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ABSTRACT

Motivation: The major difficulties relating to mathematical modelling
of spectroscopic data are inconsistencies in spectral reproducibil-
ity and the black box nature of the modelling techniques. For the
analysis of biological samples the first problem is due to biological,
experimental and machine variability which can lead to sample size
differences and unavoidable baseline shifts. Consequently, there is
often a requirement for mathematical correction(s) to be made to the
raw data if the best possible model is to be formed. The second prob-
lem prevents interpretation of the results since the variables that most
contribute to the analysis are not easily revealed; as a result, the
opportunity to obtain new knowledge from such data is lost.
Methods: We used genetic algorithms (GAs) to select spectral pre-
processing steps for Fourier transform infrared (FT-IR) spectroscopic
data. We demonstrate a novel approach for the selection of import-
ant discriminatory variables by GA from FT-IR spectra for multi-class
identification by discriminant function analysis (DFA).

Results: The GA selects sensible pre-processing steps from a total
of ~1010 possible mathematical transformations. Application of these
algorithms results in a 16% reduction in the model error when com-
pared against the raw data model. GA-DFA recovers six variables
from the full set of 882 spectral variables against which a satisfactory
DFA model can be formed; thus inferences can be made as to the
biochemical differences that are reflected by these spectral bands.
Availability: Supplementary information, datasets and scripts are
available from the corresponding author.

Contact: roy.goodacre@manchester.ac.uk

INTRODUCTION

Inthebiological sciences, high dimensiona multivariate datasetsare
frequently generated by investigations which include transcriptome
(Burge, 2001), proteome (Blackstock and Weir, 1999) and metabolic
studies (Goodacre et al., 2004; Johnson et al., 2003, 2004), the char-
acterization and discrimination of microorganisms (Goodacre et al.,
1994; Maguelin et al., 2000; Naumann et al., 1991) and bioprocess
monitoring (Arnold et al., 2000; McGovern et al., 2002). Such stud-
ies tend to make use of high-throughput multiplexing techniques
and physico-spectroscopic methods, the latter of which are find-
ing increasing popularity in the so-called ‘omics studies (Fiehn,
2002). Given the flood of datathat is generated from such systems,
appropriate analyses need to be performed so that useful knowledge
can be induced (Kell and Oliver, 2004). Therefore, multivariate
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mathematical modelling techniques are often applied to such data
in order to expose trends that would be otherwise undetectable.

Inthisstudy weare concerned with multivariate spectroscopic data
from the analysis of (micro-)biological systems and the application
of those data to calibration modelling and discrimination. Super-
vised linear modelling techniques such as partial least squares (PLS)
(Martensand Naes, 1989), apopular calibration model, and discrim-
inant function analysis (DFA) (Manly, 1994), a powerful clustering
algorithm, areideally suited to the analysis of spectroscopic data. In
the case of PL S, many studies have shown it to have superb quantitat-
ive prediction abilities (McGovern et al., 2002; Vaidyanathan et al .,
2001), whilst DFA has been successfully used for differentiating
between arangeof microbial libraries(Jarvisand Goodacre, 2004a,b;
Lopez-Diez and Goodacre, 2004; Timmins et al., 1998).

Essential to such studiesare the methods by which the multivariate
datasetsare obtained. Typically, for theapplicationsdescribed above,
spectroscopi ¢ methods have been adopted that provide complete bio-
chemical fingerprints from whole cells, known as ‘whole-organism
fingerprints’ or ‘metabolic fingerprinting’. Perhaps the most pop-
ular methods that have been used so far include the vibrational
spectroscopic techniques of Fourier transform infrared (FT-IR) and
Raman spectroscopy and a variety of the hyphenated mass spectro-
metries (Maquelin et al., 2000; Naumann et al., 1991; Vaidyanathan
et al., 2002a,b). The latter are proving to be increasingly popular
in metabolomics studies, for both metabolic profiling and aso the
more targeted metabolite analysis (Fiehn et al., 2000; Weckwerth,
2003). The benefit of thevibrational techniquesisthat they arerapid,
robust and reproducible in nature, and instruments can be easily
adapted for high-throughput analysis, allowing many hundreds or
even thousands of samplesto be analysed daily.

