’s information criterion (AIC) 

and the Bayesian information criterion (BIC) were both used as a data selection technique. 

When experimenting on real data both criterions performed equally, with both equations 

selecting the same model for each experiment. It was important to note that these criterions 

were only statistical methods of comparing one fit to another, i.e. they explained nothing of 

the fitting parameters of the equations being fitted. For instance the work with the GC data 

where the fitted equations contained physically impossible negative parameters yet were 

judged the best fit by both AIC and BIC. In these cases it was important to check the 

results of the fitting so that those results which have no meaning could be rejected.
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Theoretical studies conducted as part of this work showed no difference in the 

performance of either criterion. Consideration of fitting methods which relied solely on the 

least squares were not considered as it was felt that as the noise increased the more complex 

equations would be selected. These criteria such as R2 lack any penalty for the complexity 

of the equation. Some interesting results from this study include the closeness of the Knox 

equation to the van Deemter equation, which confirmed results seen when fitting the 

equations to LC data, and “tipping” point for noise in data was between 3% and 6%. The 

author suggests that this level is close to 5% after which no valid conclusions as to which 

van Deemter type model created (or best fits) the data can be drawn.
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6 Conclusions and recommendations

6.1 Classification systems
This work indicates that chemometrics coupled with infrared spectroscopy is able 

to classify glycosaminoglycans and similar products. The processes used in this work 

are able to classify the large chemical differences between molecules as seen for the 

classification of chondroitin sulfates and glucosamines. It is also noted that similar 

processes are able to classify the same chemical on the basis of manufacturer.

For the classification of glycosaminoglycans, glucosamines and similar products 

such as NaPPS, it was recommended that transmission spectroscopy coupled with first 

derivative spectra be used. Using the first derivative spectra it is possible to reduce the 

intrasample variation and highlight the intersample differences. Selecting spectral 

regions allowed for a reduction in redundant information being used. The best 

classification results were obtained with the fingerprint region of the sample spectra. 

The spectrum below 2000 cm 1 is noted as being unique to each compound, and slight 

differences in chemical structure can be detected most easily in this region.

Transmission spectroscopy provided high quality noise free spectral data, but 

notably had the most intensive sample preparation of all the spectroscopic techniques 

studied in this work. However, in the laboratory environment with trained operators, it 

would give the best classification results. DRIFTS was not a good choice as a 

spectroscopic technique, as it had poorer spectral quality for only slightly reduced 

sampling time. ATR on the other hand, showed promise as a technique for the 

classification of these compounds. Horizontal ATR as used in this project, allowed the 

collection of spectra with no sample preparation. With current ATR technology it is 

possible to isolate the crystal surface from the sampling chamber, making it possible for
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this approach to be used in a non laboratory situation such as in a manufacturing 

environment. This feature could greatly reduce the time for production of 

pharmaceuticals containing these and similar compounds, as preliminary analysis could 

be conducted on site by people with little training in spectroscopic techniques. ATR 

also has the advantage of being most sensitive in the region where the most 

discriminating information is contained.

A number of different classification systems were used in this work and it was felt 

that SIMCA offers the most functionality for use in industry. While LDA is considered 

easier to understand and is available in a greater number of statistical packages, the soft 

modelling approach provided by SIMCA is more flexible, as adding more groups does 

not require the entire data set to be remodelled.

Ideally outside of the laboratory environment this work concluded that the best 

method for analysis would be ATR using first derivative spectra and SIMCA. In the 

laboratory, the best practice would be the use of transmission spectroscopy (through the 

use of KBr disks or pellets) using first derivative spectra coupled with the chemometric 

technique of choice dependant on the requirements of reporting.

6.2 Model fitting
The model fitting work undertaken in this project led to the development of a new 

empirical equation describing band broadening in liquid chromatography. The work 

also confirmed previous results on the applicability of the Golay - Guiochon equation 

for describing band broadening in capillary gas chromatography coupled with FID 

detection. These GC and LC results suggested that extra-columnar effects are important 

to the band broadening profile.
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One conclusion that can be drawn from these results is that the band broadening 

profile has more to do with the detector and extra-columnar effects, than the processes 

occurring in the column. It is not possible to claim that the H versus u plots is due 

solely to the detector, however, the presence of curvature and similar features especially 

at higher flow rates is most likely due to limitations in the detection system and extra- 

columnar effects.

Studies of the ability of the penalised maximum likelihood functions to effectively 

choose the correct model when fitted to theoretical data, shows that that neither equation 

performs significantly better than the other. Generally it was suggests that noise in data 

should be less than 6% to be able to discriminate which model is best based on the AIC 

and BIC. Again with both criteria, it is important to consider the other fitting 

parameters rather than relying on purely on these criteria.

6.3 Further Work
The classification work presented here shows that it was possible for an approach 

like this to be successful. However if this were to be used in industry, further work 

needs to be done. More samples should be added to all groups as further sampling can 

only improve the classification. The use of SIMCA can easily allow for the addition of 

more groups if new sample types need to be added.

ATR holds much promise, though the lack of sample has restricted the ATR work 

presented here to a feasibility study. It is noted that the results are promising; again 

more samples and more groups should be added to the classification to regard it as 

complete. Further development of ATR technologies could make it possible for this 

method of analysis to move from the laboratory into production areas for these products.
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Further band broadening work is also necessary to be able to make claims on the 

validity of the new liquid chromatography band broadening equation presented in this 

work. It is noted that while the curvature seen the in HPLC experiments is independent 

of column chemistry, work on different instruments and with different detection systems 

is needed to truly confirm this result. Newer detection systems developed for capillary 

liquid chromatography with very fast response times would be ideal for further testing 

which models do indeed describe the band broadening process the best, so long as noise 

levels remain low.
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