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concept and a specific spectroscopic example

Gadi Rothenberga,∗, Hans F.M. Boelensa, David Ironb,
Johan A. Westerhuisa

a Chemical Engineering Department, Universiteit van Amsterdam, Nieuwe Achtergracht 166, 1018 WV Amsterdam, The Netherlands
b KdV Institute, Universiteit van Amsterdam, Nieuwe Achtergracht 166, 1018 WV Amsterdam, The Netherlands

Received 16 June 2002; received in revised form 18 September 2002; accepted 26 September 2002

Abstract

The ‘gap’ between the discovery and the optimisation phases in high-throughput systems is described and the problems that
stem from the centralised nature of parallel reactor set-ups are outlined. It is proposed that on-line analysis methods (e.g. fast
spectroscopic analysis) can be adapted to perform kinetic studies in high-throughput environments. Strategies for performing
time-resolved analysis are examined using a (pseudo)first-order reaction that is monitored by on-line FT-NIR as an example.
Stochastic modelling is used to compare the efficiency of the various strategies in the determination of accurate first-order
kinetic constants. The effects of the sampling time, the ‘sample window’ size, and the number of samples on the error in
kobs are studied. A new sampling strategy is introduced that is based on equidistant sampling along the concentration axis.
This strategy is adapted to realistic conditions using a simple iterative algorithm. The application of this iterative approach to
automatic intelligent on-line analysis of chemical reaction kinetics is discussed.
© 2003 Elsevier B.V. All rights reserved.
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1. Introduction

Combinatorial chemistry and high-throughput ex-
perimentation (HTE), the powerful tools of the phar-
maceutical industry, have quickly spread in the last
decade also to the areas of catalysis (combicat) and
materials research. Several excellent reviews cover
the application of HTE in these fields.1 Following
the example set by the pharmaceutical screening ap-
proach, many ingenious and elegant methods for the
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1 For reviews on the application of combinatorial techniques to
heterogeneous catalysis see[1a,1b]. For applications to materials
science see[1c,1d,1e,1f]. For applications to biocatalysis see[1g].

synthesis and testing of libraries of new catalysts
and materials have been reported[2]. Common to
all these new systems is the basic two-step approach
comprised of primary screening of a large number of
candidates (discovery stage) followed by optimisation
of a small number of leads.

One problem is that this two-stage approach dic-
tates a low information content per reaction (often
only one binary parameter is scanned in the discov-
ery stage). Thus, for example, good catalysts may
be overlooked if they do not exhibit, for any reason,
high activity in the initial tests. A possible solution
to this problem would be to adapt time-resolved
analysis to high-throughput environments, establish-
ing a bridge between the discovery and optimisation
stages.

0920-5861/03/$ – see front matter © 2003 Elsevier B.V. All rights reserved.
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Unfortunately, the centralised structuring of high-
throughput reaction set-ups has one critical drawback
as far as quantitative time-resolved analysis is con-
cerned: most robotic systems consist of many (small
and inexpensive) reactors and one (expensive) anal-
yser. Thus the time of the analyser is of essence not
only in the economical respect, but also simply be-
cause time does not wait for parallel experimentation.

It is unlikely that the fundamental structure of such
laboratory systems is going to change (somehow
robots consisting of 300 reactors and 300 GC instru-
ments do not seem like an attractive solution). Cou-
pling HTE and on-line analysis seems more practical,
and one attractive analysis option is using on-line spe-
ctroscopy. State-of-the-art Fourier-transform spec-
trophotometers can, in theory at least, be used to track
a large number of kinetic profiles simultaneously.
However, the development of novel parallel exper-
imental set-ups must go hand-in-hand with the re-
search of new concepts in analysis[4].2 In this paper,
we propose a novel sampling strategy and compare
it to existing laboratory practice. We use stochastic
modelling to evaluate various sampling strategies and
demonstrate that the estimation of reaction rate con-
stants in high-throughput set-ups can be based on a
small number of measurements and still give accurate
results. Although the model parameters are based on
spectroscopy the results are general and require only
that the analysis method be fast, quantitative, and
performed on-line.

