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Chapterr  6 

Applicationss of Two-Way Methods 

6.11 Introductio n 

Inn this Chapter,1 the results of the two-way methods traditional curve fitting (TCF) 

combinedd with fixed size window evolving factor analysis (FSWEFA), classical curve 

resolutionn (CCR), weighted curve resolution (WCR) and curve resolution (CR), 

appliedd to the four datasets described in Chapter 5, are presented. A short summary of 

thee four datasets is given in the Appendix. The theory of the two-way methods used 

hass already been described in Chapter 2 of this thesis. Note, that CR is the same 

algorithmm as WCR without weighting certain matrices during the optimization 

proceduree (see Section 2.6, Chapter 2). The starting values of the reaction rate 

constantss used for the two-way methods have been reported in Section 5.2.4 and 

Sectionn 5.3.5 of Chapter 5. If other sets of starting values were used, similar results 

weree obtained. 

6.22 SW-NIR data 

6.2.16.2.1 Introduction 

CRR and WCR, which are described in Section 2.6 of Chapter 2, are applied to estimate 

reactionn rate constants from dataset 1. Dataset 1 contains SW-NIR measurements in 

timee of a two-step consecutive epoxidation reaction as described in Section 5.2 of 

Chapterr 5. Some simulations with synthetic spectra from a simple twro-step process 

Thiss Chapter is based on the following papers: 

 Bijlsma S, Louwerse DJ, Smilde AK. 'Rapid estimation of rate constants of batch processes using 

on-linee SW-NIR'. AIChE J., 1998;44:2713-2723. 

BB Bijlsma S, Smilde AK. 'Application of curve resolution based methods to kinetic data'. Anal. Chim. 

Acta,Acta, 1999;396:231-240. 

 Bijlsma S, Boelens HFM, Smilde AK. 'Rapid determination of rate constants in second order kinetics', 

submitted. . 

HH Bijlsma S, Boelens HFM, Hoefsloot HCJ, Smilde AK. 'Estimating reaction rate constants: comparison 

betweenn traditional curve fitting and curve resolution', submitted. 
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aree used to show that the methods can be applied to estimate unknown reaction rate 

constantss in cases where the pure spectra of the reacting absorbing species involved 

aree extremely overlapped. For the reaction rate constant estimates obtained from 

datasett 1, upper and lower error bounds are estimated in order to perform quality 

assessmentt as described in Section 4.3 of Chapter 4. For the simulated data and 

datasett 1, the performance of CR and WCR are compared. 

6.2.26.2.2 Simulation set-up 

Forr the simulations, the two-step consecutive reaction valid for dataset 1 wras 

considered.. Concentration profiles (matrix F) were simulated for 21 time points for 

speciess U, ^Fand Ycorresponding to a k\ value of 0.30 min" , a ki value of 0.05 min 

andd an initial concentration of species £/of 1 moll"1. The time range was chosen from 

00 min to 20 min with increments of 1 min. Pure SW-NIR spectra (matrix D) were 

simulatedd for the three individual reacting absorbing species for the wavelength range 

850-10500 nm with increments of 1 nm using Gaussian peaks with a peak sigma of 

155 nm. The maximum of the pure spectra of species U, W and F corresponded to 

differentt wavelengths to control the amount of spectral overlap of the individual 

spectraa of these three species. The simulated spectra for datamatrix X were calculated 

accordingg to Equation (1) of Section 2.2, Chapter 2. Normally distributed white noise 

wass added to datamatrix X. The sigma of the white noise added was defined as a 

certainn percentage of the maximum absorbance of the simulated SW-NIR spectrum at 

timee 0. 

Thee amount of spectral overlap presented in the pure SW-NIR spectra of the 

differentt reacting absorbing species involved was varied by moving the individual 

spectrumm of species £/and K along the wavelength axis. The pure spectra of the 

individuall  reacting absorbing species with a small and a strong spectral overlap are 

shownn in Figure 16. A small spectral overlap corresponded to an absorbance 

maximumm of the pure spectra at 900 nm, 950 nm and 1000 nm for species U. Jfand J'. 

respectivelyy (solid line). A strong overlap corresponded to a maximum of the pure 

spectraa at 930 nm, 950 nm and 970 nm for the species U. W and }', respectively 

(dottedd line). One hundred sets of SW-NIR spectra were simulated according to two 

differentt noise levels (1% and 4%). For data reduction using the SVD. three singular 

valuess were chosen, because three species were involved in the simulated SW-NIR 

spectra.. For every noise level 100 k\ and k2 values were estimated. The starting values 

forr k\ and h were always equal to 0.20 min'1 and 0.04 min" . respectively. 
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Speciess U 
11 N. Species W 

Speciess Y 

8500 890 930 970 1010 

Wavelengthh (nm) 

1050 0 

Figuree 16. The pure spectra of species U, Wand J'in the SW-N1R simulations. 

