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Strains represen tative o f fou r Eu bacterium species w ere an alyzed

by u sin g d iffuse re¯ ectan ce-absorbance F ourier transform infrared

spectroscopy. To iden tify im portan t w avenu m b er reg ions for the

classi ® cation of th ese 22 bacterial isolates, w e invest igated three ru le

induction m ethod s an d variou s spectral preprocessin g regim es. In

th is stu dy both univariate and m ultivariate classi ® cation and re-

gression trees (CA R T) m ethod s and the fuzzy m ultivariate rule-

bu ilding expert system (F uR ES ) m eth od w ere exploited . It w as

found that the F uR ES m ethod w as sup erior in term s of p red iction ,

w hereas the rules prop osed b y the univariate CA R T m ethod w ere

easier to interpret in term s of w hich w avenu m b ers in th e IR spectra

w ere im p ortan t for b acterial class separation. S caled an d detrend ed

F T-IR spectra and ® rst-o rder nu m erical d ifferen tia tion preprocess-

ing steps w ere necessary to obtain optim al classi ® cation m od els.

F inally, a redu ction in th e classi ® cation error for the CA R T-based

m ethod s w as observed by analyzing the com pressed B-sp line coef-

® c ien ts rather th an the original spectra representation . The spectral

in terpreta tion of these rules is in agreem ent w ith ana lyses using th e

un com p ressed representation .

Index H eading s: Eubacteriu m ; R u le ind uction; Fu zzy rule indu ction ;

CA R T; D iscrim inan t function an alysis; In frared sp ectroscopy.

IN TR O D U C TIO N

T he oral asaccharo ly tic E ubacterium species are a di-

verse g roup of o rganism s that are im p licated in perio-

don titis, endodontic infections, and den toalveo lar ab -

scesses. 1 ,2 T hey are slow -g row ing and dif ® cu lt to iden tify

by conven tional m eans. T he num ber o f docum ented spe-

cies con tinues to increase, 1,3,4 and in a recen t study 5 w e

used pyrolysis m ass spectroscopy (P yM S ) to con ® rm the

taxonom ic position o f the th ree new ly described species

E . exiguum , E . in ® rm um , and E . tardum .

T he ideal m ethod for rap id and accu rate iden ti ® cation

o f m icro-o rgan ism s, particu lar ly in the clin ical labora-

tor y, w ou ld have m in im um sam ple p reparation, w ou ld

analyze sam ples directly, and w ould be rap id , au tom ated ,

accurate, and (at least relatively) inexpensive. 6 W ith re-

cent developm en ts in analy tical instrum entation , these re-

quirem en ts are being fu l ® lled by physicochem ical spec-

tro scopic m ethods, o f ten referred to as ``w ho le-o rgan ism

® ngerp rinting .’ ’ 7 T he m ost com m on m ethods are pyrol-

ysis m ass spectrom etr y, 6 Fourier transfo rm in frared spec-

tro scopy (F T-IR),8±11 and R am an spectroscopy. 12±14

F T-IR allow s the chem ically based d iscrim ination o f
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intact m icrobial cells, w ithou t their destruction, and pro-

duces com plex biochem ical ® ngerprints that are repro -

ducib le and d istinct fo r differen t bacter ia. N aum ann and

co-w orkers9 ,1 0 have show n that FT-IR absorbance spec-

tro scopy (in the m id-IR range, usually de ® n ed as 4000 ±

400 cm 2 1) provides a pow erful too l w ith su f ® c ient re-

so lving pow er to distingu ish m icrob ial cells at the strain

level. H ow ever, the in terp retation of the FT-IR spectra

has conven tionally been by the app lication of unsuper-

v ised pattern recogn ition m ethods o f co rrespondence

analysis m aps and cluster analysis, 11 w hich can often give

rise to sub jective in terp retation o f com plicated scatter

p lo ts and dendrogram s.

M ore recen tly, various related bu t m uch m ore pow erful

chem om etric m ethods have been app lied to the ``super-

v ised ’ ’ analysis o f FT-IR data. F or exam ple, G oodacre

and colleagues 8 have used d iffuse re¯ ectance-abso rbance

F T- IR sp e c t ro sc o p y an d a r t i ® c i a l n e u r a l n e tw o rk s

(A N N s) to successfu lly iden tify clinical iso lates o f E n-

terococcus faecalis, E . faecium , Strep tococcus bovis, S .

m itis, S . pneum on iae, or S . pyogenes ; and in a m ore re-

cent study w e have also been ab le to use A N N s and rad ial

basis function neural netw orks to identify bacterial iso-

lates associated w ith u rinar y tract in fection from their F T-

IR spectra.15 H ow ever, although chem om etric m ethods

based on arti ® cia l in telligence have been show n to be

effective tools fo r m icrob ial iden ti ® cation and d iscrim i-

nation from F T-IR data, the in form ation in term s of

w hich w avenum bers in the IR spectrum are im portan t is

not read ily availab le, and A N N s are often perceived as a

``b lack box’ ’ approach to m odeling spectra.

In a prev ious study w e have used rule induction to

so lve classi ® cation p rob lem s by using hyperspectral data

from pyrolysis m ass spectrom etr y.16 T his study allow ed

at least som e ind ication o f w h ich m asses ( m /z values;

m ass- to -charge ratio ) w ere im portan t in the d iscrim ina-

tion o f three differen t m ilks17 and fo r detection o f the

adulteration o f ex tra virgin olive o il w ith low er g rade

o ils.18 ,19

T he aim of th is study w as to exp loit ru le induction

m ethods to deconvo lu te the in frared spectra of strain s

p rev iously iden ti ® ed by polyphasic phenotyp ic and ge-

notyp ic phy logenetic analyses as one of four E ubacter-

ium species . To be con ® den t in the ``ru les’ ’ or ``trees’ ’

p roduced by these induction m ethods, w e used an inde-

penden t test set o f each of the fou r species along w ith
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TA BLE I. D escription of b acterial strains u sed in this stud y. a

Identi ® er Species/group Strain num ber

Training or

test set

Ta

T b

Tc

T d

E. tim idium AT CC 33093 T

W 557

W 690

W 2847

Train ing

Train ing

Train ing

Test

1a

1b

1c

1d

E. in ® rm um N CTC 12940T

W 687

W 1475

W 1470

Train ing

Train ing

Train ing

Test

2a

2b

2c

2d

E. exiguum SC142

SC108

W 1365

W 733

Train ing

Train ing

Train ing

Test

N a

N b

N c

N d

N e

E. tardum SC68

SC88P

SC41B

SC37

N CTC 12941T

Train ing

Train ing

Train ing

Train ing

Test

H a

H b

H c

H d

H e

C linical isolates SBH 463

SBH 481

SBH 462

SBH 403

SBH 477

Test

Test

Test

Test

Test

a G roup of 22 E ubacterium strains analyzed by FT-IR.

