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Novel Approach for Clustering Zeolite Crystal Structures
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1 Introduction

Data clustering and other unsupervised machine learning
algorithms are widely used in a variety of disciplines, in-
cluding molecular informatics, bioinformatics, spectroscopy,
astrophysics and materials science. Applications such as
pattern recognition, data analysis in commerce, image
processing have recently seen important advances when
employing data clustering algorithms. Clustering algorithms
are unsupervised learning classification methods that
search for similarities between entries in a data set and seg-
ments data collections into subsets displaying similari-
ties.[1, 2] Therefore, clustering is the process of separating
data subsets from each other without knowing a priori the
number of classes into which the existing data are to be
distributed. This process contrasts with classification algo-
rithms, which are supervised learning methods that rely on
a predefined number of well established classes. Although
there are a wide variety of rules for assessing the degree of
dissimilarity between elements of a data set assigned to
the respective clusters, it is instructive to think about Eucli-
dian square distances between these elements as a mea-
sure of dissimilarity. Most commonly, distances are calculat-
ed in a multidimensional space spanned by the properties
(attributes or features) assigned to each data entry.

Two important ways of performing clustering are hier-
archical and partitional. Hierarchical clustering proceeds
successively by either splitting large clusters into two small-
er ones (top-down) or merging small clusters into larger
ones (bottom-up). With this procedure, a hierarchy of
nested clusters is generated and commonly represented by
a rooted binary tree that is graphically displayed with a
dendrogram. Partitional clustering divides the data set into
a number of disjoint clusters containing instances with
strong similarities while the instances in different clusters

are highly dissimilar. A commonly used partitional cluster-
ing method is the Expectation Maximization (EM),[3] which
iterates two basic steps. In the expectation step a soft as-
signment of the cluster centroid is performed based on the
similarity matrix and in the maximization step the similarity
matrix elements are weighted for maximum dissimilarity to
update the estimates. One of the important advantages of
the EM algorithm over other clustering methods such as
PCA,[1, 4] co-training,[5, 6] k-means,[7–9] spectral clustering[1]

among others is its ability for determining the optimal
number of clusters.

In this work we use a hybrid hierarchical-partitional clus-
tering approach for identifying clusters of framework types
(FT) of zeolite crystalline structures. Each cluster represents
a “super-framework” that combines similar FTs. The cluster-
ing procedure relies on our recently developed set of fea-
tures that includes topological, physical and chemical char-
acteristics of different framework types.[10] This feature set
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Abstract : Informatics approaches play an increasingly im-
portant role in the design of new materials. In this work we
apply unsupervised statistical learning for identifying four
framework-type attractors of zeolite crystals in which sever-
al of the zeolite framework types are grouped together.
Zeolites belonging to these super-classes manifest impor-
tant topological, chemical and physical similarities. The zeo-
lites form clusters located around four core framework
types: LTA, FAU, MFI and the combination of EDI, HEU, LTL

and LAU. Clustering is performed in a 9-dimensional space
of attributes that reflect topological, chemical and physical
properties for each individual zeolite crystalline structure.
The implemented machine learning approach relies on hi-
erarchical top-down clustering approach and the expecta-
tion maximization method. The model is trained and tested
on ten partially independent data sets from the FIZ/NIST In-
organic Crystal Structure Database
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was generated for supervised classification yielding accura-
cies of up to 99 %. Now we employ the same feature
vector and EM to group together thirteen FTs into four
groups of FTs and denominate each group as a FT attractor.
Data used to generate the 9-dimensional feature vector are
part of the FIZ/NIST Inorganic Crystal Structure Database
(ICSD).[11] This paper is organized as follows. Section 2 de-
scribes the features, the zeolite data and the clustering
methodology. Section 3 gives a detailed discussion of the
results and Section 4 concludes this paper.