6.2.36.2.3 Results and discussion 

SIMULATION S S 

Thee mean values of one hundred reaction rate constant estimates and the 

correspondingg individual standard deviations are listed in Tahle 5 for CR and WCR. 

Fromm the precision of the reaction rate constant estimates for both algorithms used it is 

obviouss that a higher noise level wil l result in a poorer precision of reaction rate 

constantt estimates (higher estimation error). If the noise level is constant and the 

spectrall  overlap is varied, the precision of reaction rate constant estimates becomes 

poorerr for a larger spectral overlap. However, the methods can both still be applied 

successfullyy if there is a large amount of overlap in the pure spectra of the different 

reactingg absorbing species present. 

Iff  the reaction rate constant estimates for C'R arc compared to the estimates for 

WCR.. it is obvious that there is an improvement in precision of reaction rate constant 

estimatess if WCR is used instead of CR. Hence, using WCR can be extraordinarily 

valuablee if spectral data are noisy. In all cases, no biased reaction rate constant 

estimatess are obtained. 
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Tablee 5. Mean reaction rate constant estimates and corresponding individual standard deviations 
(STD)) using CR and WCR (values between parenthesis) for 100 simulated sets of SW-NIR 
spectraa using two different noise levels and four different amounts of spectral overlap. Pma.^ 

indicatess the spectral position of the maximum of the pure spectrum of species /. 
p p 

11 max, {

(nm) ) 

900 0 

910 0 

920 0 

930 0 

**  mux, W 

(nm) ) 

950 0 

950 0 

950 0 

950 0 

Pmai.Pmai. Y 

(nm) ) 

1000 0 

990 0 

980 0 

970 0 

Noise e 

levell  (%) 

I I 

4 4 

] ] 

4 4 

1 1 

4 4 

1 1 

4 4 

Meann k\ 

(min"1) ) 

0.2999 9 

(0.3000) ) 

0.2993 3 

(0.2998) ) 

0.2997 7 

(0.2997) ) 

0.2994 4 

(0.3013) ) 

0.2999 9 

(0.3001) ) 

0.2997 7 

(0.2981) ) 

0.2994 4 

(0.3000) ) 

0.2971 1 

(0.3001) ) 

STDD Ai 

(min"') ) 

0.0034 4 

(0.0021) ) 

0.0123 3 

(0.0073) ) 

0.0035 5 

(0.0023) ) 

0.0139 9 

(0.0080) ) 

0.0038 8 

(0.0025) ) 

0.0157 7 

(0.0091) ) 

0.0059 9 

(0.0032) ) 

0.0305 5 

(0.0138) ) 

Meann k2 

(min"1) ) 

0.0500 0 

(0.0497) ) 

0.0510 0 

(0.0504) ) 

0.0500 0 

(0.0502) ) 

0.0511 1 

(0.0497) ) 

0.0501 1 

(0.0498) ) 

0.0506 6 

(0.0516) ) 

0.0501 1 

(0.0498) ) 

0.0507 7 

(0.0501) ) 

STDA2 2 

(min"') ) 

0.0026 6 

(0.0018) ) 

0.0085 5 

(0.0075) ) 

0.0027 7 

(0.0019) ) 

0.0115 5 

(0.0082) ) 

0.0033 1 

(0.0023) ) 

0.0127 7 

(0.0089) ) 

0.0043 3 

(0.0028) ) 

0.0181 1 

(0.0115) ) 

EXPERIMENTS S 

Reactionn rate constant estimates 

Thee mean datamatrix of dataset 1 has been obtained by averaging the datamatrices of 

thee eight repeated individual batch process runs. A k] and a kj value have been 

estimatedd with CR and WCR. The relative fit  errors have been estimated also 

accordingg to Equation (21) and Equation (22) of Section 2.6, Chapter 2. The results 

aree listed in Table 6. Because of their small values it can be concluded that the kinetic 

modell  used is satisfactory. 

Tablee 6. Reaction rate constant estimates for the mean data matrix obtained 
overr eight averaged individual batch process runs using CR and WCR (values 
betweenn parenthesis). 

Estimatedd k] (min" ) 

0.30 0 

(0.26) ) 

Estimatedd ki (min"') 

0.04 4 

(0.07) ) 

Relativee fit error in % 

2.59 9 

(2.63) ) 
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'fablee 6 gives no information about the fluctuation of the reaction rate constant 

estimatess from batch to batch. Therefore, upper and lower error bounds have been 

estimated. . 

Estimationn of the upper error bound 

Thee reaction rate constants of dataset 1 have been estimated for eight individual batch 

processs runs using CR and WCR. The mean values for both reaction rate constant 

estimatess and their corresponding individual standard deviations are listed in the first 

partt of Table 7. These standard deviations represent the upper error bound (worst 

case),, because both experimental errors and instrumental noise are involved. Hence, 

theree is no averaging effect. From Table 7 it is also obvious, that WCR performs 

betterr for k\ compared to CR. There is a factor three improvement in the precision of 

thee k\ estimates. This is because of the fact that certain matrices are weighted in WCR 

duringg the optimization procedure as described in Section 2.6, Chapter 2. For both 

algorithmss the precision of £2 is poor. This is duee to the dominance of the reactant (k\) 

att the start of the reaction and the moderate signal to noise ratio present in the data. 

