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Strains representative of four Eubacterium species were analyzed
by using diffuse reflectance-absorbance Fourier transform infrared
spectroscopy. To identify important wavenumber regions for the
classification of these 22 bacterial isolates, we investigated three rule
induction methods and various spectral preprocessing regimes. In
this study both univariate and multivariate classification and re-
gression trees (CART) methods and the fuzzy multivariate rule-
building expert system (FuRES) method were exploited. It was
found that the FuRES method was superior in terms of prediction,
whereas the rules proposed by the univariate CART method were
easier to interpret in terms of which wavenumbers in the IR spectra
were important for bacterial class separation. Scaled and detrended
FT-IR spectra and first-order numerical differentiation preprocess-
ing steps were necessary to obtain optimal classification models.
Finally, a reduction in the classification error for the CART-based
methods was observed by analyzing the compressed B-spline coef-
ficients rather than the original spectra representation. The spectral
interpretation of these rules is in agreement with analyses using the
uncompressed representation.

Index Headings: Eubacterium; Rule induction; Fuzzy rule induction;
CART; Discriminant function analysis; Infrared spectroscopy.

INTRODUCTION

The oral asaccharolytic Eubacterium species are a di-
verse group of organisms that are implicated in perio-
dontitis, endodontic infections, and dentoalveolar ab-
scesses.!? They are slow-growing and difficult to identify
by conventional means. The number of documented spe-
cies continues to increase,!** and in a recent study’® we
used pyrolysis mass spectroscopy (PyMS) to confirm the
taxonomic position of the three newly described species
E. exiguum, E. infirmum, and E. tardum.

The ideal method for rapid and accurate identification
of micro-organisms, particularly in the clinical labora-
tory, would have minimum sample preparation, would
analyze samples directly, and would be rapid, automated,
accurate, and (at least relatively) inexpensive.® With re-
cent developments in analytical instrumentation, these re-
quirements are being fulfilled by physicochemical spec-
troscopic methods, often referred to as ““whole-organism
fingerprinting.””” The most common methods are pyrol-
ysis mass spectrometry,® Fourier transform infrared spec-
troscopy (FT-IR)j3!'" and Raman spectroscopy.!*!*

FT-IR allows the chemically based discrimination of
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intact microbial cells, without their destruction, and pro-
duces complex biochemical fingerprints that are repro-
ducible and distinct for different bacteria. Naumann and
co-workers®'® have shown that FT-IR absorbance spec-
troscopy (in the mid-IR range, usually defined as 4000
400 cm™') provides a powerful tool with sufficient re-
solving power to distinguish microbial cells at the strain
level. However, the interpretation of the FT-IR spectra
has conventionally been by the application of unsuper-
vised pattern recognition methods of correspondence
analysis maps and cluster analysis,'' which can often give
rise to subjective interpretation of complicated scatter
plots and dendrograms.

More recently, various related but much more powerful
chemometric methods have been applied to the ‘‘super-
vised’’ analysis of FT-IR data. For example, Goodacre
and colleagues® have used diffuse reflectance-absorbance
FT-IR spectroscopy and artificial neural networks
(ANNs) to successfully identify clinical isolates of En-
terococcus faecalis, E. faecium, Streptococcus bovis, S.
mitis, S. pneumoniae, or S. pyogenes; and in a more re-
cent study we have also been able to use ANNs and radial
basis function neural networks to identify bacterial iso-
lates associated with urinary tract infection from their FT-
IR spectra.'” However, although chemometric methods
based on artificial intelligence have been shown to be
effective tools for microbial identification and discrimi-
nation from FT-IR data, the information in terms of
which wavenumbers in the IR spectrum are important is
not readily available, and ANNs are often perceived as a
“black box” approach to modeling spectra.

In a previous study we have used rule induction to
solve classification problems by using hyperspectral data
from pyrolysis mass spectrometry.'® This study allowed
at least some indication of which masses (m/z values;
mass-to-charge ratio) were important in the discrimina-
tion of three different milks'” and for detection of the
adulteration of extra virgin olive oil with lower grade
oils.'8:1?

