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Abstract: This study shows how chemistry knowledge and reasoning are taken into account for building a new methodol-
ogy that aims at automatically grouping data having a chronological structure. We consider combinatorial catalytic ex-
periments where the evolution of a reaction (e.g., conversion) over time is expected to be analyzed. The mathematical tool
has been developed to compare and group curves taking into account their shape. The strategy, which consists on combin-
ing a hierarchical clustering with the k-means algorithm, is described and compared with both algorithms used separately.
The hybridization is shown to be of great interest. Then, a second application mode of the proposed methodology is pre-
sented. Once meaningful clusters according to chemist’s preferences and goals are successfully achieved, the induced
model may be used in order to automatically classify new experimental results. The grouping of the new catalysts tested
for the Heck coupling reaction between styrene and iodobenzene verified the set of criteria “defined” during the initial
clustering step, and facilitated a quick identification of the catalytic behaviors following user’s preferences.
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1. INTRODUCTION

The fast automated procedures for discovery of new ma-
terials, as well as the development of focused libraries for
subsequent lead optimization, has turned into a new para-
digm to boost material science [1-3]. However, the use of
such strategies for materials and especially heterogeneous
catalysts still remains controversial. We are convinced that
the interplay of computing strategies from all domains (sta-
tistics, artificial intelligence, molecular modeling, design of
experiments, data bases, etc.) will become, sooner or later,
an integral part of any discovery/optimization program as
was observed in the pharmaceutical field thirty years ago.
Here it is shown how chemical knowledge and reasoning are
taken into account for the creation of a new methodology. A
reverse engineering is done starting from the raw data struc-
ture, the chemist/user wishes, the study constraints, and the
different possible and available methodologies. Bearing in
mind what should be a “good” algorithm for the task in hand,
existing solutions are hybridized and adapted to give “im-
proved” results in the sense that changes are done to better
handle the result expected by the user. Such stepwise work
underlines the benefit of an iterative and controlled algo-
rithm conception, i.e. a task-guided construction.

In this manuscript, we stress automatic data treatment
and, more precisely, clustering and classification, when ex-
perimental responses are a chronological series. The exploi-
tation of such information is considered through a real case,
where evolution of chemical reactions is obtained via high
throughput (HT) experimentation. A relatively large number
of catalysts has been iteratively synthesized and tested for
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the Heck coupling reaction. The catalysts composition has
been intentionally designed in a very wide space in order to
create diversity into output responses and to test the method-
ology. To the best of our knowledge, the proposed strategy,
which is able to handle and group data following a shape-
similarity criterion, represents the first work in the material
science domain. A hybridization of two classical procedures,
namely k-means and hierarchical clustering, is proposed to
automatically capture and highlight the characteristics of cata-
lytic curves through cluster information. A comparison with
both the algorithms used separately is investigated. Since the
HT approach usually simplifies the information of unsteady
state experiments by using a discrete number of parameters,
the whole behavior of the catalysts through time is forgotten.
The hybridization is shown to be of great interest, allowing
first the identification of such different behaviors between
catalysts, and then the induced model is reused for the auto-
matic classification of new HT experiments. It is shown that
the results and the corresponding knowledge gain cannot be
obtained using the other traditional clustering strategies.

We first focus on the general problem of methodologies
selection. Then, the importance of data treatment aiming at
automatically creating “interesting” groups of series is de-
picted through various examples dealing with material sci-
ence. The different available solutions are quickly reviewed
in section 4, and the new approach is proposed. The elabora-
tion of the algorithm is examined and thoroughly detailed.
Finally, the use of the technique for the chosen application in
heterogeneous catalysis is presented and discussed.

2. THE SELECTION/CREATION OF AN ADEQUATE
STRATEGY

HT experimentation results in large amounts of data to be
handled, administered, stored [4-6], and analyzed, but also
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hardware/software to be integrated/interconnected and main-
tained [7, 8]. However, very few new or adapted algorithms
have been developed aiming at minimizing the loss of in-
formation [9-14]. Although researchers are often able to pro-
pose strategies for a particular problem, i.e. to select a family
of existing algorithms; knowing which one will perform the
best remains a challenging task [15]. When particularities
regarding a specific study must be considered, the perform-
ance of traditional methodologies is usually limited by the
possibility of the algorithm to integrate such particular traits
through the representation mode that is employed. The proof
is given by the no free lunch (NFL) theorem [16]. Algo-
rithms are developed to work in a pre-defined way and give
favor to a concrete data representation. Facing a given prob-
lem, one should select or modify strategies according to its
specific characteristics. However, data particularities may
force the researcher to elaborate new techniques. Therefore,
the knowledge about the problem may be used/integrated to
design the strategy, depending on the specific interests. The
new algorithm should improve the results compared to other
“impersonal” tools regarding the defined goals or priorities.

