
 
 

 

 

1

  

Abstract—A machine learning approach is applied to classify 
zeolite crystals according to their framework type. The Zeolite-
Structure-Predictor is introduced based on the Random Forest 
algorithm. Zeolites structural data from the Inorganic Crystal 
Structure Database (ICSD) are used to train the model. The 
ZSP uses sixteen attributes including topological descriptors 
obtained with statistical geometry and physical and chemical 
properties of individual zeolites. Trained with 40 framework 
types containing at least 5 instances per class, the ZSP can 
correctly classify zeolites with over 95% accuracy. The 
performance is shown to improve when more zeolite instances 
per class are available. 
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Data mining, Delaunay tessellation, Random forest 

I. INTRODUCTION 
Zeolites are microporous crystalline materials with a 3-
dimensional underlying framework structure. Each 
framework type gives a signature of the channels and cages 
contained in the structure. In general, zeolite crystals contain 
uniformly distributed pores of molecular sizes in the range 
of 3 to 20 Å. Such characteristics are essential for the major 
applications of zeolites in adsorption, ion-exchange, 
heterogeneous catalysis, and other fields such as health, 
sensors, solar energy conversion just to mention a few [1]. 

Traditionally, zeolites are aluminosilicate crystals, each of 
them belonging to one of the unique framework types 
containing mostly Si, Al and O atoms. The cavities may be 
filled with large ions and water molecules, both of which 
have considerable freedom of movement permitting ion-
exchange and reversible dehydration [2]. Each Si or Al atom 
in the framework is conventionally labeled as a T-atom 
because of its tetrahedral chemical bonding to four O atoms. 
Despite this comprehensive definition, the term “zeolite” has 
been over-used in the literature for describing other 
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microporous and/or mesoporous substances. 
Classification of zeolitic materials by framework type is 

widely accepted in the zeolite community. Framework types 
identify different connectivity of T-atoms in a topological 
network. Framework type codes (FTC) consist of three 
capital Roman letters are used for distinguishing different 
framework types [3] and, thus for identifying different 
zeolites. With the combined information of the coordination 
sequence [4] and the vertex symbol [5] for a particular 
framework topology, different framework types can be 
distinguished [6]. Albeit rare, situations exist where two 
frameworks with the same coordination sequences and 
vertex symbols belong to different topologies [7].  

In this work, we explore a machine learning approach for 
determining framework types based on the structural 
information of zeolites embedded in the data collected in the 
Inorganic Crystal Structure Database (ICSD). This novel 
Zeolite-Structure-Predictor (ZSP) model shows that a 
machine learning methodology based on data analysis can 
reliably predict framework types of zeolite crystals. This 
model becomes an alternative classifier to the framework 
type classification. 

II. DATABASE 
Structural data used in this study is contained in the ICSD. 
This database has a collection of more than 100,000 entries 
of inorganic crystal structures, all collected from 
crystallographic information contained in published 
journals. In this work we analyzed the 1436 zeolite crystals 
contained in the ICSD, which were graciously made 
available to us by the National Institute of Standards and 
Technology. Among these data entries there are 822 
different chemical names for the different zeolite crystals 
and 289 different mineral names were assigned to them. 
FTCs are not contained in the ICSD; therefore we identified 
the corresponding framework type [8] for each data entry. 
We find that 96 FTCs are represented in the zeolite data set. 
It is to be noted that 179 framework types are currently 
approved [8]. Therefore the data set analyzed represents 
approximately half of the different topologies that exist in 
the realm of zeolites. 

The distribution of the 96 observed framework types in 
the ICSD is illustrated in Fig. 1. There are forty framework 
types occurring at least five times in the database. Twenty-
one of them occurred more than ten times, and fourteen of 
them occurred more than twenty times. 
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Fig. 1  Distribution of the 96 determined framework types of zeolites occurring in the ICSD. Count refers to the number of instances within a framework 
type. 

III. DESCRIPTOR GENERATION 
Topological descriptors are generated through a statistical 
geometry approach using Delaunay tessellation. Delaunay 
tessellation provides a non-arbitrary identification of 
neighboring points in molecular systems represented by 
extended sets of points in space [9]. It has been applied to 
simple liquids [10], [11], water and aqueous solutions 
[12], [13], as well as protein structures [14], [15]. 
Recently, it has been used to determine the largest-free-
sphere volume of zeolites [16]. 