The aim of this study was to exploit rule induction
methods to deconvolute the infrared spectra of strains
previously identified by polyphasic phenotypic and ge-
notypic phylogenetic analyses as one of four Eubacter-
ium species. To be confident in the ‘“‘rules” or ‘‘trees”
produced by these induction methods, we used an inde-
pendent test set of each of the four species along with
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TABLE I. Description of bacterial strains used in this study.®

Training or

Identifier Species/group Strain number test set
Ta E. timidium ATCC 33093" Training
Tb w557 Training
Tc W690 Training
Td w2847 Test
la E. infirmum NCTC 129407 Training
1b w687 Training
lc W1475 Training
1d W 1470 Test
2a E. exiguum SC142 Training
2b SC108 Training
2¢ W1365 Training
2d W733 Test
Na E. tardum SC68 Training
Nb SC88P Training
Nc¢ SC41B Training
Nd SC37 Training
Ne NCTC 129417 Test
Ha Clinical isolates SBH463 Test
Hb SBH481 Test
Hc SBH462 Test
Hd SBH403 Test
He SBH477 Test

* Group of 22 Eubacterium strains analyzed by FT-IR.

five clinical isolates that had been recently identified as
E. exiguum.’

EXPERIMENTAL

Sample Preparation. Details of the organisms are giv-
en in Table I. Strains were cultured on Fastidious Anaer-
obe agar (Lab M, Bury, U.K.) plus 5% sheep blood and
incubated anaerobically in an atmosphere of 80% N,
10% CO,, and 10% H, for 72 h. The bacteria were har-
vested with a nichrome wire loop and suspended in phys-
iological saline (0.9% NaCl) to approximately 20 mg
mL '

Diffuse Reflectance-Absorbance Fourier Transform
Infrared Spectroscopy. Ten microliter aliquots of the
above bacterial suspensions were evenly applied onto a
sandblasted aluminum plate. Prior to analysis, the sam-
ples were oven-dried at 50 °C for 30 min. Samples were
run in triplicate. The FT-IR instrument used was the Bru-
ker IFS28 FT-IR spectrometer (Bruker Spectrospin Ltd.,
Banner Lane, Coventry, U.K.) equipped with an MCT
(mercury-cadmium-telluride) detector cooled with liquid
N,. The aluminum plate was then loaded onto the mo-
torized stage of a reflectance TLC accessory.?’?* The
background spectrum was recorded from an empty well.

The IBM-compatible PC used to control the IFS28 was
also programmed (using OPUS version 2.1 software run-
ning under IBM O/S2 Warp provided by the manufac-
turers) to collect spectra over the wavenumber range
4000 to 600 cm ', Spectra were acquired at a rate of 20
s~'. The spectral resolution used was 4 cm ~'. In an effort
to improve the signal-to-noise ratio, 256 spectra were co-
added and averaged. Each sample was thus represented
by a spectrum containing 882 points (set by the digiti-
zation interval of the IR instrument), and spectra were
displayed in terms of absorbance as calculated from the
reflectance-absorbance spectra by using the Opus soft-
ware. The samples were applied to a 20 X 20 array of
wells on a sandblasted aluminum plate. Full details about
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FiG. 1. This figure shows the mean spectrum (of the detrended data)
for each of the four Eubacterium classes. The three most important
variables found by the CART methods are added as vertical bars.

the preparation and the aluminum plates can be found in
the work of Winson and co-workers.?* Typical FT-IR spec-
tra of the four Eubacterium species are shown in Fig. 1.

Preprocessing of FT-IR Data. Before analysis it was
necessary to perform a set of preprocessing steps on the
raw data sets: (1) Regions in the spectra that are domi-
nated by CO, (2403.21-2272.06 cm ' and 682.77-655.77
cm™') were filtered out to follow the spectral trend of
neighboring data points (although the contribution to CO,
in this data set was hardly detectable in these regions).
(2) Next the spectra were normalized so that the smallest
absorbance was set to 0 and the highest to +1 for each
spectrum. (3) It was also necessary to perform a detrend
operation with a linear function increasing from 4000
cm ™' to 600 cm ~'.%*° (4) Finally, it was necessary to re-
move baseline effects; there are several ways of doing
this, and we used the first-order numerical differentiation
to each of the spectra using a Savitsky—Golay filter.?¢

From each of the four ‘“known” species, one of the
samples (in triplicate) was reserved to form a test set
(details are given in Table I); in addition all those spectra
from the clinical bacterial isolates [(Ha-He; the SBH
strain numbers (Table I)] were also used in the ‘‘un-
known’’ test set. The remaining samples were used as
training data for the various rule induction methods.

Data Analysis. Rule Induction Methods. Rule induc-
tion attempts to partition the space of sample objects into
regions of single class memberships.?” The data set is
recursively split into smaller subsets where each subset
contains objects belonging to as few different classes as
possible. The “‘purity” of a subset (i.e., the distribution
among the classes of the objects within the set) is often
measured by using the concept of entropy.?® For each
subset there are fractions or probabilities P = [p,, p,, - - -,
ps], of the objects belonging to the J different classes.
The entropy of P

H(P) = —Z plog(p)) (1)



has properties in accordance with our intuitive under-
standing of “‘impurity’”: H,,(P) = 0 and H,,(P) =
log,(J) when P; = 1/J. Thus, ensuring the highest purity
in a subset corresponds to minimizing H(P) by selecting
an optimal partitioning.

