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Estimating reaction rate constants from a two-step reaction: a
comparison between two-way and three-way methods
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SUMMARY

In this paper, two different spectral datasets are used in order to estimate reaction rate constants using different
algorithms. Dataset 1 consists of short-wavelength near-infrared (SW-NIR) spectra taken in time of the two-step
epoxidation of 2,5-diert-butyl-1,4-benzoquinone usingrt-butyl hydroperoxide and Triton B catalyst. This
dataset showed moderate reproducibility. Dataset 2 consists of UV-VIS recorded spectra of the consecutive
reaction of 3-chlorophenylhydrazonopropane dinitrile with 2-mercaptoethanol. This dataset showed good
reproducibility. Two-way and three-way methods were used in order to estimate the reaction rate constants for
both datasets. For the SW-NIR dataset the lowest standard deviations for the reaction rate constants were
obtained with a two-way method. The lowest standard deviations for the reaction rate constant estimates for the
UV-VIS dataset were obtained with a two-way method which uses spectral information that is known in advance.

In this case the pure spectrum of two reacting absorbing species is known in advance and this information was
used by the two-way method. For one two-way method and a few three-way methods which do not use spectral
information that is known in advance, pure spectra of the reacting absorbing species of the UV-VIS dataset were
estimated which showed excellent agreement with the recorded pure spectra. The pure spectra of the reacting
absorbing species for the SW-NIR dataset were not estimated, because it was not possible to record the real pure
spectra of these species. For both spectral datasets, quality assessment has been performed using a jackknife
method. Copyrightl 2000 John Wiley & Sons, Ltd.
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1. INTRODUCTION

Kinetics is an important field of interest in chemistry [1-3]. In the literature there are many methods
available in order to estimate reaction rate constants from chemical reactions [4-20]. The simplest
method to estimate reaction rate constants is curve fitting of kinetic expressions to concentration
versus time data [4—6]. However, there are a number of drawbacks in using this approach. It is time-
consuming and extraordinarily expensive, since concentration data of the reaction of interest have to
be available.

Curve resolution methods adapted to estimate reaction rate constants from spectral data have
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542 S.BIJLSMA AND A. K. SMILDE

becomevery popular. Curve resdution is basedon the recovery of resmpnse profiles and the
determiration of qualitativeinformation.Paranetersof interest e.g.reactionrate constars, canbe
incorpomtedas unknowns[7,21]. Many modificationsof different curve resolution-basedmethods
havebeenpublishel [22—-28].

Methodsbasedon threeway analysisto esimatereadion rateconstant§rom batchprocessgare
quite new[15-17. The principle of thesemethodsds simple. Thefirst method,originally developed
by Windig and Antalek [29-33 in orderto estimae specifc paraméers from nuclearmagnetic
resonancéNMR) data,is a modificaion of the generalzed rank annihilaion method(GRAM) [33].
In thismodifiedGRAM asingledatase{masterdatasetpf areactingsysemis splitinto two dataset
(slavedatasets)by meansof atime shift suchthatthereis a constantime lag betwee the two slave
datasetsOwing to the propertes of exponatial functions,thereexistsa specal trilinear strucure if
the slave dataset are stacked. From the decompogion which can be achievedby solving a
generakedeigenvalueproblem (GEP)[30], specift paraméersof interestcanbeestimaed. GRAM
is only applcableif the contribution of different speciesin the mixture spectrais of exponatial
nature.Henceit is possble to apply GRAM in orderto estimatereadion rateconstantgrom spectra
data of the reacting system becaise kinetic rate equatims have an exponatial nature.A very
importantpropertyof GRAM is thatin kinetics the methodcanonly be usedfor (pseudo-)first-ader
problerns.

GRAM is a non-iteraive algarithm, which is a very important propety of the method. The
algorithm is fast(secondspndthe speeds known in advane, which makesthe methodsuitablefor
on-line procesamonitoring applications.If the noiselevel of the spectra datais low, GRAM will
performvery well. If the noiselevel is high, GRAM can lead to rough estimatesof reactionrate
constars[15,16. In suchcase aniterativealgorithm will leadto more accurateesuts. Recently,a
newiterativealgarithm wasdevelopedyy Bijlsmaetal [15,16 in orderto obtainaccurag estimaes
of readion rate constang from noisy data The algarithm, which is called LM-PAR, consistsof a
combindion of the Levenberg—Mrquadt algarithm [34] and altemating leastsquaes stepsof the
PARAFAC modd [35,36, using theresultsfrom GRAM asavery goodsetof staring valuesfor the
parameersto beestimated.In this paper,LM-PAR will betermedGRAM-LM-PAR, indicating that
the GRAM reslts areusedasstaring valuesfor LM-PAR.

Two-way techniquesandthree-waymethodswere usedto estimae readion rate constang from
chemial reactionsin previouspapes [11,1315,16]. In this paperthe accuacy and speedof two
importantcurveresolutian algaithms, thethreeway methodsGRAM andGRAM-LM-PAR andtwo
newthreeway methodsare comparel using two differentdatases. The first two-way techniqueis a
curveresdution algorithm which usesspectrainformaton thatis known in advanceFor exampe, it
is possille to usethe pure spectraof reading absorbig speciedf theseareknown. The secoml two-
waytechniqueis acurveresdution algorithmwhich doesnotusespectrainformationthatis known a
priori. The curve resoluton methodsproposedin this paperare not traditional curve resdution
methods becausemodel informaton, in this casespecifickinetic information,is usedexplicitly.
Quality assessmens performedusinga jackknife method[37].