Tabicc 7. The mean reaction rate constant estimates and individual standard 

deviationss (STD) according to the upper and lower error bound using CR and WCR 

(valuess between parenthesis). 

Typee of error bound 

Upper r 

Lower r 

Meann k\ 

(min'1) ) 

0.31 1 

(0.26) ) 

0.30 0 

(0.26) ) 

STD*! ! 

(min"') ) 

0.09 9 

(0.03) ) 

6.80-103 3 

(I.00-10"3) ) 

Meann kj 

(min"') ) 

0.05 5 

(0.07) ) 

0.04 4 

(0.07) ) 

STDfe e 
(min"') ) 

0.03 3 

(0.03) ) 

3.10-10"3 3 

(1.80-10"3) ) 

Fromm Table 7. it is obvious that the reaction rate constant estimates obtained 

byy others1"2 are close to the estimates obtained in this Section. Hairfield et al.' 

obtainedd a mean estimate for k\ and ki of 0.24 min"1 and 0.05 min"', respectively. 

Mayess ct al. obtained a mean estimate for k\ and kj of 0.30 min" and 0.05 min" , 

respectively. . 

Thee correlation coefficient, r. has been estimated between the eight k\ and the 

eightt A:: estimates for both algorithms. The value of r can be positive or negative. If r 

iss negative this means that k\ and kj are negatively correlated. In that case, a larger 

valuee of k\ is associated with a smaller value of ki and the other way round. The 

absolutee value for r gives an indication about the quality of the algorithm used. A 

smalll  absolute value of r indicates that the algorithm can distinguish between k\ and ki 
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duringg the optimization procedure very easily. The correlation coefficient is -0.77 if 

CRR has been used and -0.61 if WCR has been used, which means that it is easier for 

WCRR to distinguish between k\ and ki compared to CR because a weaker correlation 

iss obtained for WCR. The reconstructed concentration profiles for the three 

benzoquinonee species are shown in Figure 17 if the mean reaction rate constant 

estimatess for WCR from Table 7 are used. 

0.044 -r 

77 10 13 

Timee (minutes) 

17 7 

Figuree 17. The reconstructed concentration profiles. 

Estimationn of the lower error bound 

Thee lower error bound has been estimated according to the jackknife based procedure 

describedd in Section 4.3. Chapter 4. of this thesis. Spectra have been left out from the 

meann batch run using a jackknife interval of 31 spectra. This resulted in ten jackknife 

estimatess for k\ and k2 for the mean batch process run. The jackknife procedure has 

beenn applied for both algorithms. The mean values obtained for the reaction rate 

constantt estimates and the corresponding individual standard deviation for CR and 

WCRR are listed in the last part of Table 7. The individual standard deviation estimates 

(lowerr error bound) represent the influence of mainly instrumental noise on the 

reactionn rate constant estimates. There is an improvement in the precision of the k\ 

andd k2 estimates (factor seven and two. respectively) if WCR is used instead of CR. 
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SUMMARYY RESULTS 

Usingg WCR, the mean estimated k\ value is 0.26 min"' with an error between 

1.000 10"3 min"1 (lower error bound) and 0.03 min"1 (upper error bound). With this 

algorithmm the mean estimated kj value is 0.07 min" with an error between 

1.800 10"3 min"1 (lower error bound) and 0.03 min"1 (upper error bound). These values 

showw that it is possible to estimate the reaction rate constants with good precision 

evenn in case of high spectral overlap and a high noise level. For all k\ and kj estimates, 

tooo high k\ estimates tend to occur with too low ki estimates and vice versa due to the 

moderatee correlation (-0.61) between both reaction rate constants. 

6.2.46.2.4 Conclusions 

Reactionn rate constants have been estimated from dataset 1 using CR and WCR. This 

datasett has been used as an example batch process to illustrate that the algorithms can 

bee applied successfully if there is a strong spectral overlap of the pure spectra of the 

differentt reacting absorbing species and a high noise level are present in the data. An 

advantagee of the procedure described is the rapid estimation of the reaction constants. 

Alsoo upper and lower error bounds of the reaction rate constants can be estimated 

whichh is very important for quality assessment. Simulations have shown that the 

presentedd algorithms can be still applied successfully in case of an extreme overlap of 

thee spectra of the individual species involved in the considered process. From the 

reactionn rate constant estimates obtained from experimental and simulated data it can 

bee concluded that WCR performed the best with respect to the precision of reaction 

ratee constant estimates. 