F IG . 1 . This ® gure show s the m ean spectrum (of the detrended data)

for each of the four Eubacterium classes. T he three m ost im portan t

variables found by the CA RT m ethods are added as vertical bars.

® v e clinical iso lates that had been recen tly iden ti ® ed as

E . exiguum .5

EX P E R IM EN T A L

S am ple P rep aration . D etails of the o rgan ism s are g iv -

en in Tab le I . S train s w ere cu ltu red on Fastidious A naer-

obe agar (L ab M , B ur y, U .K .) p lus 5% sheep b lood and

incubated anaerob ically in an atm osphere o f 80% N 2,

10% CO 2 , and 10% H 2 fo r 72 h . T he bacter ia w ere har-

vested w ith a nich rom e w ire loop and suspended in phys-

io logical saline (0 .9% N aC l) to approx im ately 20 m g

m L 2 1 .

D iffuse R e¯ ectance-A b sorb ance F ou rier Transform
Infrared S pectroscopy . Ten m icro liter aliquots of the

above bacterial suspensions w ere even ly applied onto a

sandb lasted alum inum plate. P rior to analysis, the sam -

ples w ere oven-dried at 50 8 C for 30 m in. S am ples w ere

run in triplicate. T he FT-IR instrum ent used w as the Bru -

ker IFS 28 FT-IR spectrom eter (B ruker Spectrosp in L td .,

Banner L ane, C oven try, U .K .) equ ipped w ith an M C T

(m ercu r y-cadm ium -tellur ide) detector coo led w ith liqu id

N 2 . T he alum inum plate w as then loaded onto the m o-

to r ized stage o f a re¯ ectance T L C accessor y. 20 ±24 T he

background spectrum w as reco rded from an em pty w ell.

T he IBM -com patib le PC used to con trol the IF S 28 w as

also prog ram m ed (using O P U S version 2 .1 softw are run -

ning under IB M O /S2 Warp prov ided by the m anufac-

tu rers) to co llect spectra over the w avenum ber range

4000 to 600 cm 2 1. S pectra w ere acqu ired at a rate of 20

s 2 1. T he spectral reso lu tion used w as 4 cm 2 1. In an effor t

to im prove the signal- to-noise ratio, 256 spectra w ere co-

added and averaged . E ach sam ple w as thus rep resen ted

by a spectrum con tain ing 882 poin ts (set by the dig iti-

zation in ter val o f the IR instrum ent) , and spectra w ere

disp layed in term s of abso rbance as calcu lated from the

re¯ ectance-abso rbance spectra by using the O pus so ft-

w are. T he sam ples w ere app lied to a 20 3 20 array o f

w ells on a sandblasted alum inum plate. F ull details abou t

the preparation and the alum inum plates can be found in

the w ork of Winson and co-w orkers.24 Typical FT-IR spec-

tra of the four E ubacterium species are show n in F ig. 1 .

P rep rocessing of F T -IR D ata . B efore analysis it w as

necessar y to perform a set o f p rep rocessing steps on the

raw data sets: (1 ) R eg ions in the spectra that are dom i-

nated by C O 2 (2403 .21±2272 .06 cm 2 1 and 682.77±655 .77

cm 2 1) w ere ® ltered ou t to fo llow the spectral trend of

neighboring data po ints (although the con tr ibu tion to C O 2

in th is data set w as hard ly detectable in these reg ions).

(2 ) N ex t the spectra w ere norm alized so that the sm allest

abso rbance w as set to 0 and the highest to 1 1 for each

spectrum . (3) I t w as also necessar y to per fo rm a detrend

operation w ith a linear function increasing from 4000

cm 2 1 to 600 cm 2 1 .8,2 5 (4 ) F inally, it w as necessary to re-

m ove baseline effects; there are several w ays of do ing

th is, and w e used the ® rst-o rder num erical differen tiation

to each of the spectra using a S avitsky±G olay ® lter. 26

F rom each of the fou r ``know n ’ ’ species, one of the

sam ples ( in trip licate) w as reser ved to fo rm a test set

(details are g iven in Tab le I); in add ition all those spectra

from the clin ical bacter ial iso lates [(H a±H e; the SB H

strain num bers (Table I)] w ere also used in the ``un -

know n ’ ’ test set. T he rem ain ing sam ples w ere used as

training data fo r the various ru le induction m ethods.

D ata A nalysis. R ule Induction M ethods. R ule induc-

tion attem pts to partition the space of sam ple ob jects into

reg ions o f sing le class m em bersh ips. 27 T he data set is

recursively sp lit in to sm aller subsets w here each subset

con tains ob jects belonging to as few differen t classes as

possib le. T he ``pu rity ’ ’ o f a subset ( i.e., the d istr ibu tion

am ong the classes o f the ob jects w ith in the set) is of ten

m easu red by using the concept of en tropy. 28 F or each

subset there are fractions or probabilities P 5 [p 1, p 2, . . . ,

p J] , of the objects belonging to the J different classes.

T he en tropy of P

J

H (P ) 5 2 p log (p ) (1)O i i
i 5 1
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has properties in accordance w ith our in tuitive under-

stand ing of ``im purity ’ ’ : H m in(P ) 5 0 and H m ax(P ) 5
log 2(J) w hen P i 5 1 /J. T hus, ensu ring the highest pu rity

in a subset corresponds to m inim izing H (P ) by selecting

an op tim al partition ing.

