Catalysis Today 159 (2011) 74-83

Contents lists available at ScienceDirect

Catalysis Today

journal homepage: www.elsevier.com/locate/cattod

Novel graph machine based QSAR approach for the prediction of the adsorption
enthalpies of alkanes on zeolites

A. Goulon?, A. Faraj?, G. Pirngruber®, M. Jacquin®, F. PorcheronP®, P. Leflaive*, P. Martin®,
G.V. Baron€, J.F.M. Denayer*¢
a Applied Mathematics Department, IFP, 1&4, Avenue de Bois-Préau, 92852 Rueil-Malmaison Cedex, France

b Separation Department, IFP-Lyon, Rond-point de I'échangeur de Solaize, BP3, 69360 Solaize, France
¢ Department of Chemical Engineering, Vrije UniVersiteit Brussel, Pleinlaan 2, B-1050 Brussel, Belgium

ARTICLE INFO ABSTRACT

Article history:
Available online 25 September 2010

This paper presents the application of a new machine learning approach called Graph Machines to the pre-
diction of the adsorption enthalpies of linear and branched alkanes on various zeolites. In this approach,
the molecules are considered as structured data and are represented by graphs. For each individual of

Keywords: the data set, a mathematical function (graph machine) is built, which structure reflects the one of the
Alka_“es molecule under consideration. This approach differs from classical quantitative structure-activity rela-
ZQeSt;\l:;eS tionship (QSAR) methods where molecules are generally described using vectors composed of descriptors.
QSPR Since no molecular descriptors are used, the collection, computation and selection of these descriptors,

which is often a major issue in QSAR applications, is no longer required.

The models developed using this approach allowed to satisfactorily predict adsorption enthalpies of all
zeolites, even using a very limited training set of 10 molecules. The efficiency of such models, allowing
the modelling of complex adsorption behaviour like zeolite ZSM-22 using only few experimental data,
illustrates the potential of this new approach in the screening of zeolites for catalytic or adsorption based

Graph machines

separation applications.

© 2010 Published by Elsevier B.V.

1. Introduction

Adsorption enthalpies of linear and branched alkanes on zeo-
lite NaY, Na-USY, mordenite, beta, ZSM-5 and ZSM-22, originally
published in [1], were examined by statistical data analysis in a
previously published work [2]. Partial least squares (PLS) regres-
sion was used to build quantitative structure-activity relationship
(QSAR) models which were applied to predict the adsorption
enthalpy. PLS regression together with descriptors carrying topo-
logical and structural information about the adsorbates was found
to be efficient to predict the adsorption behaviour of the zeolites.
It was nevertheless found that the predictions for zeolite ZSM-
22 were always less efficient than for the other zeolites. It was
concluded that, for this specific solid, a non-linear model could
probably provide better results than the linear PLS based models.
Recent works proposed the use of artificial neural networks (ANN)
to establish non-linear models to predict the adsorption of different
molecules mainly on activated carbons, and compared the results
to those of linear models such as multiple linear regression (MLR)
or PLS.
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Brasquet and Le Cloirec [3] studied the adsorption properties
of 368 aliphatic and aromatic compounds on an activated carbon
while the adsorption of 55 compounds onto activated carbon fibers
was considered in [4]. In both cases, experimental data were fitted
with the Freundlich equation. In these works, the authors compared
two statistical tools, MLR and neural networks (NN), the major dif-
ference between the two models being that the first one uses a
well-defined function to fit the data while the neural network per-
forms a model-free mapping of the molecular structure descriptors
to predict the adsorbability. The models were first compared for
their ability to represent training data. Both studies showed the
good ability of neural network to describe the adsorption data, the
statistical quality of the NN model being higher than that of the
multiple linear regression model. Models were also compared for
their ability to predict the adsorption data of compounds out of the
training database. The prediction performance of neural network
was found to be low, even below that of MLR especially when test
data are very different from training data in terms of compound
structure.

More recently the same group tested a multi-linear regression
and a neural network (NN) model to predict the integral adsorp-
tion enthalpies from zero coverage to saturation of volatile organic
compounds (VOCs) on activated carbons [5]. The authors used a
two-step procedure, using first the MLR model to discriminate the
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significant input variables out of a set of eight for the molecules
and of a set of five for the activated carbons, and then a NN
approach to improve the MLR model by introducing non-linear
relationships. Almost no improvement was obtained with neural
networks. On the opposite, Timofei et al. [6], using the same pro-
cedure (i.e. descriptor selection with MLR and implementation of
these descriptors as input in a NN model) applied to the adsorption
of disazo anionic dyes on cellulose, found a significantly improved
fitting of the NN model over the MLR model.