2 The Feature Vector

Zeolites are microporous aluminosilicate crystals with a
structurally supporting network of TO4 units (T is a tetrahe-
drally coordinated atom to four oxygens) filled with ex-
changeable cations and the adsorbent phase (mostly
water). Zeolites are widely used for adsorption, ion ex-
change, heterogeneous catalysis, and in a number of
emerging areas such as biomedical technology, sensors,
and solar energy conversion. Zeolites, with the diversity of
their natural forms, are among the most abundant mineral
species. In addition to about forty species occurring natu-
rally, hundreds of other zeolites have been synthesized. Ac-
cording to the Structure Commission of the International
Zeolite Association (IZA), there are 191 distinct networks.[12]

The distinction is based on as many perfect, theoretically
prescribed framework types for identifying the network of
TO4 building units. Each network pattern replicates periodi-
cally giving rise to well-organized arrays of channels that
comprise topological characteristics specific to different
zeolites. Thus, the FT of a zeolite structure is a topological
signature that identifies the network connectivity of the
TO4 building units. Each FT is designated by a unique
three-capital-letter code.

The ICSD contains structural information assembled from
publications, mostly based on X-ray data and published in
the literature. For this work we have used features corre-
sponding to 1034 zeolite crystalline structures from this da-
tabase.[13] The selection of the zeolite dataset size is based
on pre-processing data entries in the ICSD and kipping
those possessing framework types with population equal
or larger than 19.[14] In fact, zeolites not included in this
work populate framework types with 14 or less entries,
which is a small number for the machine learning analysis
envisioned in this article. These 1034 zeolite entries will be
referred in the following paragraphs as “instances.” These
instances are distributed unevenly between thirteen FTs
(CHA, EDI, FAU, FER, HEU, KFI, LAU, LTA, LTL, MFI, MOR, NAT,
RHO) as shown in Figure 1.

The purpose of this work is to discover major trends that
gather FTs into super-frameworks grouping around a
number of native FTs. In order to accomplish this goal, a
set of nine properties (9-D feature vector) is employed in
our clustering model of zeolites. We use descriptors of

topological, physical and chemical nature that were origi-
nally constructed for supervised classification models.[10, 14]

Four topological descriptors are calculated using the Delau-
nay tessellation statistical geometry approach where near-
est-neighbor points in 3-D space are connected by edges
of Delaunay simplices. These descriptors include the tetra-
hedrality index T and the volume of largest inscribed
sphere V.[15] The corresponding features are averages over
these quantities generated for each zeolite entry in the
ICSD pertaining to both first (<T1> , <V1> ) and second
tessellation shells (<T2> , <V2> ).[13] We note that each in-
stance displays tens of thousands of Delaunay simplices.
The remaining five physical and chemical descriptors are:
framework density, FD defined as number of T-atoms per
1000 �3, concentration of Si, [Si] , concentration of Al, [Al] ,
volume of the normalized reduced cell of the crystal, Vc,
and its skewness, s defined as the deviation of the mean of
the lattice angles from 908.

Analysis of the data is done on standardized features,
which are normalized as

xi ¼ ðyi�yminÞ=ðymax�yminÞ, ð1Þ

where yi are the values of the ith nonnormalized feature
and ymin, ymax are the minimum and maximum values of
that feature in the data set of 1034 instances.

3 Clustering into Framework-Type Attractors

The clustering method adopted is a top-down divisive ap-
proach starting from ten different balanced data sets in
which each of the thirteen zeolite FTs is equally represent-
ed by 19 instances. Therefore, each of the ten initial data
sets contains 247 instances and is generated by selecting
at random 19 instances for each of the thirteen FTs. Divid-
ing each set into two clusters, and then dividing again
each of the two clusters into two additional clusters builds
a cluster hierarchy. After two divisive steps the clustering
procedure is terminated. Each of the two division processes
is performed using the EM algorithm. The dissimilarity mea-