Biological samples by their nature are inherently variable (Fiehn
et al., 2000), and so when these are analysed by some physico-
chemical method it is generally necessary apriori to apply data
pre-processing to compensate for these differences. In addition, any
variability in the spectral acquisition process, e.g. sample size dif-
ferences and unavoidable baseline shiftsin spectra, aso needsto be
considered. Given somefamiliarity with the data, the personal exper-
ience of the analyst can provide the key to deciding upon the most
sensible pre-processing steps. However, there are many different
algorithms available to choose from which may require the selection
of arange of input variables, making the process of informed guesses
and trial and error inherently flawed. For example, given a selection
of 50 different algorithms for a set of up to six functions performed
serially on the raw data, allowing repeats, the search space would
be 50%(~10') combinations. It would be possible to assess amodel
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against every combination of pre-processing steps, but this is com-
putationally expensive, depending upon the size of the dataset and
the efficiency of the applied transformation algorithm. This gener-
ally makesit far too time consuming to do an exhaustive search and
therefore optimize a model maximally, so an approach is required
that allows the search space to be explored efficiently. One approach
isto useaheuristic search algorithm such asagenetic algorithm (GA)
(Béck et al., 1997; Goldberg, 1989; Holland, 1992; Mitchell, 1995)
to find arange of suboptimal solutions. In the first part of this study
we used GA to predict sensible spectral pre-processing steps neces-
sary to reduce the root mean squared error of prediction (RMSEP)
for a quantitative PLS model; this model is calibrated to predict the
level of the secondary metabolite gibberellic acid produced in an
industrial bioprocess (McGovern et al., 2002).

PLS and DFA are very powerful quantification and classification
modelling techniques; however, whilst loadings plots are generated
by these algorithms, for full spectral analyses these are usually com-
plex and so can be considered as ‘black box’ in nature. Therefore,
insight into the main contributing variables or features within the
spectra is not readily available. Recovering this information from
biological datasets is important if one is to begin to generate new
knowledge from the torrents of data that ‘ post-genomic’ science is
now able to generate.

In thefield of bioinformatics there have been a number of reports
showing the capability of GA to effect data reduction in order to
improvethe performanceof predictivemodels. For example, for clas-
sification problems using gene expression data (Li et al., 2001; Ooi
and Tan, 2003), improved classification accuracy was obtained fol-
lowing GA variable reduction. In asimilar study, Chuzhanovaet al.
(1998) used GA with the Gamma (near-neighbour) test for feature
selection of genetic sequence data, which again leads to improved
classification results. GA optimization has also been applied to
other bioinformatics-related problems such as sequence alignment
(Notredame et al., 1998) and phylogenetic tree construction (Lewis,
1998).

In the post-genomic erawhere one of the main aimsisto elucidate
gene function, spectroscopic techniques are being applied in meta-
bolic studies to obtain holistic fingerprints of biological samples,
which can then be used for classification or identification. Further-
more, it is necessary to highlight the spectral variablesthat facilitate
the discrimination. Therefore, the same general approach to variable
reduction used in bioinformatics studies can be taken here; however,
the challenge is to find a much smaller subset of features which
may improve discrimination but importantly are also biochemic-
ally more informative. GAs have been used in such away against a
variety of different data types (Broadhurst et al., 1997; Ellis et al.,
2002; Goicoechea and Olivieri, 2003; Johnson et al., 2003, 2004;
Kinoshita et al., 1998; Konstam, 1993, 1994; Tapp €t al., 2003).
These approaches have yielded impressive results and have shown
GAsto be powerful variable selection methods. However, to datethe
analysis has been performed in a binary manner, that isto say a2
class(isit, isn't it) problem. Thismeansthat in multi-class problems
itisnecessary to perform acomputationally inefficient pair-wise ana-
lysiswith disproportionate population sizes. In addition, the variable
selection needs to be conducted against a binary agorithm, which
is obvioudly different from that against which the full multi-class
discriminatory model has been formulated. For multi-class prob-
lems it would be beneficial to use the same modelling algorithm as
a measure of fitness in a variable selection GA that is used in the

actual modelling process itself. This approach would both reduce
computation times and simplify the interpretation of results.

Hence, the aim of the second exercise in this study was to
demonstrate the application of aGA to the selection of important dis-
criminatory variables, usingamulti-class DFA-based fithessfunction
to differentiate between five types of bacteriacommonly implicated
in urinary tract infection (UTI). We form models on subsets of the
wholedataset by GA optimization, finding combinations of variables
that result in accurate DFA models.

SYSTEM AND METHODS

Fourier transform infrared spectroscopy

In both exercises the data were collected using the vibrational spectro-
scopic technique of FT-IR spectroscopy. Briefly, the FT-IR analyses were
performed using a Bruker IFS28 infrared spectrometer equipped with a
diffuse-reflectance TL C attachment (Bruker, Ltd., Coventry, UK) and aliquid
nitrogen cooled MCT (mercury—cadmium-telluride) detector, as described
previously (Goodacreet al., 1996, 1998). Mid-infrared spectraover therange
4000-600 cm~—1 (256 co-adds, spectral resolution 4 cm~1) were collected
using an automated high-throughput accessory.