2. Results and discussion

2.1. Concept and reaction parameters

Measuring the extent of a chemical reaction over
time yields always a rate constantkobs that is only an
estimateof the true rate constant of the processktrue,
and has a certain error value�k that is comprised of
systematic (bias) and random errors[5]. If spectro-
scopic methods are used, this�k depends on the ex-
perimental set-up and on the way that the spectra are
processed. In other words,�k is influenced by both

2 For a discussion on the experimental design of HTE see[3a].
For an application of ATR spectroscopy to high-throughput studies
of polymers see[3b].

the measurement itself3 and by the calibration model
that is applied.4

Let us consider as a model reaction the (pseudo)first-
order reactionA → B, where the initial concentration
of A is [A]0, the initial concentration ofB is 0, the re-
action rate constant isktrue and [A]t is measured from
time t0 to timet∞ using vibrational spectroscopy (e.g.
FT-NIR or Raman).5 The measurements are sample
windows of certain widthNscans(i.e. each sample is an
average overNscansscans at a given wavenumber reso-
lution). Each of these windows yields an average time
value and an average concentration value (seeFig. 1a).

To assess the effectiveness of different sampling
strategies, a large number of stochastic white noise
vectors is generated to simulate the noise that is ob-
served in the determination of the concentration. The
model then examines the accuracy for different num-
bers of samples that are distributed according to a
given strategy.6 The window sizen is also varied for
each given number of samples, resulting in a three-
dimensional matrix that details therelative accuracy
of k as a function of the number of samples and the
window size. The simulations are described in detail
in the methods section.

2.2. Traditional kinetic studies versus
high-throughput kinetics

The typical recipe followed when studying chemical
reactions is to sample the reaction at regular intervals

3 Spectra can be measured either with dispersive or with
Fourier-transform spectrometers. In both cases the spectrum is
based on a window comprised of a number of scans averaged
over time. This time averaging increases the signal-to-noise (S/N)
ratio of the spectrum. However, the disadvantage of increasing
the number of scans per window is that the total time needed to
collect one spectrum also increases and meanwhile the reaction
continues and concentrations change.

4 A calibration model must be applied to the measured spectrum
to extract concentration estimates. The error of this estimates
depends on the model because any calibration model is based on
spectroscopic and reference measurements pertaining to a finite
number of calibration samples. For a discussion see[6].

5 Here t8 is defined as the time when conversion >99.5%.
6 Accuracy is taken as the degree of closeness between the

test unit and an accepted reference value (see[5], p. 41). There
are various ways to define this closeness, and here we use |bias|
+ standard deviation as the measure of accuracy, where the bias
is defined as the difference between the estimated average con-
centration and the true concentration. Similar results are obtained
when the root mean square accuracy is used.
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Fig. 1. System parameters and sampling strategies for following a first-order reaction. (a) System parameters. (b) Sampling strategy
S1—even distribution of samples along the time axis. (c) Sampling strategyS2—pack the samples at the start. (d) New sampling strategy
S3—even distribution of samples along the concentration axis(example shown with three equidistant samples, the green concentration
curve has been shifted for clarity).

(e.g. to take 10 samples over 1 h you sample every
6 min). We will refer to this method as strategyS1, the
even distribution of samples along the time axis(see
Fig. 1b). Since in many investigations the comparison
of initial reaction rates is of interest, a second com-
mon strategy is to sample frequently at the beginning
of the reaction, i.e. topack the samples at the start
(strategyS2, shown inFig. 1c). In both cases taking
more samples should decrease the magnitude of�k
(in practice, 5–20 samples over the reaction period are
considered adequate to obtain ‘accurate’kobsvalues).7

7 Regrettably in numerous cases�k is not reported. Based on our
own experience the magnitude of�k in organic chemistry/catalysis
studies is ca.±0.5–2.0%. See, for example[7].

