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SUMMARY

DECRA (direct exponential curve resolution algorithm) is a fast multivariate method used to resolve spectral
data with concentration profiles that are linear combinations of exponential functions. DECRA has been
previously applied to a wide variety of spectroscopies. Results are presented in this paper for two new application
areas: solid state nuclear magnetic resonance spectra of polymorphic crystal mixtures and mid-infrared
spectroscopy of chemical reactions. Furthermore, the paper will show the effect of the way the data set is split,
which is a part of the algorithm, on the results. Copyrigh2000 John Wiley & Sons, Ltd.
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1. INTRODUCTION

Recently, a novel technique was developed to resolve linear combinations of exponential profiles.
The technique is called DECRA (direct exponential curve resolution algorithm) and is based on
GRAM (generalized rank annihilation method) [1,2]. The technique is multivariate, and it is possible
to resolve spectral data sets with thousands of exponential variables in a fraction of a second with a
personal computer. Because exponential behavior is a common phenomenon in many processes,
DECRA can be applied in a wide variety of areas: pulsed gradient spin echo nuclear magnetic
resonance (PGSE NMR) diffusion spectra of complex polymer mixtures [1-4], magnetic resonance
images (MRIs) of the human brain [5,6] and kinetic spectral data in the near-infrared (NIR) [7] and
ultraviolet-visible (UV-vis) region [4,8]. DECRA is able to resolve spectra with extreme overlap, and
up to five components have been resolved [4]. It is interesting to note that basically the same approach
was developed before in the field of signal processing [9].

This paper will introduce two new application areas: solid state NMR of polymorphic materials and
mid-infrared (MIR) spectroscopy of several chemical reactions. In order to apply DECRA, a data set
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needsto be split into two parts. The way in which the datasetis split affectsthe accuracyand
precisionof DECRA. A simple modelsysemis usedto help characteize this phenomenn.

2. MATERIALS AND METHODS
2.1. Compuerizedanalysis

2.1.1.DECRA. Whentwo mixture data setsare availeble wherethe componentconcentrationsin
one are propotional to those in the othe (uniqueto eachconponent),it is possble to unanbigu-
ously resdve the datases into a matrix contairing the concentrabns of the pure componentsand
a matrix containing the pure component spectra[10]. This can be expressedin equatons as
follows:

A =CP' (6h)
B = CXP' (2)

In thes equatons, matrices A andB represat spectrh datasetsthat are proportiond The specta
are orgarnized in rows. Matrix C representghe pure componentconcentrationsorgarized in col-
umns,matrix P represets the pure spectraorganzed in rows, andsupersdpt T standsfor the ma-
trix transpos. With the type of problemsdiscussedn this paper concentrationsare not obtaned,
but profiles proportiond to concentrations In order to obtain concentrations a calibraion step
would be needel. In orderto indicate the natureof the profiles discussd in this paper,the term
contribution will be usedinsteadof concentration.

The diagonal matrix X contains the unique propotionality factorsrelating A with B. In othe
words, the mixtures have the same pure conponents and the sane concentrations but the
contributionsdiffer by ascalefactorunique to eachcomponentThis problemcanbeexpressedasthe
generaked eigenvector problem and is the basis of the generalzed rank annhilation method
(GRAM) [11,12.

Whendataareof anexponatial chaacter,it is possibé to split onedatasetinto two datasetsthat
arepropotional [1-8]. The principle is givenin Tablel. UnderD, two exponetial decay arelisted.
This s represatative of the contribution profilesof a datasetcontainingtwo compments.As a next
step,D will besplitinto two parts:A contairs thefirst threerows of D, andB containsthe lag three
rowsof D. As definedabove datasetsA andB areproportiond The propotionality factors (matiix X
in Equaton (2)) are1/3 and 1/2. A datasetin which the componerg have contribution profiles of
exponatial charactercanbe resolval unanbiguousy, becaweit canbe split into two propotional
datasets.This adaptaibn of GRAM is the basisfor DECRA.

Thedatasetin Tablel wassplitinto two partswhich differedby onespectrum. It is alsopossilbe to
split the datasetin otherways. Theterm shift will be usedto idertify how the datasetwassplit up.
Forexanple,whenadatasetcontains30 spectraa shift of onemeanghatthefirst datasetconsitsof
spectral—29andthe seconddatasetconsiss of spectra?—30.A shift of five meanghatthetwo data
setsconsistof spectral-25and6-30, etc.