T here are tw o m ajo r strateg ies fo r ® nd ing the best ob-

ject par ition ing , w h ich in general are descr ibed as uni-

varia te and m ultivaria te ru le induction . In un ivariate rule

induction , the single variable x i at each recu rsion step is

found that gives rise to the purest subsets ( i.e ., those that

have m in im um en tropy) . In univariate rule induction , a

sp lit or a partition ing of the inpu t featu re space can be

form ulated as a question such as ``Is x i , c ? ’ ’ w here c

is som e value chosen from the ® n ite set of values variab le

x i has am ong the N calib ration objects. A ll the ob jects

that satisfy the question are g rouped into one subset and

those that do no t in to ano ther. It shou ld be em phasized

that the rule induction m ethods described here operate on

real valued variab les on ly. It is also possib le to use the

sam e ru le induction m ethodo logy on variab les that have

a ® n ite set o f values; see, fo r exam ple, Q u in lan ’ s C 4.5

m ethod.29

In m ultivariate ru le induction , a partition o f the inpu t

featu re space is found that depends on a linear (o r non-

linear) com bination of all the variab les instead of ju st one

variab le. In this article w e w ill consider only linear com -

b inations o f the o rig inal var iab les.

A m ultivar iate rule induction partition ing can thus be

form ulated as the fo llow ing type of question: ``Is

n

w x # c ? ’ ’ .O j j
j 5 1

T his ty pe o f parti tion in g of th e data space is part icu la r ly

usefu l i f the re are any co l inea r ities be tw een the vari-

ab les. O u r aim now is no t to ® n d the sing le best var iab le,

bu t to ® nd an a rb itrar y d irection in the m ult ivar iate

sp ace rep resen ted by the vecto r w w hich best sepa rates

the da ta se t in to subse ts that hav e m ax im u m pu rity. T he

ob ject vecto rs sto red as row s in the m a tr ix X are p ro -

jec ted on to w :

t 5 X w /(w Tw ) 2 b (2 )

w here b is a bias (scalar) and t is a sco re vecto r w here

the sign of each score determ ines w hether that object is

to be classi ® ed as class 1 (``yes’ ’ ) or 2 (``no ’ ’ ) . T his is

sim ilar to the parad igm used in the m ultivar iate ru le

build ing expert system (M uR E S ) approach by H arr ing-

ton ,30 the oblique ru le induction by M urthy et al.,31 and

the linear m ach ine decision trees by U tgoff and col-

leagues.32±34 T he fuzzy m ultivariate ru le-bu ild ing expert

system (FuR E S )35 approach is a m od i ® cation o f the

M uR E S algorithm w here the cen tral change is in intro-

ducing fu zzy set theory 36 in the hand ling of object class

m em bersh ips. A s can be seen from the pro jections on to

w , it m ay be d if ® cu lt to say on w hich side o f the hyper-

p lane an object really is located . W hen an ob ject can be

on one side (m em bersh ip value 5 1) o r the o ther (m em -

bersh ip value 5 0) of the hyperp lane on ly, w e refer to

this as crisp classi ® ca tion. To describe in term ed iate po -

sitions relative to the hyperp lane fuzzy sets is ideal since

they allow the degree o f position to be described by a

continuous value betw een 0 and 1. C onsequently, an ob-

ject m ay ex ist on bo th sides o f the hyperp lane because

the p lane itself is fuzzy. To ob tain a ``fuzziness’ ’ in the

object position relative to w , one can also use a logistic
function on the sco re value t i.

35 ,37

T he use of the log istic (sigm oid ) function m akes

F uR E S analogous to the feed for w ard m ultilayer percep -

tron architectu re com m only associated w ith ar ti ® c ial neu-

ral netw orks and is thus som etim es referred to as a m in-

im a l neura l netw ork (M N N ).37 B oth F uRE S and A N N s

can produce non linear decision su rfaces. H ow ever, they

d iffer in that FuR E S partitions the row space o f the input

train ing data m atrix and A N N s partition the co lum n

space.

F o r un ivariate and m ultivariate classi ® cation and re-

g ression trees (C A RT ) w e used the O C 1 program 31 (D e-

partm en t o f C om puter Science, Johns H opk ins U niver-

sity, Baltim ore, M D ). T he FuR E S program w as kindly

p rov ided by Prof . Peter de B. H arr ing ton. Bo th p rog ram s

run under W indow s N T 4 .0 .

D iscrim inan t F unction A na lysis (D F A ). D iscrim inant

function analysis [(also referred to as canonical var iates

analysis (C VA )] is a m ultivariate statistical techn ique that

separates ob jects (sam ples) into g roups o r classes by m in -

im izing the w ithin -group variance and m axim izing the

betw een-g roup variance.38±40

T he general p rincip le o f D FA is sim ilar to that o f p rin-

cipal com ponents analysis (P CA ), bu t the ob jective o f

D FA is to ® nd laten t var iables that m axim ize the ratio of

the betw een-group to w ith in -group variance, rather than

m ax im izing the to tal var iance. To ® nd the discr im inan t

functions (D F s) direction , the w ith in -sam ple m atrix o f

sum s of squares and cross p roducts, W , and the to tal

sam ple m atrix of sum s of squares and cross products, T ,

are ® r st com pu ted . T he betw een-g roup m atr ix is com -

puted as B 5 T 2 W , and the eigenvecto rs o f W 2 1B
co rrespond to the C V s on to w hich our data ob jects w ere

p ro jected .38,4 1

In the D FA used here, PC A w as ® rst u sed to reduce

the d im ensionality of the data by using on ly the A ® r st

p rincipal com ponents (P C s). T he rem ain ing P C s are usu -

ally due to random ``noise ’ ’ in the data42 and can be ig-

nored w ithou t reducing the am oun t o f useful info rm ation

representing the data. T he D FA algorithm used here w as

im plem en ted in M AT L A B (T he M athWorks, N atick ,

M A ).