Becausee of the rapid estimation of the reaction rate constants from on-line 

SW-NIRR measurements, the use of the procedures presented can have many 

applicationss in the field of obtaining information about batch processes and statistical 

controll  of batch processes using fast on-line SW-NIR sensors. The expansion to more 

complicatedd processes, e.g. batch polymerization processes is also possible. 

6.33 UV-Vis data (1) 

6.3.16.3.1 Introduction 

Inn Section 2.7 of Chapter 2 the use of constraints in CCR has been discussed in detail. 

Iff  pure spectra of some reacting absorbing species are known a priori  these can be 

incorporatedd in CCR as a constraint resulting in constraint R or constraint RP. It is 

expectedd that this will result in a better accuracy of kinetic parameter estimates 

comparedd to methods which do not use this specific a priori  spectral information. In 

thiss Section, constraint RP is implemented in CCR. Hence, the pure spectra of reactant 

andd product are both implemented in the CCR algorithm. 

57 7 



ChapterChapter 6 

Datasett 2 is used to estimate reaction rate constants and pure spectra of the 

reactingg absorbing species involved. This dataset has been described in Section 5.3 of 

Chapterr 5. The true values for the reaction rate constants are unknown. It is therefore 

nott possible to check if the reaction rate constant estimates obtained are biased. WCR 

iss compared to CCR, where constraint RP is implemented in the optimization 

proceduree of CCR. Quality assessment of the estimatedd reaction rate constants is 

appliedd using the jackknife based method as described Section 4.3 of Chapter 4. 

6.3.26.3.2 Results and discussion 

REACTIONN RATE CONSTANT ESTIMATES AND PURE SPECTRA ESTIMATES 

WCRR results 

Forr the mean batch process run, obtained by averaging the ten individual batches 

performedd at identical conditions, the reaction rate constants, k\ and &2, have been 

estimatedd using WCR. The reaction rate constants have been estimated also for the 

individuall  batches. The mean reaction rate constant estimates and corresponding 

individuall  standard deviations are listed in Table 8. The standard deviations obtained 

representt the upper error bounds. 

Tablee 8. The reaction rate constant estimates and corresponding standard deviations using WCR. 

Batchh process number 

1 1 

2 2 

4 4 

5 5 

6 6 

7 7 

8 8 

9 9 

10 0 

Meann batch process 

Estimatedd k\ (min"1) 

0.3103 3 

0.3117 7 

0.3112 2 

0.3189 9 

0.3089 9 

0.3069 9 

0.3248 8 

0.3245 5 

0.3317 7 

0.2995 5 

jfc,, =0.3148 

STD=0.9835-10"2 2 

0.3146 6 

Estimatedd k2 (min"1) 

0.0264 4 

0.0261 1 

0.0265 5 

0.0262 2 

0.0264 4 

0.0262 2 

0.0245 5 

0.0260 0 

0.0232 2 

0.0266 6 

kk22 = 0.0258 

STDD = 0.1093-10~2 

0.0258 8 

Fromm Table 8 it is observed that a good precision of reaction rate constant 

estimatess is obtained in all cases. For the reaction rate constant estimates for the 

individuall  batch processes the correlation coefficient has been calculated. Hence, the 
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correlationn coefficient has been calculated between ten k\ estimates and ten ki 

estimates.. The correlation coefficient is equal to -0.82. which indicates a strong 

correlation. . 

Forr the estimated k\ and ki for the mean batch process the concentration 

profiless have been reconstructed. These are shown in Figure 18. From this figure it is 

obviouss that the assumption that no reactant and product wil l be left after eight hours, 

madee earlier in Section 5.3.4 of Chapter 5. is reasonable. 

00 5 10 15 20 25 30 35 40 45 
T i m ee (M inu tes) 

Figuree 18. The reconstructed concentration profiles. 

Puree spectra estimates 

Thee pure spectrum of reactant. intermediate and product have been estimated using 

thee reconstructed concentration profiles, the spectra of the mean batch process and 

non-negativee least squares. Hence, the constraint that pure spectra of reacting 

absorbingg species are non-negative has been used as a constraint. This constraint is 

labeledd constraint NNLS in Section 2.7 of Chapter 2. Difference spectra have been 

calculatedd by subtracting the estimated pure spectrum from the measured pure 

spectrum,, which is only possible for the reactant and product. The difference spectra 

forr the reactant and product are shown in Figure 19 and Figure 20, respectively. The 

maximumm absorbance of the measured mean pure spectrum of reactant and product is 

approximatelyy equal to 1.2 A.U. as can be seen from Figure 15. Section 5.3.4, 

Chapterr 5. In that figure the measured pure spectra of reactant and product are both 

shown. . 
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xx 10 
-3 3 

300 0 340 0 3800 420 
Wavelengthh (nm) 

Figuree 19. Difference spectrum of (he reactant for VVCR. 