2.1.2.Kinetics. The useof the DECRA apprachfor kinetic datawasfirst descibed by Bijlsma et
al for a pseudefirst-orde readion with anintermediateprodud [7,8]:

The reaction constang are represente by k; and k,, which have the dimenson min—. The

Copyright 2000JohnWiley & Sons,Ltd. J. Chemometric000;14: 213-227
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Tablel. Modelfor datasetD with exponentiabdecaysandhowit canbe split into the proportionaldatasetsA

andB
D A B
Componentt ~ Componen® Componentt ~ Componen® Componentt  Componen®
27 8 27 8 9 4
9 4 9 4 3 2
3 2 3 2 1 1
1 1

concentation profilesfor the stating materal A, theintermedate produd B andthe final productC
are

Caj = Cape ™" (3)
R leA=O —Kati —Koti

Cgi = ke (e7 4 — g7l (4)

Cci =Cap—Cai—Cgj (5)

where i indexes the ith spectum and t; represets the time in minutes. Cpo representsthe
concentation of A attime zera In this papera simple first-order readion without intermedate will
alsobe shown:

A B

The concentrationprofile for the staring materid is descrited by Equaton (3). The concentrationof
the produd B is

Cgi=1—-Ca; (6)

An important fact is that the constantterms in these kinetic equaions can be describedas
exponatials with the decayvalue zerq which enablesthe use of DECRA. As a conseqence,
Equationg(3)—(5) canbe descrited aslinear combindions of exponetials, where the value onehas
beenchose for Cy o:

Caj = e lt (7)

Coi = ey (e e k) ®
Tk

Cci =€" —Caj — Ca; (9)

The concentrabn arraysare in columns. Similarly, Equaton (6) can be expressé as a linear
combindion of exponatial functions. For a first-order reaction with an intermedate produd,
DECRA is usedto resdve three componerdg. The contibution profiles extractedare exponatial
functionswith decayvaluesk;, k, andzera The decayvaluescan be directly calculatedfrom the
eigenvaluesesultingfrom the soluion of the datasetsby DECRA. The eigenvaluesresultingfrom

Copyright0 2000JohnWiley & Sons,Ltd. J. Chemometcs 2000;14: 213-227



216 W. WINDIG ETAL.

the solution of the genealized eigenvetor problemare the matrix X in Equation (2). The decay
valuescanthenbecalculatedsimply by takingthelog. Thedecayvaluesaresubstituedin Equations
(3)—(5) to give the desiredkinetic profiles.

Thescalingof the contributionprofilesis arbitrary, sinceCp o waschose to be one.Furthermoe,
different componerg have different intensiy respnsesin the spectra.In order to scale the
contributionsin suchawaythattheyrefled the spectrasigrals,ascalng is appliedsothatthe sumof
the profilesreproduce thetotal signalt of the spectraThetotal signalof the spectras calculatedas
follows:

nspec

t= Z Dij (10)
i=1

D standsfor the original (i.e. unsplt) datasetwith nspecspectra.
The contribution matrix C is definedasfollows:

C=lca Cs Cg (17
C hasarow for eachspectrun andthreecolumns. The scakd contributionsC**®®%are calculaed as
follows. The contribution profilesin C needto be scaledin sucha way that they reprodwce t, as
expressd by the following relation:
Cx=t (12)
The unknownx canbe calculatedasfollows:
x=CTt (13
The properl scaledcontribution profilesin C5*3® cannow be calculatd asfollows:
Cse2ed= Cdiag) (14)
wherediagik) standsfor a diagonalmatrix with the threeelementsof x.
With thesescaledcontributionsthe specta canbe calculatedby standad leastsquaesprocedures
from the original datamatrix (i.e. the matrix before splitting):
PT — Cscaled+D (15)

whereCs®@®% standsfor the pseudnverseof CS¢a®,

The contributionsin C3°?*Yarebasedon ideal exponatial profiles.In orderto seehow well these
profilesmatchthe origind data,the projection of C°®®%n the original datais calcultedasfollows:
Cprojected: D(PT)+ (16)

The combinel plots of CS3® andCP™***dprovidea goodvisual diagnosic tool. Fromtheresdved
datathe origind datasetcanbe reconstucted:

preconstruted __ (~projecteo-+ (17)
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Therelative root of sumsquaesof difference(RRSSQ)etwee the two datasetscanbe calculated
asfollows:

nspeawar

Z Z (dij _ dreconyuctecf)Z
, i
i=1 j=1
RRSSQ= | —eamar (18)
> d;
i=1 j=1

2.1.3.Data analyss. For the dataanalysis MATLAB software (v. 52) wasused(The MathWoiks,
Natick, MA). The computerconfiguationis a 266 MHz Pentiumprocessorwith 128 MB RAM.