There are two major strategies for finding the best ob-
ject paritioning, which in general are described as uni-
variate and multivariate rule induction. In univariate rule
induction, the single variable x; at each recursion step is
found that gives rise to the purest subsets (i.e., those that
have minimum entropy). In univariate rule induction, a
split or a partitioning of the input feature space can be
formulated as a question such as “Is x; < ¢ ?”” where ¢
is some value chosen from the finite set of values variable
x; has among the N calibration objects. All the objects
that satisfy the question are grouped into one subset and
those that do not into another. It should be emphasized
that the rule induction methods described here operate on
real valued variables only. It is also possible to use the
same rule induction methodology on variables that have
a finite set of values; see, for example, Quinlan’s C4.5
method.”

In multivariate rule induction, a partition of the input
feature space is found that depends on a linear (or non-
linear) combination of all the variables instead of just one
variable. In this article we will consider only linear com-
binations of the original variables.

A multivariate rule induction partitioning can thus be
formulated as the following type of question: “‘Is

n

Z wix; = c 7.

J=1

This type of partitioning of the data space is particularly
useful if there are any colinearities between the vari-
ables. Our aim now is not to find the single best variable,
but to find an arbitrary direction in the multivariate
space represented by the vector w which best separates
the data set into subsets that have maximum purity. The
object vectors stored as rows in the matrix X are pro-
jected onto w:

t =Xwlw'w) — b (2)

where b is a bias (scalar) and t is a score vector where
the sign of each score determines whether that object is
to be classified as class 1 (‘““yes’) or 2 (“no’’). This is
similar to the paradigm used in the multivariate rule
building expert system (MuRES) approach by Harring-
ton,’* the oblique rule induction by Murthy et al.,*' and
the linear machine decision trees by Utgoff and col-
leagues.’>* The fuzzy multivariate rule-building expert
system (FuRES)* approach is a modification of the
MuRES algorithm where the central change is in intro-
ducing fuzzy set theory®® in the handling of object class
memberships. As can be seen from the projections onto
w, it may be difficult to say on which side of the hyper-
plane an object really is located. When an object can be
on one side (membership value = 1) or the other (mem-
bership value = 0) of the hyperplane only, we refer to
this as crisp classification. To describe intermediate po-
sitions relative to the hyperplane fuzzy sets is ideal since
they allow the degree of position to be described by a
continuous value between 0 and 1. Consequently, an ob-

function on the score value

ject may exist on both sides of the hyperplane because
the plane itself is fuzzy. To obtain a ‘““fuzziness’ in the
object position relative to w, one can also use a logistic
1,353

The use of the logistic (sigmoid) function makes
FuRES analogous to the feedforward multilayer percep-
tron architecture commonly associated with artificial neu-
ral networks and is thus sometimes referred to as a min-
imal neural network (MNN).*” Both FuRES and ANNs
can produce nonlinear decision surfaces. However, they
differ in that FURES partitions the row space of the input
training data matrix and ANNs partition the column
space.

For univariate and multivariate classification and re-
gression trees (CART) we used the OC1 program?' (De-
partment of Computer Science, Johns Hopkins Univer-
sity, Baltimore, MD). The FuRES program was kindly
provided by Prof. Peter de B. Harrington. Both programs
run under Windows NT 4.0.

Discriminant Function Analysis (DFA). Discriminant
function analysis [(also referred to as canonical variates
analysis (CVA)] is a multivariate statistical technique that
separates objects (samples) into groups or classes by min-
imizing the within-group variance and maximizing the
between-group variance.’%*

The general principle of DFA is similar to that of prin-
cipal components analysis (PCA), but the objective of
DFA is to find latent variables that maximize the ratio of
the between-group to within-group variance, rather than
maximizing the total variance. To find the discriminant
functions (DFs) direction, the within-sample matrix of
sums of squares and cross products, W, and the total
sample matrix of sums of squares and cross products, T,
are first computed. The between-group matrix is com-
puted as B = T — W, and the eigenvectors of W™'B
correspond to the CVs onto which our data objects were
projected.?®*!

In the DFA used here, PCA was first used to reduce
the dimensionality of the data by using only the A first
principal components (PCs). The remaining PCs are usu-
ally due to random ‘‘noise’’ in the data*’ and can be ig-
nored without reducing the amount of useful information
representing the data. The DFA algorithm used here was
implemented in MATLAB (The MathWorks, Natick,
MA).