Dataset for spectral pre-processing exercise

The Gibberella fujikuroi bioprocess was studied which produces the com-
pound gibberellic acid 3 in a complex undefined medium. Samples were
provided by ZenecalL ife ScienceMolecules. Asaready detailedinMcGovern
et al. (2002), whole broth samples were taken aseptically from the ferment-
ation vessels at different stages of fermentation, and the fresh material was
analysed by high-performance liquid chromatography (HPLC) to determine
the gibberellin levels. Aliquots of the broth samples were stored at —20°C
until a sufficient number and range had been collected for analysis by FT-
IR. The full dataset consists of a total of 360 FT-IR spectra, representing
gibberellin titre levels between 0 and 4925 parts per million (p.p.m.).

Dataset for spectral feature selection exercise

As previously reported (Goodacre et al., 1998), FT-IR spectra fingerprints
were recorded from 59 clinical bacteria isolates of UTIs obtained from
Bronglais Hospital, Aberystwyth. Typing by the biochemical test API120E
and the genetic method of amplified fragment length polymorphism (AFLP)
(Kassamaet al., 2002) showed the isolates to belong to Escherichia coli (17,
coded C), Proteus mirabilis (10, coded P), Klebsiella spp. (10, coded K),
Pseudomonasaeruginosa (10, coded A) and Enterococcus spp. (12, coded E).

All strains were cultivated axenically and aerobically on LabM Malthus
blood agar base (37 mgml—1) for 16 h at 37°C. After sub-culturing three
times to ensure pure cultures, biomass was carefully collected using sterile
plastic loops and suspended in 1 ml aliquots of sterile physiological saline
(0.9% NaCl).

Overall methodology

The basic concept in both exercises, typical of many GA applications, is the
optimization of a problem where a range of optimal solutions falls within a
large search space. The GA is used to find an array of predictor sets which
represent potential solutions. The problem is defined within a fitness func-
tion (described below) against which each individual is evaluated in order to
provide ameasure of its accuracy.

ALGORITHMS

Genetic algorithm

The GA is an evolutionary computing technique that can be used to
solve problems efficiently for which there are many possible solu-
tions(Holland, 1992). In GAs, theinitial stepisto generatearandom
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population (array), consisting of a predefined number of individuals
(rows) and variables (columns) Eachindividual representsasubset of
theorigina variableswithinthelarger superset of dataunder analysis.
The next step in the GA is analogous to the process of Darwinian
evolution whereby, through the processes of crossover, mutation and
survival of thefittest, individual s are selected for the next generation
until a particular stopping criterion has been reached. The GA uses
an algorithm known as a fitness function to assess the robustness of
the model proposed by each individual. This usually takes the form
of aminimization function; therefore the fittest individual s are those
with the lowest fitness value.

Typically, the evolutionary stage of asimple GA proceeds as fol-
lows: (1) extract aproportion of thefittest individualsfromthecurrent
(parent) population, (2) recombinethe sel ected offspring (crossover),
(3) mutate the mated population, (4) assess the newly evolved off-
spring for fitness, (5) reinsert a proportion of the offspring into the
population, replacing the worst parents, and (6) repeat the process
until astopping criterionisreached. Thisis perhapsbest summarized
with pseudocode, as shown below.

begin

createinitial population

evaluateinitial population

gen=0

max_gen= N

while (gen < max_gen) do
gen+ =1
select sub-population from initial population
recombine ‘genes’ of selected sub-population
mutate recombined offspring
evaluate offspring
reinsert best offspring replacing worst parents

end while

The stopping criterion can be defined in many different ways.
For example, it could be simply defined as a maximum number of
generations, a maximum target outcome value for the fitness, or as
a set number of generations for which the fitness value for the fittest
individual has remained constant.

Partial least squares

PLS (Martens and Naes, 1989) is a supervised linear modelling
technique that can be used to formulate empirical models from mul-
tivariate datasets. The general representation of the least squares
model is given by

Y =XB+C, (1)

where Y isan x m matrix of dependent variables (e.g. gibberellic
acid titres), X isan x p matrix of independent variables (e.g. FT-
IR spectra), B isa p x m matrix of regression parameters and C
are the differences between the measured and predicted data, or the
residuals.