2.2. Kinetics of chenical reactons usingMIR spectroscopy

2.2.1.First-order reaction. The reactionstuded involves the formaton of an aromaticdiazonium
saltfrom a primary aromaticaminewith sodum nitrite in aqueos mineral acid asfollows:

H,O/MCI
+ NaN02 —_—

NHoHCI N,Ci

The diazonum readion wasrun in a 500ml jacketedvessé equippedwith a mechancal stirrer
setto stir at 300 rpm. The staring amine was dissolhed in aqueos mineral acid and cooledto
10 °C. A concentatedsodum nitrite/watersoluion wasaddedover 20 min. The reactionwas stir-
red for a total of 50min. The diazonum productwas then usedimmediaely to form othe pro-
ducts, which are not part of this discussion.The reactionis a secoml-order reaction; however
sincethe sodum nitrite wasin exces, the reactioncanbe consideredasa pseudefirst-orde reac-
tion.

The diazonum salt formation was monitoredin situ using Fourier transbrm infrared (FTIR)
spectrecopy. The FTIR instrunentwas a Bomem MB-100 equippedwith an MCT detecbr and
Axiom DP-210immersionprobe with an AMTIR ATR refledion element. Data collection was
performedusing BomemGRAMS/386 softwarein the kineticsmode.Datawere collectad overthe
50min reactiontime at the rate of one spectrun per minute. Thirty-two FTIR scansof 4cm™*
resolution wereaverlgedover each60s scanperiod.

2.2.2.First-order reaction with intermedate. The readion involves the formaion of a six-mem-
beredheterocyct via the reactionof thiocarbohydazidewith a 3-chloro aliphaic ketone.The re-
action proceedsthrough a non-isohtedintermedate not shownhere.The reactionis asfollows:
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Methanol

O| |S Propyl Acetate N/Ni(
+ )\ - |
R )VC' HoNHN™  "NHNH, )\

HCI.H2NHN S

R

The readion wasrun in a 500ml jackeed vessé equppedwith a medanicalstirrer setto stir
at 300 rpm. The starting carlohydrazde was mixed with the methaml/propyl acetaé and formed
aninsduble slurry. The staring ketonewas addedto this mixture and disolved completely. The
ketonematerfal wasin excessAs a result,the second-ader readion canbe consideed asa pseu-
do-first-orderreaction.The reactionmixture wasthenwarmed moderatey and stirred for over 1 h
beforethe produd wasisolated.

The reactionwas monitored in situ using Fourier transbrm infrared (FTIR) spectrecopy. The
FTIR instrument andcollection parameéerswerethe sameasfor the diazonum reaction.Datawere
colledizd over the entire reactiontime at the rate of one spectrun per minute at a resolution of
4cm .

2.3. Proton relaxationin solid stateNMR

For a completedesciption of this study, seeReference[13]. Many orgaric solidscancrydallize in
more than one crystal structure a behaviorknown as polymomphism. Polymaphs differ in their
solubility, color andmary othe physical,chemicaland mechan¢al propeties that are key to their
endusein the pharmaeuticd or materialssciences.The ability to detectthe preenceof different
polymomphsin a sample assaytheir relative amaunt and ultimately obtainthe desiredform in very
high yield arekey issuesin chemicaltechnology.

Protonrelaxatbn may be usedto discriminat unique componentgor phases)n a solid. Because
theypossesdifferentcrydal strucures polymomphsmayexhiht differentrelaxatonbehaviorcaused
by variedmolecuar orderirg. Sincethereis fastspindiffusionin thesolid state all protorsin agiven
phasewill exhibitthesane relaxatonratedetermiredby thefastes-relaxingprotons,usually methyl
groups Therdore the spectraof separat crygalline phass canin principle be resdved. The spin—
lattice relaxaton rate T; maybe measued,or T;-edited spectraacquirel, usinganinversionrecovery
cross-ptarizaton/magc angle spinning (IR-CP/MAS) expeiment [14]. In this expeiment the
protonson the molecue are excited using an inversion recovery scheme;then magneization is
transferedto carbonnucleiandthe **C NMR spectruris acquirel. A delayperiodr is variedin the
experimentanda separatespectum for eachr valueis acquirel. Eachspectrun is thenaddedto a
spectrun acquirael underthe condition where = =0. The relation$ip betwee 7 and the acquied
signalis exponatial andis given below (k is a constank:

S=—ke /M (19)

Hencefor long 7 valuesthe signal appracheszero.