As mentionedearlier, two new algarithms are introduced in this paper GRAM usestwo slave
datasetgreatedrom a masterdataseby meansof atimeshift. Of cours, it is alsopossble to create
threeor more slave datasetsfrom the maste datasesuchthatthereis a specialrelation betwee the
slavedatasetsUsing moreslavedatasetscanbe advantageusbecausef noise redudion. Next, two
or more slave dataset are stacked. Trili near linear decompaition (TLD) [38] can be usedto
decompos the trilinear strucure. Hencethe differencebetwea the datatreamentof GRAM and
TLD isthat TLD usesmorethantwo slave dataset. TLD is also non-iteative. If the TLD resuts are
available, thesecanbe usedasa very goodsetof startingvaluesfor LM-PAR, resultingin a new
algorithm, TLD-LM-PAR.
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ESTIMATING REACTION RATE CONSTANTS 543

Two different datesetsare usedto testthe performanceof the two-way andthree-wy methods
Datasetl consiss of SW-NIR spectraof the epoxidation of 2,5-ditert-butyl-1,4-benzoqinone
[8,11,3)]. Data®t 2 consistsof UV-VIS spectraof the conseutive readion of 3-chlorophenylhy-
drazonopopanedinitrile with 2-mer@aptoetfanol[12,1316,40].Data®t 1 hasa moderatenoiselevd
anddatase® hasalow noiselevel. Hencebothdatasetsepresat extrenresof wha canbeexpectedn
chemicalpractice.

2. THEORY
2.1. Notation

Boldface capitd characers denote matrices, boldface lower-cese chamactersdenoe vectors and
boldfaceunderlired capital characérsdenot three-wg arrays.Define a matrix X with dimensons
M x N. Then X" represats the transpos of X, X ! represats the inverseof X, X denogs the
estimateof X, X representshe truncatedmatrix X (seelater) and ||X|| indicatesthe Froberius or
Euclidean normof X. X© is thematrix X afterthejthiteration,X; is theith columnof X, Xi(‘) istheith
columnof X afterthejth iteration and1 represatsavectorof ones.Themostimportantpropeties of
the two-way and threeway methodswhich will be discussd in the following subsetions are
summaizedin Tablel.

2.2. Themodel

Let matrix X (M x N) be a colledion of spectratakenin time of a certainchemial reactionwith M
equidiganttime pointsat N wavelengtts, K reactingabsorbimg speciesanduniform errorsassunedin
thedata.Matrix X canbeexpressedasthefollowing equaton, assumngthe Beer—Lambet law [41]:

X=FD'"+E (1)

whereF (M x K) contairs the concentrabn profiles of K reactingabsobing speciesD (N x K)
contairs the purespectraof K reading absobing specieandE (M x N) is a matrix of errors(model
errors,expeimental errors andinstrumental noise).

Consicer the two-gep first-order consecutve chemial reaction

SIRVALIRVY

Tablel. Importantpropertieof sometwo-wayandthree-waymethodsuseof a priori spectrainformation;time

shift; numberof slabscreatedrom mastedatasetiterativenature;speedandapplicabilityfor on-lineuse.In the

caseof speed; ++' meandessthan10s (fast),'+' meansnorethan10s (medium)and‘ —’ meansninutesto
hours(slow)

A priori Number

Algorithm information  Time shift of slabs Iterative Speed On-line
CCR Yes No 1 Yes + No
WCR No No 1 Yes + No
GRAM No Yes 2 No ++ Yes
GRAM-LM-PAR No Yes 2 Yes — No
TLD No Yes >3 No ++ Yes
TLD-LM-PAR No Yes >3 Yes — No
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544 S.BIJLSMA AND A. K. SMILDE

wherek,; andk, arereactionrate consants,both in min—*. Equations(2)—(4) arethe kinetic rate
equatias descriling the concentration profiles of species, V andW respectivdy, assunng that
only speciedJ is initially present

Cu,j = Cyoe ™t (2)
L leU,O —Kiti —Kot;
Cw,=Cyp—Cu,j — Cy;, (4)

whereCy ;, Cy,; andCyy ; aretheconcentationsof specied), V andW attimet; respediely andCy o
is theinitial concentrationof specied) attime 0. Equatons (2)—(4) arethe columnsof F. Herncethe
first columnof F represats Equaton (2) for exanple.

Suppos®nly X is knownandF andD arebothunknownIn this caseit isimpossble to esimatethe
reactionrate constantsof the consteredchemial reactionusing techniques which are basedon
fitting thekinetic expressionso theconcentrationversugime data,sincethes concentrationsarenot
measued.Sometmesapartof D is knownin advane. If thisis notthecaseit is very oftenpossibeto
record pure spectraof readants and produds in pradice. Howeve, obtaining pure spectraof
intermedate speciexanbeaproblembecaseof theirfastdeconposition.Matrix F is unknownbuta
modelfor F (strudure)is knownif a suitablekinetic modd for the chemial reactionof interestand
theinitial concentationsof the differentreading absorbig speciesare known Iterative algorithms
arenecessar in orderto estimatethe reactionrate consaintsof interest.

2.3. Two-way methods

2.3.1. Classcal curveresoluion (CCR) In this subsectiora classicalcurve resolutian approach
which usesspectralinformation that is known in advancewill be discussedvery briefly. The
algorithm has beendescibed extensivey in an earlier paper[13] and will be termed classical
curveresoluton (CCR)in this paper Define

XT=DF" +ET (5)

The goal of CCR is to minimize Equation(6) over k; and k,, ensumg that for the prope values
of the paranetersthe minimum s achieved

. T T 2
[min |[X" — DF | (6)

whereD =[d, dy, d3] andd; representghe first column of D which containsthe pure spectrum of
the reactant. The vectors d, and ds; represat the pure spectraof intermedate and produd
respedbely. The pure spectraof reactat and produd (d; and ds) are both assumedo be known
in advane. The readion rate constars k; andk, are optimized accordig to the following steps.

1. Useastaring valuefor k; andks.
2. Reconstrat F. This gives F.
3. CalculateX " accordng to

XT = XT — dyf] — daf] (7)
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ESTIMATING REACTION RATE CONSTANTS 545

4. Estimated, usingX", f, and non-negavity constrants [42].

5. Modify k; and k> accordingto the Levenbeg—Marquardtalgorithm [34] by minimizing
Equation(6). _

6. Updatef, andd,.

7. Repeatsteps5 and6 until convegencehasbeenreached.

Thetwo-wayalgarithm CCRandtheleastsquarepartsof thethreeway algarithms (seeSectons
2.4.3-2.45) canaccount for non-urform errors preentin the databy usingweighted least squaes
(WLS) if thevarianceof the measuementerroris known [43]. Howeve, the useof WLS is beyond
the scopeof this paper sincethe structureof the measuementerror is unknown.