B -sp lines. B -sp lines 43 is a pow erfu l m ethod fo r com -

pressing sm oo th cu rves and sur faces. I t has also been

show n to be effective in the com pression of spectral pro -

® les.44 ±46 B-sp lines rep resen t cu r ves as a linear com bi-

nation o f a set o f bell-shaped basis functions. T he shape

and position of these basis functions are determ ined by

a set o f kno ts. F o r a one-d im ensional (1D ) B -spline, a set

o f kno ts co rresponds to po in ts along the abscissa. If the

num ber o f kno ts is q and the local polynom ial degree is

k, then w e have n 5 q 2 k 2 l d ifferen t B -spline basis

functions. Fo r a g iven function f(x ) w e ® nd a set o f co -

ef ® c ients c j using least-squares ® tting so that

n

f (x) 5 c B (x) 1 Î (3 )O i i ,k
i 5 1

w here B j(x) is the jth B -sp line basis function , and Î is the

reconstruction erro r. T h is approach m eans that if the re-
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F IG . 2 . P lot of the ® rst tw o laten t var iables from the discrim inant function analysis. D ata poin ts are the averages for the rep licate sam ples, and

their identi ® ers are given in Table I .

construction erro r Î is satisfacto ry, f(x ) is com pletely de-

scribed by a kno t vecto r h and a coef ® c ien t vector c. T he

kno t vecto r is a nondecreasing sequence of position along

the abscissa:

h 0 # h 1 # . . . # h n 1 k

w here k is the m axim um degree o f any local po lynom ial.

T he B-sp line bases are recu rsively generated from the

inform ation in the kno t vecto r as fo llow s:

x 2 h h 1 xj j 1 k 1 1
B (x) 5 B (x) 1 B (x) (4)j,k j,k 2 1 j 1 1, k 2 1

h 2 h h 2 hj 1 k j j 1 k 1 1 j 1 1

j 5 0 , 6 1 , 6 2 , . . . k 5 1, 2 , 3 , . . . .

Fo r B i ,0(x) w e have

1 if h # x # hi i 1 1
B (x) 5 (5)i ,0 5 0 otherw ise.

To ob tain com pression of spectral pro ® les, it is necessar y

to use the sam e kno t d istribution fo r all spectra in the

data set. T h is cond ition is to ensu re com parab ility be-

tw een the bases and coef ® c ien ts in d ifferen t spectra. T he

in itial kno t d istribution is determ ined in this case by a

m ethod based on a m ax im um en tropy assum ption (see

Ref. 44 for m ore details) .

A fter B -sp line analysis, each spectrum is rep resen ted

by a coef ® c ien t vecto r c. T hese vecto rs are later sub jected

to analysis instead of the o rig inal (m ore redundan t) data

vecto rs.

R E S U L T S A N D D IS CU S SIO N

D F A . In o rder to perfo rm D FA on these data it w as

necessar y to ensure that the variab les w ere independen t.

W hen the num ber o f variables is larger than the num ber

of ob jects (w h ich is the case in alm ost all app lications

using w hole spectra p ro ® les) , the m atrix rank is m uch

low er than the total num ber o f variab les. O ne w ay to

ensu re a nonredundant variab le space is to per fo rm a

principal com ponen t analysis and use the resu lting sco res

vecto rs in the D FA analysisÐ a m ethod com m only used

fo r the analysis o f py ro lysis m ass spectra, 6 ,47 and m ore

recen tly fo r the analysis o f FT-IR data.8,2 5 B y pro jecting

on to the A ® rst p rincipal com ponents, one ob tains an ef-

® c ient com pression of the data set in to A co -o rdinates,

w here A is m uch less than the num ber o f objects. D FA

is a super vised m ethod, w h ich m eans that each feature

vecto r m ust be associated w ith a class m em bersh ip . In

th is study the object rep lica te in form a tion is u sed as

m em bership value and not the bacter ial type in form ation

associated w ith each ob ject.

S ince the num ber o f E ubacterium classes is fou r, w e

shou ld have a su f ® c ien t d iscrim ination of the objects by

using three d iscrim inan t function d irections, so that each

of the fou r classes is equ id istant from each in m ultidi-

m ensional space. T he resu lting D FA analysis o f these 22

E ubacterium isolates is show n in F ig . 2 w here class rep -

resen tatives o f each of the four classes ( E . exiguum , E .

in ® rm um , E . ta rdum , and E . tim idum ) are seen. M oreover,

as expected from our p rev ious m ass spectrom etr y stud -

ies,5 all the clinical isolates (SB H iso lates) g roup w ith E .
exiguum .2

C A R T an d F u R E S . A s is usually the case, the m ea-

sured infrared spectra are not alw ays suitab le fo r d irect

analysis. In order to account fo r any baseline effects and

unw anted artifacts due to C O 2 (w hich in th is experim en t

w ere m in im al), the prep rocessing reg im e of CO 2 rem oval,

fo llow ed by scaling and detrend ing the spectra, w as em -

ployed (as detailed above). In add ition, any residual base-

line disto rtions w ere rem oved by com pu ting the ® rst-o r-

der num erical d ifferen tiation .

T he data set w as rep resen ted to the ru le induction al-

go rithm s either as (1 ) detrended data, (2 ) the S av itsky±

G olay ® rst-o rder differen tiated spectra, o r (3) the P C A

scores o f the detrended and differen tiated spectra.

P CA w as included since it is an excellen t w ay of re-

ducing the h igh d im ensional data. In th is case the o rig inal

882 variables w ere com pressed to on ly 25 PC scores,
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F IG . 3 . T his ® gure is analogous to F ig. 1. H ere w e show the m ean

differen tiated sp ectra for the four classes together w ith the three m ost

signi ® cant w avenum bers used in the rule induction classi ® cation m od-

els.