TheNMR spectravereobtanedonaChemaneticsCMX 300solid stateNMR spectraneterusing
Spinsight2.5 software Two polymomphs (type | andtype Ill) of the strucure shownbelow were
mixedin a 1:1 ratio:
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Ten3C CPMAS spectraverecollededfor valuesof  rangingfrom 02 to 3@ sin incremens of
04 ns. Eachspectrun contaired 2048real datapoints. The sign of the spectrawvasinverted andthe
data set was split into two: spectral—-9 and spectra2—10. DECRA requires that the number of
componerd bedefinedprior to analyss. Becaug theanalyssis sofast,typically afew secomisfor a
data set this size, it is no problemto try severalpermutatons of spectr& rangeand number of
componerd. For this datasetwe tried both two andthreecomponents.

3. RESW.TS AND DISCUSSION
3.1. Effectof the shift

In orderto deternine the bestway to split the datasetinto two parts,tenreplicateUV-vis dataof a
chemicalreadion wereanalyzedoy Bijlsmaetal. [8] in orderto deternine thekinetics. Thereaction
constantswhich canbederiveddirectly from theeigenvalueswere calculaedfor all thedatasetsasa
function of the shift. The standad deviationof the readion constantavascalculated resuting from
separat@nalsesof the datasetsfor differentshifts. It appeaedthatthe optimal shift, in temsof the
minimal stendarddeviationfor thereadion constans, was30[8]. Howeve, whenthe diagnosic was
basedon similarity of thereferencespectrawith the extractedspectraa shift of oneappeaedto give
the bestresults[4].

In orderto understad the appaentdiscre@ncyin theseresults the datasetswerestudedin more
detail.lt appeaedthatthe DECRAresuts wereslightly betterwhen abaselinecorrection wasappied
[4]. Knowing thata positivenoisy baselheproblemis bastcally alwayspresenin thedatg becaseof
sourcessuchaselectonic noise,a simplemodelwasgenertedby adding a positivenoisebaselineo
anexponatial. The exponatial

y=e"™ (20)

wascalcultedfor x valuesrangingfrom 0 to 40, with b = 01. Randomuniformly distributednoiser
with valuesbetwee 0 and 0001 wasadded:

Y =y (21)

wherey” standsfor anexponatial function with the addednoise. The exponatial decayvaluesfor
differenty” shifts A wereestmatedasfollows:

Copyright0 2000JohnWiley & Sons,Ltd. J. Chemometcs 2000;14: 213-227



220 W. WINDIG ETAL.

T
by = %Iog (y:TyiA> (22
YaYa

This esimateis rea®nable,becausef thereis no noise, b, =b andcorrespond to the DECRA
estimae for univariatedata.Furthermoe, the decayvaluescalculagd by the exponatial ratio modd
in Equation(22) werecomparedwith thedecayvaluescalculaedfrom theeigemaluesresultingfrom
solving the generalzed eigenvectorproblemfor the samedatasets.It appeaedthatthe differences
betwea the valueswerein the order of the machinepredsion, thusfor all practical purposeghe
resultswereidertical. The useof Equation(22) asa simplified modelof the calcultionsallows the
exploratbn of Taylor seriesto obtaina betterundestandimg of the effect of the shift.

The shift A was varied from 1 to 20. The calcuktions were repeate 1000 times for newly
generatd noise distributions. The two exponetials y’ andy), areof thesanesize, i.e. 20 elements,
but shifted with respecto eachother.This is differentfrom the way actualdatasetsaresplit up for
DECRA, where increasingshift valueswill resultin smdler datases. In orderto simplify the
comparisorof exponetialsfor differentshift values,thesize of therangeis keptconstantSimulation
studiesshowed that the behavios of the exponatials, as will be disaussedbelow, are bastally
identicalfor exponetialswith a constannhumkber of elementsandexponatials with differentlenghs
occurring in practicalsituatians.