B-splines. B-splines*’ is a powerful method for com-
pressing smooth curves and surfaces. It has also been
shown to be effective in the compression of spectral pro-
files.**~*¢ B-splines represent curves as a linear combi-
nation of a set of bell-shaped basis functions. The shape
and position of these basis functions are determined by
a set of knots. For a one-dimensional (1D) B-spline, a set
of knots corresponds to points along the abscissa. If the
number of knots is ¢ and the local polynomial degree is
k, then we have n = ¢ — k — [ different B-spline basis
functions. For a given function f{x) we find a set of co-
efficients c¢; using least-squares fitting so that

flx) = Z c:Bi(x) + € (3)

where Bj(x) is the jth B-spline basis function, and €is the
reconstruction error. This approach means that if the re-
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their identifiers are given in Table I.

construction error € is satisfactory, f(x) is completely de-
scribed by a knot vector h and a coefficient vector ¢. The
knot vector is a nondecreasing sequence of position along
the abscissa:

hy = h, =...=h,,

where k is the maximum degree of any local polynomial.
The B-spline bases are recursively generated from the
information in the knot vector as follows:
x — h; higrr T x

= 7/ LSS J.= . LA,
Bji(x) = B (x) + Biiii—1(x) (4
Ti+k — hj hj+k+l - hj+1

j=0, %1, £2, ... k=1,2,3,....

For B;o(x) we have

1 ifh <x =< h;y
Bio(x) = . (5)

0 otherwise.
To obtain compression of spectral profiles, it is necessary
to use the same knot distribution for all spectra in the
data set. This condition is to ensure comparability be-
tween the bases and coefficients in different spectra. The
initial knot distribution is determined in this case by a
method based on a maximum entropy assumption (see
Ref. 44 for more details).

After B-spline analysis, each spectrum is represented
by a coefficient vector c¢. These vectors are later subjected
to analysis instead of the original (more redundant) data
vectors.

RESULTS AND DISCUSSION

DFA. In order to perform DFA on these data it was
necessary to ensure that the variables were independent.
When the number of variables is larger than the number
of objects (which is the case in almost all applications
using whole spectra profiles), the matrix rank is much
lower than the total number of variables. One way to
ensure a nonredundant variable space is to perform a
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principal component analysis and use the resulting scores
vectors in the DFA analysis—a method commonly used
for the analysis of pyrolysis mass spectra,®’ and more
recently for the analysis of FT-IR data.®?® By projecting
onto the A first principal components, one obtains an ef-
ficient compression of the data set into 4 co-ordinates,
where 4 is much less than the number of objects. DFA
is a supervised method, which means that each feature
vector must be associated with a class membership. In
this study the object replicate information is used as
membership value and not the bacterial type information
associated with each object.

Since the number of Eubacterium classes is four, we
should have a sufficient discrimination of the objects by
using three discriminant function directions, so that each
of the four classes is equidistant from each in multidi-
mensional space. The resulting DFA analysis of these 22
Eubacterium isolates is shown in Fig. 2 where class rep-
resentatives of each of the four classes (E. exiguum, E.
infirmum, E. tardum, and E. timidum) are seen. Moreover,
as expected from our previous mass spectrometry stud-
ies,’ all the clinical isolates (SBH isolates) group with E.
exiguum.?

CART and FuRES. As is usually the case, the mea-
sured infrared spectra are not always suitable for direct
analysis. In order to account for any baseline effects and
unwanted artifacts due to CO, (which in this experiment
were minimal), the preprocessing regime of CO, removal,
followed by scaling and detrending the spectra, was em-
ployed (as detailed above). In addition, any residual base-
line distortions were removed by computing the first-or-
der numerical differentiation.

The data set was represented to the rule induction al-
gorithms either as (1) detrended data, (2) the Savitsky—
Golay first-order differentiated spectra, or (3) the PCA
scores of the detrended and differentiated spectra.

PCA was included since it is an excellent way of re-
ducing the high dimensional data. In this case the original
882 variables were compressed to only 25 PC scores,
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FiG. 3. This figure is analogous to Fig. 1. Here we show the mean
differentiated spectra for the four classes together with the three most
significant wavenumbers used in the rule induction classification mod-
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TABLE II. Class predictions from pruned trees.*

which accounted for more than 99.9% of the total vari-
ance in the detrended data set. Twenty-five principal com-
ponents accounted for 98.4% of the detrended and dif-
ferentiated data set.