In sharp contrast, kinetic experiments in high-
throughput set-ups have to be based on as few samples
as possible in order to get the best utilisation of the
measuring instrument. With conventional sampling
this would lead to inaccurate results but the combi-
nation of “intelligent” sampling and on-line analysis
can solve this problem.

Figs. 2 and 3show the simulation results for sam-
pling strategiesS1 andS2 (note the difference in scale
along thez-axis). The results affirm the rule of thumb
for taking more samples (in both cases the error de-
creases as larger and/or more sample windows are
taken). Note too that in both cases increasing the win-
dow size and taking more samples has a similar effect
on �k.
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Fig. 2. Relative accuracy (% ofkobs) of the reaction rate constant using sampling strategyS1. Conditions: [A]0 = 1 M, ktrue = 1/60 min−1,
t∞ = 120 min, 1000 simulations.

StrategyS1 relies too heavily on information at low
concentrations, where measurement errors can lead to
large errors ink. On the other hand,S2 yields mea-
surements with high concentration values, but since
they areall placed close together in time it is difficult
to derive an accurate kinetic profile (it can be seen by
comparingFigs. 2 and 3that using methodS2 more
measurements are required to reach similar error mar-
gins). Thus, a sampling strategy combining the advan-

Fig. 3. Relative accuracy (% ofkobs) of the reaction rate constant using sampling strategyS2. Conditions: [A]0 = 1 M, ktrue = 1/60 min−1,
t∞ = 120 min, 1000 simulations.

tages ofS1 (good spread over the time axis) andS2
(measurements with high signal values) could be ben-
eficial.

We propose here a new sampling strategy,S3, which
is a compromise betweenS1 and S2. This strategy
spreads the samples in time so that the change in con-
centration,�[A], is equal (Fig. 1d, equidistant distri-
bution of the samples along the concentration axis).
The results, shown inFig. 4, are striking—the highest
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Fig. 4. Relative accuracy (% ofkobs) of the reaction rate constant using sampling strategyS3 under ideal conditions, i.e. assuming that the
value of ktrue is known. Conditions: [A]0 = 1 M, ktrue = 1/60 min−1, t∞ = 120 min, 1000 simulations.

value obtained for�k is only ±0.27% (cf. again the
different scales inFigs. 2–4). Furthermore, increasing
the number of sampling windows in this case has very
little effect on the relative error ink.8 Increasing the
sample window size, on the other hand, improves the
accuracy considerably.

2.3. An iterative approach to time-resolved
sampling

The problem in the above implementation ofS3 is
that you have to know exactly when to sample your
reaction. This means that you have to knowktrue in ad-
vance, and this is ultimately the value that you want to
obtain from the kinetic studies! A much more realistic
set-up would be to use a model that does not “know”
ktrue but is capable of “self-adaptation”. The simple it-
erative algorithm shown inFig. 5 fulfils these require-
ments. This algorithm begins with an initial guess for
the rate constant (kinit ) that is much higher thanktrue.9

It then “measures” a given number of samples, and

8 The small imperfections observed along the number of samples
axis are a result of the discrete structure of the time vector that
does not have to be an integer multiple of the number of windows.

9 In the example shown inFig. 7 the initial guess fork is 1 min−1

and the truek value is 1/60 min−1.
Fig. 5. Iterative sampling algorithm that guesses a largekinit value
and converges on the real rate constantktrue.
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Fig. 6. Example detailing the progress of the iterative sampling algorithm shown inFig. 5, using two samples and withkinit = 0.15 min−1

(dashed line). In this example, sampling at timesta and tb is expected to yield the concentrationsa1 and b1. Instead, the concentrations
a′

1 and b′
1 are obtained, that are within the instrumental measurement error. A second iteration (dotted line) is performed and two more

samples are taken, this time at timesta2 and tb2, and so forth until the results converge on the actual reaction profile (continuous line).
The above arbitraryk values have been chosen to provide a clear pictorial representation (in the simulation convergence is faster, i.e. the
difference betweenk2 and ktrue is smaller).

based only on the sampled informationgenerates a
new k value and compares it to the previous guess.
The reaction is then started again10 and the process is
repeated until thek value has converged (typically 3–4
cycles). This value is stored and a new simulation is
started. After 1000 simulations have been performed,
the averagek is compared withktrue to obtain the bias
and standard deviation values.