Onemaywoncker if this simplemodd propely represatsthe calcultionsto solve the genealized
eigenvetor problemwhen noiseis presentA betterchoice would be simulated datasetswith more
thanone componentThis wasnot assimpleasit might seem.For exampg, a simplenoisy positive
baselheaddedo a simulatedhreecomponentiatasethasthe sameeffectasaddinga noisybaseline
with anaverageof zero,sincethere is alreadya constantcontibution in the dataset(the exponetial
with decayvaluezero;seeEquation(9)). Deteminationof the properbaselhe modd is therebre a
complicaked and time-corsuming matter that falls outside the scopeof this appication study.
Furthermoe, for real datasetsthe effect may be different for different components.Oneresdved
componenimay be heavily affectedby the shift while anoteris basicaly unaffected Therdore an
attemptwasmack to simplify the probleminto oneof anexponetial model.In Figuresl(a)andl(b)
themeanvaluesandthe standad deviationsfor b, areplotted.As canbe seenthebestvaluefor the
decayconstantbasedon the meanvalues,is obtaned whenthe shift A = 1. Onthe otherhand,the
bestvalue basedon the minimal standad deviationvalueis for shift A = 8. This simple simulaion
showsvariane behavor similar to thatreportel by Bijlsmaetal. [8]. In orderto betterundestandthe
variane propertesof this estimaor of b, we attenptedto deriveanexactexpressionfor thevariance.
It turnedoutto beintracteble. A first-orderappraimationto thevariancewasderived,andit showed
non-monoobnic behaviorof the variane asa function of the shift. This appraimationdid not agree
well with thesimulaion, indicating thathigher-orderappraimationsarenecesary.Nevertheéssthe
compleity of the first-orderapproaimation suggestshat the dependencef the variane on A is a
complicaed one.

More importanty, however is theissue of what shift to usein everydaypractice As staedabove,
no theaetical guidanceis availableat this time. Practicalexpefenceand simulationsprovide sone
guidanceHoweve, to correcty interpretthem,it isimportantto realizethatvariabiity is only partof
theissue We mug consterbiasaswell. Meansquaresrror (MSE) is acommorty acceptedmeasue
of the overdl accuracyof anestimator,andit takesboth biasandvariane into account:

MSE = E[(b — b)?] = biag(b) + var(b) (23)

whereE[ ] standsfor the expectedvalue and b is the estimaor of b. Thereare many exampes of
estimabrs that are biasedyet have smaller MSEs than their unbiasedcounerpars. PLS andridge
regreswon arewell-known exampes.
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Figurel. Resultsof a simulationstudyto determinethe effect of shift.

Figure 1(c) showsthe bias for the simulaion exanple. It increasesn magnitudeas the shift
increasesThisis largely dueto thefactthatthe addednoiseis positive.Offsetting theincreasedias
is deceasedvariane (standad deviation) Puting bothtogeher as(root) meansquae error shows
thatshift A = 1isthebestchoicein termsof overallaccuracyFigurel(d)). Thisisin concet with our
practicalexperierre.DECRA is usedasaroutinetool for PGSENMR spectraBy now, morethan70
differentdatasetsresultingfrom awide variety of problens havebeenanalyzedandtheresultswere
always,with notasingleexceptionthebestfor ashift of one.Thequaity of theresultswasevaluated
by an experenced spectracopist (B. Antalek) by comparingthe resdved results with known
referencespecta (if availablg, known propeties of spectra(evenif reference spectraare not
available ‘typical’ peaksareoftenknown, soit is possibleto judgethe quality of theresolvel results
asfar asoverlapis concernedetc.)andthe occurrere of negativeintensiiesin spectraNext to the
PGSENMR spectrawe haveexperiencavith MRIs, MIR, NIR andsolid stateNMR spectraAgain,
with no excepton, a shift of onegives the bestresults.

3.2. Kinetics of chenical reactons usingMIR spectroscopy

3.2.1.First-order reaction. The first few spectraof the datasetwere deletal from the analsis be-
causeof problens with them,which were probaly causeddy incompletemixing. Also, theresults
of the DECRA analsis were betterwhenthe specta at the end of the reactionand after comple-
tion of the reactionwerenotincluded in the dataanalyss. In the discussbn below the first andlast
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Figure2. Thefirst andlastspectraof the datasetarepresentedn (a) and(b). Theresolvedspectraarepresented

in (c), which representshe startingmaterial,and(d), which representshe product. The presencef the product

in the first spectrumis indicatedby arrows.The exponentialcontribution profiles of the startingmaterialand

productaregivenin (e) and(f), wherethe curvesrepresenthe exactcalculatedexponentialprofiles (Equation
(14)) andthe asteriskgepresenthe projecteddatapoints (Equation(16)).

spectrarefer to the datasetusedfor the dataanalyss. Becaug of the speedof the DECRA analy-
sis, the prope datato analyze canbe determined interactvely within 1 min.