3. MONO-CURVE CLUSTERING

‘Mono-curves’, as the evolution of one variable with re-
gard to another one which is inherently (i.e. natural) ordered,
differ from punctual results in the concept of the variation
(magnitude and direction for example). In data mining re-
search, and more precisely for biological patterns, meteorol-
ogy, GPS tracking, and video surveillance domains, the
treatment of series represents an actual challenge due to the
unique structure of such data. This invokes a new field of
research called temporal data mining [18], that includes as-
sociation rules [19], indexing (query by content) [20], feature
mining [21] discovery of recurrent or surprising patterns
[22], classification [23], and clustering [24-26]. Here, the
application of this field to material science is focused on
clustering for which different approaches have been pro-
posed such as the use of Hidden Markov Models [25], or the
k-means algorithm [26]. Clustering can be considered as the
most important unsupervised learning problem. It deals with
finding a structure in a collection of unlabeled data. A loose
definition of clustering could be, “the process of organizing
objects into groups whose members are similar in some
way”. A cluster is therefore a collection of objects which are
similar between them and are dissimilar to the objects be-
longing to other clusters. Next, we draw some examples
from chemistry domain for which the application of cluster-
ing on ordered data structure may result in a significant
knowledge gain.

3.1. A Broad Range of Applications for Chemistry

It is possible to find many situations where the shape of
series provides information on the problem to be handled.
For example, the evolution of species concentration during
one reaction may be directly correlated with some aspects of
the reaction pathway. Concretely, representations in the form
of yield vs conversion lead to curves that allow identifying
primary stable products, secondary stable products, secon-
dary unstable products, etc., just attending to the shape of
such curves. Taking into account that labeling each molecule
makes reference to the shape of the curves, independently of
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the absolute values of conversion and yield, classical cluster-
ing algorithms usually fail for grouping curves from the
chemistry point of view. Fig. 1 shows an illustrative example
of the mentioned situation.

% Yield

% Conversion

Fig. (1). Examples of Yield vs Conversion curves from Kinetic ex-
periments. The shape of the curves allows distinguishing primary
stable products (A), primary and secondary stable products (B),
primary unstable products, and secondary unstable products (D).

Another case of great importance deals with XRD data
used for the identification/segregation of crystalline struc-
tures. Despite the reported use of traditional clustering algo-
rithms to automatically group samples [3] an adapted meth-
odology is still lacking if one considers that a specific struc-
ture can present differences in the XRD diffractogram, re-
garding both the intensity of peaks and the 20 diffraction
angles, depending on its level of crystallinity and its chemi-
cal composition. These limitations must be overcome for
facing further challenging applications on XRD data.

More illustrative examples can be found dealing with the
adsorption properties of microporous and mesoporous mate-
rials. Such materials are widely employed attending to the
capacity to retain a gas inside their porous structure. The
measurement of the adsorption of one gas regarding its par-
tial pressure, under isothermal conditions, produces the so-
called isotherm adsorption curve, which provides informa-
tion about the material structure and the interaction between
such material and one adsorbate. In addition, quantitative
information about porous volume and porous size distribu-
tion can be inferred. In spite of the fact that HT adsorption
equipment is still under development, powerful mathemati-
cal tools able to automatically group adsorption curve
shapes, whatever the scale of partial pressures and adsorbed
volumes, would be crucial for the treatment of massive ad-
sorption data.

Lastly, it would be possible to find a broad variety of
examples with regard to many spectroscopic techniques, i.e.
IR, Raman, XPS, diffuse reflectance, etc., where bands con-
stituting the curves can be related to different characteristics
of the samples.

3.2. Study Case: Macroscopic Catalytic Behavior and
Evolution of Material Properties

Catalytic results are usually summarized using only one
parameter as a reference for the comparison between the
behavior of different catalysts or catalytic conditions (turn-
over number, turnover frequency, or simply the level of ac-
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tivity/selectivity at a fixed time). Due to time and cost con-
siderations, catalytic tests are planned in order to obtain only
few points of the evolution of the reaction with time. How-
ever, it is possible to increase the amount of the experiments
using HT technologies: a greater number of assays are car-
ried out in less time. Automated treatment of the data must
be developed to avoid the loss of information and the loss of
time through manual treatment of data, since otherwise, there
is little justification to use expensive HT equipments.