2.3.2. Weightd curveresoluion (WCR. A modified curve resdution procedurewhich is termed
weightedcurveresolution (WCR) is descibed in this subsectionAn extensve explanationof the
algorithm can be found in an earlier paper [11]. Equaton (8) shows the singula value
decompoition (SVD) of X' assumingM < N; for caseswhereN < M is valid, X can be used
insteadof X:

XT =usVv’ (8)

with UTU=1,VTV=WT=1,U (Nx M), V (M x M) and S (M x M) a diagonal matrix with the
singula valuesarrangedin decreasingorder on the diagonal Equation (9) showsthe truncated
versionof Equaton (8) to thefirst L signficant singular values:

X' =08V, (9)

If Equaton (5) holds then F and V. spanthe samespace.Following the target factor analyss
(TFA) approachused by Maeder and co-woikkers [9,18,2)], the objective function given in
Equation(10) is minimized over k; and k,, ensuringthat for the properk; andk, the minimum
will beattained:

min||[| = F(FTF) *FTV S | (10)
1,K2

whereV, andS, areboth fixed. Becaus the columnsof V| areweighted by S, the algorithm is
called weighted curve resdution. In this way, accouwnt is taken of non-uriform errorspregnt in
the data.

WCR doesnotuseanyspectrainformationthatis known in advanceAlso, theknowledyethatD is
non-negave is not usedin WCR.

2.4. Three-vay methods

2.4.1. The three-way structure. The threeway strucure which is used by the threeway
algorithms in order to estimate unknown reaction rate constans is discussd briefly in this
subsection.An extensive explanatiom of the threeway structure used can be found in earlier
papers[15,1€. Considermatrix X (M x N), with specta recadedin time of the reactingsysem
mentionedearlier, again. First, a column with constans, e.g. a column with ones,(1 ... 1)7, is
addedto X to constru¢ the augmentednatrix X~ (M x (N+1)). Reasonsgfor this stgp canbe found
in earlier papers[15,1§ and are also treaed in detdl by Windig and Antalek [30]. Next, X" is
split into two datamatricesX; and X3 usinga time shift S The matrices X (M — S) x (N + 1))
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P L. .. N I'Sl"' N+l
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Figurel. PARAFAC model.

and X3((M — S) x (N + 1)) which are creded by separdhg X" are usedto constru¢ the three-
way arrayf (M — 9 x (N+1) x 2) by meansof stackhg andcanbe modelledwith PARAFAC.
This is shown in Figure 1.

From K the following threeloading matricescanbe construted:

o A=[a; a az] (M — 9 x 3) with k-rank[44] equalto 3;
o B=[by b, bs] (N+ 1) x 3) with k-rankequalto 3;
o C=[c; ¢y ¢35 (2 x 3) with k-rankequalto 2, assumingk; # ko.

Fromthethird loadng matrix C thereactionrateconstantsk; andk, canbeextractedrery easilyif the
time shift paraneterSis known [15,16. The strucure of C is

c_ (Cll C12 1) 1)
1 1 1
wherek; andk, areln(c,1)/S andIn(c,,)/S resgectively.

Sofar, thewholeprocalureis valid if X is split into two datasetslt is alsopossibleto split X~ into
morethantwo datasetsising a certainstep size.Creatirg moredataset from X~ canbeanadvanage
with respectto noisereduction It is importantto stresghatthe same maste datasetis usedoverand
overagan. Assune for simplicity thatX" hasto be split into threedatamatrices or slabs X3, X5 and
X3 using astepsizeG. This is visualizedin Figure 2. Fromthisfigureit canbe observedhatthe step
sizebetwea X] andX; is equalto the stepsize betwea X5 andX3. The threematrices which are
createl by sepaatingX~ areusedto construc thethree-wa arrayK (M= (Gx3)]x(N+1)x3)
by meansof stecking and can be moddled with PARAFAC similarly to the procelure shown in
Figure 1. The loading matrices canbe constuctedand,from the third loadng matrix according to
Equaton (12), estimaesfor k; andk, canbe extractedwhich canbe averaged:
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N+1l—>
M
v
<«—— Last column contains constants
1 1 . Nt 1+G1...N+1 1 +(2XG) 1 ... N+l
* ' * : %
X", X, . X",
M-(G X2) M-G M

Figure2. Splitting X" into threedatamatricesX:, X5 andX3.

Ci1 Cp2 1
C=]c1 cn 1 (12)
1 1 1

whereln(cy4)/In(c21) = In(cz4) = ky andIn(cy,)/In(c,5) = In(cyy) = ks for the noiselessase Hercetwo
estimatedor bothk; andk, areobtainel if threeslabsare createdfrom X*. Theseestimaescanbe
averagedLikewise, threeestimatef reactionrate constans are obtaned from four slabs,etc.

2.4.2. The genealized rank annihilation method(GRAM). Details aboutthe GRAM algarithm
usedin this papercanbe found in earlier papes [15,16. Here only the essentialstepsare given.
Two slabsarecreate from X~ by means of atime shift S

1. Use a generalkzed eigenvalie problem (GEP) to deconpose the threeway array f
(M — 9 x (N+ 1) x 2) into threeloadng matrices A©, B andC©. The GEPwassolved
for X7 and X3 accordig to the proceduredescribedoy Wilson et al [33].

2. Estimatethe reactionrate constantfrom the scalingfactors listedin C© if the time shift Sis
known.

2.4.3. Theleventerg—Marquardt algorithm and alternating leastsquares stepsof the PARAFAC
model (GRAM-LM-PAR). Detais aboutthe algarithm canbe found in earlier papes [15,16. The
algorithmwill be termedGRAM-LM-PAR insteadof LM-PAR, in order to indicate that GRAM
resultsareusedasaninitial setof staring values.