460 0 500 0 

-3 3 
xx 10 

-j -j 

< < 
a a 
u u c c 

SiSi 2 . 

300 0 340 0 3800 420 
Wavelengthh (nm) 

Figuree 20. Difference spectrum of the product for VVCR. 

460 0 500 0 
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Fromm Figure 19 and 20 it can be observed that the residuals are the smallest for the 

reactant.. However, it seems that there is some structure present in the residuals. This 

cann be caused by non-linear drift of the spectrophotometer, for example. Because of 

thee small residuals the kinetic model fitted very well. For the reaction rate constants 

obtainedd from the individual batches the pure spectra for reactant and product have 

beenn estimated also. Next, the cosine of the angle between the estimated and measured 

puree spectrum has been calculated. For both the reactant and product the cosine is 

equall  to 0.99 or higher for all cases, indicating an almost perfect match. 

CCRR results 

Forr the mean batch process of dataset 2 and ten individual batch processes the reaction 

ratee constants, k\ and fo, have been estimated using CCR with constraint RP P 

implementedd in the algorithm. The reaction rate constant estimates and corresponding 

individuall  standard deviations are listed in Table 9. The standard deviations obtained 

representt the upper error bound. The correlation coefficient between the k\ and £2 

valuess obtained for the individual bath processes has been calculated also. The 

correlationn coefficient is equal to -0.54. 

Tablee 9. The reaction rate constant estimates and corresponding individual standard deviations 

usingg CCR. 

Batchh process number 

1 1 

2 2 

3 3 

4 4 

5 5 

6 6 

7 7 

8 8 

9 9 

10 0 

Meann batch process 

Estimatedd £1 (min"1) 

0.3127 7 

0.3147 7 

0.3138 8 

0.3215 5 

0.3087 7 

0.3107 7 

0.3293 3 

0.3255 5 

0.3288 8 

0.2986 6 

A,, =0.3164 

STDD = 0.9774-10"2 

0.3162 2 

Estimatedd ki (min"1) 

0.0258 8 

0.0257 7 

0.0258 8 

0.0258 8 

0.0259 9 

0.0258 8 

0.0255 5 

0.0260 0 

0.0254 4 

0.0258 8 

kk22 = 0.0257 

STD-0.1713-10"3 3 

0.0257 7 

Iff  Table 8 is compared to Table 9 it can be observed that there is an 

improvementt in precision of the reaction rate constant estimates if CCR is used 
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insteadd of WCR. Especially for hi there is a large improvement in precision. Because 

thee pure spectrum of reactant and product are both implemented in CCR. k\ and kj can 

bee estimated much easier. If the absolute value of the correlation coefficient between 

thee k\ and ki estimates of both algorithms are compared it appears that the correlation 

betweenn the two kinetic parameters is the lowest for CCR. This means that it is easier 

too distinguish between k\ and k^_ using CCR instead of WCR due to the 

implementationn ofa priori  spectral information in the CCR algorithm. 

Puree spectra estimates for the intermediate 

Thee pure spectrum of the intermediate has been estimated using the WCR results of 

thee reaction rate constant estimates, as has been already mentioned earlier, and CCR. 

Thee estimated pure spectra of the intermediate obtained with WCR and CCR are both 

shownn in Figure 21. The difference between the estimated pure spectrum for both 

algorithmss for the intermediate is shown in Figure 22. From these figures it is obvious 

thatt the difference is not that large, but a certain structure is present. 

ÓÓ 0 . 8. 

u u = = 
at at 

< < 

300 0 340 0 3800 420 
Wavelengthh (nm) 

460 0 500 0 

Figuree 21. The pure spectra estimates of the intermediate using WCR (solid line) and CCR (+). 
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3ÖÖÖ 34Ö 380 420 46Ö 500 
Wavelengthh (nm) 

Figuree 22. The difference spectrum of the intermediate from Figure 21. 

JACKKNIFEE RESULTS FOR WCR AND CCR 

Forr both algorithms the jackknife based procedure has been applied using a jackknife 

intervall  of 27 spectra. This resulted in ten jackknife estimates for both algorithms. A 

meann k\ and ki and their corresponding standard deviations are calculated over ten 

jackknifee estimates. The results are listed in Table 10. The standard deviations from 

thiss table represent the lower error bounds. From 'fable 10 it can be observed that the 

precisionn of the reaction rate constant estimates is better for CCR compared to WCR, 

especiallyy for ki. 

Tablee 10. The jackknife results for the mean batch process obtained with WCR and CCR. 