Reaction curves express the variation of the reaction
composition with time. Considering a batch reactor, where
there is no input/output of material during the reaction, the
conversion goes from 0 to 100% (exhaustion of one reac-
tant). The reaction rate, i.e. the speed of such evolution,
changes as reactants are consumed going asymptotically
from a maximum value at the initial reaction rate to 0 at
100% conversion. A monotone increasing curve “conversion
vs time” is obtained. Under fixed reaction conditions, the
dependency between reaction rate and conversion is deter-
mined by the action of the catalyst, so that different curves
can be generated. The shape of these curves involves aspects
such as the kinetic behavior, adsorption processes, resistance
to deactivation, or even some activation phenomena. In the
present paper, a new algorithm is provided for improving the
unreliable results from existing methodologies when shape-
similarity of series must be highlighted. Moreover, once
meaningful clusters are successfully achieved, the model is
coupled with HT equipment in order to automatically clas-
sify new experimental results. The separation of the new
catalysts verifies the set of criteria “defined” during the ini-
tial clustering step allowing a quick identification of the
catalytic behaviors according to chemist’s preferences and
goals.
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We have chosen to treat the evolution of the conversion
with time for the Heck reaction between styrene and iodo-
benzene (Fig. 2) considering a broad variety of catalysts.
This reaction consists on a cross-coupling carbon-carbon
reaction between an aryl halide or vinyl halide and activated
alkenes in the presence of a catalyst and a base. Although
some examples have been reported about using Au [27], Rh,
Ir, Au, Ni, Co, and Cu catalysts for cross-coupling reactions
[28], Pd catalysts have shown the best results. Due to the
mechanism of the catalytic cycle, reaction curves present a
sigmoidal shape. The induction period observed at the be-
ginning of the reaction is associated with a change in the
oxidation state of the Pd sites (Pd" to Pd®) to form the active
species [29], but the length of this period depends both on
the catalyst (support, Pd content, presence of co-catalysts,
etc.) and the reaction conditions (temperature, solvent, con-
centration and nature of reactants, etc.). A diverse set of ki-
netic curves has been generated by testing iteratively differ-
ent catalysts (a total of 105) under fixed reaction conditions.
The synthesis of the catalysts was designed following a
combinatorial method, covering a wide range of variables,
such as type of support, the presence of simultaneous doping
metals, or the intensity of the thermal post-treatment, but
always keeping constant the percentage of Pd. Both the syn-
thesis of catalysts and their catalytic tests were performed by
means of HT equipments (Fig. 3). The reactions were fol-
lowed by analyzing aliquots at different times. Thus, each
experiment characterizes a given catalyst by means of one
curve corresponding to reaction rate vs time. Fig. 4 shows
the final dataset of curves. The picture clearly shows that
making groups or clusters from many curves is not trivial,
especially because the induction period shifts them along the
time axe. We will show how a new methodology can be use-
ful for improving the automatic clustering/classification of
the curves regarding a set of chemical criteria.

(52)*

Fig. (2). Heck reaction scheme between styrene and iodobenzene.
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Fig. (3). High throughput modules for the synthesis of catalysts and the reactivity tests.
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Fig. (4). Conversion vs time. 105 different catalysts tested for Heck
coupling reaction in HT batch reactors.

4. TOWARD AN ADEQUATE STRATEGY

The creation of an efficient methodology follows a trial
and error process starting from the precise definition of the
problem and the use of available solutions. Sophistications
are then applied through adequate modifications which take
into account the interpretation of intermediary expectations,
results, and errors. The user is usually concerned by the fol-
lowing algorithm properties: type of attributes being han-
dled, scalability to large dataset, ability to work with high-
dimensional data, ability to find cluster of irregular shape,
handling outliers, time complexity, data order dependency,
strict or fuzzy, reliance on a priori knowledge, user defined
parameters, and interpretation of results.

4.1. First Examination
4.1.1. Problem Form

To fix the context and to clarify prolific terminology, O
is a dataset consisting of curves noted c;, with i=1..n. Each
curve is composed of a set of points {(xis,t),...,(Xij.tji)} also
noted x;; the i quantitative value of the observed variable
(here the conversion) as shown in Fig. 5 for the two curves ¢,
and c, (respectively grey, and big black dots). The curves ¢;
and c, are respectively composed of ji and jp measures, with
ji and jp non necessary equal. Whatever I, the I™ values of a
given t for two curves, t; and ty may be different (see ¢; and
c, measures which are not vertically aligned in Fig. 5).

100

Conversion (%)

50

3.5 7.0 10.0

Fig. (5). Examination of the data and notation.
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4.1.2. Preliminary Treatments

Data pre-treatment refers to a range of processing steps
preceding the detailed analysis. In our case, some transfor-
mations of the original data appear necessary due to the fol-
lowing reasons: i) presence of outliers, ii) all curves do not
have an identical length, and iii) the measures are not ob-
tained at the same exact moment for all reactors due to the
sequential order imposed by the GC analysis.

i) Detection and treatment of outliers. We define as out-
liers the data points that can be excluded from the curve be-
cause they are inconsistent, and will adversely affect the
clustering results. Here, a data point is removed as an outlier
when it creates either as an increase or a decrease out of a
reasonable range. The value is replaced through Hermite
curve interpolation [30]. Note that it has been decided not to
use smoothing procedures for the whole curve, since the new
methodology is expected to be robust facing the inherent
experimental noise which differs from the notion of outliers
previously defined.

ii) Curve length. If there is a difference of length between
curves the most common solution is to rescale the whole set
to equal length. However, this pre-process may perturb
greatly the clustering as emphasized by Fig. 6. Another strat-
egy that results in a great loss of information consists on
cutting all the series to the minimum period of time. In our
implementation, curves are not rescaled and comparisons are
restricted onto the shared range of time considering each pair
of curves. This allows not hypothesizing on the behavior of
unknown regions as it would be using extrapolation method-
ologies.

Fig. (6). Rescaling problem. The two time series on the top have
very similar shapes, but one of them is early cut. In case of rescal-
ing, the resulting shape is distorted and the corresponding clustering
is greatly affected.

iii) Distribution of the points. As noted above, the I"
conversion measure does not occur at the same precise mo-
ment for all catalytic samples due to technical aspects. By
only taking into account the order of the sequence instead of
the real time, the shape of the curve may change. This is em-
phasized in Fig. 5 where real time (big grey dots) curve
roughly shows a sigmoid shape, and the corresponding or-
der-based curve (small dots) becomes nearly linear.