For each of these three representations, four types of
rule induction analyses were performed; the results ob-
tained from pruned and unpruned trees are shown in Ta-
ble II and Table III, respectively. All the CART-based
methods perform better on the differentiated spectra than
on the 25 PCA scores. The FuRES method applied to
either the differentiated spectra or the PCA scores pro-
duced perfect predictions on the unseen validation set.
The FuRES classification tree for the analysis of the dif-
ferentiated data set is shown in Fig. 4. The profiles of the
three rules (Rules 1,2, and 3) are shown in Fig. 5. We
see that Rule 1 separates E. timidum from the three other
species (Fig. 4). Rule 1 has a profile that is somewhat
different from the other rules (Fig. 5). One characteristic
feature is that region 1800-4000 cm ', compared to 600—
1800 cm ™!, is smaller than it is for the other rules. Both
Rule 2 and 3 have a more prominent feature in the region
2800-3000 cm ™! than does Rule 1 (Fig. 4). Rule 2 sep-
arates out E. infirmum from E. tardum and E. exigum and

Correct DT1 DT2 DT3 DT4 D1

o
o

D3

|}
N
1%}
i
w
S}
1%}
(98)
g
N

L L) L W WD W W) L)W LW LW WL R ER DR D WWLWERNNNE— = -
S RV BN CS IR VSR UC R UV R UC R UV R U B U R O R O R U R N R O R O R o e s T R S R O R O
i S RV BN CS IR VSR UC R UV R UC R UV R U B U B U R O R U O R O R O R o e S T R S R O R O ey

NN W W BB e e LW W W W WL R DR R R LWL LWWERNNRN =

1 1
1 1
1 1
1 1
2 2
2 2
2 2
2 1
3 3
3 3
3 3
3 3
4 4
4 4
4 4
3 4
3 4
3 4
3 3
3 4
3 4
3 3
3 3
3 3
3 3
3 3
3 3
3 3
3 3
3 3
3 3
3 3
4 3
4 3
4 4
4 4
5 7
3. 9.

4 4
# Error 11 11
% Error 30.6 13.9 30.6 16.7 19.4

BB W WL LW WWWWWWWWWHERDRWRERERDREDREPRDBRWWLWLW=DNNDDND = - ——

7

19.4 1

WL L) W LW W W W WL WWWWERDRWWWRERDRDRWLLLWLWNDNNN == ——
LW LW W W W WE—E = = LW WWWWWwWwowahouwhRWWWRNNLN————

(=}

8
2 22.2

DD 00 W0 W) W) W M W) W W) — = = = LW WA DLW WWWLWERLERNWLWWIRENDNN = = ——

[39)
[SS]
DD 00 L0 W) W) W B W) L L) — = = = L0 L W W W0 W W W R L RN WL WRN NN = e

O O W W W W WL WL WL W WL W WL R DR DR DR LWLLWWERDNNRN = -

1
1
1
1
2
2
2
1
3
3
3
3
4
4
4
4
4
4
3
4
4
3
3
3
3
3
3
3
3
3
3
3
3
3
4
4
7
9.

4 0.0

[SS]

.0

* Explanation: Each number in the columns represent a predicted class. Code ““1”" represents E. timidum, code ““2”° represents E. infirmum, code

““3” represents E. exiguum, and code “4” is E. tardum. DT = detrended, D = first derivative, S = 25 PCA scores,

= univariate CART, 2 =

multivariate CART (mix of uni- and multivariate rules) by Breiman, 3 = OCI1 rule induction (mix of uni- and multivariate rules), 4 = FuRES.
A1l calibrations are performed with leave-one-out cross-validation before prediction on unknown validation set. Pruned decision trees were used

here.
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TABLE III. Class predictions from unpruned trees.
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““3” represents E. exiguum, and code ““4” is E. tardum. DT = detrended, D = first derivative, S = 25 PCA scores, | = univariate CART, 2 =
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included since it does not allow for an unpruned option in the program used. All calibrations are performed with leave-one-out cross-validation
before prediction on unknown validation set. Unpruned decision trees were used here. Note that for some of the columns the pruned and unpruned

tree are identical.

E.tardum

F1G. 4. Tllustration of the FuRES classification tree for analysis of the
detrended and differentiated spectra. The three multivariate rules re-
ferred to here as Rules 1, 2, and 3 are shown in Fig. 5. We see that
Rule 1 separates E. timidum from the three other species; Rule 2 sep-
arates out E. infirmum from E. tardum and E. exigum; Rule 3 distin-
guishes between E. tardum and E. exigum.
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has a peak around 1200 c¢cm ™! that is larger than the two
other rules. Rule 3 distinguishes between E. tardum and
E. exigum and has a feature in the region 860-1050 ¢m !
that is more prominent than in the two other rules.

It is important to realize that the two multivariate
CART methods do not always use multivariate rules in
their decision trees. A univariate rule is chosen if it is
better. We have also frequently observed (unpublished
results) that the multivariate rules in Breiman’s and OC1
CART methods are very much dominanted by one vari-
able; making them effectively univariate models.