TA BLE II. C lass p red ictions from pru ned trees. a

Correct D T 1 D T 2 D T3 D T 4 D 1 D 2 D 3 D 4 S 1 S 2 S3 S4

1

1

1

1

2

2

1

1

1

1

1

1

1

1

1

1

2

2

1

1

1

1

1

1

1

1

1

1

2

2

1

1

1

1

2

2

1

1

1

1

2

2

1

1

1

1

2

2

1

1

1

1

2

2

1

1

1

1

2

2

1

1

1

1

2

2

1

1

1

1

2

2

1

1

1

1

2

2

2

2

3

3

3

3

1

1

3

3

3

3

2

2

3

3

3

3

1

1

3

3

3

3

2

2

3

3

3

3

2

1

3

3

3

3

2

1

3

3

3

3

2

1

3

3

3

3

2

2

3

3

3

3

2

2

3

3

3

2

2

2

3

3

3

2

2

2

3

3

3

2

2

2

3

3

3

3

4

4

4

4

3

3

4

1

4

3

3

3

4

4

4

3

3

3

4

1

4

3

3

3

4

4

4

4

3

3

4

4

4

4

4

4

4

4

4

4

4

4

4

4

4

4

4

4

4

4

4

4

3

3

4

3

4

3

3

3

4

3

4

3

3

3

4

3

4

3

3

3

4

4

4

4

3

3

3

3

3

3

3

3

3

1

3

3

3

3

3

3

3

3

3

3

3

1

3

3

3

3

3

3

3

3

3

3

3

4

4

3

3

3

3

4

4

3

3

3

3

4

4

3

3

3

3

4

4

3

3

3

3

4

4

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

1

1

1

1

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

1

1

1

1

3

3

3

1

1

1

1

3

3

3

1

1

1

1

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

# Erro r

% E rror

3

4

4

1

4

11

30.6

3

4

4

4

4

5

13 .9

3

4

4

1

4

11

30 .6

3

4

4

3

3

6

16.7

3

3

3

4

4

7

19.4

3

3

3

4

4

7

19 .4

3

3

3

4

4

7

19.4

3

3

3

3

3

0

0.0

2

3

3

3

3

8

22 .2

2

3

3

3

3

8

22.2

2

3

3

3

3

8

22.2

3

3

3

3

3

0

0 .0

a Explanation: E ach num ber in the colum ns represent a p redicted class. Code ``1 ’ ’ rep resen ts E . tim idum , code ``2 ’ ’ represents E . in ® rm um , code

``3 ’ ’ represents E . exiguum , and code ``4 ’ ’ is E. ta rdum . D T 5 detrended, D 5 ® rst derivative, S 5 25 P CA scores, 1 5 univar iate CA RT, 2 5
m ultivariate CA RT (m ix of uni- and m ultivariate rules) by Breim an, 3 5 O C1 ru le induction (m ix of uni- and m ultivar iate rules), 4 5 FuRE S.

A ll calibrations are perform ed w ith leave-one-out cro ss-validation before prediction on unknow n validation set. Pruned decision trees w ere used

here.

w hich accoun ted fo r m ore than 99 .9% of the to tal vari-

ance in the detrended data set. Tw enty - ® v e p rincipal com -

ponen ts accounted fo r 98 .4% of the detrended and dif-

feren tiated data set.

F o r each of these three rep resen tations, four types o f

rule induction analyses w ere perform ed; the resu lts ob -

tained from pruned and unpruned trees are show n in Ta-

b le II and Tab le III, respectively. A ll the C A RT-based

m ethods perform better on the d ifferen tiated spectra than

on the 25 PC A scores. T he FuR E S m ethod app lied to

either the differentiated spectra or the P CA scores pro -

duced per fect pred ictions on the unseen validation set.

T he F uR E S classi ® cation tree fo r the analysis o f the d if-

feren tiated data set is show n in F ig . 4. T he pro ® les o f the

three ru les (R u les 1 ,2 , and 3) are show n in F ig . 5 . We

see that R u le 1 separates E . tim idum from the three o ther

species (F ig . 4 ). R ule 1 has a p ro ® le that is som ew hat

d ifferen t from the other rules (F ig . 5) . O ne characteristic

featu re is that reg ion 1800 ±4000 cm 2 1 , com pared to 600 ±

1800 cm 2 1, is sm aller than it is fo r the other ru les. B oth

R u le 2 and 3 have a m ore p rom inen t featu re in the region

2800 ±3000 cm 2 1 than does R ule 1 (F ig . 4 ) . R u le 2 sep -

arates ou t E . in ® rm um from E . tardum and E . exigum and
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TA BLE III. C lass p redictions from un prun ed trees.

Correct D T 1 D T2 D T 3 D 1 D 2 D 3 S1 S 2 S3

1

1

1

1

2

2

1

1

1

1

2

2

1

1

1

1

2

2

1

1

1

1

2

2

1

1

1

1

2

2

1

1

1

1

2

2

1

1

1

1

2

2

1

1

1

1

2

2

1

1

1

1

2

2

1

1

1

1

2

2

2

2

3

3

3

3

2

2

3

3

3

3

2

2

3

3

3

3

2

2

3

3

3

3

2

2

3

3

3

3

2

2

3

3

3

3

2

2

3

3

3

3

2

2

3

3

3

2

2

2

3

3

3

2

2

2

3

3

3

2

4

4

4

4

3

3

4

2

4

3

3

3

4

2

4

3

3

3

4

2

4

3

3

3

4

4

4

4

3

3

4

4

4

4

3

3

4

4

4

4

3

3

4

3

4

3

3

3

4

3

4

3

3

3

4

3

4

3

3

3

3

3

3

3

3

3

3

2

3

3

3

3

3

2

3

3

3

3

3

2

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

1

1

1

1

3

3

3

1

1

1

1

3

3

3

1

1

1

1

3

3

3

1

1

1

1

3

3

3

1

1

1

1

3

3

3

1

1

1

1

3

3

3

3

3

3

3

3

# E rror

% E rror

3

4

4

2

4

7

19.4

3

4

4

2

4

7

19 .4

3

4

4

2

4

7

19.4

3

3

3

3

3

4

11.1

3

3

3

3

3

4

11.1

3

3

3

3

3

4

11.1

2

3

3

3

3

8

22.2

2

3

3

3

3

8

22 .2

2

3

3

3

3

8

22.2

a E xplanation: E ach num ber in the colum ns represents a p redicted class. Code ``1 ’ ’ represents E. tim idum , code ``2 ’ ’ represents E . in ® rm um , code

``3 ’ ’ represents E. exiguum , and code ``4 ’ ’ is E . tardum . D T 5 detrended, D 5 ® rst derivative, S 5 25 PCA scores, 1 5 univariate CA RT, 2 5
m ultivariate CA RT (m ix of un i- and m ultivariate rules) by Breim an, 3 5 O C1 rule induction (m ix of uni- and m u ltivar iate rules) . F uRES is no t

included since it does not allow for an unpruned option in the prog ram used. A ll calibrations are perform ed w ith leave-one-out cross-validation

before p rediction on unknow n validation set. U npruned decision trees w ere used here. N o te that for som e of the colum ns the pruned and unpruned

tree are identical.