The use of the Euclidian distance for sizing how far one
curve is from another one requires the points to be re-
sampled through approximation (interpolation) in order to
obtain vertically aligned points (Fig. 7). The similar-
ity/dissimilarity criterion that the clustering algorithms use to
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define the groups is required to be global for the entire curve,
such as the sum of the distances between curves’ points.
Consequently, the distribution of points influences both cri-
teria. It may be observed that the presence of a relatively
larger frequency in a given range of time influences the crite-
rion, such as providing a higher weight to such period. And
thus, one could take advantage of the necessity of re-
sampling the points for distance calculations. We have cho-
sen a uniform distribution of points not to make the method-
ology more complicated.

—

Fig. (7). Euclidian distance.
4.1.3. Expected Goal

An important step we consider belonging to the pre-
treatment phase is the preliminary analysis regarding the
expected outcome. Considering a set of artificial curves (Fig.
8), the determination of what would be a good/bad solution
allows to quickly establish if a given existing solution pro-
vides satisfactory results and, consequently, to point what are
the characteristics to be improved. For group 1, i.e. G1 in
Fig. 8, the Euclidian-based criterion groups Ca with Cg, and
Cc with Cp, since they are the closest to each other (see the
areas between curves). From a chemistry point of view, these
two clusters make sense with regard to the level of general
activity of the catalysts. However, we would like to focus on
the importance of the shape of the curves, taking into ac-
count that whereas catalysts producing Ca and Cp curves
show an important influence of the conversion level on the
reaction rate (sharp shape), Cg and Cc present a softer varia-
tion at high conversion values. Following such way of think-
ing ¢z and ¢, in G2 should be grouped together while ¢,
would be alone. However, if we consider now G2 to be
composed of ¢ and ¢’ curves, it seems possible that a given
strategy may form the two following groups {c, ¢y, Co, C2}
and {c3}. Such grouping may be the consequence of the so-
called “chaining” effect: because c; is very closed to ¢y, ¢y
to ¢c,+, and cy: to Cy, the c3 curve appears as the odd element in
a separated cluster. Such effect must be discarded due to the
non-respect of the shape concept. Finally, G3 is considered
with c;, ¢y, and ¢, besides c; from G2 (i.e. all the non-dotted
lines). In this case we want to highlight the effect of the in-
duction period on the clustering analysis, especially because
two different expected goals could be chosen. On one hand,
we would like {c3, c.}, and {c,,c,} to be formed, attending to
their sharp shape as previously explained. On the other hand,
one could be interested on merging curves under a certain
limit regarding the induction time, since this parameter pro-
vides information about the easiness of the Pd sites activa-
tion for each catalyst. Therefore, groups {cs,c,}, and {c,,Cc}
could also be expected. Complementarily, large differences

Baumes et al.

on induction period usually produce uncompleted curves,
due to temporal limits on the experimental stage, so that the
shape of the curves does not appear sufficiently consistent,
and the level of uncertainty in the analysis increases. The
clustering tool should be flexible enough for considering all
the mentioned criteria.

100

Conversion (%)

Time (h)
35 7.0 10.0

Fig. (8). Algorithm of expected outcomes.

4.2. Examination of Existing Methodologies: Advantages
and Drawbacks

Cluster analysis can be divided into two major categories,
namely hierarchical and partitional (i.e. non-hierarchical)
clustering.

4.2.1. Hierarchical Clustering

In hierarchical clustering a series of partitions takes
place, and can be subdivided into agglomerative methods
(CAH), which proceed by series of fusions of the n objects
into groups, and divisive methods (CDH), which separate n
objects successively into finer groupings. Agglomerative
techniques being more commonly employed, such technique
is used for further comparisons with our strategy. Note that
the proposed approach is divisive due to the hybridization.
At each particular stage the method joins together the two
clusters which are closest together (most similar).

4.2.2. Partitional Clustering

Another way to perform clustering is the use of a non-
hierarchical approach. The number of clusters must be speci-
fied a priori. The procedure assigns each object to one of the
k clusters so as to minimize a measure of dispersion within
the clusters. Being time consuming, the computation of clus-
ters makes often use of a fast heuristic method that generally
produces good (but not necessarily optimal) solutions. The k-
means [31] algorithm is one of them. k-means training starts
with a single cluster with a centre as the mean of the data.
This cluster is split into two, and the means of the new clus-
ters are iteratively trained minimizing distances inside one
cluster while maximizing them between clusters. The proc-
ess continues until the specified number of clusters is ob-
tained. In order to overcome the problem of starting values,
the algorithm generates the k clusters' centers randomly, and
goes ahead by fitting the data points in those clusters. This
process is repeated for as many random starts as the user
specified and the best starting value is kept.
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The target algorithm must assign each curve into a set of
k clusters. The use of curves makes the visual determination
of the exact amount of clusters difficult (Fig. 4). Moreover,
such a criterion depends on the study, the number of ele-
ments to be clustered, the final use of clusters. However the
user may have a rough idea or impose some constraints such
as a minimum of curves per group. Consequently, the
method should be flexible enough for proposing different
solutions without a tremendous additional cost. In contrast to
hierarchical clustering, k-means needs an a priori fixed
number of clusters k. Considering the study, such assumption
appear as a serious weakness. The advantage of hierarchical
clustering is the flexible setting of the amount of clusters
through the visualization of the obtained tree. Therefore the
number of clusters k is a posteriori decided by the user based
on the generated nested hierarchy. Taking into account tem-
poral data, another important drawback of k-means is the
computational cost due to the continuous re-calculation of
the k clusters centers. On the other hand, the k-means ap-
proach generates kinds of “spherical” clusters due to the ref-
erence to a fictive mean in the implementation. Depending
on the context such characteristic might be interesting if rela-
tively homogeneous and proportional clusters are expected.
In numerous cases, such clusters are less sensitive to outliers
than hierarchical clustering.