For most CART methods in the OC1 program, the un-
pruned trees have significantly better prediction error
than the pruned trees (see Table III). Since the FuRES
available to us does not allow such an option, it is not
included in the table. The most drastic improvement in
prediction error can be seen in the detrended data set. For
univariate CART and the OC1 CART, the prediction error
drops by 11.2% with the use of the unpruned trees on
the unseen validation set. For the differentiated spectra,
the prediction error drops 8.3%. For the PCA scores rep-
resentation there is no change in the prediction error be-
tween pruned and unpruned trees.
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spectra. Please see text for interpretation of these plots.

The pruning algorithm used in the OC1 program is
based on a leave-one-out cross-validation approach that
tends to create conservative models; that is to say, the
algorithm penalizes large trees and hence is biased to-
wards choosing smaller trees with few branches. Such
small trees often have less than optimal prediction ability,
and in this instance may explain why the unpruned trees
give better prediction results than the pruned trees.

The most important variables selected by the CART,
Breiman CART, and OC1 methods applied to the detrend-

1302-1141 < 0.327

3506-3383 < 0.392 3756-3475 < 0.0965

Eubacterium
exiguum

Eubacterium
tardum

Eubacterium
timidum

Eubacterium
infirmum

FiG. 6.

The decision tree for univariate CART on B-spline coefficients.
The most important B-spline functions correspond to coefficients cov-
ering variable regions in the original variable domain (882 variables).
Bold numbers indicate the wavenumber domains selected by the rule
induction methods.

2400

1800 1200 600

-1

cm

The three FURES rules (which are referred to as Rules 1, 2, and 3 in the previous figure) from the analysis of the detrended and differentiated

ed data set were wavenumbers 1225, 3440, and 3595
cm~'. Similarly, the methods selected wavenumbers 947,
3614, and 3174 cm ! for the differentiated and detrended
data set. In Fig. 1 we have plotted the mean spectra for
each of the four classes together with the three most sig-
nificant wavenumbers found from analysis of the detrend-
ed data set. Using a visual inspection of the four mean
vectors, we find it difficult to detect features that are se-
lective for some of the classes. In Fig. 3 we present the
mean differentiated spectra for the four classes together
with the three most important variables depicted as ver-
tical bars. Again, visual inspection does not give any
clear indication of any class-dependent features in the
differentiated spectra.

B-splines. Since smooth curves are analyzed, the vari-
ables are highly correlated; consequently regions, rather
than individual variables, will be important for the clas-
sification of the four classes. In order to analyze this as-
pect further, a B-spline analysis of the data set was per-
formed where compressed B-spline coefficients were
used instead of the original 882 variables. Seventy-nine
regions were selected by the maximum entropy method
used for finding good knot distributions.** The maximum
local polynomial degree was set to 4. The data set con-
taining 79 rather than 882 variables was subjected to the
same rule induction algorithms as mentioned above, and
the results were compared (pruned results used here). It
was found that for the univariate and the OC1 CART
methods (see Fig. 6) a 16.7% prediction error was
achieved compared to a 30.6% prediction error with the
use of the original 882 variables. No improvement was
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A comparison of the results from using B-spline compression and detrended data in the original domain (882 variables). The compressed

data set contains 79 variables where B-spline coefficients 6 (3756-3475 ¢cm ~'), 9 (3506-3383 c¢cm™'), and 65 (1302-1141 cm™') were found to be
important. Each B-spline coefficient is associated with a B-spline function in the original domain, and we have here plotted the three B-spline basis
functions together with the three most important variables determined from analysis of the data set in the original domain. Note that the B-spline
coefficient representation decreases the prediction error for the three CART methods.

achieved for the multivariate CART (Breiman’s version).
This observation suggests that numerous variables con-
tain the same information and that a ““pooling’” procedure
such as B-spline will sometimes be advantageous.*® The
CART methods applied to the B-spline representation se-
lected the coefficients 6, 9, and 65 as the most important.
Since each coefficient corresponds to a B-spline function
over a finite region (compactly supported), those func-
tions were highlighted and plotted with a representative
detrended spectrum in the original data representation
(882 variables) (see Fig. 7). Note that coefficient 6 covers
spectral region 3756-3475 cm ™', coefficient 9 covers
3506-3383 cm !, and coefficient 65 covers 1302-1141
cm~!'. The three most important variables found by the
CART methods applied directly on the original detrended
data domain are included as vertical bars. It is observed
that these variables are almost located in the middle of
all the B-spline function regions.

Often a compression approach in the analysis of very
correlated variables produces adequate univariate rather
than multivariate CART models. This approach is always
desirable because of the superior interpretational advan-
tages provided by the method.