Algorithm m 

WCR R 

CCR R 

Meann k\ (min'1) 

0.3147 7 

0.3162 2 

STDfcii  (min"1) 

0.1229-10"3 3 

0.259210"4 4 

Meann k\ (min"1) 

0.0258 8 

0.0257 7 

STDA:2(min"') ) 

0.134110"4 4 

0.7613-10"6 6 

6.3.36.3.3 Conclusions 

WCRR and CCR performed both very well. Constraint RP has been implemented in 

CCRR which cannot be realized for WCR. Reaction rate constants and the pure spectra 

off  the reacting absorbing species have been estimated simultaneously from dataset 2 

< < 

c c 
a a 
i i 
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usingg both algorithms. From the standard deviations obtained it can be concluded that 

theree is a gain in precision of the reaction rate constant estimates if CCR is used 

insteadd of WCR. If the pure spectra estimates obtained with both algorithms are 

comparedd it can be concluded that the difference is quite small. Hence, using 

informationn about pure spectra that is known in advance is very useful since it will 

resultt in more precise results. The absolute value of the correlation coefficient 

betweenn the estimates of both reaction rate constants appeared to be the lowest for 

CCR.. This indicates that it is easier to distinguish between both reaction rate constants 

iff  a constraint is implemented. Quality assessment of the estimated reaction rate 

constantss for both algorithms has been performed by applying a jackknife based 

procedure.. From the results it can be concluded again that the precision of the reaction 

ratee constant estimates is better for CCR compared to WCR. 

Inn general, using CCR with a priori  spectral information implemented gives 

thee best results and hence this algorithm is very powerful in cases where information 

aboutt the pure spectra of different species, involved in the chemical process, is 

available. . 

6.44 UV-Vis data (2) 
6.4.16.4.1 Introduction 

Datasett 3, performed under pseudo-first order conditions, and dataset 4, performed 

underr second order conditions, have been both described in detail in Section 5.3 of 

Chapterr 5. The spectra of dataset 3 have large absorbance differences in time whereas 

thee spectra of dataset 4 have small absorbance differences in time as is obvious from 

Figuree 14, Section 5.3.3, Chapter 5. The reaction rate constants and pure spectra of 

reactingg absorbing species have been estimated both from dataset 3 and dataset 4 

usingg TCF and CCR without constraints implemented. The goal of this Section is to 

comparee both approaches with respect to the precision of the reaction rate constant 

estimates,, the recovery of pure spectra and to investigate the advantages and 

disadvantagess of the two methods. The true values for the reaction rate constants are 

unknown.. Therefore it is not possible to check if the reaction rate constant estimates 

obtainedd are biased. For the measurements obtained under second order conditions, 

curvee resolution and numerical integration have been combined, which makes the 

proceduree more general applicable. 

6.4.26.4.2 Results and discussion 

DETERMINATIONN OF SELECTIVE WAVELENGTHS 

Selectivee wavelengths for the intermediate have been chosen by means of FSWEFA 

writhh a fixed size moving window of three wavelengths as described in Section 2.4 
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fromm Chapter 2. In Figure 23 the FSWEFA plots (log (singular value) as a function of 

thee position of the window) are shown for one individual batch process run under 

pseudo-firstt order conditions and one individual batch process run obtained under 

secondd order conditions. FSWEFA plots obtained for other individual batches are 

comparable. . 

A:: Pseudo-first order B: Second order 

3000 340 380 420 460 500 " 300 340 380 420 460 500 
Positionn of the window Position of the window 

Figuree 23. Plots of'log (singular  value) versus position of the FSWEFA window. 

Inn Figure 23. the position of the window equal to 301 means wavelength range 

300-3022 nm, the position of the window equal to 340 corresponds to 339-341 nm, 

etc.... If Figure 23 is examined critically it can be observed that the local rank case of 

interestt (local rank equals 1). is at position number 444. This corresponds to the 

wavelengthh range 443-445 nm. Hence, at this window absorbance differences are 

mainlyy caused by one species. It is known that the pure spectra of reactant and product 

havee no absorbances in the wavelength range 443-445 nm (see Figure 15. 

Sectionn 5.3.4. Chapter 5). Therefore it is reasonable to assume that the absorbances at 

thiss wavelength range are mainly caused by the intermediate. 

REACTIONN RAH: CONSTANT ESTIMATES 

Inn this Section, the focus wil l be mainly on the precision of the reaction rate constant 

estimates.. TCF and CCR have both been applied to the pseudo-first order dataset 

(datasett 3) and the second order dataset (dataset 4). The reaction rate constant 

estimatess for every individual batch for the two methods are shown in Figure 24. 
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Figuree 24. The individual reaction rate constant estimates indicated by "o". The second order 

reactionn rate constant estimates indicated by '* ' are obtained by transforming the pseudo-first 

orderr reaction rate constant estimates. 

Fromm Figure 24. the following can be observed: 

1)) For the pseudo-first order dataset the precision of the k2 estimates is better 

(approximatelyy a factor 1.4) using TCF whereas the precision of the k\ estimates is 

thee same for CCR and TCF (compare Figure 24A and 24B). 

2)) For the second order dataset the precision of the ka and k2 estimates is better using 

CCRR than for TCF (compare Figure 24C and 24D). Note the scale difference for 

thee kA axis in the plots. 