To formulate the model, B needs to be calculated; this involves
computing the inverse of X. For a non-square X this calculation is
not trivial, and therefore methods have been developed by which
the regression parameters can be accurately estimated. In this study
the dependent variables are represented by ann x 1 column vector.
For models of thistypewhere Y consists of asingle constituent, the
dependent variables are used directly as the estimate of B.

Discriminant function analysis

A powerful supervised clustering method used frequently in micro-
bial classification and discrimination exercises is DFA (Manly,
1994), also known as canonical variate anaysis (CVA). The method
generates a number of linear discriminant functions for separating
groups by finding the eigenval ues and eigenvectors of the expression

w1B, 2)

where W is the within-sample matrix of sums of squares and cross
products and B is the difference between the total-sample matrix
sums of squares and cross products and W. The group structure is
specified to the algorithm a priori. This implementation of DFA
using Manly’s principles (Manly, 1994) finds the linear combination
of discriminant functions that maximize the Fisher (F) ratio (ratio
of between-group to within-group variance) for the dataset.

M odel validation

To test the reproducibility of the models obtained from analysis by
both PLS and DFA, the method of validation by projection was
employed. When amodel is formulated there is a possibility that it
will over-fit the data; this meansthat arelationship isfound between
the data and the target class structure or dependent variables that
does not hold for subsequent predictions, i.e. the model has learnt
the training data perfectly and is not able to generalize. Therefore,
the datasets were randomly split into three groups, amodel training
set, a cross validation set and an independent test set. The models
were built and optimized on thetraining and cross validation setsand
then independently tested against the third set of ‘hold-out’ data.

IMPLEMENTATION AND DISCUSSION

Optimization of spectral data pre-processing

The purpose of this exercise was to minimize the RMSEP (Allen,
1971) for a quantitative PLS regression model predicting gibberel-
lic acid titre concentrations in G.fujikuroi bioprocesses (McGovern
et al., 2002). The RMSEP isgiven as

RMSEP = J Y (et = ypred)?/n, ©)

i=1

where ya arethe actual dependent variables, ypreq are the predicted
dependent variables and n is the number of objects.

A GA was used to recover subsets of pre-processing functions
from atotal of 50 aternatives (Table 1). These are by no means a
comprehensivelist of spectral pre-processing algorithmsavailableto
theanalyst but represent the broad range of toolswhichin general can
be split into scaling, filtering, baseline correction and derivatization
categories. A maximum of 6 pre-processing functions (506 or ~10%°
possible combinations) could be selected by the algorithm, and an
incremental penalty was applied to any individuals selecting more
than three functions. Briefly, experimentally determined penalties of
4,9 and 16 pointswere added to the obj ectivefunction scores of those
individuals selecting more than three, four and five pre-processing
functionsrespectively. The conseguence of determining these values
empirically is that the same penalty system may not be relevant for
different sets of data; thereforein future an improvement needsto be
made to the way this problem is approached. The reason for apply-
ing penalties to the objective scores of certain individuals is based
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Table 1. The 50 pre-processing functions made available for evaluation by
the genetic algorithm for the PL S optimization study

Category Description Variables Coded
Baseline Normalize first bin — B1
correction® to zero
Basdline Subtract average of — B>
correction® thefirst and last bin
Baseline Detrend by subtracting — B3
correction® alinearly increasing
baseline
Derivatization® Derivatizes a M=3 D1
straight-line fit M=4 D,
approximated across a M=5 D3
sliding window of size M M=6 Ds
M=1 Ds
M= De
M=9 Dy
M =10 Dg
M=11 Dg
M=12 D1o
M =13 D11
M =14 D12
M =15 D13
Derivatization®  Savitzky—Golay K=3F=3 D
derivatization or order K K =5F= Dis
and framesize F K=7F= Dig
K=9 F=9 D17
K=9 F=11 Dg
K=9 F=13 Dig
K=9 F=15 D2o
Filtering® One-dimensional mean N=2 F1
filter of order N N=3 F
N=4 F3
N=5 Fa
N=6 Fs
N=17 Fe
Filtering® Smoothes using a K=3F=5 F
Savitzky—Golay (polynomial) K=3F=7 Fg
smoothing filter of order K K=3F=9 Fo
and framesize F K=3F=11 Fi0
K=3F=13 F1u1
K=3 F=15 F12
K=4F=7 Fi3
K=4F=9 Fi4
K=4F=11 Fis
K=4F=13 Fy
K=4F=15 Fi7
K=5F=7 Fis
K=5F=9 F19
Scaing? Normalize maximum — S
and minimum
between 0 and 1
Scaling? Autoscal e—mean centre — S
sample and scale to unit
variance of the variable
Scaling? Mean centre — Sz
Scding? Normalize to total — Sy
(sum equals unity)
Scaing? Vector normalization — S5
Scaing? Autoscale—mean — Ss

centre variables and
scale to unit variance
of the samples

aMATLAB script devel oped in-house.
PMATLAB Signal Processing Tool box.