F IG . 4 . Il lust ration of the F uRES classi ® cation tree for analysis o f the

detrended and differentiated spectra. The three m u ltivar iate ru les re-

ferred to here as Rules 1, 2, and 3 are show n in F ig. 5. We see that

Ru le 1 separates E. tim idum f rom the three other species; Ru le 2 sep-

arates out E . in ® rm um f rom E . tard um and E . exigum ; Rule 3 distin -

guishes betw een E . tardum and E. exigum .

has a peak around 1200 cm 2 1 that is larger than the tw o

other rules. R u le 3 d istingu ishes betw een E . tardum and

E . exigum and has a featu re in the reg ion 860 ±1050 cm 2 1

that is m ore prom inent than in the tw o other rules.

I t is im portan t to realize that the tw o m ultivar iate
CA RT m ethods do no t alw ays use m ultivar iate ru les in

their decision trees. A un ivariate ru le is chosen if it is
better. We have also frequen tly obser ved (unpub lished

resu lts) that the m ultivar iate ru les in B reim an ’ s and O C 1

CA RT m ethods are ver y m uch dom inan ted by one vari-
able; m ak ing them effectively univariate m odels.

F or m ost C A RT m ethods in the O C 1 program , the un-
pruned trees have sign i ® can tly better p rediction error

than the p runed trees (see Tab le III) . S ince the F uRE S

available to us does not allow such an op tion , it is no t
included in the tab le. T he m ost d rastic im provem en t in

pred iction error can be seen in the detrended data set. F or
un ivariate C A RT and the O C 1 C A RT, the prediction erro r

drops by 11 .2% w ith the use o f the unpruned trees on
the unseen validation set. Fo r the d ifferen tiated spectra,
the p red iction error d rops 8 .3% . F or the PC A scores rep -
resen tation there is no change in the p red iction erro r be-

tw een pruned and unpruned trees.
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F IG . 5 . The three FuRES ru les (w hich are referred to as Rules 1, 2 , and 3 in the prev ious ® gure) from the analysis of the detrended and differentiated

spectra. P lease see text fo r in terpretation of these plots.

F IG . 6 . The decision tree for univariate CA RT on B-sp line coef ® cients.

T he m ost im portant B -sp line functions correspond to coef ® cients cov-

ering variable regions in the original variab le dom ain (882 variables) .

Bold num bers indicate the w avenum ber dom ains selected by the rule

induction m ethods.

T he prun ing algo rithm used in the O C 1 program is

based on a leave-one-out cross-validation approach that

tends to create conser vative m odels; that is to say, the

algo rithm penalizes large trees and hence is biased to -

w ards choosing sm aller trees w ith few branches. Such

sm all trees o ften have less than op tim al prediction ab ility,

and in th is in stance m ay exp lain w hy the unpruned trees

g ive better prediction results than the p runed trees.

T he m ost im portan t var iables selected by the C A RT,

B reim an CA RT, and O C 1 m ethods app lied to the detrend-

ed data set w ere w avenum bers 1225, 3440 , and 3595

cm 2 1 . S im ilar ly, the m ethods selected w avenum bers 947 ,

3614 , and 3174 cm 2 1 fo r the d ifferen tiated and detrended

data set. In F ig. 1 w e have p lotted the m ean spectra fo r

each of the four classes together w ith the th ree m ost sig -

n i ® cant w avenum bers found from analysis o f the detrend-

ed data set. U sing a v isual inspection o f the four m ean

vecto rs, w e ® nd it d if ® cult to detect featu res that are se-

lective for som e of the classes. In F ig . 3 w e presen t the

m ean differen tiated spectra fo r the four classes together

w ith the three m ost im portan t variab les dep icted as ver-

tical bars. A gain, visual in spection does not g ive any

clear indication o f any class-dependen t features in the

d ifferen tiated spectra.

B -sp lines. S ince sm oo th cu r ves are analyzed , the vari-

ab les are h igh ly correlated; consequently regions, rather

than ind iv idual var iab les, w ill be im portant fo r the clas-

si ® cation of the four classes. In o rder to analyze th is as-

pect fu r ther, a B -sp line analysis o f the data set w as per-

form ed w here com pressed B-sp line coef ® c ien ts w ere

used instead of the orig inal 882 variables. Seven ty-nine

regions w ere selected by the m ax im um en tropy m ethod

used for ® nd ing good kno t d istributions.44 T he m ax im um

local polynom ial deg ree w as set to 4 . T he data set con -

tain ing 79 rather than 882 variab les w as sub jected to the

sam e rule induction algo rithm s as m en tioned above, and

the results w ere com pared (p runed resu lts used here). I t

w as found that fo r the univariate and the O C 1 C A RT

m ethods (see F ig. 6) a 16 .7% prediction erro r w as

achieved com pared to a 30 .6% prediction erro r w ith the

use of the orig inal 882 variab les. N o im provem en t w as
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F IG . 7 . A com parison of the resu lts from using B-sp line com pression and detrended data in the original dom ain (882 variables). T he com pressed

data set con tains 79 variables w here B-sp line coef ® cients 6 (3756±3475 cm 2 1) , 9 (3506±3383 cm 2 1), and 65 (1302±1141 cm 2 1) w ere found to be

im portant. E ach B-sp line coef ® cient is associated w ith a B -sp line function in the orig inal dom ain , and w e have here plotted the three B-sp line basis

functions together w ith the three m ost im portan t var iables determ ined from analysis of the data set in the original dom ain. N o te that the B -sp line

coef ® cient representation decreases the prediction error fo r the three CA RT m ethods.

ach ieved fo r the m ultivariate C A RT (B reim an’ s version ).

T h is observation suggests that num erous variab les con-

tain the sam e in fo rm ation and that a ``poo ling ’ ’ p rocedure

such as B -sp line w ill som etim es be advan tageous. 48 T he

CA RT m ethods app lied to the B -spline rep resentation se-

lected the coef ® c ients 6 , 9 , and 65 as the m ost im portant.