Note that from the practical point of view it is bene-
ficial to choose a largekinit value if no prior knowledge
is available. This is because a highkinit value would
result in sampling at earlier points on the time axis,

10 It is assumed that in the HTE set-up it is possible to reproduce
the reaction conditions accurately.

and even if the initial guess is wrong a rough approx-
imation for ktrue could be obtained after a short time
span.Fig. 6 illustrates this by way of example, show-
ing how the first and second iterations progress (kinit =
0.15 min−1, ktrue = 0.02 min−1, two samples). In the
first iteration in this example the “optimal” sampling
times ta1 and tb1 are calculated usingkinit as a guess
(dashed line), with respective expected concentrations
a1 andb1. The measurements yield the true concen-
trationsa′

1 and b′
1, that are within the measurement

error margin, and a newk2 value (in this example
k2 = 0.025 min−1) is generated using these values.
In the second iteration (dotted line)k2 is considered
to be the reaction constant, and two more samples
are taken, this time at timesta2 andtb2. The expected
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Fig. 7. Relative error (% ofkobs) of the reaction rate constant using the iterative algorithm shown inFig. 5 to run strategyS3, where the
value ofktrue is unknown and the only data available to the model is what has been sampled. Conditions: [A]0 = 1 M, ktrue = 1/60 min–1,
initial guess forkinit = 1 min−1, t∞ = 120 min, 1000 simulations, with each simulation limited to three iterations to enable quantitative
comparison.

concentrations area2 andb2, and the real concentra-
tions measured area′

2 andb′
2. All of the four samples

a′
1, b′

1, a′
2, andb′

2 are then used in the estimation of
the new constant,k3, for the third iteration, etc. The
iterations stop when the new value ofkn is within a
smallε of the current valuekn−1.

The results for this iterative approach, shown in
Fig. 7, are remarkable. Even with three iterations us-
ing two samples of two scans each the error is already
on the same scale as taking 10 samples of 10 scans
each using the ‘conventional’ strategiesS1 or S2 (cf.
Fig. 7 with Figs. 2 and 3).11

The important difference between the non-iterative
models and the iterative one is that the latter does not
have any access to “true” data unless it has sampled it.
This is similar to the real situation in the laboratory,
and means that on-line spectroscopic analysis com-
bined with iterative sampling can be a practical solu-
tion for high-throughput kinetics. For a given library of
parallel reactions, fast analysis of three to five samples
from every reaction should suffice to obtain reaction
profiles that would be as accurate as those obtained
with 10–20 samples using conventional strategies.

11 In the specific case of the simulation shown inFig. 7, the
number of iterations has been fixed at three to allow a quantitative
comparison between this simulation and the results shown in
Figs. 2–4.

What is more, after sampling the first 2–3 points from
a given vessel, the control program of the spectropho-
tometer could “decide” on the optimal time to take the
following samples from it. In this way, the allocation
of the instrument time could be easily optimised.

Another interesting point is that this iterative sam-
pling approach allows the user to specify the end accu-
racy of the kinetic constant. This is a key step towards
bridging the discovery and the optimisation phases, as
one could shift between taking “quick and dirty” re-
action profiles (discovery) and more accurate profiles
for chosen candidates (optimisation).