on the assumption that pre-processing regimes using fewer functions
aremorelikely to reflect sensible answers. From preliminary work it
was clear that applying GA-derived combinations of large numbers
of functionsto the datacoul d dramatically reducethe model RM SEP;
but these solutions were always difficult if not impossible to scien-
tificaly justify. Therefore, by penalizing such individuals one can
be assured that only those with exceptional performance survive and
that the population does not become dominated by excessive pre-
processing events, a strategy adopted by the genetic programming
field to avoid ‘bloat’, a phenomenon in which the GP function trees
getsso hugethat it lacksexplanatory power (Langdon and Poli, 2002;
Podgorelec and Kokol, 2000).

The comprehensive Genetic Algorithm Toolbox for MATLAB
(Chipperfield and Fleming, 1995; Chipperfield et al., 1994a,b)
(http://www.shef .ac.uk/~gaipp/ga-toolbox/) was configured as a
simple GA (SGA). Populations of 30 individuals with six variables
were encoded as real values, with evolution driven by single point
crossover and mutation; the selection function used at each genera-
tion was stochastic universal sampling (SUS). The stopping criterion
terminated the GA after thefittest individual remained unchanged for
20 consecutive generations. A total of 50 independent GA runswere
performed, resulting in an average of 67 (range 40-100) generations
per run. Due to the large size of the dataset (360 x 882), the cumu-
lative processing time was ~5 days in total, processing ~100000
individuals at up to six calculations per individual. Therefore, an
exhaustive search of every possible subset of pre-processing func-
tion combinations would require ~0.5 x 108 days computation time
onal6 GHzPC.

In Table 2 the best results from each of the independent runs
are provided with the selected pre-processing functions encoded as
detailed in Table 1. For comparison, details are shown for the model
constructed against the raw data and for exhaustive searches using
a single function. Included in the latter are the result for the best
model and the results for the models generated after pre-processing
by S, and S5, which are the functions most frequently used by the
GA in this example. The values for RMSEP of the training, cross
validation and test datasets (RM SEPyzin, RM SEPq4 and RM SEP,eq
respectively) are listed, the number of PLS factors was optimized
using the cross validation data and it was the RMSEP4 that was
used in the fitness function. Finally, the RMSEP,ey was calculated
following projection into each model of the independent test data.
The most frequent pre-processing combination selected by the GA
is the two-step process of autoscaling (S;) followed by vector nor-
malization (Ss), and this produces an RM SEPy that is ~16% better
than that obtained using the raw data. As can be seen from Table 2,
this result is also better than that obtained by using either S, or S5
independently.

In Figure 1 the raw and pre-processed datasets and their associ-
ated PLS models are plotted. A close inspection of the PLS model
in Figure 1B shows that there is much greater convergence on the
ideal linear line compared to the model using the raw data (Fig. 1A).
However, given the high dimensionality of the spectra and the com-
plex nature of PLS loadings plots we had seen previously that it was
not possible to pick out a single region in the loading plot that was
contributing most to the analysis (McGovern et al., 2002). There-
fore, as afinal step the established technique of variable selection
by GA-PLS (Broadhurst et al., 1997) was performed on the pro-
cessed G. fujikuroi FT-IR spectra, in order to determine the most
important variablesfor PLS calibration modelling of this bioprocess.
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Table 2. The highest ranking results, giving the order of FT-IR spectra pre-processing, for each of the 50 independent GA runs evolved to quantify gibberellic
acid from the Gibberella fujikuroi fermentation broth