4.3. Proposed Strategy

4.3.1. Distances

Whatever the method employed, the use of a similarity or
dissimilarity measure is compulsory in order to first size the
difference between objects and then proceed to cluster for-
mation. Here, such criterion is defined through distances

DTW(Q,C) = y(m,n) with (i, j)

_ |qi‘cj| ifi=j=1  (Eq.1)
o, = c,[+min[7(i-1 ). 7(i, -1, 7(-1, ] -1, else
y(m,n) ifm—n[<§
DTW(Q,C) ={y(mm+§) if [n—n[>5andm<n  (Eq.2)

y(n+4,n) if |m—n|>6 andm>n
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between objects. The simplest and most employed approach,
due to the relative speed of computation to compare tempo-
ral sequences, consists in defining a similarity function based
on the Euclidian distance. When considering chronological
series, the operation consists in matching a given point from
a first series with the point from the other one that occurs at
the same moment (Fig. 7). The Euclidean distance between
series ¢; and ¢, noted Eucl(cy, ¢) is defined by

Eucl(c, , ¢,)’ :z:z”” (X, = X,,)? with t, =t,,, ¥l . However,

depending on the context in hand, the use of the Euclidian
distance may be unintuitive. It cannot deal with outliers, and
is very sensitive to small distortions in the time axis. There-
fore the resulting partition might not reflect correctly ex-
pected grouping [32]. Another distance, namely the Dynamic
Time Warping (DTW), has been considered. The DTW dis-
tance allows stretching in time and comparing time-series of
different lengths [3] (Fig. 9), and thus it is merged into our
strategy. DTW compares two time series together by allow-
ing a given point to be matched with one or several points.
Due to the importance of the meaning of the matching, a
warping window noted ¢ is employed. A point that occurs at
instant i can be matched with points from the other series

that occur in I:(I -8).(i +5):| . d is generally set as constant

217

value. When series do not have the same length, the m points
of the smaller series are compared with the m + ¢ points of
the other. DTW is defined following the recursive Equationl
in Fig. 9 and needs a dynamic programming approach [34],
see Equation 2 in Fig. 9. An example of DTW calculation is
given in Appendix.

Fig. (9). Dynamic Time Wrapping distances between two series. Lines between the two series give the matching for each point. The distance

between two matched points g; and ¢; is equal to |g;-gj|.
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Table 1. Diday’s k-Means Generalization with DTW Distance
Define randomly k seeds
p =0,S" :{Slp ...Skp}
c Calculate the distance noted L(Xi ) SJ. ) between each the time series x; and each seed S;.
o
=]
S . . 1
= L(x,,S,).Vie[Ll-n],Vje[Lk] with L(x,S,)= 52 DTW(x,,Y)
€S,
= o
[
= Assign to each time series x; its nearest seed, i.e. the seed S; which minimizes L(Xi ) SJ. )
- 1
Calculate the intra-class variance V P~ (C) with V' P (C) = —Z z Inert(x;,C;)
n J=1 ¥ eC;
Redefine a new set of seeds
Sjp is made of the c time series x; from C; which verify:
-
T min Inert(x, ,C,) = >, DTW(x, ,y)
ﬁ' yeCj
o
N—r
8. Assign to each time series x; its nearest seed, i.e. the seed S; which minimizes L(Xi ) SJ. )
(@)
— : . p
Calculate the intra-class variance V (C)
If VP (C) A (C) < € then STOP

A set of n time series X = {Xi,..., X} must be split into k clusters according to a given similarity criterion. A so-called seed S; is composed of ¢ time series among the initial set X.
One chronological series does not belong to more than one seed. The number of clusters is noted k, and each C; cluster among C = {C;, ..., C} is composed of the time series for

which §; is the nearest seed.

4.3.2. Correction of k-Means Drawbacks

Our strategy which is based on the generalization of the
Forgy algorithm [35, 36] permits to handle the following
difficulties for the special case of time series: poor initial
partitions and high computation cost of the mean curve for
each cluster. Each cluster is characterized by a seed of ¢ time
series. Clusters are created based on the two following pa-
rameters: the number of clusters and the size of seeds, re-
spectively noted ¢ and k (Table 1). Seeds are used to com-
pute distances between time series and clusters as well as
distances between each cluster. The c times series of a clus-
ter are those that minimize the Inertia function. This function
is also used to compute the intra-class variance between all
clusters that evaluates the quality of the clustering. We pro-
ceed as indicated in Table 2.

Table2. The Optimal c Value

1 | Given a maximal size of seeds cmax (cmax < RoundInf(n/k)).