Figure2 showstheresultsfrom the DECRA analyssfor thediazonumreaction.Thefirst spectrun
(a) is representatie of the starting material, but contains sorre contibution from the produd as
indicated by the arrows Spectrum (b), while not a referencespectrum, is representatie of the
produd. No referencespectrumof this componentis available, sincethe mateial wasnot isolated.
The DECRA-resolvel spectraare presened in (c) and(d). It is evidentthat the DECRA-resolved
spectrun (d) very closely matche the correspading spectrumfor the product(b). The resdved
spectrun (c) very closely matches that of the startingmateial (a), butthe contribution of the produd
(indicatedwith arrowsin (a))is negligible, which confirmsthatthe spectrim in (c) representshepure
startingmaterid. Of mog significanceis the presencef theabsorptiorbandat2239cm ™ in spectra
(b) and (d), which is indicative of the diazonium (—N3) functionality and therebre produa
formation.

The exponatial contributionprofilesof the staring materal andproductaregivenin Figures2(e)
and2(f). Theseprofilesareconsisentwith theintensty changs seerfor individualabsorptiorbands
for the reaction. Furthermoe, thes resultsare similar to thoseseenwith SIMPLISMA [15-17
analyss of the dataset.

Copyright 2000JohnWiley & Sons,Ltd. J. Chemometric000;14: 213-227



DIRECT EXPONENTIAL CURVE RESOLUTIONALGORITHM 223
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Figure3. Thestarting(—) andproduct(---) profilesarepresentedgain togethemwith theirsum(—) andthetotal
signalof the dataset(---). The RRSSQis 0[0069838.

In Figure 3 the resolval profiles are plotted again,together with their sum and the total sigral
intensity of the dataset.A closematchbetweenthe latter two profilesis confirmedby the very low
RRSSQ(Equatbn (18)) valuegivenin the figure caption

3.2.2. First-order reaction with intermedate. The prope seriesof spectrato analze was deter-
minedinteractivelyasdescibed above.

Figure4 showsthedatafrom the DECRA experimenfor theheterogclic reaction. Spectrum(a) is
thefirst spectrun of the datasetandis a goodreference of the startingketone.Spectrum(b) is the
eleventhspectrum of thedataset atwhich pointtheintermedateis atits highest contribution. While
represatative of the intermedate, thereare alsominor contributionsfrom the produd and staring
ketone.Spectrum(c) is thelastspectrum of the datasetandis represeatativeof the produd. Spectrum
(9) is areferencespectrunof theproduct.The DECRA-resolvedspectraarepresengdin (d)f). It is
evidentthatthe DECRA-resolvedspectrum(d) very closelymatcheghe correspading spectrum for
theketone stating mateial (a), andtheresdved spectrun (e) thatof theintermedate (b), evenwith
thetracepresencef otha compmentsin (b). Also, resolvedspectrun (f) comparesfavorably with
the reactionproductspectrun (g). Howeva, it is apparentthat spectum (f) hassone problens:
slightly negative absobenciegsetto zeroin thefigure)arepresenticrasstheentirespectrun. Thisis
an indication that the spectralmixture datadeviate sonewhatfrom the ided exponetial mixture.
Closeexamirationof thes bandsshows thattheyhavea contributionfrom theintermediatespectrum
(e) andlikely resut from the fact that this componenhasan extrenely high absorptivty. Evenso,
spectrun (f) is suffidently resdved such that the major absorpion bands can be identified.
Furthermoe, it is clearthat thes bandsmatchup well with thosein the referencespectrum of the
product(g).

It shouldbe notedherethatwhile the strongmethaml bandat 1040cm~* hasbeendeletel from
the dataset,othermethaml bandsarestill presnt. Thesecanbe seerbetwea 1350and1450cm—*
in specta(a), (c) and(d) andarelessappaentin (b), (e)and(f). In theprodud referencespectrun (g),
methaml| hasbeenspectrdly subtactedout.