S ince each coef ® c ien t co rresponds to a B -spline function

over a ® n ite region (com pactly supported ), those func-

tions w ere h igh ligh ted and plo tted w ith a representative

detrended spectrum in the o rig inal data rep resen tation

(882 variables) (see F ig . 7) . N ote that coef ® c ient 6 covers

spectral region 3756±3475 cm 2 1, coef ® c ient 9 covers

3506±3383 cm 2 1 , and coef ® c ien t 65 covers 1302±1141

cm 2 1. T he th ree m ost im portan t var iables found by the

CA RT m ethods app lied d irectly on the o rig inal detrended

data dom ain are included as vertical bars. I t is obser ved

that these variables are alm ost located in the m idd le o f

all the B -sp line function regions.

O ften a com pression approach in the analysis of ver y

correlated variab les produces adequate un ivariate rather

than m ultivar iate CA RT m odels. T h is approach is alw ays

desirable because o f the superio r in terpretational advan-

tages p rov ided by the m ethod .

T he correlation betw een the variab les in the o rig inal

data dom ain is reduced in the B -spline coef ® c ien ts. In a

``per fect’ ’ com pression, w e w ould not expect any corre-

lation betw een the variab les.

O ptim al N um ber of P C Scores. We have previously

used PC A as a data com pression m ethod prio r to A N N

analysis o f bo th pyro lysis m ass spectra and infrared data

and have effected the successfu l iden ti ® cation and quan-

tifaction of (m icro ) b io logical system s.8,4 9 ±51 In the present

study the ® rst 25 P C scores w ere used to captu re m ost

of the info rm ation available in the differentiated data set.

In order to assess the m in im um num ber o f PC scores

requ ired fo r this data set to obtain optim al p red iction for

the various m ethods w e used betw een 1 and 25 P C A

scores vecto rs sequentially as input data to the fou r ru le

induction techniques. T he results o f th is analysis are

show n in Tab le IV. F or the FuR E S m ethod it w as seen

that using m ore than the ® rst four PC scores g ives perfect

pred iction . T he O C 1 m ultivariate ru le induction m ethod

has zero p red iction erro r using ® v e P C s, bu t the p red ic-

tion erro r increases fo r h igher factors (over ® tting) . N ei-

ther the un ivariate no r the m ultivar iate (B reim an’ s)

CA RT ever gave perfect predictions, and the p red iction

error w as alw ays 22 .2% w hen m ore than ® ve PC s sco res

w ere used.

T he m ain reason w hy in terp retation of P C scores is

dif ® cu lt is that each score variab le is based on a pro jec-

tion on to linear com binations of the o rig inal var iab les.

E ven though each sco re variab le exp lains the m ax im um

variance d irection , the new factors m ay no t be easy to

in terp ret.

CO N CL U SIO N

F igure 2 show s that, w hen the full FT-IR spectra w ere

analyzed by D FA , fou r distinct g roups cou ld be seen , one

fo r each of the E ubacterium species; m oreover the ® v e
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TA BLE IV . P CA factors and p rediction errors from each of the
rule ind uction techniques on th e differentiated data.a

Scores CA RT Breim an O C1 FuRE S

Explained P CA

variance (% )

2

3

4

5

6

7

38.9

38.9

30.6

22.2

22.2

22.2

38.9

38.9

30.6

22.2

22.2

22.2

38.9

38.9

8.3

0.0

8.3

5.6

38.9

25.0

2.8

0.0

0.0

0.0

61.9

74.0

83.0

88.5

91.0

92.6

8

9

10

11

12

13

22.2

22.2

22.2

22.2

22.2

22.2

22.2

22.2

22.2

22.2

22.2

22.2

5.6

19.4

30.6

8.3

27.8

25.0

0.0

0.0

0.0

0.0

0.0

0.0

93.9

94.9

95.4

95.9

96.3

96.7

14

15

16

17

18

19

22.2

22.2

22.2

22.2

22.2

22.2

22.2

22.2

22.2

22.2

22.2

22.2

25.0

27.8

27.8

22.2

33.3

13.9

0.0

0.0

0.0

0.0

0.0

0.0

96.9

97.2

97.3

97.5

97.7

97.8

20

21

22

23

24

25

22.2

22.2

22.2

22.2

22.2

22.2

22.2

22.2

22.2

22.2

22.2

22.2

36.1

19.4

25.0

22.2

22.2

22.2

0.0

0.0

0.0

0.0

0.0

0.0

98.0

98.1

98.2

98.3

98.4

98.4

a Th is table show s how the four different rule induction m ethods per-

form using different num bers of scores vectors. T he percentage error

values are given in the table. H ere the num ber of scores vectors is

varied from 2 to 25. N ote that ® ve PCA scores w ould have been

su f ® cient fo r perfect prediction bo th for the F uRES and the O C1 m eth-

ods. W hereas the O C1 m ethod is unstable fo r m ore than ® ve scores,

the FuRE S has zero prediction erro r for the sam e region. Both uni-

variate CA RT and the m ultivariate CA RT (Breim an’ s version) have

22.2% prediction error after ® ve P CA scores vectors.

TA BLE V . Su m m ary of rules. a

D ata set±M ethod C lass 1: E . tim idum Class 2: E. in ® rm um Class 3: E . exiguum Class 4: E. tardum