3)) There is a small systematic difference between the k2 estimates for the pseudo-first 

orderr dataset and the ki estimates for the second order dataset using CCR (compare 

Figuree 24A and 24C). 

Ann explanation of the results obtained is that in case of second order 

conditionss less information about the kinetics is present in matrix X compared to 

pseudo-firstt order conditions because of the small absorbancc differences in time for 

secondd order conditions. Especially TCF suffers from this lack of absorbancc 

differencee in second order conditions. 
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Thee pseudo-first order rate constant estimates from Figure 24A and 24B have 

beenn transformed into second order rate constant estimates using Equation (9) from 

Sectionn 2.2 of Chapter 2 and are plotted in Figure 24C and 24D, respectively, 

indicatedd with a ** \ If the second order rate constant estimates from Figure 24C and 

24DD for the pseudo-first order dataset (*) are compared to the second order rate 

constantt estimates for the second order dataset (o) also shown in Figure 24C and 24D, 

itt can be observed that for CCR and TCF the precision of the second order rate 

constantt estimates, obtained by transformation of the pseudo-first order rate constant 

estimatess (*), is better compared to the precision of the second order rate constant 

estimatess obtained for the second order batches (o) (compare Figure 24C and 24D). 

Thiss is again due to the larger absorbance differences for pseudo-first order 

conditions. . 

Forr the pseudo-first order dataset TCF performs the best with respect to the 

precisionn of the reaction rate constant estimates. However, since CCR accounts for 

spectrall  overlap it is reasonable to assume that the CCR results are closer to the real 

valuess compared to the TCF results. Using TCF there will always be some spectral 

overlapp in this case which is not accounted for even if the best selective wavelengths 

forr the intermediate species using FSWEFA are selected. As already mentioned in this 

Chapter,, it is not possible to check if the reaction rate constant estimates are biased, 

becausee the true values are unknown. Chapter 9 of this thesis, describes simulations in 

orderr to check if biased reaction rate constant estimates can be obtained in case of 

CCRR with and without different constraints implemented in the algorithm. For the 

secondd order dataset the best precision is obtained using CCR. A very poor precision 

off  the reaction rate constant estimates is obtained for TCF. 

PURRR SPECTRA ESTIMATES 

Forr the individual batches of the pseudo-first order and second order dataset the pure 

spectraa of reactant, intermediate and product have been estimated. The pure spectra 

estimatess obtained for the reactant and product for CCR and TCF for both datasets 

havee been compared to their measured spectra by means of calculating the difference 

spectra.. The difference spectra have been calculated by subtracting the measured pure 

spectrumm from the estimated pure spectrum. In Figure 25 the difference spectra are 

shownn for one individual pseudo-first order batch and one individual second order 

batchh obtained with both CCR and TCF. The difference spectra obtained for other 

individuall  pseudo first order and second order batches are comparable to those shown 

inn Figure 25. From this figure the following can be observed: 
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1)) For the pseudo-first order batch. CCR and TCF yield comparable pure spectra 

estimatess (compare Figure 25A and 25B). The difference spectra show some 

structure,, but the order of magnitude of these difference absorbances is small 

comparedd to the order of magnitude of the absorbances of the original pure spectra 

(seee Figure 15. Section 5.3.4. Chapter 5). 

2)) For the second order batch the difference spectra obtained with CCR and TCF are 

comparablee (compare Figure 25C and 25D). 

3)) For the CCR algorithm the difference spectra obtained for the pseudo-first order 

batchh and the second order batch are comparable for the reactant (compare 

Figuree 25 A and 25C). For the product the order of magnitude of the difference 

spectraa differ (compare Figure 25A and 25C). This is also observed for TCF 

(comparee Figure 25B and 25D). 
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Figuree 25. The difference spectra for the reactant and product. 

Thee fact that the difference spectra for the product are always larger than the 

differencee spectra of the reactant (compare Figure 25A, 25B. 25C and 25D) might be 

causedd by the fact that species L'and species ffwere still present in low-

concentrationss when the pure spectrum of the product was measured. Therefore, it is 

possiblee that the pure spectrum of the product is slightly misestimated. 

Forr all individual batches, the correlation coefficient between estimated and 

measuredd pure spectrum for the reactant and product has been calculated. If the 
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correlationn coefficient is equal to 1 this indicates a perfect match of estimated and 

measuredd pure spectrum. For the pseudo-first order and second order dataset using 

CCRR and TCF the values for the correlation coefficient of the pure spectra estimates 

andd the measured pure spectra are equal to 0.99 or higher for all individual batches. 