Theexponatial contributionprofilesof the startingmateral, intermedateandprodud aregivenin
(h)—(j). Theserepresat the kinetic behavor of eachcomponentover the cour of the reacton, as
determiredby DECRA. Theseprofilesareconsstentwith those obtanedfrom SIMPLISMA [15-17
analysisof the dataset.
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Figure 4. The first, eleventhand last spectraof the datasetare presentedn (a)—(c). The resolvedspectraare
presentedn (d), which representshe startingmaterial,(e), which representshe intermediateproduct,and (f),
which representshe product.Spectrum(g) is areferencespectrunmof the product. The exponentiakontribution
profiles of the startingmaterial,intermediateand productare given in (h)—(j), wherethe curvesrepresenthe
exactexponentiaprofiles (Equation(14)) andthe asterisksepresenthe projecteddatapoints (Equation(16)).

Figure5 showshow well the sumof the resdved contibution profilesmatcheghe total signal of
the origind dataset.

3.3. Solid stateNMR data analysis

Figure 6 shows a portion of the datasetaswell asthe resdts of DECRA comparedwith refererce
spectraAs canbeseenin Figures6(a)and6(b), changs areobsevedin the spectraasa function of
the 7 value; note the changein the vertical scale.Same of the peaksdecay(or have conpletely
disappeeed) with resgectto the others.DECRA analysisusingtwo componers providestwo very
different spectra Theseare shownin Figures 6(c) and 6(d). Refelencespectrafor comparisonare
shownin Figures6(e)and6(f) andaretypes| andlll resgectively. Analyss using threecomponerg
providestwo spectrathat are idertical to those of the two-componentanalyss, aswell as a third
spectrun consising of only noise. This indicatesthatthereareonly two componentspresenibased
on T,). The similarity betwee the resolvel spectraandthe referencespectrais excelent.
Theresolval T, valuesfor typel andtypelll formsare116 and7(18s. Separatel; experimens
were not performed, but as a check we determinedT; valuesdirectly from two well-resolved
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Figure5. The starting(—), intermediatg---) andproduct(......) profilesare presentecgain,togethemwith their
sum(—) andthe total signalof the dataset(---). The RRSSQis 0[011896.
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Figure6. Thefirst andlastspectraof the datasetarepresentedn (a) and(b). Theresolvedspectraarepresented

in (c), which representghe starting material, and (d), which representshe product. Referencespectraare

presentedn (e) and(f). Thecorrelationcoefficientsof the resolvedcomponentsvith the modelspectraare093

and0D2 respectively The exponentiatontributionprofilesof the startingmaterialandproductaregivenin (g)

and(h), wherethe curvesrepresenthe exactexponentiaprofiles(Equation(14)) andthe asteriskgepresenthe
projecteddatapoints (Equation(16)).
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Figure7. Thestarting(—) andproduct(---) profilesarepresenteégain togethemwith theirsum(—) andthetotal
signalof the dataset(---). The RRSSQis 0[12491.

resonancein the dataset. For the resonanceat 137 and 123 ppm we obtan valuesof 136 and
6[13s respectively for T;.

Figure 7 shows how well the resolvel resuts reproduce the original data It canbe seenthat the
matchis not as closeaswith the other exanples shown. The resolveal specta in Figure 6 show,
however that DECRA resdved the mixture datasuccessflly.

4. CONCLUDING REMARKS

TheresultsaboveshowedthatDECRA canbeusedto study chemicalreactionanonitoredby MIR. It
is important for DECRA that the datado not deviate significantly from the trilinear model. An
interactve processs necessarto determire the prope seriesof spectrato analyze Futureresearch
will focuson the autanateddetermnation of the prope part of the datasetto analyze.lt is also
notewothy thatthe dataanalysisimprovedwhenthe solventpeakwasdeletel, for reasonghat are
notclear.Whereaghesolventpeakis bascally constantjt doesnotaddto therankof thedataset,and
onewould expectto obtainresdved componentsantermixedwith the solvent. A possble rea®n may
be sone effectson the solventpeak,suchas peakbroadening.Preprocessingthis type of datais an
importantsubgct for future research.

In orderto resdve the datasetspropery, it is importantto know the startingtime for thereaction,
sincedifferentstartingpointswill resultin differentcontibution profilesfor Equationg3)—<5). This
is not alwaystrivial, becawse of mixing problers, etc

It alsohasto benoted thatit is not clearfrom the DECRA resultswhich oneof theresuting decay
constans is k; andwhich is k.. This needseitherto be known, or to be judged from the resdved
spectraresultingfrom Equation(15). Whenthe decayconsantsareexchanged,theresuting spectra
often exhibit unrealisic features,suchasnegatiwe intensities.