In the field of zeolites, a neural network model was used
to predict the ternary adsorption equilibria of 2,6- and 2,7-
dimethylnaphtalene isomers dissolved in supercritical carbon
dioxide on NaY-type zeolite [7]. It was found that despite a limited
number of data points available for the training of the network,
the model was capable of predicting the adsorption equilibria very
precisely. Ravikumar et al. [8] also used artificial neural networks
to correlate the isosteric heat of adsorption of organics molecules
over zeolites with various calculated descriptors such as equalized
electronegativities, chemical hardness, Lennard-Jones parameters.
When comparing the results to those of multi-linear regression
models based on the same input parameters, the authors found a
better representation of the data by ANN compared to that of MLR.

Based on all these literature results, it can be expected that the
use of non-linear models (especially using ANN) would provide a
better representation of the data as compared to linear models such
as MLR or PLS. The model accuracy is expected to be especially
improved when linear models fail to accurately fit the experimental
data.

The purpose of this work is to use a novel approach called
graph machines, exploiting artificial neural networks (ANN). All the
models used in the literature for adsorption are based on vector
machines, i.e. that the adsorbate molecules have to be first trans-
formed into a vector of variables called descriptors. The machine
learning then performs a mapping of a set of input vectors (i.e. the
characteristics or the properties of the molecules under consider-
ation) to a set of output vectors (i.e. their adsorption properties).
Recently, Dreyfus group [9-12] showed that when the inputs of
a system can be described as structured data (e.g. applications in
chemistry where inputs are molecules), this structure can directly
and efficiently be used to model the outputs of the system. In this
approach, called graph machines, the molecules are considered as
structured data and are represented by graphs. For each individual
of the data set, a mathematical function (graph machine) is built,
which structure reflects the one of the molecule under consider-
ation. This approach was successfully applied to the prediction of
boiling point or toxicity of organic molecules [10,11] or their anti-
HIV activities [11,12]. When compared to MLR [10,11], PLS [12] or
descriptor based neural networks [10,12], graph machines based
models were always found to be more efficient in terms of mod-
elling and prediction.

This new graph machine/QSAR method was applied to predict
the adsorption enthalpy at zero coverage of C5-C8 alkanes (17
molecules) on Na-Y, Na-USY, beta, mordenite, ZSM-5, ZSM-22. The
predicted data are compared to both the experimental data pub-
lished by Denayer et al. [1] and to the values predicted by PLS
models [2].

2. Graph machines

Statistical learning consists in building, from empirical data,
mathematical models which copy the behaviour of a process, so
that the values of the outputs of this process can be predicted
from its inputs. Modelling the relationships between molecular
structures and their properties and activities (such as here the
adsorption enthalpy on a given solid) is an important field of

research. Classical modelling techniques draw non-linear map-
pings between the studied properties and structural features
or other properties of the molecules, called descriptors. Graph
machines [9-12] circumvents the main drawbacks of the descrip-
tor approach (difficulty of the choice of relevant descriptors and
their computation), by drawing a direct relationship between the
structure of the data and the modelled property. Molecules are con-
sidered as structured data, and represented as graphs. Each graph of
the dataset (i.e. each molecule considered in the study) is associated
to a mathematical function (graph machine) with the same struc-
ture, which is intended to encode the structure of the graph and to
provide a prediction of the studied property. This graph machine
function is obtained by composing identical parameterized func-
tions (called base or node function), for example polynomials or
neural networks. In our case, the node function is implemented by
a feedforward neural network. Modelling the properties associated
to the graphs (e.g. the properties or activities of molecules) then
consists in estimating the parameters of the node function so that
the values of the graph machine functions are as close as possible
to the values of these properties (best fit).

2.1. Mathematical structures of the graph machines

In a first step, the molecules, described by their SMILES (sim-
plified molecular input line entry specification), are converted into
labelled graphs by the association of each non-hydrogen atom to
a vertex, and each bond to an edge. The vertices are also assigned
labels describing the atoms they are related to (e.g. their natures,
degrees or stereoisomeries). Then, the adjacency matrices associ-
ated to these labelled graphs are generated. These matrices are put
into a canonical form, by the use of an algorithm ranking the nodes,
according to criteria such as their degree or their belonging to a
cycle [13]. This canonical form allows the choice of the root nodes,
and the conversion of the graphs into directed acyclic graphs. As
many edges as there are cycles in the graphs are selected and cut,
and finally the edges are given a direction, from the roots of the
trees to their terminal nodes. Although the cut edges are no longer
present in the directed acyclic graph formed in this way, the infor-
mation on their presence is saved due to the labels of the nodes.
Fig. 1 illustrates an example of conversion of a molecule from its
SMILES representation into a directed acyclic graph.