First, the unit cell of each zeolite crystal is generated 
based on the asymmetric unit and space group 
information contained in the ICSD. The Computational 
Crystallography Toolbox (cctbx) [17] is used for this 
purpose. Secondly, the unit cell is replicated periodically 
in 3-dimentions to yield a supercell of each zeolite. A 
sphere of material is carved out of each zeolite supercell. 
This method ensures that all zeolite cuts have the same 
volume: a sphere with fixed radius of 35.32 Å. Thirdly, 
framework T-atoms in the sphere are kept as active points 
for Delaunay tessellation. This filters out from our 
analysis all other atoms, including cations and adsorbent 
phase. Lastly, each sphere containing only T- atoms is 
tessellated using the Qhull algorithm [18]. The Delaunay 
tessellation on a representative zeolite crystal is visualized 
in Fig. 2.  

Delaunay tessellation generates a series of 4-point 
simplices such that the sphere touching them does not 
enclose any other points. Then, in 3D a Delaunay simplex 
is a deformed tetrahedron with its four vertices coinciding 
with four of the available points. In our case, each 
simplex determines direct contacts between T-atoms in a 

given zeolite. In this study, any framework atom is treated 
equally as a T-atom, although in reality these locations 
may be occupied by several elements such as Si, Al, P, 
etc. Therefore each simplex is composed of four T-atoms. 

 
Fig.2  Delaunay tessellation of points inside a spherical cut of a zeolite 
where only framework T-atoms were kept.  
 

Simplices are characterized by three attributes. The 
first is tetrahedrality (tetra), which is a quantitative 
measure of the degree of distortion of a Delaunay simplex 
from the perfect tetrahedron:  
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where di is one of the six simplex edges. Tetra is a 
distortion index, which is zero for the perfect tetrahedron. 
The second attribute is the simplex in-sphere volume (in-
V), which is the volume of the largest sphere that can be 
inscribed in the tetrahedron. The third attribute is the 
mean edge length (d) of the simplex. All three attributes 
are averages over tens of thousands of simplices obtained 
for each zeolite structure after Delaunay tessellation. 

In addition to the three primary topological descriptors 
discussed above, three secondary topological descriptors 
are added with the introduction of secondary simplices. A 
secondary simplex is constructed by joining the four 
furthest vertices of the four simplices surrounding a 
central primary simplex [19]. Averages over simplices are 
taken to obtain three additional attributes (tetra2, in-V2, 
d2) for each zeolite. 

To keep statistical tracking of these properties, we 
included six additional attributes associated with the 
standard deviation of the six above described topological 
attributes.  

Finally, the chemical composition of each zeolite 
crystal is taken into account by using as attributes the 
percentages of different elements contained in the 
spherical cut. Since Si, Al and P are the overwhelmingly 
populated T-atoms in the data set of 1438 zeolites, the 
compositional percentage of Si, Al and P (comp-Si, comp-
Al, comp-P) are used as attributes.  

Framework density (fd) is defined as the number of T-
atoms per 1000 Å3. This is an important property of a 
zeolite, which sets a criterion for distinguishing zeolites 
and zeolite-like materials from denser tectosilicates [6]. 
This property is the 16th attribute considered in this work.  

All together a vector of dimension 16 is then used for 
mining the date as described in the next section. 

IV MACHINE LEARNING ANALYSIS 
Breiman’s Random Forest (RF) algorithm [20] is applied 
as the classifier of zeolites. RF is an ensemble of 
unpruned trees, each trained on a bootstrap sample of the 
training data. Classification predictions are made by 
majority vote of the trees. RF differs from Bagging in that 
at each node of each tree, the algorithm considers as 
splitting candidates a random sample of the variables 
rather than all variables. WEKA [21] is used as the tool 
for carrying out the classification analysis and 100 trees 
are used in the forest. 

Our model of zeolites is the Zeolite-Structure-Predictor 
(ZSP) defined on the 16-dimension space, as described in 
the previous section. For classification, each class is a 
different framework type. We have available 96 possible 
classes in the data set. However, the available data set is 
inhomogeneous, as shown in Fig. 1, not all classes have 
enough number of zeolites for this study. It is then useful 
to analyze the dependence of the model on sample size.  

Zeolite classification considered in this work pertain to 

three subsets of classes: i) 14 classes that are well 
populated all above 20 instances per class; ii) 21 classes 
that have population of at least 10; and iii) 40 classes that 
are populated with at least 5 zeolites. 
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Fig. 3  The learning curve for the 14 most abundant framework type 
classes. The total size for each training/test split is 20/class. Each point is 
an average of 100 repeated runs. 

Size of samples is an important parameter. To study the 
effect of sampling size on the ZSP a learning curve is 
constructed with the model containing 14 classes. This 
case corresponds to framework types most abundantly 
populated. For the learning process, a homogeneous set of 
data is considered such that each class contains 20 
instances. Therefore, the total number of zeolites used for 
this experiment is 280. Next, 100 different sets of 280 
instances are generated at random. In the starting 
training/test set, 2 instances per framework class are 
randomly selected as the training set, and remaining 18 
instances are selected as the test set. Then, the training set 
size is gradually increased, with the corresponding test set 
gradually decreased to keep the total instances per class at 
20. At the end of the process we have 18 instances per 
class for training, and 2 instances per class for testing. 
This process is repeated 100 times for each training/test 
split. An average is taken for each training/test split, as 
shown in Fig. 3. In this figure, accuracy refers to the 
percentage of correctly classified zeolites.  