Pre-processing steps Number of steps RMSEC (%) RMSEPq/a (%)P RMSEP ey (%)° Number of factors
Raw data
— — — — — — 0 3.75 4.87 5.85 10
Result for one-step exhaustive search
B3 — — — — — 1 3.96 4.64 5.57 9
S — — — — — 1 4.25 4.57 5.92 8
S — — — — — 1 3.74 4.75 5.92 8
GA optimization order
S B> S S S — 5 3.46 4.30 4.85 9
S Sy B3 S3 Ss — 5 352 4.29 4.86 8
S S5 — — — — 2 321 431 492 9
S S5 — — — — 2 321 431 4.92 9
S S5 — — — — 2 321 431 492 9
S S5 — — — — 2 321 431 4.92 9
S S — — — 2 321 431 492 9
S S5 — — — — 2 321 431 4.92 9
S S5 — — — — 2 321 431 492 9
S S5 — — — — 2 321 431 4.92 9
S S5 — — — — 2 321 431 492 9
S S5 — — — — 2 321 431 4.92 9
S S5 — — — — 2 321 431 492 9
S S5 — — — — 2 321 431 4.92 9
S S5 S5 — — — 2 321 431 492 9
S S5 S S5 — — 2 321 4.31 4.92 9
S S5 S S5 — — 2 321 431 492 9
S, S5 — — — — 2 321 4.31 4.92 9
S S5 — — — — 2 321 431 492 9
S, S5 — — — — 2 321 4.31 4.92 9
S S5 — — — — 2 321 431 492 9
S S — — — — 2 3.21 431 492 9
S S5 — — — — 2 321 431 492 9
S S — — — — 2 3.21 431 4.92 9
S S5 — — — — 2 321 431 492 9
S S — — — — 2 3.21 431 4.92 9
S S5 — — — — 2 321 431 492 9
S S — — — — 2 3.21 431 4.92 9
S S5 — — — — 2 321 431 492 9
S S — — — — 2 3.21 431 4.92 9
S S S5 — — — 3 3.54 434 5.02 8
S S5 S — — — 3 354 434 5.02 8
S S5 S — — — 3 3.57 4.36 5.15 8
S S — — — — 3 3.57 4.36 5.15 8
S S Bs S5 — — 4 3.59 4.29 5.25 8
S S B1 — — — 3 4.18 4.30 5.27 9
S S5 D13 S S — 5 3.94 4.37 5.39 7
S B1 S5 — — — 3 3.66 4.35 543 8
S S5 S — — — 3 3.63 4.33 5.47 8
B3 S — — — — 2 4.07 4.56 551 8
S S5 B, — — — 3 3.63 434 5.54 8
D13 B3 S5 — — — 3 413 454 5.76 5
D12 S — — — — 2 4.09 4.57 579 5
S B3 — — — — 2 4.37 4.38 5.86 8
S Bs — — — — 2 4.37 4.38 5.86 8
D12 S — — — — 2 4.56 457 6.03 6
S S3 S Dg — — 4 4.50 4.46 6.03 5
S D11 — — — — 2 3.95 4.56 6.20 5
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Table 2. Continued

Pre-processing steps Number of steps RMSEC (%)@ RMSEPq/4 (%)P RMSEPeg (%)° Number of factors
Sy S — — — — 2 4.15 4.52 6.28 8
S S — — — — 2 4.15 452 6.28 8
S D7 — — — — 2 541 4.67 6.56 5

2Root mean squared error of calibration (RM SEPyin)
bRoot mean squared error pf prediction for the cross validations
°Root mean squared error of prediction for the independent test set.

Each pre-processing option was applied to the data individually, and the transformed array was assessed against the fitness function used in the GA. The function giving the best
performance against the fitness function islisted (B3) along with the results for the S, and Ss which are most frequently selected by the GA in the main study.
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Fig. 1. The fermentation spectra and their associated PL S models, with the training objects shown as open circles, cross validation objects as shaded squares
and test objects as black triangles, for the following: (A), the raw FT-IR data (RMSEP 5.97%); (B), the most frequent model generated by the GA using
functions S; and Ss in that order (RM SEPeg 4.92%). In both A and B the solid line shows the expected linear fit.

The GA was configured to select a subset of five variables, a total
population size of 250 individualswas used and 50 independent GA-
PL S runs were performed on the pre-processed FT-IR spectra. This
analysis revealed the spectral region from 1778 to 1770 cm~! as
being particularly important for modelling this bioprocess (data not
shown), which corresponds with GA-MLR results on the same data
(McGovern et al., 2002). The identified region is rich in carbonyl
vibrations, a functional group that is present in gibberellic acid 3,
and provides confirmation that FT-IR analysis of this bioprocessis

measuring theformation of the product rather than the disappearance
of any substrate(s).

Spectral feature selection

The second exercise sought to demonstrate the application of aDFA-
based fitness function for spectral feature selection by GA, which
we will now refer to as GA-DFA. When the full FT-IR dataset from
UTI was analysed by principal component analysis (PCA) followed
by DFA (PC-DFA) as detailed in Goodacre et al. (1998), each of
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the five different organisms could be differentiated. However, the
spectral bands that most contribute to this discrimination could not
be revealed by the DFA algorithm.