Thesolid stateNMR applicationof DECRA wasstraightforwardandwithout problems As canbe
seenin Figure7, thereconstuctedtotal signalandthe origind total signaldo not matchascloselyas
for the MIR data,althoughthe resolvel spectrahavean excellentmatchwith the refererce spectra.

The study of the effectof the shift waslimited anda simplified modd wasused.A more thorough
understading of this issueis an opentopic for further research.

Copyright 2000JohnWiley & Sons,Ltd. J. Chemometric000;14: 213-227



10.

11.
. Wilson B, Sanche£, KowalskiBR. An improvedalgorithmfor thegeneralizedankannihilationmethod.J.

13.

14.

15

17.

DIRECT EXPONENTIAL CURVE RESOLUTIONALGORITHM 227

REFERENCES

. Antalek B, Windig W. Generalizedrank annihilation methodappliedto a single multicomponentpulsed

gradientspinechoNMR dataset.J. Am.Chem.So0c.1996;118 10331.

. Windig W, AntalekB. Direct exponentiaturveresolution(DECRA): a novelapplicationof thegeneralized

rank annihilation method for a single spectral mixture data set with exponentially decaying profiles.
Chemometricéntell. Lab. Syst.1997;37: 241.

. Windig W, Antalek B. Resolvingnucleamagneticresonancelataof mixturesby 3-wayanalysisExamples

of chemicalsolutionsandthe humanbrain. Chemometricéntell. Lab. Syst.1999;46: 207.

. Windig W, Antalek B, Sorriero LJ, Bijlsma S, Louwerse DJ, Smilde AK. Applications and new

developmentf the direct exponentialcurve resolutionalgorithm (DECRA). Examplesof spectraand
magneticresonancémages.J. Chemometric4999;13: 95.

. Windig W, HornakJP,Antalek B. Multivariateimageanalysisof magneticcesonancémageswith thedirect

exponentiaturveresolutionalgorithm(DECRA), Part1: Algorithm andmodelstudy.J. Magn.Reson1998;
132 298.

. Antalek B, HornakJP,Windig W. Multivariateimageanalysisof magneticesonancémageswith thedirect

exponentialcurve resolutionalgorithm (DECRA), Part 2: Application to humanbrain images.J. Magn.
Reson.1998;132 307.

. Bijlsma S, LouwerseDJ, Windig W, Smilde AK. Rapidestimationof rateconstantaisingon-line SW-NIR

andtrilinear models.Anal. Chim. Acta1998;376. 339.

. Bijlsma S, LouwerseDJ, Smilde AK. Estimatingrate constantsand pure UV-VIS spectraof a two-step

reactionusingtrilinear models.J. Chemometric4999;13: 1.

. RoyR, Kailath T. Estimationof signalparametersia rotationalinvariancetechniqueslEEE Trans.Acoust.,

SpeechsSignalProcessingl989;37: 984.

KubistaM. A newmethodfor the analysisof correlateddatausingProcrustesotationwhich is suitablefor
spectralanalysis.Chemometricéntell. Lab. Syst.1990;7: 273.

SancheZ, Kowalski BR. Generalizedank annihilationfactor analysis.Anal. Chem.1988;58: 496.

Chemometric4989;3: 493.

ZumbulyadisN, AntalekB, Windig W, ScaringeRP,LanzafameAM, BlantonT, HelberM. Theelucidation
of polymorphmixturesusing solid state13C CP/MAS NMR spectroscopyand direct exponentialcurve
resolution.J. Am.Chem.So0c.1999;121 11554.

FreemarR, Hill HDW. Fouriertransformstudyof NMR spin-latticerelaxationby “ProgressiveSaturation”.
J. Chem.Phys.1971;54: 3367.

. Windig W, GuilmentJ. Interactiveself-modelingmixture analysis.Anal. Chem.1991;63: 1425.
16.

Windig W, StephensoDA. Self-modelingmixture analysisof secondlerivativenearinfraredspectraldata
usingthe SIMPLISMA approachAnal. Chem.1992;64: 2735.

Windig W. Spectraldatafiles for self-modelingcurve resolutionwith examplesusing the SIMPLISMA
approachChemometricdéntell. Lab. Syst.1997;36: 3.

Copyright0 2000JohnWiley & Sons,Ltd. J. Chemometcs 2000;14: 213-227