Then, for each graph G;, a mathematical function is built the
following way: each node of G; is associated to a parameterized
function called “node function” fy, @ being the vector of parameters,
which is the same for all the functions. These functions fy are then

CH,

CC(COICCCHCIC Hse -
CH,H4C .

Smiles representation

Molecule

Graph representation

Fig. 1. Encoding of 2,2,4-trimethylpentane molecule into a directed acyclic graph.
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Fig. 2. Building of the graph machine function associated with the directed acyclic
graph of a molecule.

composed so that the global function reflects the structure of the
graph: if s, and s;, are two nodes of G;, so that an edge comes from
sq and ends to s, (i.e. sq is the child of s;), then the result of the
function associated to sq is an input of that associated to sp. The
node function corresponding to the node sy, is then:

Jo(zp) = fo(vp, Xp)

where vy, is a vector which components are equal to the outputs of
the children nodes of s;. If the node has no child, this vector is null.
X;, is an optional vector which conveys information about the nodes.
This information can be related to the nature of the atom the node
represents, its degree in the original graph, or its stereoisomery.

The parameterized function, called graph machine, related to
the graph G;, is then:

g =fo(z)

where z; is the input vector of the function associated to the root
node.

When such functions are built from a set of graphs G={G;}, the
node functions fy are identical within each function g' and across
all those functions.

Fig. 2 illustrates the processing of a molecule from its graph
representation into a graph machine.

In this graph, node 1 is the root node, and parent of the nodes
2, 3 and 4; node 2 is the parent of node 5; nodes 5, 3 and 4 have
no child. If we denote x; the value of x for node j and v; the output
of fy for this node, then v, =fy(v5,0,0,x;) for node 2 has only one
child (node 5), v5=f4(0,0,0,x5), v3=£4(0,0,0,x3), v4=[5(0,0,0,x4)
and vy =fg(v2,v3,v4,X1). Finally, Gg =v;.

2.2. The training of graph machines

Training the graph machines consists in searching the param-
eters @ which lead to the best approximation of the regression
function, with the help of the pairs of inputs/outputs of the training
set. In the framework of classical learning methods, the parameters
of a model gy (for instance a polynomial or a neural network. . .)
are estimated with a set of examples, formed by N pairs {(x/,y),
i=1,..., N}, where the vectors ! are the inputs of the model, and y'
the measured values of the property to be modelled. The model is

Table 1
Comparison of graph machine and classical ANN based QSAR methods.

identical for all examples, and the cost function to minimize is:

2

N
J0)=> "' - g(x', 0))

i=1

where g(x!, 0) is the value of the model for example i.

During the training of graph machines, the training set is com-
posed of N structures/outputs pairs {(G;,y'),i=1,...,N}, where G; is
the parameterised function associated to graph i, and y' is the value
of the modelled property for this graph. The model is not unique:
each example i corresponds to a model defined by a singular func-
tion gé, which is the composition of several functions fg, so that g&
reflects the structure of the graph. A cost function, similar to the
traditional least square function, can be defined. This cost function
takes into account the discrepancy between the predictions of the
models and the observations present in the training set:

N 2
JO)=> (/' -}
i=1

Graph machines are trained in the usual framework of empiri-
cal risk minimisation. Similarly to classical modelling techniques,
usual model selection techniques such as hold-out, K-fold cross-
validation, leave-one-out, virtual leave-one-out, can be applied to
recursive networks and to graph machines. In the following appli-
cation to QSAR, cross-validation and leave-one-out were used.

2.3. Neural networks (NN)

Neural networks are statistical tools, derived from a simpli-
fied concept of the brain which enable a non-linear relationship
between a dependent and some independent variables to be deter-
mined. A neural network contains some nodes, called neurons,
which are interconnected in a netlike structure generally composed
of three layers: one input layer, one output layer, and one inter-
mediate layer, the hidden layer. The required number of hidden
neurons is optimized by an iterative process. The degree of influ-
ence between interconnected neurons is represented by numerical
weights called connection weights. The overall behaviour of the
system is modified by adjusting the connection weight values
through the repeated application of the back-propagation algo-
rithm. Neural network training is achieved when the error function,
which measures the difference between calculated and desired out-
put values, is minimized.

2.4. Comparison of graph machine and artificial neural network
approach

A brief summary of the artificial neural network based graph
machine approach (i.e. graph machine with ANN as the node func-
tion) as compared to classical ANN based QSAR method is given in
Table 1.