1. Apply GRAM. This givesA©, B, c©, k; andk,.

2. DefineA©, B© andC©. Thefirst columnof A representsie ! andthe secondcolumnof
A representse ~ ! [15,16. The paraneterh is a constantHencek, andk, canbereplaced
by k, andks, respectivéy, resuting in A whichis arecanstructian of theconcentrationprofiles
usingthe reaction rate consant estimaesfrom C©. C© is a reconstrudbn of C® wherethe
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lastrow andlastcolumn aresetto arow vectorandcolumnvectorof onesrespectivly. Thisis
knownin advanceandhencethis informationhasto be used B is constructe by meansof a
three-wa least squaredit (PARAFAC fit) from X", C© andA©,

3. Subtractthe contribution of the column of constars from X", resuting in X, where X" is
createdoy unfolding X"

X =x - & (& @ by (13)

where| ® | denoteghe Khatri—Raoprodud [45].
4. Next, matricesare partitioned:

AO = [, &) (14
B = 8,5"] (15)

“(u)
1

wherethe matrices with adoubk tilde consistof thefirst two columnsof the consideed matrix.
5. Equation(17) is minimizedusing the Levenberg—Maguardtalgorithm [34]:
~(0)

min||X*©@ — A
ki,kz

~0O)T 50Ty 2
€ leB ) (17)
Update,&(o) and é(o) using the optimal values for k; and k, accordng to the Levenbeg—
Marquadt algorithm.
6. UpdateB© using a leastsquaesPARAFAC step.
7. Repeatsteps3—6 until the relatve changein fit betweentwo iterationsis belov 10~°.

It is importantto statethat GRAM-LM-PAR can only be usedif the exponetial functions
descriling the concentration profilesof the different speciescanbe written asa sumof exponatial
functions[15,1€. This also holdsfor GRAM. Hence,in kinetics, GRAM andGRAM-LM -PAR can
only be usedin orderto model(pseudo-jirst-orderkinetics.

2.4.4. Trilinear decompoision (TLD) algorithm The trilinear decompogion (TLD) algorithmis
well descritedin the literatureby Booksh et al [38]. Herea shortdesciption is given.

1. Assune that three slabs are createl from X'. Deconpose the three-wy array K
(IM — (G x 3)] x (N+ 1) x 3) into three loadng matrices A, B® and C®. A common
spaceof X; + X3 wasusedin the caseof threeslabsanda commonspaceof X} + X wasused
in the caseof four slabs.

2. Estimatethe readion rate consantsfrom the scalirg factorslistedin C©.

3. Averagethe estmatesfor k; andk,. This will yield mean esimatedk; andk,.

2.4.5. Thelevenberg—Mrquardt algorithm and alternating leastsquares stepsof the PARAFAC
model (TLD-LM-PAR). The TLD-LM-PAR algarithm is exacty the samealgorithm as GRAM-
LM-PAR, exceptthatin TLD-LM-PAR the TLD resultsareusedasaninitial setof startingvalues
for ky andks instea of the GRAM resultsfor the readion rate constans. Only the first two steps
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of the TLD-LM-PAR algorithm differ from thos of the GRAM-LM-PAR algorithm. For TLD-
LM-PAR thefirst two steps aregiven below.

1. Createa threeway structurefrom a desirednumberof matrices formedfrom X”. Next, apply
TLD. This givesA©, B, C® andmultiple reactionrateconstanestimaes. The reactio rate
constantestimaesareavemlged,resuting in k; andko.

2. DefineA©, B andC©. Thefirst columnof A© representbie " andthe secondcolumnof
A© represats he ! [15,16. Hencek; and k, can be replacel by k; andk; resectivdy,
resultingin A which is a recanstruction of the concantration profiles using the averaged
reactionrate consant esimates.C is a reconstuction of C©© wherethe last row and lag
columnaresetto arow vectorandcolumnvector of onesrespectivéy, andk; andk, areusedfor
the reconstuction of C©@. B© is constucted by meansof a threeway least squaes fit
(PARAFAC fit) from X", C© andA©.

The next stepsare equalto the GRAM-LM-PAR algorithm.

2.5. Quality assessent of the estimagd reactionrate constans

In previouswork a procedure for quality assesmentof the estimaed reactionrate consantswas
discussd intensively [11,1315,16] Here sone important aspets are explained. Assume that n
individual batd processrunsareperformed. Herce n individual estimagesof readion rate constants
canbe obtained.Fluctuatons betweenindividual estimaesof reacton rate constantsare causedy
modelerrors,which areassunedto be smallif thekinetic modd usedandthe Beer—Lanbertlaw are
valid, experimenal errorsandinstrumentalnoise. If astandad deviationis calculatdof thereaction
rateconstantestimaes,this canberepreseted asthe uppererror boundof estimaesof thereaction
rate constnts,when variaions due to expeimental errorsand instrumental noise are consiered.
Experimentalnoisecanbe causedy concentrationerrorsanderrorsdueto the startof the reaction,
for exampe. Instrumentalnoise is causel by variatons of the instrument.

A lowererrar boundcanalsobedefinedwhich mainly represatsthe consguence®f instrumental
noise. A jackknife procedure[37] can be usedin order to estimae the lower error bound
[11,1315,16]. Assume that 21 spectraare recaded in time of a certan chemical processat N
wavelenghsandassume jackknife interval of four spectraFirstly, spectral, 5,9, 13and17 areleft
outandtheremainirg specta areusedto estimatethe reactionrateconstantsSecondly spectral, 5,
9,13and17 areleft in andspectra?, 6, 10, 14 and18 areleft out andthe remainirg spectraareused
againto estimae thereadion rate constans. Finally, thiswill leadto a certainnumber of esimatesof
reactionrateconstans. Thejackknife standad deviationobtanedrepresentghelower error boundof
mainly instrumentalnoise.