Ass already mentioned earlier, it is not possible to compare estimates of the 

puree spectrum of the intermediate with its measured pure spectrum. In Figure 26 the 

puree spectra estimates for the intermediate are shown for three individual pseudo-first 

orderr batches (Figure 26A and 26B) and three individual second order batches 

(Figuree 26C and 26D) obtained with CCR and TCF. Two of the three individual 

batchess chosen for both datasets correspond to the two most extreme cases with 

respectt to reaction rate constant estimates from Figure 24. The third individual batch 

chosenn corresponds to a compromise with respect to reaction rate constant estimates 

shownn in Figure 24. From Figure 26, the following can be observed: 

1)) For the individual pseudo-first order batches chosen, the fluctuation of the pure 

spectrumm estimates and the shape of the pure spectra are similar for both CCR and 

TCFF (compare Figure 26A and 26B). 

2)) For the three individual second order batches chosen, the fluctuation of the pure 

spectrumm estimates is large for both TCF and CCR (compare Figure 26C and 26D). 

3)) The pure spectra estimates for the pseudo-first order and second order batches 

differr for both algorithms (compare Figure 26A and 26C and compare Figure 26B 

andd 26D). 

Thee observation that the pure spectrum estimates of the intermediate for the 

secondd order batches using TCF differ from the results obtained with CCR and the 

resultss obtained for the pseudo-first order batches using TCF and CCR can be 

explainedd as follows. The absorbance differences in time are very small using second 

orderr conditions. For TCF, this means that the kinetic information in the absorbances 

inn time of selective wavelengths is less excited compared to cases with large 

absorbancee differences in time (pseudo-first order kinetics). Also in case of CCR less 

spectrall  information is present in the signal in case of second order conditions in order 

too estimate reaction rate constants compared to pseudo-first order conditions. 

However,, because CCR uses more wavelengths than TCF, more spectral information 

iss available. 
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Figuree 26. The pure spectra estimates for the intermediate. 

OVERALLL COMPARISON 

Lookingg at Figure 24 and 25 it can be observed that TCF performed slightly better 

thann CCR for pseudo-first order kinetics according to the precision of the reaction rate 

constantt estimates (compare Figure 24A and 24B). The pure spectra estimates are the 

samee for TCF and CCR (compare Figure 25A and 25B and Figure 26A and 26B). For 

secondd order kinetics CCR clearly performed better than TCF with respect to the 

precisionn of the reaction rate constant estimates (compare Figure 24C and 24D). The 

puree spectra estimates are the same for TCF and CCR (compare Figure 25C and 25D) 

forr the reactant and product. However, the pure spectra estimates for the intermediate 

differr for TCF and CCR (compare Figure 26C and 261)). 

6.4.36.4.3 C 'onclusions 

Inn this Section, traditional curve fitting (TCF) and classical curve resolution (CCR) 

havee been compared for estimating reaction rate constants from a two-step 

consecutivee biochemical reaction performed under pseudo-first order (dataset 3) and 

secondd order conditions (dataset 4). Fixed-size window evolving factor analysis 

(FSWEFA)) has been used to obtain selective wavelengths for TCF. 

Forr the pseudo-first order dataset. TCF performed the best with respect to the 

precisionn of the reaction rate constant estimates. The estimates of the pure spectra are 
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similarr for TCF and CCR. For the second order dataset CCR performed the best with 

respectt to the precision of the reaction rate constant estimates. A possible reason for 

thee relatively poor performance of the TCF algorithm with respect to the precision of 

thee reaction rate constant estimates for the second order dataset, are the small 

absorbancee differences in time in the signal in order to estimate the reaction rate 

constants.. The estimates of the pure spectra differed for TCF and CCR. 

Inn general, it can be concluded that both CCR and TCF perform very well in 

casee of spectral data where the absorbance differences in time are large and a good 

selectivee window exists. In that case TCF is preferred because it is simple and fast 

comparedd to CCR. These properties make TCF very suitable for on-line monitoring 

reactionn rate constants and process control. In more complicated situations, for 

example,, in case of small absorbance differences in time or severe spectral overlap (no 

availabilityy of selective wavelengths) CCR performs better. In case of doubt CCR is 

alwayss preferred. 

6.55 General conclusions 

Inn this Chapter, results have been presented using different two-way methods for 

estimatingg reaction rate constants. Four different experimental datasets and simulated 

datasetss have been used to test the performance of the algorithms. The following 

generall  conclusions can be formulated from the results: 

1)) WCR leads to a better precision of reaction rate constant estimates compared to 

CR. . 

2)) If constraint RP is implemented in CCR this leads to a better precision of reaction 

ratee constant estimates compared to WCR. 

3)) CCR is applicable for n-\h order kinetics. 

4)) If there are large absorbance differences in time present (high selectivity in the time 

direction)) in the dataset (in this case this holds for pseudo-first order kinetics). TCF 

iss applicable and is superior to CCR without a priori  spectral information 

implementedd in the algorithm. 

5)) If there are small absorbance differences in time present (low selectivity in the time 

direction)) in the dataset (in this case this holds for second order kinetics), TCF 

leadss to a poor precision of reaction rate constant estimates compared to CCR 

withoutt constraints implemented. 
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