CHAPTER 1
INTRODUCTION TO CHEMOMETRICS METHODS
FOR DIAGNOSIS AND CALIBRATION

1.1 Background

Chemometrics is a knowledge which combines knowledge of mathematics,
statistics, and logic to use for different aims. Chemometrics can be used for
experimental design, investigation the relationship of interesting factor (e.g. group or
concentration of analyte) and chemical data, and conservation of chemical system
[1]. Chemometrics have more role on analytical chemistry field in this recent years
[1, 2] . Some chemical problems need aid of chemometrics process to maximize

quality of the model for answering those problems.

1.2 Important of chemometrics in some area of analytical chemistry

The conceptions to improve chemical analysis system is developed
uncomplicated analysis systems which used to answer chemical problems with using
low time consumption and generate low amount of wastes to provide good response
[3]. Some problems need many analysis steps to answering or some problems give
the unclear results. Chemometrics methods were used as choice to manage those
situations. Interesting researches fields need chemometrics as the tool to gain the
better results. In this thesis various chemometrics techniques were used for 2

interesting fields, namely, diagnostic and calibration.



1.2.1 Diagnosis

Disease Diagnosis need the performance of the fast correctly analysis
method. Important idea for the diagnosis finding the specific variables which can be
clearly separate healthy and unhealthy group apart. Diagnosis systems were
developed based on analysis of selective chemical. Specific chemical can be used for
increase efficiency of the diagnosis but it also increases cost of the analysis too.
Many researches attempt to study alternative assay to generate response that can used
to replace the expensive specific chemical in disease screening to reduce analysis
cost. Some alternative methods were successfully used instead of the standard
method but some methods just used for the screening with less sensitivity.
Chemometrics combined with the alternative methods to increase sensitivity of many
diagnosis methods. Various pattern recognition methods were used in this aim to
increase confident of the screening. Natural of data distribution and group of analyte
can be expressed by using unsupervised pattern methods such as Hierarchical Cluster
Analysis (HCA) [4], self-organizing map [5] and Principal Component Analysis
(PCA) [6, 7]. Various supervised pattern recognition like Support Vector Machine
(SVM) [5] One vs. All (OVA) [5], Artificial Neuron Network (ANN) [6, 7], and
logistic regression [7] were performed as diagnosis some diseases such as sleep
apnoea [8], diabetes [9, 10], asthma [10, 11], cancer [5-7, 12-15] and thalassemia [4,

16].



1.2.2 Calibration

Applications of calibration of some analytes were hard and take time
consumption because the analytes were contained in the mixture that make their
analysis results were complicated, highly overlapped signals and cannot directly
determined. Several methods were presented to separate each analyte from the
mixture before determining. Overall processes from the chemical separation and
analysis decreased sample though put and increased unwanted wastes.
Multivariate calibration methods were popularly used in this field such as
Principal Component Regression (PCR) [17, 18] and Partial Least Square (PLS)

[17-21].

1.3 Research aim

Various chemometrics methods were used to evaluation the relationships of
analytical signals and considering factors for the meaning of calibration work and
screening work. This research involved clustering both unsupervised and supervised
techniques. Three analytical problems were studied: unbiased clustering analysis of
separating cervix cancer patients and ovarian cancer patients from normal persons
using protein contents of specific proteoglycan obtained from a flow injection
system; combination of various pattern recognition for thalassemia screening from
flow system for Osmotic Fragility Test (OFT) for blood test in screening for

thalassemia clustering and simultaneous calibration of food colorants from



spectrophotometic spectra of ternary mixtures by using multivariate calibration
methods.

Multicomponent calibration methods, i.e. obtained Principal Component
Regression (PCR), Partial Least Square 1 (PLS1) and Partial Least Square 2 (PLS2)
were applied to determination of tartrazine, ponceau 4 R and indigo carmine in
synthetic mixtures.

Hierarchical clustering analysis (HCA) and k-means clustering were used for
evaluation of relative amount of protein content in specific proteoglycan per 100 mg
total protein value as reported in reference [22]. Term of relative amount of protein
content in specific proteoglycan per 100 mg total protein used for screening some
kinds of cancers. In this thesis protein content in specific proteoglycan per 100 mg
total protein of cervix cancer patient, ovarian cancer and healthy patients were
selected to be used as data for the clustering. HCA and k-means clustering were used
to find natural group of the value in the dataset. Discussions of correctly and
incorrectly classification results of dataset of relative amount of protein content in
specific proteoglycan per 100 mg total protein values of cervix cancer-healthy person
and ovarian cancer-healthy person by the 2 clustering methods were used to explain
confidence of the diagnostic.

The combination of k-means clustering, HCA and LDA were applied for the
classification of unknown cases for thalassemia screening. Osmotic fragility test or
OFT signals were used as signals for thalassemia screening and reported in 23. The

dataset of OFT signals from reference 23 were used as dataset of this study. In this



study, confidence of the classification was increased by considering of various kinds

of OFT signals.
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