3. Computational methods

All simulations were performed in MATLAB ver-
sion 6.1.12 Resolution along the time axis and stan-
dard deviation magnitude values were taken as those
of a Perkin-Elmer FT-NIR Spectrum GXIII instru-
ment used in our laboratory to monitor concentration
changes in (pseudo)first-order reactions. In all cases,
the total number of data points was at least 10 times
as large than the actual number of points used for

12 MATLAB is commercially available from MathWorks Inc.,
Natick, MA, USA.
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Table 1
Overview of simulation parameters

Symbol Meaning Value Unit

[A]0 Initial reactant concentration 1 M
ktrue Kinetic constant 1/60 min−1

�t Time increment 10a s
t∞ End time reaction 120 min
Nsim Number of simulations 1000 –
σc Standard deviation of

concentration error
0.002b M

Nwindows Maximum number of samples 10 –
Nscans Maximum number of scans 10 –
kinit Initial guess for kinetic constantc 1 min−1

ε Relative change ink
(kinetic constant)c

1 Percent

a Value based on one scan, absorption spectra (resolution
2 cm−1) collected on a Perkin-Elmer FT-NIR Spectrum GXIII
spectrometer.

b Value derived from an initial NIR calibration model for
a Heck reaction on the same spectrometer (transmission spec-
troscopy, light path length 2 mm, cuvette).

c Iterative sampling only.

sampling. That is, the total time segment sampled
was never more than 10% oft∞. It is assumed that
the errors introduced by the calibration model and by
the estimation procedure are fixed and independent of
the sampling strategy. The settings for the simulation
parameters are listed inTable 1.13

3.1. Generation of the true concentration profile

The true concentration profile [A]t was generated
using the kinetic constantktrue. The concentration
profile was calculated fromt = 0 to t∞ using a time
increment of�t. The total number of time points
generated,Ntime, was equal to(t∞/�t) + 1 and the
initial concentration [A]0 was assumed to be known.

3.2. Generation of simulated concentration profiles

Nsim simulated concentration profiles were gen-
erated. The concentration measurement errors were
modelled as independent, Gaussian distributed,N(0,
σc

2) random numbers. A sequence of such random
numbers is a white noise sequence. Each simulated

13 A detailed description of the simulations and the original
MATLAB source code files are available on the Internet at
http://www.science.uva.nl/∼gadi.

concentration profile is the sum of the true concen-
tration profile and a new white noise sequence.

3.3. Examination of the various sampling
strategies

Each simulated concentration profile can be con-
sidered as a ‘real’ concentration profile originating
from exactly the same reaction. A number of ‘spec-
troscopic measurements’ is performed during this
reaction. One full spectroscopic measurement is a
window (seeFig. 1aabove) that consists of a given
number of sub-measurements, (scans). The number
of scans is the window size. In the simulations the
number of spectroscopic measurements (windows) is
varied between 2 andNwindows and the window size
between 1 andNscans.

Note that the number of time points (Ntime) is usu-
ally not an integer multiple of the number of windows.
In such cases the algorithm moves the start of the sam-
ple window to the nearest time point. As both in these
simulations and in real lifeNtime is much larger than
Nwindows the resulting rounding error is negligible.

3.4. Implementation of the iterative form of
strategyS3

The iterative algorithm requires two additional pa-
rameters. The initial value for the kinetic constant
(kinit ), and the tolerance for the relative change ink
that halts the iterative procedure (ε). kinit should al-
ways be taken larger thanktrue. In the simulationε =
1%, meaning that if the relative change ink is lower
than 1% of the previousk value the iterations stop.

4. Conclusions

We have demonstrated here that the combination
of high-throughput experimental set-ups and fast
on-line analysis can in principle be applied to study-
ing chemical reaction kinetics in parallel. To attain
this goal, new approaches to chemical kinetics are
required, and just like some HTE techniques (e.g.
split/pool methods), these can seem “contradictory to
common sense” at first glance. As shown here, itera-
tive sampling algorithms could play a key role in the
development of intelligent laboratory systems capable

http://www.science.uva.nl/~gadi
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of high-throughput on-line analysis. The application
of these methods to real experimental libraries is
currently under study in our laboratory.
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