detrend±CA RT If 1225 , 0 .265 A N D 3440

. 0 .3915

If 1225 , 0.265 A N D 3440

, 0.3915

If 1225 . 0 .265 A N D 3595

. 0 .0545

If 1225 . 0.265 A N D 3595

, 0.0545

detrend±Breim an If m ult(1225;1696 ) , 0.1723

A N D 3440 . 0.3915

If m ult(1225;1696 ) , 0.1723

A N D 3440 , 0.3915

If m ult(1225;1696 ) . 0.1723

A N D 3595 . 0.0545

If m ult(1225;1696 ) . 0.1723

A N D 3595 , 0.0545

detrend±O C1 If 1225 , 0 .265 A N D 3440

. 0 .3915

If 1225 , 0.265 A N D 3440

, 0.3915

If 1225 . 0 .265 A N D 3595

. 0 .0545

If 1225 . 0.265 A N D 3595

, 0.0545

diff±CA RT If 947 , 2 0.0135 A N D

3614 . 0 .0075

If 947 . 2 0.0135 A N D

3174 , 2 0.0045

If 947 , 2 0.0135 A N D

3614 , 0 .0075

If 947 . 2 0.0135 A N D

3174 . 2 0.0045

diff±Breim an If 947 , 2 0.0135 A N D

3614 . 0 .0075

If 947 . 2 0.0135 A N D

3174 , 2 0.0045

If 947 , 2 0.0135 A N D

3614 , 0 .0075

If 947 . 2 0.0135 A N D

3174 . 2 0.0045

diff±O C1 If 947 , 2 0.0135 A N D

3614 . 0 .0075

If 947 . 2 0.0135 A N D

3174 , 2 0.0045

If 947 , 2 0.0135 A N D

3614 , 0 .0075

If 947 . 2 0.0135 A N D

3174 . 2 0.0045

a Th is table sum m arizes the different rules obtained from the three different CA RT m ethods. T he bold num bers correspond to the intensities obser ved

at the selected w avenum bers (3614, 3595, 3440, 3174, 1225, and 947 cm 2 1 ). diff indicates the ® rst-order differentiated spectra. CA RT indicates

the univar iate m ethod, B reim an is the m ultivariate CA RT suggested by Breim an, and O C1 is the m ultivar iate CA RT m ethod s included in the

O C1 package. M ult(x ,y ) indicates a m ultivariate rule w ith two ver y dom inating variables x and y.

clin ical iso lates clustered w ith E . exiguum Ð a resu lt

found in an earlier study.5

We have prev iously exp loited A N N s for the iden ti ® -

cation o f these eubacteria from their PyM S;5 how ever, in

that study the info rm ation in term s of w hich m asses in

the m ass spectrum are im portan t w as no t readily avail-

ab le, and A N N s are o ften perceived as a ``black box ’ ’

approach to m odeling spectra.

In th is study, using F T-IR , the m ost im portant variab les

selected by the ru le induction m ethods w ere the w ave-

num bers 947 , 1225 , 3174, 3440 , 3595, and 3614 cm 2 1

(see Tab le V ). I t is ver y sign i® cant that each of the ru le

induction techn iques h ighlighted a low num ber of sim ilar

w avenum bers that w ere p redom inantly im portan t in sep -

arating the four E ubacterium species because it could

n o w a l lo w th e d e co n v o lu t i o n in te rm s o f w h a t

(bio )chem ical in form ation is differen t in each of the bac-

teria and thereby cou ld allow speci ® c character istic b io-

chem ical m arkers to be developed for each of the eubac-

teria .

A database search using IR M entor P ro (Bio -Rad L ab-

o rato ries, Sad tler D iv ision ) based on condensed -phase

com pounds in the m id-IR reg ion (4000 ±400 cm 2 1) com -

p iled from Ref. 52 fo r these six w avenum ber reg ions p ro-

d u ce d th e fo l l o w in g su g g es t i o n s f o r t h e fu n c t io n a l

g roups:

c 947 cm 2 1 is a likely v ibration from arom atic C ±H , car-

boxy lic acid (O ±H ), ethers (C ±O ±C ), o r phosphorus

(P ±CH 3) .

c 1225 cm 2 1 cou ld o rig inate from the v ibrations o f m any

groups, and , m ost com m only, alcohols (C ±O ), alkanes

(C ±C ), am ides (C H N and C ±N ), arom atic C ±H , car-

boxy lic acid (O ±H ), carbonates (O ±C ±O ), esters (C ±

O ), ethers (C ±O ±C ), im ides (C ±N ), phosphorus (P ±O ±

Ph), and P 5 N .

c 3440 cm 2 1 and 3174 cm 2 1 m ay be from secondar y am -

ide (C ±N ) or from urea (N H 2) vib rations.

c 3614 cm 2 1 and 3595 cm 2 1 are v ibrations from a region

dom inated by w ater vapor and hydrogen bond effects.

B y inspecting the raw spectra fo r each of the classes,

it w as possible to detect a co rrelation betw een the

slope o f the star t o f th is peak reg ion and the class

m em bersh ip . We suggest that th is is the prim ar y reason

w hy the rule induction m ethods select these variab les,

although no reason for this phenom enon is evident to

us.

F rom the above list it is obv ious that no sing le b io -

chem ical species v ib rates uniquely at each of the w ave-

num ber reg ions selected. T h is is to be suspected since it

is know n that the IR spectra o f ver y com plex m ix tures

contain the v ibrations o f m any m ater ials superim posed

on one another. S ince the sam ples under analysis in this

study are bacteria and these are know n to contain , am ong

m any other things, D N A and R N A , proteins, carbohy-

d rates, and lipids, the problem of exact peak assignm ent

is im m ense.
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A lthough , in th is in stance, the deconvo lution o f these

spectra, in term s of w hich w ere the character istic b io-

chem ical species, w as not possib le, these m ethods have

provided sign i ® can t data reduction. T he orig inal spectra

con tain 882 variab les (w avenum bers) that can be reduced

by un ivariate C A RT to three variables. W hile m ultivar-

iate rule induction is m ore dif ® cu lt to in terp ret, par ticu -

lar ly fo r FuR E S , Breim an ’ s m ultivar iate ru les w ere dom -

inated by only fou r variables.

T he reason w hy un ivariate m ethods d id w orse than the

m ultivariate m ethods is p robab ly because o f the strong

correlations betw een the variab les (w avenum bers). T h is

supposition w as con ® rm ed by the resu lts from analyses

using the B -spline rep resentation . I t w as obser ved that

the univariate ru le induction pred iction erro r w as sign if-

ican tly reduced . T he reason fo r th is resu lt is that each

com pressed variab le has ver y little co rrelation and m ore

``exp lanato ry pow er ’ ’ than the o rig inal var iab les.

In conclusion , this is the ® r st study that has show n that

ru le induction techniques can be applied successfu lly to

the accu rate iden ti ® cation o f bacter ia by analysis o f their

FT-IR spectra. U n like D FA and A N N s, these regression

tree m ethods have the add itional bene ® t o f enabling the

deconvo lution o f the IR spectra in term s of w h ich w ave-

num bers w ere characteristic fo r each of the bacter ial spe-

cies stud ied .
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