Fori=1tocmax, do:
2 | Execute the algorithm with ¢ =i.

Save the intra-class variance final value.

3 | The optimal value of c is the one that obtains the minimal variance.

Repeat step 2 and 3 until the decrease of the minimal variance is

null or below a given threshold.

4.3.3. DTW Hierarchical k-Means

The process of hierarchical k-means consists in iteratively
applying the k-means algorithm which produces a hierarchical
tree. Such hybridization is of great interest because the user
can stop the clustering independently in each sub tree, and can
determine the best k value a posteriori according to the evolu-
tion of the clustering. Moreover, it allows modifying the ¢
value for each node before each new sub clustering and con-
sequently may improve the quality of the result. Forgy algo-
rithm allowing splits into n groups, arbitrary architecture of
trees (i.e. not only binary trees) could be obtained. However,
for the presentation of the algorithm n is restricted to 2. Hier-
archical k-means algorithm got two parameters: cmax and o.
cmax is always set to 3 since its influence on the final cluster-
ing decreases tremendously when its value is superior or equal
to such value. On the other hand, the setting of ¢ is very im-
portant as it is used to direct and refine the clustering toward
user wishes. The hierarchical k-means algorithm preserves
advantages of hierarchical clustering and classic k-means ap-
proaches (hierarchical tree and proportional clustering) with-
out keeping their drawbacks (clustering disturbing by atypical
curves and k parameter). A summary of algorithm properties is
given in Table 3.

5. RESULTS

In the case of Heck reaction catalyzed by solid catalysts,
it is continuously under debate if the reaction takes place on
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Type of Attributes Being Handled

Quantitative

Scalability to large dataset

Improved for time series through Diday’s generalization adaptation

Ability to work with high-dimensional data

Mono-time series

Ability to find cluster of irregular shape

No (Not desired)

Handling outliers

Robust

Time complexity

Reasonable

Data order dependency

Yes (i.e. curves)

Strict or fuzzy

Strict

Reliance on a priori knowledge

Seed search, user can split and merge, delta is variable

User defined parameters

Integrated

Interpretation of results

Easy

the surface of the catalyst, or by the contrary leached Pd spe-
cies are the ones catalytically active, or the possibility that
both the solid and the leached species contribute to the ob-
served activity [29]. Furthermore, it is also claimed that in
many cases the catalytic active species are generated during
the exposure of the catalyst to the reactants and consequently
an induction period in the Kinetic process may occur. Be-
cause the shape of the curves is related to different aspects,
such as the induction period length or the sharpness of the
conversion evolution, clustering analysis becomes a difficult
task, and classical algorithms hardly satisfy simultaneous
user interests.

We show the different results obtained for CAH (i.e. Hi-
erarchical and Agglomerative Clustering), k-means, and our
strategy. Initially, the use of CAH and k-means is shown on
the whole set of curves in order to better size the difference
between the existing algorithms and the proposed one. The
dataset is composed of 5 libraries of catalysts, 105 in total
(5x21). Secondly, it is shown how the model is parameter-
ized using only the first two generations (i.e. clustering), and
used as a classification tool on the following libraries.

5.1. Clustering

Firstly, CAH methodology is used. Fig. 10 shows groups
created with the Euclidean distance criteria for a different
number of clusters. The clustering is largely imposed by the
influence of the induction period, and the greatest differ-
ences are found between the zero conversion values (during
the induction time) and non-zero values. For example, a
group such as D (5 clusters) is divided into D and E (6 clus-
ters) because even though they keep a similar shape, the
former present lower induction time values. On the other
hand, this methodology clearly suffer from the so-called
chaining effect, which leads to clusters composed by just one
curve, whereas curves apparently very dissimilar are in-
cluded into the same cluster. Finally, after six clusters, it is
still impossible to separate non active catalysts from active
ones with a large induction period. Fig. 11 shows the final
six clusters when Euclidean distance is substituted by DTW
(6 = 10). Thanks to the corrections that DTW introduces on
the time axis, it can be seen that curves with a broad range of
induction time are now found into the same clusters, being

the resemblance between curves more focused on the shape.
In spite of the fact that active and non active samples are
distinguished, single curves are still composing clusters.

Next, the k-means algorithm is applied. Fig. 12 shows the
results for one to six clusters when Euclidian distance is
used. Comparing with the CAH methodology, both algo-
rithms work under fixed conditions along the clusters forma-
tion (from initial parameters defined by the user). This is
illustrated in Fig. 12. The pyramidal structure is useful to
check how the k-means algorithm (with Euclidean distances)
is making narrower the differences on the induction period if
more clusters are proposed. First division practically corre-
sponds to curves with non null and nearly null conversion
values before 8 hours. The result is logical considering that
Euclidean distance do not introduce any correction on the
data with regard to induction time. Increasing the number of
clusters to 3 allows providing a narrower range of induction
time, so that one group with nearly null conversion values
until 11 hours, other with an induction time between 2 and 5
hours, and another one between 5 and 10 hours are obtained.
However, one can observe that curves with different shapes
are present into the same cluster. It can be checked that in-
creasing the number of clusters produces new splits follow-
ing the same trend, so that no other aspects can be high-
lighted.