Figure 1. Number of instances in each of the framework types
considered in the clustering model.
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sure in EM is the matrix of squared Euclidian distances be-
tween instances xi and xj in a 9-D feature space:

dðxi; xjÞ ¼
X9

a¼1

ðxi;a � xj;aÞ2 ð2Þ

The first step of the hierarchy starts with unsupervised
clustering by EM random selection of two cluster centroids
from the data. Once these two clusters are separated with
EM as implemented in the Weka package,[2, 16] then two
routes were adopted. In one, nothing is done and the
route is referred to as unsupervised. The second route, re-
ferred to as semisupervised, adds complexity to the prob-
lem by considering labels ; each label is a FT that does not
participate as a feature in the clustering algorithm. This is
achieved by adding a constrain to the first step of the clus-
tering hierarchy in which the 19 instances that carry the
same label should be grouped together into one of the
two clusters. The process is equivalent to a semisupervised
mechanism that leads to two clusters containing CHA, LTA,
FAU, KFI, RHO in one cluster and EDI, FER. HEU, LAU, LTL,
MFI, MOR and NAT in the other. As a reference, the two
clusters without constrain continue to be monitored, and
such unsupervised method is compared to the semisuper-
vised results.

In the second step of the clustering procedure each of
the previous clusters is divided into two with the EM algo-
rithm without constrains. The final four clusters are shown
in Table 1 for the unsupervised and semisupervised ap-
proaches. Results in the table are mean and standard devia-
tion for ten datasets. Label specificity is defined as the per-
centage of instances with one label that clustered in each
of the final four clusters. As seen from the table, the unsu-

pervised method yields ten FTs with specificity one or
about one, while the semisupervised method improves the
almost perfect grouping of labels to thirteen. These four
clusters are FT attractors, which we denominate L, F, M and
H. Here, each letter corresponds to the FT with highest rep-
resentation. As shown in Table 1, the L-attractor has LTA as
the native component. The F-attractor corresponds to a
cluster where FAU is native, while the M- and H- attractors
display MFI and HEU as native, respectively.

With this outcome, we calculate the mean radius <Rk>
to the instances centroid of the kth attractor and determine
the corresponding 9-D number density 1k = Nk/(CR9), where
Nk is number of instances of the kth attractor, C = 25p4/945
and k = 1 through 4. The M-attractor is the densest cluster
and L-attractor is the least dense cluster. Densities of the
other two attractors are similar and lay in-between the at-
tractors with extreme densities. Having distances between
instances is useful for a visual representation of the attrac-
tor points in 9-D space through calculation of radial distri-
bution functions. Radial distributions provide a means of
determining the probability of finding instances in spherical
shells around each given instance. Results of the semisu-
pervised case are shown in Figure 2 depicting the ten
radial distribution functions generated within the four at-
tractors and between them (normalized by the sum of dis-
tances). The distribution functions give a hint of the cluster
shape in the 9-D space. For example, gL indicates that this
attractor is elongated and has a neck, while gF depicts a
more concentrated spherical shape and gM clearly explains
the fact that this cluster is the most dense of the four. The
inter-attractor distribution functions show the absence of
small distances, which is to be expected if the clusters are
well separated in the 9-D space. Figure 3> gives a 3-D his-
togram on the scaled plane of two selected features (V1, Vc)

Table 1. The four framework attractors obtained through clustering and label specificity. Mean and s.d. are obtained over ten datasets.

Label Unsupervised specificity Semisupervised specificity

L-attractor LTA 1.00�0.0 1.00�0.0
CHA 0.94�0.10 0.96�0.06

F-attractor FAU 1.00�0.0 1.00�0.0
KFI 1.00�0.0 1.00�0.0
RHO 0.84�0.11 1.00�0.0
CHA 0.04�0.06
EDI 0.05�0.0

M-attractor MFI 1.00�0.0 1.00�0.0
MOR 0.98�0.05 0.99�0.04
FER 0.61�0.58 0.97�0.05
HEU 0.01�0.04

H-attractor HEU 1.00�0.0 0.99�0.04
LAU 1.00�0.0 1.00�0.0
LTL 1.00�0.0 1.00�0.0
NAT 1.00�0.0 1.00�0.0
EDI 0.95�0.0 1.00�0.0
FER 0.39�0.58 0.03�0.05
RHO 0.16�0.11
CHA 0.06�0.10
MOR 0.02�0.05 0.01�0.04
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with the height being the frequency of occurrence in ten
data sets. Although the histogram gives a partial pictorial
representation of the four attractors, it points out to the ex-
istence of the grouping of instances.