The correlation between the variables in the original
data domain is reduced in the B-spline coefficients. In a
“perfect” compression, we would not expect any corre-
lation between the variables.

Optimal Number of PC Scores. We have previously
used PCA as a data compression method prior to ANN
analysis of both pyrolysis mass spectra and infrared data
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and have effected the successful identification and quan-
tifaction of (micro) biological systems.5*°=>! In the present
study the first 25 PC scores were used to capture most
of the information available in the differentiated data set.
In order to assess the minimum number of PC scores
required for this data set to obtain optimal prediction for
the various methods we used between 1 and 25 PCA
scores vectors sequentially as input data to the four rule
induction techniques. The results of this analysis are
shown in Table IV. For the FURES method it was seen
that using more than the first four PC scores gives perfect
prediction. The OC1 multivariate rule induction method
has zero prediction error using five PCs, but the predic-
tion error increases for higher factors (overfitting). Nei-
ther the wunivariate nor the multivariate (Breiman’s)
CART ever gave perfect predictions, and the prediction
error was always 22.2% when more than five PCs scores
were used.

The main reason why interpretation of PC scores is
difficult is that each score variable is based on a projec-
tion onto linear combinations of the original variables.
Even though each score variable explains the maximum
variance direction, the new factors may not be easy to
interpret.

CONCLUSION

Figure 2 shows that, when the full FT-IR spectra were
analyzed by DFA, four distinct groups could be seen, one
for each of the Eubacterium species; moreover the five



TABLE IV. PCA factors and prediction errors from each of the
rule induction techniques on the differentiated data.

Explained PCA

Scores CART Breiman OCl1 FuRES variance (%)
2 38.9 38.9 38.9 38.9 61.9
3 38.9 38.9 38.9 25.0 74.0
4 30.6 30.6 8.3 2.8 83.0
5 22.2 22.2 0.0 0.0 88.5
6 22.2 22.2 8.3 0.0 91.0
7 22.2 22.2 5.6 0.0 92.6
8 22.2 22.2 5.6 0.0 93.9
9 22.2 22.2 19.4 0.0 94.9

10 22.2 22.2 30.6 0.0 95.4
11 22.2 22.2 8.3 0.0 95.9
12 22.2 22.2 27.8 0.0 96.3
13 22.2 22.2 25.0 0.0 96.7
14 22.2 22.2 25.0 0.0 96.9
15 22.2 22.2 27.8 0.0 97.2
16 22.2 22.2 27.8 0.0 97.3
17 22.2 22.2 22.2 0.0 97.5
18 22.2 22.2 333 0.0 97.7
19 22.2 22.2 13.9 0.0 97.8
20 22.2 22.2 36.1 0.0 98.0
21 22.2 22.2 19.4 0.0 98.1
22 22.2 22.2 25.0 0.0 98.2
23 22.2 22.2 22.2 0.0 98.3
24 22.2 22.2 22.2 0.0 98.4
25 22.2 22.2 22.2 0.0 98.4

* This table shows how the four different rule induction methods per-
form using different numbers of scores vectors. The percentage error
values are given in the table. Here the number of scores vectors is
varied from 2 to 25. Note that five PCA scores would have been
sufficient for perfect prediction both for the FURES and the OC1 meth-
ods. Whereas the OCI method is unstable for more than five scores,
the FURES has zero prediction error for the same region. Both uni-
variate CART and the multivariate CART (Breiman’s version) have
22.2% prediction error after five PCA scores vectors.

clinical isolates clustered with E. exiguum—a result
found in an earlier study.’

We have previously exploited ANNs for the identifi-
cation of these eubacteria from their PyMS;> however, in
that study the information in terms of which masses in
the mass spectrum are important was not readily avail-
able, and ANNs are often perceived as a ‘“‘black box”
approach to modeling spectra.

In this study, using FT-IR, the most important variables
selected by the rule induction methods were the wave-
numbers 947, 1225, 3174, 3440, 3595, and 3614 cm™!
(see Table V). It is very significant that each of the rule

TABLE V. Summary of rules.*

induction techniques highlighted a low number of similar
wavenumbers that were predominantly important in sep-
arating the four Eubacterium species because it could
now allow the deconvolution in terms of what
(bio)chemical information is different in each of the bac-
teria and thereby could allow specific characteristic bio-
chemical markers to be developed for each of the eubac-
teria.

A database search using IR Mentor Pro (Bio-Rad Lab-
oratories, Sadtler Division) based on condensed-phase
compounds in the mid-IR region (4000-400 cm™") com-
piled from Ref. 52 for these six wavenumber regions pro-
duced the following suggestions for the functional
groups:

® 947 cm ' is a likely vibration from aromatic C—H, car-
boxylic acid (O-H), ethers (C-O-C), or phosphorus
(P-CH,).