Since one cannot feed collinear variables or too many variables
into DFA, it isusually necessary with hyperspectral datato perform
some sort of data reduction step prior to modelling. The reason for
thisisthat W~ term in Equation (2) above can only exist when the
input matrix is non-singular, i.e. its determinant is other than zero,
which implies that it is of full rank (Dixon, 1975; MacFie et al.,
1978); thisis generdly the case if

(Ns_Ng_1)>NU 4)

where N, isthe number of samples, N, isthe number of groups and
N, isthe number of inputs.

An aspect of performing data reduction is that a small subset of
variables can be recovered, which still give a predictive model, and
these variables will be indicative of which spectral bands are dis-
criminatory and hence of biological or biochemical importance. This
GA-DFA implementation uses the eigenval ues computed by DFA as
an approximation for the F-ratio, with the GA fitness function con-
figured to minimize the inverse sum of the eigenvalues in order to
formulate increasingly better DFA models. The GA was configured
asamulti-popul ation genetic algorithm (MGA) in order to more effi-
ciently search a solution space 2 orders of magnitude larger than that
in the first study. Populations of 20 individuals across five subpopu-
lations used real-value encoding, with evolutionary and termination
criteria set as for the SGA. Duplicate variables were not allowed in
any one individual. In addition, a migration parameter was defined
in order to establish the fittest individuals in a single subpopulation
every 20 generations.

FT-IR spectra often contain many local collinearities; that is to
say, apeak is sampled many times and this may have arisen from the
same chemical species. Thus, in order to remove these local collin-
earities, the full set of 882 FT-IR spectral variables were reduced to
98 variables by selecting only the maxima, minima and stationary
points from the spectra, as detailed in Johnson et al. (2003, 2004),
and performed using a MATLAB script written in-house.

To decide on the minimum number of variables that could be
extracted from the dataset whilst maintaining the maximum level
of discrimination, initially 10 independent GA-DFA runs were per-
formed for the selection of subsets of 3, 4, 5, 6, 7, 8 9 and 10
variables. From these results the average inner (within-group) vari-
ance and the average distance between group centres were plotted
(Fig. 2). This plot indicates that when selecting small numbers of
variables the training groups are well separated but that the models
are not predictive for the test set data. In contrast, when more vari-
ables are selected the training and test groups are more disperse and
therefore the mean distance between them is lower. Thisis particu-
larly the case with the selection of 9 or 10 inputsto DFA where the
within-group varianceis very high.

It is clear from Figure 2 that the optimal number of variables to
be selected is 6, and consequently further experiments were per-
formed to select this number of inputs to DFA. Thus, for the main
study, 100 independent GA-DFA runs were performed. The plot
in Figure 3 shows the frequency with which variables were selected
based on the best result from each independent run, superimposed on
the mean spectrum of the whole dataset. These variables are defined
in Table 3 along with their general FT-IR wavenumber assignment,

—6— Av. inner variance
==&==  Av. between group distance

Average inner variance
Average distance between group centres

Number of variables

Fig. 2. Resultsof the GA-DFA models programmed to select subsets of 3, 4,
5, 6, 7, 8, 9 and 10 variables for differentiating between bacteria from their
FT-IR spectra. Each subset is performed 10 times independently. From these
results the average inner variance and average between group distances are
plotted in order to determine the optimal number of variablesto be selected in
themain study. The resultsfrom subsets of 3-8 variablesonly are shown here
since the much greater magnitude of results from 9 and 10 variables skews
the scaling of the plot.
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Fig. 3. A plot showing the FT-IR variables selected by GA-DFA for differen-
tiating between urinary tract isolates. The frequency plot resulting from 100
independent GA runs reveals important discriminatory variablesin the fatty
acid region of the spectra (Table 3). The GA was programmed to select six
variables, and total computation time for the 100 runs was 60 min.

which shows that bands within the fatty acid and amide regions are
predominantly selected by GA-DFA.