A verification on the goodness of the hybrid hierarchical
clustering is to calculate the total point scatter PS and the
loss function W (in-cluster scatter) defined as

PS ¼
X246

i¼1

X247

j>i

dðxi; xjÞ ð3Þ

which is constant for each of the ten data sets. The loss
function is

W ¼
X4

k¼1

XNk�1

i¼1

XNk

j>i

dðxi; xjÞ ð4Þ

where d(xi, xj) are the squared distances defined in Equa-
tion 2 and Nk is the number of instances in each attractor.
In a good clustering mechanism, W needs to be small
when compared to the between-cluster function B = PS�W.
The ratio W/B is 0.15 and averages and standard deviation
(s.d.) over the ten sets are W = 3633�701, B = 23868�1146
for the unsupervised case. The semisupervised case yields
very similar results: W/B = 0.14, W = 3297�291, B = 24205�
964. As expected, W is about one order of magnitude
smaller than B. Other dissimilarity metrics have been tested
in clustering studies.[17] For example, two different metrics
are based on Manhattan distances (also called taxicab dis-

tances) and Chebychev distances (also referred to as chess-
board distances).[18] The two metrics give dual polyhedra
when a sphere is built from them. When Manhattan distan-
ces are used in Equations 3–4, the ratio W/B is 0.13 for the
unsupervised case and 0.11 for the semisupervised case.
Use of the Chebychev distances yields W/B = 0.18 and 0.17
for the unsupervised and semisupervised cases, respective-
ly. These results are quite close, reinforcing the validity of
the definition of the four attractors.

Different measures of the precision with which instances
are grouped into clusters exist in machine learning. A pop-
ular measure is the cluster impurity index[19] that becomes
zero for pure clusters. Impurity in the unsupervised case is
4.7 %, which improves significantly to 0.70 % in the semisu-
pervised case. Another measure is the modified-impurity-
Gini,[1] which is 8.57 % for the unsupervised case and de-
creases to 1.37 % for the semisupervised case.

Our data analysis has proven that four attractors are
clearly defined. An alternative way to verify the clustering
result is to build a supervised classification model with the
attractors as classes. The classification method Random
Forest[20] with 100 trees and ten-fold cross validation was
selected. Ten classification models were created, one model
with each of the ten data sets containing 247 instances
each and the 9-D feature vector. The purpose of each
model is to classify unknown instances into one of four
classes. Once the model is saved, then all other instances in
the 1034 set not used in building the model are classified.
Results yield an accuracy (percentage of correctly classified
instances) of 98.95�0.68 % for the unsupervised case and
99.49�0.4 % for the semisupervised case showing an

Figure 2. Normalized pair distribution functions of the 9-D distan-
ces.

Figure 3. Visual representation of the four attractors in a scaled
plane of two features.
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almost perfect classification. Another measure of the clas-
sification is the out-of-bag error OOB,[2] which is 0.15�
0.006 for both cases.

To ensure that the classification results are not fortuitous,
ten random models were built in which the assignment of
instances belonging to any one of the four attractors was
given at random. Results are 30.20�7.40 % accuracy for
the unsupervised case and 28.58�6.37 % accuracy for the
semisupervised case, which coincide with the expected
random accuracy of 100/4 %.

4 Conclusions

Our informatics approach of unsupervised statistical learn-
ing has identified four super-classes of zeolite framework
types showing that the zeolite structures form clusters
around four core framework types: LTA, FAU, MFI and the
combination of EDI, HEU, LTL and LAU. Clustering occurs in
a nine-dimensional space of attributes that reflect topologi-
cal, chemical and physical properties of zeolite crystalline
structures. The implemented machine learning approach
relies on top-down clustering and the EM method. Our
clustering model is trained and tested on ten partially inde-
pendent data sets from the ICSD. The four clusters are
named L-, F-, M- and H- attractors and constitute four
global classes into which newly synthesized or mathemati-
cally predicted zeolite structures could be identified. The
proposed new structural classification is useful for speeding
up the process in material design of porous materials.
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