® 1225 cm ! could originate from the vibrations of many
groups, and, most commonly, alcohols (C-0), alkanes
(C-C), amides (CHN and C-N), aromatic C-H, car-
boxylic acid (O-H), carbonates (O-C-0), esters (C—
0), ethers (C-O-C), imides (C-N), phosphorus (P-O—
Ph), and P=N.

® 3440 cm ' and 3174 cm ™! may be from secondary am-
ide (C-N) or from urea (NH,) vibrations.

® 3614 cm ™! and 3595 cm ™! are vibrations from a region
dominated by water vapor and hydrogen bond effects.
By inspecting the raw spectra for each of the classes,
it was possible to detect a correlation between the
slope of the start of this peak region and the class
membership. We suggest that this is the primary reason
why the rule induction methods select these variables,
although no reason for this phenomenon is evident to
us.

From the above list it is obvious that no single bio-
chemical species vibrates uniquely at each of the wave-
number regions selected. This is to be suspected since it
is known that the IR spectra of very complex mixtures
contain the vibrations of many materials superimposed
on one another. Since the samples under analysis in this
study are bacteria and these are known to contain, among
many other things, DNA and RNA, proteins, carbohy-
drates, and lipids, the problem of exact peak assignment
is immense.

Data set-Method Class 1: E. timidum

Class 2: E. infirmum

Class 3: E. exiguum Class 4: E. tardum

detrend—-CART If 1225 < 0.265 AND 3440

> 0.3915 < 0.3915

detrend—Breiman
AND 3440 > 0.3915

If 1225 < 0.265 AND 3440
> 0.3915

If 947 < —0.0135 AND
3614 > 0.0075

If 947 < —0.0135 AND
3614 > 0.0075

If 947 < —0.0135 AND
3614 > 0.0075

detrend-OC1
< 0.3915
diff-CART

diff-Breiman

diff-OC1

If 1225 < 0.265 AND 3440

If 947 > —0.0135 AND
3174 < —0.0045

If 947 > —0.0135 AND
3174 < —0.0045

If 947 > —0.0135 AND
3174 < —0.0045

If 1225 > 0.265 AND 3595
> 0.0545

If 1225 > 0.265 AND 3595
< 0.0545

If mult(1225;1696) < 0.1723 If mult(1225;1696) < 0.1723 If mult(1225;1696) > 0.1723 If mult(1225;1696) > 0.1723
AND 3440 < 0.3915
If 1225 < 0.265 AND 3440

AND 3595 > 0.0545

If 1225 > 0.265 AND 3595
> 0.0545

If 947 < —0.0135 AND
3614 < 0.0075

If 947 < —0.0135 AND
3614 < 0.0075

If 947 < —0.0135 AND
3614 < 0.0075

AND 3595 < 0.0545

If 1225 > 0.265 AND 3595
< 0.0545

If 947 > —0.0135 AND
3174 > —0.0045

If 947 > —0.0135 AND
3174 > —0.0045

If 947 > —0.0135 AND
3174 > —0.0045

* This table summarizes the different rules obtained from the three different CART methods. The bold numbers correspond to the intensities observed
at the selected wavenumbers (3614, 3595, 3440, 3174, 1225, and 947 cm '). diff indicates the first-order differentiated spectra. CART indicates
the univariate method, Breiman is the multivariate CART suggested by Breiman, and OC1 is the multivariate CART methods included in the
OCI1 package. Mult(x,y) indicates a multivariate rule with two very dominating variables x and vy.
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Although, in this instance, the deconvolution of these
spectra, in terms of which were the characteristic bio-
chemical species, was not possible, these methods have
provided significant data reduction. The original spectra
contain 882 variables (wavenumbers) that can be reduced
by univariate CART to three variables. While multivar-
iate rule induction is more difficult to interpret, particu-
larly for FURES, Breiman’s multivariate rules were dom-
inated by only four variables.

The reason why univariate methods did worse than the
multivariate methods is probably because of the strong
correlations between the variables (wavenumbers). This
supposition was confirmed by the results from analyses
using the B-spline representation. It was observed that
the univariate rule induction prediction error was signif-
icantly reduced. The reason for this result is that each
compressed variable has very little correlation and more
““explanatory power’ than the original variables.

In conclusion, this is the first study that has shown that
rule induction techniques can be applied successfully to
the accurate identification of bacteria by analysis of their
FT-IR spectra. Unlike DFA and ANNSs, these regression
tree methods have the additional benefit of enabling the
deconvolution of the IR spectra in terms of which wave-
numbers were characteristic for each of the bacterial spe-
cies studied.
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