2.6. Reprodudbility

Thereproducibiity for n batchprocessrunswasobtaned usingthe equaion

1 n
\/ﬁZHXi _Xm||2
=t x 100% (18)

[ Xmll

reproduchility =

whereX; is thespectramatrix for batd processruni andX,, is theavemgedspectal matrix obtaned
from n individual batchprocessuns.
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2.7. Correlation coeficients

The correlationcoeficient r betweenthe k; andk, esimateswasobtainel for eachalgorithm. The
valuefor r givesanindicaton aboutthequality of thealgorithmused A smallvalue of r indicateshat
thealgorithm candistinguishbetwea k; andk, duringthe optimizaion procedurevery easily.Herce
thereadion rateconstanestimaesaremorereliable. The valueof r canbepostive or negativelf r is
negatie, this meanghatk; andk, arenegatiwely correlated A largervalue of k, is associateavith a
smallervalue of k, andvice versa

3. EXPERIMENTAL
3.1. Thereaction

3.1.1. Datase 1. Datasetl consised of shortwavelengh near-infiared (SW-NIR) spectrataken
in time of the epoxidaton of 2,5-ditert-butyl-1,4-benzogunone using tert-butyl hydroperoxide
andTriton B catalyst[8,11,3]. The readion consstedof two steps:

stepl:A+B . C4D

step2:C+B < D+E
SpeciesA, B, C, D andE are specifiedin Tablell. No distinction was madebetwee the cis and
trans produd (E) of the secom stepof the reaction becawsethe spectra differencesare negigible
in SW-NIR. If speciesB is presentin large excessthe first and secom steps of the reactionboth
becomepseudefirst-orde insteal of secom-order. Hence,Equatons (2)—(4) can be usedin order
to describethe concentration profilesof the reactant (A), intermedate (C) and main produd (E) of
the reactionrespectively. SpeciesA, C andE were monitored.
3.1.2. Datase 2. Data®t 2 consised of UV-VIS recaded spectraof the consecute reactionof

3-chlorophenylhydazonopopare dinitrile (U) with 2-mercapbethanol (V) [12,13,1640]. The
reactionconsised of two steps:

stepl:U+V£>W
step2: W “L Y +Z

SpeciesU, V, W, Y andZ are specifiedin Tablell. If V is presentin large excessthe first step

Tablell. Speciednvolvedin datasetl anddatase®?

Datasetl Dataset?
A 2,5-ditert-butyl-1,4-benzoquinone U 3-Chlorophenylhydrazonopropaditrile
B Tert-butyl hydroperoxide \% 2-Mercaptoethanol
C 2,5-ditert-butyl mono-epoxide-1,4-benzoquinone W Intermediateadduct
D Tert-butyl alcohol Y 3-Chlorophenylhydrazonocyanoacetamide
E Cis andtrans 2,5-ditert-butyl di-epoxide-1,4- 4 Ethylenesulphide

benzoquinone
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of the reactbn becomespseudefirst-order insteal of second-ader. Hence,Equatons (2)—«4) can
be usedin orderto describethe concentation profilesof U, W andY resgectively. In this paper
speciedJ (reactant),W (intermedide) andY (product) were monitored.

3.2. Sampe preparation

3.2.1. Datasd 1. First, the cuvettewas fill ed with 02649 (12 mmol) of 2,5-ditert-butyl-1,4-
benzoginone,as synthested by the proceduredescibed by Hairfield et al [39], which wasthen
dissohed in 15ml dioxane (Acros 99"%). Next, 135ml (12 mmol) of a tert-butylhydropeoxide
70% (Acros) soluion in water and 1321 ml ethanol (BDH Laboraory Supplies, pro analysis)
were both added. After the target reaction tempeature had beenreahed, data collecion was
started immediately after addition of 024 ml ice-cold Triton B catalyst (Acros, 40 wt% in
metharol) in 0B0 ml ethanoland 0B0 ml dioxane.The exces of tert-butylhydroperoxde in moles
was 10 times 2,5-ditert-butyl-1,4-benzogiinore. The experimentwas repeated eight times. More
detailsaboutthe sampleprepaation canbe foundin an earlierpaper[11].

3.2.2. Datase 2. The cuvettewasfilled with 2[3 ml of a working solution containing5171 pmol
| =1 3-chlorophenihydrazonopopanedinitrile (Acros, 99"%) buffered with KH,PQ, (Acros pro
analysis 02 mol | ~*, pH 4@). When the target readion tempeature had been reached,data
collection was stated by addtion of 10wl of a soluion of 2-mercaptoethnol (3585 wmol). This
solution consistedof 250l pure 2-mercaptoetanol (Acros 99%) and 750ml KH,PQO, buffer
solution. Hence the excessof 2-mercapbethanol in moles was 276 times 3-chlorophenyl-
hydrazonopopanedinitrile. The expermentwasrepeatd 10 times. More detailsaboutthe sanple
preparatbn canbe foundin an earlier paper[16].

3.3. Experimental setup

For both datasetsthe sane expeimental setup was used. A Hewlett Packard8453 UV-VIS
spectrphotomeéerwith diodearraydetecton wasusedto measue specta of thereactng systemFor
datasetl aquartzcuvettewith 10000 cm pathlengh (Hellma Benelux) wasusedto obtainspecta of
thereadion mixture. For datase®? a quartzcuvettewith 1100 cm path length (Hellma Benelux) was
used.A Pt-100 thermocoupt and a constant-terperatue bath (Neslab)were usedto contol the
temperatireinsidethe cuvette The expeimentalconditionsfor datasefl anddatase® weredifferent
andaresummaizedin Tale lll. Detailsaboutthe expeimentalset-upcanbefoundin earlier papers
[11,16.