Using only thevariablesin Table 3 that wereidentified by GA-DFA
analysis, the fully validated DFA model in Figure 4 was gener-
ated. The full FT-IR spectra consist of 882 variables. In Figure 4
we show that six key variables can generate a good discriminatory
model and therefore point to interesting (bio)-chemical differences
between complex samples such as bacteria. Inspection of the DFA
loading plot (data not shown) indicated that no single input was
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Table 3. Frequencies of occurrence and general wavenumber assignments
of the six most frequently used variablesin GA-DFA analysis

Frequency (%) Wavenumber (cm~1)  General assignment
100 2885 CH3 symmetric stretch in fatty
acids
100 2854 CH; or CH3z symmetric stretch in
fatty acids
82 2874 CH3 symmetric stretch of methyl
in fatty acids
60 1747 C=0 stretch from amide | region
56 1497 Imide—CO—NH—CO—
deformation in nucleic acids
36 1477 Ring stretch or CHz Symmetric

stretch in fatty acids

Assignments from Degen (1997) and Naumann (2001).
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Fig. 4. DFA bi-plot where DFA was performed directly on the FT-IR UTI
datafor the six most frequently occurring variables (2885, 2874, 2854, 1747,
1497 and 1477 cm~1) as selected by the GAs. The resultant ordination plot
(mean replicate centres are shown for clarity) clearly showsthat five clusters
are recovered. The isolates are encoded as follows; A, Pseudomonas aer-
uginosa; C, Escherichia coli; E, Enterococcus spp.; K, Klebsiella spp.; P,
Proteus mirabilis. The cross validation data are denoted by crosses and the
independent test data by pentagram markers.

important for the discrimination, implying that the combination of
these six variables was necessary. The discrimination between the
Gram-positive Enterococcus spp. and the other isolateswhich are all
Gram-negative is accounted for by variances across all six variables
identified by the GA. Certainly, removing each variablein turn from
the DFA model does not adversely affect the distance between this
organism and the other four bacteria. Thisisnot surprising given the
vast differencesin cell wall structure that can be observed between
Gram-positiveand Gram-negative microbes, which are consequently
heavily reflected in their FT-IR spectra.

Eliminating the enterococci from the analysis and sequentialy
remodelling on just five variables (i.e. generating new models using
each possible combination of five of the six GA-DFA selected
variables) allows us to identify which variables are of importance

in discrimination between each of the groups. P. mirabilis E. coli
and Klebsiella spp. al belong to the family Enterobacteriaceae,
whilst P. aeruginosa belongs to a different family altogether and
is dissimilar phenotypically; therefore discrimination between these
two groups remains reasonably consistent upon removal of any one
variable. However, discrimination between E. coli and Klebsiella
is lost upon removal of either of variables 2885 or 2874 cm™1,
Whereas discrimination between Proteus, E. coli and Klebsiella
breaks down when variable 2854 cm~? is removed from the ana-
lysis. Thisshowsthat thesevariablesrefl ect biol ogical or biochemical
differences between those organisms. The implication of obtaining
such knowledge from FT-IR spectrais that further targeted spectro-
scopi ¢ analysis by gas chromatography mass spectrometry (GC-MS)
or liquid chromatography massspectrometry (LC-MS) couldbemore
rapidly performed in order to exactly determine the discriminatory
biochemistry which enables hypothesis induction. There is also an
opportunity, given this information, to look into developing inex-
pensive and rapid instrumentation or bioassays, specificaly for the
discrimination of these strains.

CONCLUSIONS

Most, if not al, calibration or classification studies of biological
samples conducted with vibrational spectroscopic techniques use
some form of data pre-processing prior to input into an appropriate
mathematical model to compensate for experimental and machine
variability. To date, any such pre-processing has been applied using
agorithms favoured by the analyst often using the moistened finger
raised vertically approach and/or aready proven on a particular type
of data. However, thelarge numbersof algorithmsavailable, many of
which are subtlevariations on the same theme, make routine exhaust-
ive searches for the best pre-processing solution impractical. We
clearly demonstrate that GA optimization of spectral pre-processing
enablestherapid search for optimal or near-optimal solutionsthat can
then allow for the most robust and accurate models to be generated.

The outputs from supervised multivariate modelling methods do
not readily reveal the most important variables used to formulate a
model. In post-genomic studies more emphasis is being placed on
obtaining useful information from data, as opposed to just being
satisfied with a well-constructed model. For this purpose, in order
to reveal important variables in large hyperspectral datasets GAs
have already been adopted. However, these studies either have been
interested in simple binary classification problems, or have used GA
coupled with binary classifiers such as LDA (Fisher DA) or PLS1 to
perform variable selection on multi-class problems by having mul-
tiple binary classifiers (that isto say, one for each class). We believe
that amuch morerobust approach can bemadewhen all sampletypes
are modelled simultaneously, as this will remove any bias due to
pair-wise analysis and disproportionate population sizes. Using this
strategy we show that GA-DFA can be used to select small numbers
of variables from the full dataset to formulate robust models using
amulti-class modelling a gorithm. This gives an indication of those
variablesthat are most important for discrimination and therefore of
(bio-)chemical interest.
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