As the main advantage, k-means offers homogeneous
groups avoiding the existence of clusters composed by very
few curves. However, the CAH tree-based architecture is
lost. Finally, the proposed strategy “hierarchical k-means” is
employed. This strategy allows combining the benefits of
hierarchical strategies and k-means. On one hand, the algo-
rithm is built under a tree-based architecture, and the user
can select which cluster is split while controlling DTW pa-
rameters for each partition, so that it is possible to adapt the
grouping criteria as the tree is being developed. Such flexi-
bility is greatly important for rationalizing the clustering
process under a semi-supervised methodology. It enables
defining clustering parameters without necessarily express-
ing them mathematically. DTW merging would make such
formalization of the set of criterion impossible. On the other
hand, the k-means approach provides suitable clusters re-
garding the homogeneity.
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Fig. (10). CAH is used for automatically creating 1 to 6 clusters. The general criterion is the mean Euclidian distance.

Because different criteria can be selected to classify the
curves, the hierarchy on the tree evolution can change from
one users to others. For example, Fig. 13 shows a tree where
the first partition if focused on splitting active and non active
catalyst, which can be achieved minimizing the shift of the
curves along the axis time (6 = 10). Next, new groups from
the active samples branch may be proposed attending to
other criteria. Concretely, using a 8 = 2 value it is possible to
separate sharpener curves from more linear shapes, obtaining
at this level three perfectly defined clusters: non active, ac-
tive with slow reaction rate at high conversion values, and
active with little variation of reaction rate with the conver-

sion. Finally, each group can be refined, i.e. different levels
of deactivation (A and B clusters), different induction time
values (C and D clusters), and different levels of activity (E
and F clusters). Fig. 14 shows another example about the
hierarchical k-means algorithm application. In this case, the
first two groups have been created by using a low & value,
and thus the induction period plays the principal role on the
division. New partitions on the clusters, using concrete &
values, allow distinguishing different levels of activity, deac-
tivation or induction time length. Comparing with the result
for final clusters on Fig. 13, it can be observed that cluster B
appears now refined on the induction time (B’ and C’ clus-

Fig. (11). CAH is used for automatically creating 1 to 6 clusters. The general criterion is the mean DTW distance, delta is fixed to 10.
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Fig. (12). k-means is used for automatically creating 1 to 6 clusters. The general criterion is the mean Euclidian distance.

ters), while no distinctions have been considered into the non
active catalysts (F’ cluster).

5.2. Clustering to Classification

The aim of data-mining treatment for combinatorial and
HT studies is to make easier the analysis of large amounts of
results in order to reduce time/cost and to acquire knowl-
edge. In this sense, we show that the designed methodology,
besides a robust but flexible behaviour regarding the cluster-
ing of series, can also be employed as a classification tool for
new/unseen experiments. As illustration, we have organized
the entire data set (reaction curves from the 105 synthesized
catalysts) in 5 subsets of 21 catalysts, considering that this is
the number of reactions we can simultaneously perform in
the multibatch system. The final goal of using the proposed
approach consists on training the algorithm with information
coming from the first two sets of experiments (generations 1
and 2), and then to rapidly identify the behaviour of the fol-
lowing catalysts (generations 3 to 5). Therefore, the process
for grouping all the data is organized in two successive steps:

1) identification of prototype groups through the previously
exposed clustering approach, in which chemistry preferences
are considered to establish the shape-similarities criteria; 2)
automatic classification of new curves with the model in-
duced by 1) allowing the retrieve of user preferences. Cata-
lysts tested in the two firsts cycles of the reactor (42 sam-
ples) were randomly selected among the synthesized ones.
The hierarchical k-means clustering on these samples shows,
in essence, that same groups of curves can be identified in
comparison with those generated from the whole population
(Figs. 15,16). Consequently, keeping an identical tree archi-
tecture during the training stage (same 6 values for each par-
tition) produces analogue final clusters. As classification of
new cases is performed when using traditional induction
trees or graphs, the new curves are dropped into the tree root
and follow model rules, i.e. delta values. In our case, we use
the delta value in order to define in which of the two follow-
ing leafs the curve will be. Each one is associated into the
group (i.e. leaf) which contains the curve that is the nearest
to the current test curve using the previously defined delta
value. Such calculation is successively applied until reaching
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Fig. (13). Hierarchical k-means is used for automatically creating 6 clusters. The general criterion is the mean DTW (Version 1).

one final leaf. All new samples, coming from posterior cy-
cles of reaction, can be automatically classified into the cor-
rect groups (Figs. 13,14 are obtained). This means that the
shape-similarity preferences integrated through the tree con-
ception is conserved/maintained. The flexibility of the meth-
odology represents a key point in the selection of different
criteria for grouping the curves, while a robust behaviour is
shown when previously unseen data must be treated. On the
contrary, other clustering algorithms suffer from important
limitations to work with such data structure and their use for
automatically classifying curves is clearly unsatisfactory. In
the end, a powerful clustering/classification tool has been
developed for the rapid treatment of large amount of data in
the form of series. The hierarchical k-means option repre-
sents the most suitable alternative for the integration of a
grouping strategy into a global HT scheme.