Tablelll. Experimentalconditionsusedfor datasetl anddatase®

Experimentalcondition Datasetl Dataset?
Reactiontemperaturg °C) 17 25
Integrationtime (s) 1 1
Samplingtime (s) 5 10
Total runtime (s) 1200 2700
Wavelengthrange(nm) 800-1100 200-600
Wavelengthinterval (nm) 10 10
Numberof recordedspectra 241 271
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3.4. Dataprocesing

3.4.1. Datasé 1. Secondderivaive spectrawere estimatedusing a Savitzky-Golay filter [46]

with a window size of 15 data points. To stressthe spectré featuresof the appeamg and
disappeging species second-devative difference spectrawere calculaed after subtrating the
fourth recordedspectum from all the otha spectraremaning. Herce the first three recorded
spectrawere not usedfor dataprocessig becauseof the moderatereproducbility of thes specta
asdescribedn an earlier paper[11]. The smdl wavelengh range860-880nm was usedfor data
procesaig. If this wavelengh rangeis used,the spectralfeatuies are cause by the three species
which were monitored (species A, C and E [8,11]). For WCR the data matrix with recorded
spectraof the reacting systemwas truncatedto three singula values. More details about data
processig can be found in an earlier paper[11]. For WCR, stating values of 030 and 005

min~* wereusedfor k; andk, respectivéy.

3.4.2. Datasd 2. A spectrum of KH,PQO, buffer solution was usedas blank. The wavelengh
range300-500nm was usedfor dataprocessig. Using this spectralrange,thereare only spectrh
featules causedby speciesU, W and Y. For CCR and WCR, stating valuesof 030 and 005
min~* wereusedfor k; andk, respectivéy.

3.5. Purespectra

Fordataset2 the purespectrum of thereactant wasrecordedy avergingseverrecadedspectrgust
beforeadditionof specied/. In orderto recordthe purespectrum of the produd, thereactionmixture
wasallowedto read for 8 h. After this period,sevenspectraof thereactionmixture weretaken.The
recordedspectraepresatedthe purespectrum of the product,becagethe concentrationsof reactant
and intermediatewill be negigible after 8 h. The pure spectrun of the intermediatecould not be
recorded sinceit is not available at chemicalsuppliersandhardto synthesizein its pureform. For
datasetl, no pure specta of speceswere availeble. Herce it was not possibe to apply the CCR
algorithm for dateset1.

4. RESUWTS AND DISCUSSION
4.1. Reprodudbility

Thereproduchility wascalculaedfor both datasetsFor datasetl the reproducibility of the secoml-

derivative difference spectrawas equal to 23[38%. This moderatereproducbility is mainly a

consegenceof the small differences in absorbanesof the speciesandthe error propayationcaused
by taking the secom derivaive. For datase® the reproduchbility of the blank-carectedspectawas
equalto 084%.Hercethereis alargedifferencein reproduibility betwea dateset1 anddatase®.

Forbothdatasetshe meanbatd processrun wasobtainel by avemlgingthe spectreof theindividual

batchprocessruns.Thespectraof themean batth processun areplottedin Figure3 for datasetl and

datasef.

4.2. Estimatesof reaction rate consantsfrom individual batch processes

4.2.1. Datase 1. For eight individual batch processruns the reaction rate consants were
estimaed using different algorithms. The resuts are listed in Table IV. The individual standad
deviationsrepresenthe uppererror bounds.The correlationcoefficierts give an indication about
the performane of the different algorithns used.For GRAM and GRAM-LM-PAR the time shift
wasequalto 30 specta. From previouswork [15] it appeaed that this time shift led to the lowest
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Figure3. Spectrdor meanbatchprocessun: A, dataset; B, datase®. The spectraareplottedusinganinterval

of 10 spectra.

standad deviation for k; and k.. For TLD and TLD-LM-PAR the step size was equal to 20
spectralt appearedhat thesevaluesled to the lowestindividual standarddeviations From Table
IV the following aspets canbe obsewved.

1.

2.
3.

Thelowestindividual standad deviation (uppe errorbound)for bothreactionrateconstangis
obtainedusing WCR.

All algorithis led to approximagly the sameindividual standad deviation for k;.

The magnitudeof the individual standad deviationfor k, is very depenént on the algarithm
used.

. Thereis no gain in individual standarddeviation for both reactionrate constans if morethan

two slabsareused.The useof TLD and TLD-LM-PAR led to no improvenentin individual
standardieviationscomparel to GRAM and GRAM-LM-PAR respectivey. Hencethereis no
noiseredudion if morethantwo slabsareused.Note thatthe sarre dataareusedoverandover
againif slabsarecreaed.Hencethe samenoiserealizationof the datais usedagainandagain.

. GRAM-LM-PAR and TLD-LM-PAR led to animprovementin individual standad deviation

for k, comparel to GRAM andTLD respectivey. For k; theindividual standad deviationswill
be slighty larger. Herce, with respect to ko, performing iterations after GRAM or TLD is
advantageus.Note thatboth GRAM andTLD are not leastsquaesmethods

TablelV. Resultsfor datasetl: meanestimatedreactionrate constantover eightk; andk, estimatedor eight
repeatedndividual batchprocessesbtainedwith different methodsThe standarddeviations(STDs)obtained
for theindividual batchprocessearealsogiven. For WCR the startingvaluesfor k; andk, were0[30 and0[05

min~? respectively

Meank; STDk, Meank, STDk,

Method (min™Y) (min~Y (min~?h (min~h r

WCR? 026 003 07 003 —0B1
GRAM (time shift = 30) 028 0Mm3 010 006 —0a7
GRAM-LM-PAR (time shift = 30) 025 004 0[9 04 —0[9
TLD, 3 slabs(stepsize=20) 025 003 oao 006 —0[86
TLD, 4 slabs(stepsize=20) 022 003 oa1 0o —003
TLD-LM-PAR, 3 slabs(stepsize= 20) o024 005 009 04 — 087

21f differentsetsof startingvalueswere used,similar resultswere obtained
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. With respecto k; the non-iteratve GRAM algarithm gives approximately the sameindividual

standad deviation asotheralgorithms.

. With respectto thecalculatedcorrelationcoeficients, GRAM givesthelowestvalue,indicating

that GRAM candistinguish betweenk; andk, very well.