As seen in Fig. 3, when the ZSP model is built with a 
small number of instances, the prediction is only fair. 
However, the model gains accuracy very rapidly as the 
number of instances is larger when building the model. 
However, as training size grows, the predicting accuracy 
levels off. This effect ensures that at-or-about 8/12 
training/test split the ZSP will already perform with more 
than 90% accuracy. Evidently more data would improve 
the accuracy of the ZSP model gradually. With the 
available data, the model can already correctly predict 
94% instances at the end of the learning process. 
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Additionally the ZSP was tested with as much of the 
available zeolite data as possible. Three inhomogeneous 
implementations of the model were considered. Sample-1 
is a set of 1127 zeolites belonging to 14 classes. Sample-2 
is a set of 1230 zeolites belonging to 21 classes, and 
sample-3 is a set of 1350 zeolites with 40 classes 
represented in the set. Stratified 10-fold cross-validation 
is repeated 10 times for each sampling. The results are 
listed in Table I. 

TABLE I 
PERFORMANCE OF THE ZSP ON THE CLASSIFICATION OF ZEOLITE 

FRAMEWORK TYPES. “X” IS THE NUMBER OF INSTANCES PER CLASS. 
ACCURACY VALUES AND OUT OF BAG ERRORS (OOB) REFER TO THE 

AVERAGE OF 10 REPEATED RUNS OF STRATIFIED 10-FOLD CROSS-
VALIDATION, WITH STANDARD DEVIATION SHOWN AT THE END. 

Sample Sample-1 Sample-2 Sample-3 

total instances 1127 1230 1350 

instances/class x ≥ 20 x ≥ 10 x ≥ 5 

number of FTC 14 21 40 

OOB 0.025±0.003 0.034±0.002 0.050±0.002 

accuracy (%) 97.5±1.5 96.6±1.4 95.5±1.1 

 
Therefore, when trained with at least 20 instances per 

class, the ZSP can correctly predict the classification of 
an unknown zeolite with 97.5% accuracy, as long as the 
unknown crystal is within one of the 14 training classes. 
When the ZSP is trained with t40 framework type classes 
consisted of at least 5 instances per class, the ZSP 
performs with 95.5% accuracy. The out-of-bag error 
(OOB) decreases as the number of instances per class is 
larger. As expected, the OOB improves if more zeolite 
data are available. 
 Further analysis of the above result on Sample-3 is 
shown in Table II, which summarizes average of the area 
under the curve (AUC) and true-positive (TP) rate. 
Sample-3 with 40 framework types can be divided into 
three groups based on the population of instances per 
class (x), x≥20, 10≤x<20, and 5≤x<10. It is clear that the 
average TP rate for the three sized groupings increases 
significantly as the size increases. The AUC score is not 
sensitive to the sample size. 

TABLE II 
THE BEHAVIORS OF THREE DIFFERENT SIZED CLASS GROUPS IN THE 

CLASSIFICATION OF THE SAMPLE WITH 40 FRAMEWORK TYPES. “X” IS 
THE NUMBER OF INSTANCES PER CLASS. AUC REFERS TO THE AREA 
UNDER THE CURVE SCORE. TP RATE REFERS TO THE AVERAGE TRUE 

POSITIVE RATES FOR EACH GROUP. AUC AND TP RATE VALUES ARE ALSO 
AVERAGED OVER 10 REPEATED RUNS OF STRATIFIED 10-FOLD CROSS-

VALIDATION, WITH STANDARD DEVIATION SHOWN AT THE END. 

Sample 40 frameworks with x≥5 

Group Group-1 Group-2 Group-3 
total instances / 

no. of classes 1127 / 14 103 / 7 120 / 19 

instances/class x ≥ 20 10 ≤ x < 10 5 ≤ x <10 

AUC 0.997±0.002 0.993±0.007 0.976±0.009 

TP rate (%) 95.3±0.9 87.8±2.2 79.7±3.3 

V CONCLUSION 
The Zeolite-Structure Predictor (ZSP) is developed in 

this work for classifying zeolite structures based on the 
framework types. This machine learning model is novel 
for predicting zeolite classification with high reliability. 
As new zeolites are discovered, the ZSP becomes a useful 
tool for their classification. The methodology used for 
developing the ZSP can potentially be applied to other 
types of materials. Research toward this goal is in 
progress. 
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