6. DISCUSSION

The main goal of clustering techniques is to determine
“intrinsic” groupings in a set of unlabeled data. There is no
absolute “best” criterion which would be independent of the
final aim of the clustering. For instance, one could be inter-
ested in finding representatives for homogeneous groups

(data reduction), in finding “natural clusters” and describe
their unknown properties (“natural” data types), in finding
useful and suitable groupings (“useful’” data classes) or in
finding unusual data objects (outlier detection). The pro-
posed methodology allows the user to direct/supervise the
clustering while taking into account various criteria. Heck
reaction curves are characterized by a particular sigmoidal
shape. According to this, our method may consider, in a sin-
gle clustering, the three following principal aspects for defin-
ing the behavior of the catalysts: i) the length of the induc-
tion time, which delays the starting point of the catalytic
cycle along the time axe, ii) the general level of conversion
values once the catalytic cycle has started, iii) the sharpness
of conversion evolution.

The rigidity around clusters formation when traditional
algorithms are employed strongly limits the incorporation of
knowledge during the process. The use of a DTW hierarchi-
cal k-means represents a semi-supervised way of clustering
analysis. This methodology shows numerous advantages.
Firstly, the hierarchical architecture allows obtaining a tree
structure. The user directly decides which branches of the
tree must be more developed, with regard to practical crite-
ria. Secondly, & can independently varies into the different
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Fig. (14). Hierarchical k-means is used for automatically creating 6 clusters. The general criterion is the mean DTW (Version 2).

divisions/splits, in such a way that one may give a logical
order to the clustering sequence. Thirdly, the user can pro-
pose different trees, depending on which aspects are consid-
ered. Two representative examples have been shown for two
opposite situation with regard to the whole data set division.

Considering the tuning of the proposed clustering ap-
proach into a classification tool, perfect results have been
obtained since the labelling of all curves is identical either
for the clustering methodology on the entire dataset, or for
the two-step strategy: clustering with a lower amount of data,
and then using the induced model (delta parameters) on un-
seen cases (1-nearest neighbour classification). However,
considering a machine learning approach, the role of the
sampling is crucial. When employing such strategies, the
user must always assume that the training set is a representa-
tive subset of the search space. For our application, it ap-
pears logical, due to the use of a similarity criterion, that
trying to set the model (i.e. clustering step) with a dataset
that do not contains any curve of a given group will fail clas-

sifying new experiments expected to belong to such group.
Then, the user plays a central role checking if all the search
space and expected groups are covered by examples. The
integration of the chemist (knowledge) into such methodol-
ogy is of great interest since it would be possible to create
artificial curves (unsynthesized materials) for defining
groups that are not represented by the training set.

CONCLUSIONS

We have proposed using shape-similarities analogies
between data in the form of series to overcome the typical
loss of information that certain high throughput applications
suffer from. Concretely, we reviewed the way that combina-
torial and data-mining methodologies make use of the infor-
mation recovered from catalytic experiments (reaction
curves), showing that there was a lack of a consistent meth-
odology to manage the clustering/classification of such data
structure. Then, a specific data treatment is proposed in order
to handle the present problematic, demonstrating that it is
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Fig. (15). Generation of clusters for a subset of only 42 curves from the whole data set (Version 1).

possible to adapt the data mining process to the user re-
quirements and criteria. It is shown that chemistry prefer-
ences can be integrated in the clustering conception. The
flexibility of the algorithm allows looking for groups under a
semi-supervised approach, while the criteria can be kept for
automatically classifying new data in an unsupervised form.
The applicability of the method has been tested on a real case

and compared against other common algorithms. It is shown
that such a strategy is of great interest considering the special
case of series. The possibility of using the proposed ap-
proach as a classification routine opens the way to the appli-
cation of such algorithm into an iterative HT loop. Further
experiments are currently done, and correlation between
clusters formation and synthesis variables is investigated.
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Fig. (16). Generation of clusters for a subset of only 42 curves from the whole data set (Version 2).
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Let us consider two curves Q and C of length m and n, here both equal to 8.

Appendix: DTW Calculation

t t2 ts t ts ts t7 ts
Q 1 2 4 3 1 1 2 1
C 2 1 1 2 4 3 1
Inside a mxn matrix X, the value X(i,j) is stored in the cell (i, j).
q,—¢| ifi=j=1

Baumes et al.

X " )=
1) ‘qi—cj‘+min[X(i—1,j),X(i,j—l),X(i—l,j—l)],eIse

The value contained in X(m,n) is equal to the DTW distance between Q and C,i.e. DTW (Q,C) = X(m,n)

With Delta = 2,
I [2[3]4]5[6]7]8
1 [
7 [ :'." E.h =X(3,3)
BB EEE | =l0eCal Min{ X(2.3) 1 X(3.2) X(2.2)}
. Mo lalall - =4 -1+ Min{2; 4 ; 2}
5 AEIEEE reEs
6 68511
7 g6 [2]2
8 8 |2

The path beginning in position (1, 1) and finishing in (m, n) that minimizes the sum of the cells it goes through, indicates which points of Q and C are
matched. Note that if the path goes through X(i,j), then the preceding cell is either X(i-1,j), X(i,j-1), or X(i-1,j-1). If there is a warping window delta, the warp-
ing path can goes through X(i,j) only if i - j| < delta. Such path is drawn with dark cell in the figure below.
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