. Becaus the noise level of the datais high, iterative algarithms will improve the individual

standad deviationsobtainel with non-iteratve algarithms. Hencepredse estimate®f reaction
rate consantsin the caseof datawith a moderateor high noiselevel are only possble using
iterative leastsquaesalgorithms.

. Datase 2. For 10 individual batch processs the reaction rate consants were estimated

using differentalgarithms. The resultsare listed in Table V. For GRAM and GRAM-LM-PAR a
time shift of 30 spectrawas used.From previouswork [16] it appearedhat this time shift led to
the lowest standad deviation for k; andk,. For TLD and TLD-LM-PAR the stepsize was equal
to 15 spectra It appeaed that thesevalues led to the lowest individual standard deviations. The
correltion coefficients betwea the k; andk, esimatesare also givenin TableV. From TableV
the following aspectsanbe obseved.

1.

5.

Using CCR, the lowestindividual standad deviation for k; is obtaned. Hence using spectra
information thatis known a priori is advanageousThelowestindividual standad deviationfor
k; is obtainel using TLD and threeslabs. Howeve, the differences betwee the individual
standad deviations obtaned with different algorithms are very small. A compomise in
individual standardieviation (uppererrorbound)for k; andk; is obtainedwith CCR.Usingthis
method,the individual standarddeviationfor k; is acceptale.

. All algorithmsled to approimately the sameorder of magnitude of the individual standard

deviationfor k;.

. Thereis hardly againin individual standarddeviationfor bothreactian rateconsantsif three-

way algorithrms with morethantwo slabs are used.The noisereductioneffectis very small.

. GRAM-LM-PAR andTLD-L M-PAR led to no improvement in individual standad deviation

for bothreadion rateconstintsconparedto GRAM andTLD respedtely. Thisis causedy the
very low noiselevel of the data.
With respectto k; andk, the non-iterative GRAM algorithm gives apprimately the same

Table V. Resultsfor dataset2: meanestimatedreactionrate constantsover ten k; and k, estimatesfor 10
repeatedndividual batchprocessunsobtainedwith differentmethodsThestandardieviationg STDs)obtained
for theindividual batchprocessunsarealsogiven.For CCRandWCR thestartingvaluesfor k; andk, were0[30

and 005 min~* respectively

STDk; STD ky
Meank, (1072 Meank, (102
Method (min™%) min~—%) (min~Y min~%) r
CCR 032 098 003 002 —0B4
WCR? 031 098 003 o1 —0B2
GRAM (time shift = 30) 030 083 003 010 —071
GRAM-LM-PAR (time shift = 30) 031 092 003 oa1 —0[9
TLD, 3 slabs(stepsize=15) 030 082 003 oo —0i48
TLD, 4 slabs(stepsize=15) 0330 003 003 009 —0B2
TLD-LM-PAR, 3 slabs(stepsize=15) 032 0M1 003 oa1 —078

21f differentsetsof startingvalueswere used,similar resultswere obtained

Copyright 2000JohnWiley & Sons,Ltd. J. Chemometric000;14: 541-560



ESTIMATING REACTION RATE CONSTANTS 555

individual stardarddeviationasothe algorithms.Only CCRled to alower individual standard
deviationfor ks.

6. With respecto the calculatedcorreltion coeficients, CCR givesthe lowestvalue,indicaing
that CCR can distinguish betweenk; and k, very well, becase spectrd information that is
known a priori is usedby the algorithm

7. It seemsthat GRAM and TLD lead to a systemat differenceof the meanvalue for both
reactionrateconstarns. Fromtheliteratureit is knownthatGRAM andTLD canleadto biased
estimateq47].

8. Becausehenoiselevel of thedatais low, iterdive leastsquaesalgorithmswill hardlyimprove
theindividual standad deviationsobtainel with nonriterative algorithms.Herncein the caseof
datawith alow noise levd it is not necessarto performtediousiterations.

4.3. Jackkniferesulss (lower error bounds)

4.3.1. Datase 1. In order to obtain lower error bounds,a jackknife procedure as descriked in
Section2.5 was applied Using a certain jackknife interval, a fixed number of spectrawere left
out. With the leftover specta the readion rate consaintswere estimatedusing differentalgaorithms.
Using three-wg methods the numberof spectraleft will be lesscomparedto two-way methods
becausef the appliedtime shift or stepsize. The number of leftover spectramustbe the samefor
every algorithm for a fair comparisonbetween lower error bounds obtainel with different
algorithms.This can be achievedby applying different jackknife intervals Henceeachalgorithm
appliedhasa specift jackknife interval resuting in the sarme number of leftover spectra.

Thejackknife resultsfor datasetl arelistedin TableVI. Fromthistablethefollowing aspets can
be obseved.

1. GRAM-LM-PAR gives a compromisein lower error bound estimae for both reactionrate
constantsUsing this method,the lowestlower error boundestimae for k; is obtaned andan
acceptabldower error boundestimae for k;. The lowestlower error boundestimatefor k; is
obtainedwith WCR.

2. Theuseof GRAM-LM-PAR andTLD-L M-PAR will alwaysleadto animprovementin lower
error bound conparedto the lower error bound estimates obtainel with GRAM and TLD

Table VI. Jackkniferesultsfor meanbatch processfor datasetl obtainedfor different methods.The mean
reactionrate constantobtainedarethe meansover 10 jackknife estimatesFor WCR the startingvaluesfor k;
andk, were 030 and0M5 min~—? respectively

Jackknife Meank; STD kq Meank, STD ko
Method interval (min™%) (1072 min™? (min~%) (107 %minY
WCR? 31 026 010 om7 018
GRAM 26 028 020 o7 o6
(time shift=30)
GRAM-LM-PAR 26 o027 oa1 007 0oas
(time shift=30)
TLD, 3 slabs 24 025 0oas 008 022
(stepsize=20)
TLD-LM-PAR, 3 slabs 24 0226 008 008 022

(stepsize=20)

21f differentsetsof startingvalueswere used,similar resultswere obtained
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Table VII. Jackkniferesultsfor meanbatchprocessfor dataset? obtainedfor different methods.The mean
reactionrateconstant®btainedarethemeansover10jackknife estimatesFor CCRandWCRthestartingvalues
for k, andk, were 030 and 005 min~? respectively

Jackknife  Meank; STD ky Meank, STDk,
Method interval  (min~Y) @0 3min™YH (min~Y) (10 *min~Y
CCR 27 032 0m3 0m3 om1
WCR? 27 032 oaz2 0m3 o3
GRAM 25 030 05 003 0@2
(time shift=30)
GRAM-LM-PAR 25 031 oo 0m3 o1
(time shift=30)
TLD, 3 slabs 25 030 o024 0m3 0039
(stepsize=15)
TLD-LM-PAR, 3 slabs 25 031 0m9 0m3 oo

(stepsize=15)

2If differentsetsof startingvalueswere used similar resultswere obtained

respectivey. Thisis becawgeof the high noise leved of the data. The gainin jackknife standard
deviationis approximagely afactortwo for k; if GRAM-LM-PAR is usednsteal of GRAM. For
ko thereis hardly a gainin jackknife standarddeviationif GRAM-LM-PAR is usedinsteadof
GRAM.

4.3.2. Datase 2. The jackknife resultsfor datase® arelisted in Table VIl. Becausehe numker
of spectraof dataset® is different from that of datasetl, the appliedjackknife interval for dataset
2 differs from the jackknife intervals for datasetl. From Table VIl the following aspets canbe
observed.

1. CCRgivesthe lowestestimatedor the lower errorbound.

2. Theuseof GRAM-LM-PAR andTLD-LM-PAR resultsin againin lower errorboundestimaes
comparel to those obtainal with GRAM andTLD respedwely. Thegainin jackknife standard
deviationis appraimately a factortwo for k; anda factor of four for k, if GRAM-LM-PAR is
usedinsteal of GRAM.

4.4. Estimatesof pure specta

Forthek; andk, estimaesfrom TableV for CCR,WCR andGRAM the concentation profileswere
reconstucted.This wasnot donefor the k; andk, esimatesobtainal using TLD, GRAM-LM -PAR
andTLD-L M-PAR, becausehereadion rateconstans estimatedverevery similar to those obtained
with GRAM, WCR and CCRrespectivey. From the spectraof the meanbatc processrun andthe
reconstucted concentration profiles the pure spectraof reactant,intermedate and product were
estimaed for dataset?2 by meansof a least squaes step using non-negativity constaints. The
estimaedpurespectrdor thereadantandproductweresubtratedfrom therecordedspectraof those
speciesThedifferencespectraaregivenin Figures4 and5 for thereadantandproductrespectivéy.
FromFigures4 and5 it canbeobservedhatthereis somestrucure preentin the differencespectra,
but the residuds arequite small. It wasnot possibe to comparethe estimaéd purespectrun for the
intermedate with the recordedspectraof the intermedate.
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Figure4. Differencebetweerrecordedpurespectrumandestimatecpburespectrunfor reactanusingmeanover
individual k; andk, estimateobtainedwith CCR (—), WCR (*) andGRAM (QO).
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Figure5. Differencebetweerrecordedpurespectrumandestimatedpurespectrunfor productusingmeanover
individual k; andk, estimateobtainedwith CCR (—), WCR (*) andGRAM (QO).
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5. CONCLUSIONS

In this paper two-wayandthree-wg methodgo esimatereadion rateconsantsfrom spectal dataof
chemial readionsarecomparel. Two differentspectal datasetareused Datasetl consistef SW-
NIR spectatakenin time of atwo-gepreaction Datasetl showednoderag reproducibility. Datagt
2 consistef UV-VIS spectraakenin time of anohertwo-gepreaction.Datagt 2 showedexcellent
reproduchbility.

The iterative two-way methodof weighted curve resdution (WCR) led to the lowestindividual
standad deviationsfor the reactobn rate constantdor datasetl. The generaked rank annihilaion
method(GRAM) performedvery well, buttheindividual standarddeviationsarereduedif iterations
areperformedafterthe GRAM solution. This is becaseof the moderatenoiselevel of datasetl. The
two-way methodclasscal curveresolution (CCR) led to the bestvaluesfor the individual standard
deviationsfor datase®. Using CCR, it is possibé to incorporatespectrdinformaton thatis known
beforehad into thealgorithm.Also, non-neativity constrants with respectto the purespectraof the
reactingabsorbiny speciesnvolved canbeincorporated The WCR algarithm doesnot usethis kind
of spectrdinformaion. GRAM led to appraimately the sameindividual standardleviationsfor the
reactionrate constantsasiterative method. This is becausef the low noiselevel of datase®.

In geneal, two-way methodswill lead to lower individual stendard deviationsof reactionrate
constantestmatescomparedto three-wg methods For every specific dataseta certain two-way
algorithmwill performthe best.The two-way methodsCCRandWCR arebothof medum speedit
takesmorethan10sto optimizethereactionrateconsantsif starting valuesareusedwhich areclose
to the ‘true’ values.Becaus of the iterative natue of both WCR and CCR, the exactspeedof the
algorithm neededo read the optimal setof parameersis not known beforehad. This makesCCR
andWCR lesssuitablefor on-line estimaton of reactionrate consants.

In practice it is very often not necessaryto know the valuesof reactin rate consants very
precisdy. Henceit is notalwaysnecessarto useiteraive algaithms. GRAM canbevery conveniemn
to usein that case,becawse the speedof this algorithmis known in advane. This makes GRAM
extraodinarily suitablefor on-line monitoring of readion rate constantsBoth dataset in this paper
showedgoodrestuts usig GRAM and hencethis methodseemsto be the bestchoicefor on-line
(pseudo-irst-orderkinetic problems.For noisy datasets,more reliable esimatesof reactionrate
constans canbe obtaned off-line usingiterative algorithms.
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