In graph machines, as chemical information is brought in the
model using the graph of the molecules, the node or base fq function
can have a simpler form than the F(0) used in the ANN approach.
Especially, when the base function of the graph machine is a neural
network, the number of hidden neurons and thus the number of
parameters to be adjusted during training is much smaller in the

Approach Chemical information introduced in the model

Mathematical form of the model Function adjusted during training

Graph machine
Artificial neural network

Graph of the molecules
Molecular descriptors

One function G(fy ) for each molecule fo
One function F(0) for all molecules F(0)




A. Goulon et al. / Catalysis Today 159 (2011) 74-83 77

graph machines as compared to classical ANN. Therefore, the num-
ber of inputs required for an efficient training of the model, which
often a major burden in the ANN approach, is also smaller.

3. Results and discussion

Graph machines based QSAR approach is used to analyse and
predict the adsorption properties of hydrocarbons on zeolites with
different topologies. In particular, the models are used to predict
the zero coverage adsorption enthalpies obtained from the tem-
perature dependence of the Henry’s constants of 17 alkanes and
iso-alkanes on zeolites NaY, Na-USY, beta, mordenite, ZSM-5 and
ZSM-22.The experimental data were originally published in[1]and
are presented in Tables 3-5. The adsorption enthalpies are con-
sidered as the coordinates of the 17 individuals (17 molecules) in
a six-dimensional space where the dimensions are vectors corre-
sponding to the zeolites. A comprehensive statistical analysis of the
data is provided in [2].

Graph machines were built for each individuals of the whole
set (i.e. each molecule). The fy functions were implemented by
feedforward neural networks with one to three hidden neurons. As
previously described, each neural network is associated to anode in
the graph. Its inputs are equal to the outputs of the neural networks
associated to the parent nodes, whereas its output is the input of its
children nodes. The only exception is the central node: its output
is the output of the function associated to the graph, i.e. the predic-
tion of the model. The complexity of the model was chosen with the
leave-one-out technique: for each model (1, 2 and 3 hidden neu-
rons), the leave-one-out score, which measures the generalization
abilities of the model, was computed. The best score was obtained
with two hidden neurons, and the corresponding fg function was
selected to model the adsorption enthalpy of the molecules.

3.1. Model validation

The model validation was carried out using a classical leave-
one-out cross-validation procedure [14]. As the name suggests,
leave-one-out (LOO) cross-validation [15] involves the use of a sin-
gle observation (here the zero coverage adsorption enthalpy of a
molecule on a given zeolite) from the original data set as a val-
idation data, and the other observations (i.e. the zero coverage
adsorption enthalpy of the other molecules on the same zeolite)
as the training data. This procedure is repeated such that each
observation in the whole set is used once as the validation data.
For each zeolite, the zero coverage adsorption enthalpy of a given
molecule is then predicted with a model set with the adsorption
enthalpies of all the other molecules on that zeolite. A correlation
is then made between the predicted and the experimental values
of the adsorption enthalpies.

Results of leave-one-out procedure are indicated in Fig. 3 for all
zeolites. The correlation coefficient R and a mean error (ME) are
indicated in Table 2.

We can see in Fig. 3 and Table 2 that regardless of the zeolite
considered, there is a very good correlation between the pre-
dicted and the experimental values of the adsorption enthalpies.
This indicates that model robustness is excellent whatever the
nature of the zeolite in terms of pore size and the amount of

Table 2

cations in the zeolite. One can nevertheless see that for both ZSM-
5 and beta, LOO procedure reveals one outlier value in each case,
namely 2,2-dimethylbutane on ZSM-5 and 2,2,4-trimethylpentane
on beta. In both cases, the predicted values much exceed the exper-
imental values (respectively 71.9k] mol-! instead of 63.9 k] mol~!
for 2,2-dimethylbutane on ZSM-5 and 79.4kJmol~! instead of
73.4kJmol-! for 2,2 4-trimethylpentane). These results can be
attributed to the increased contribution of repulsion forces at
pore sizes smaller than the diameter of the molecules, leading
to a decrease of the sorption enthalpies as reported by Eder and
Lercher [16]. As 2,2-dimethylbutane can hardly enter the ZSM-
5 zeolite [17] this can also lead to a much higher uncertainty
on the adsorption enthalpy. Accordingly, 2,2-dimethylbutane on
ZSM-5 is taken out from the data for the prediction study. In
the case of 2,2,4-trimethylpentane on beta, the molecule can nor-
mally enter the zeolite, especially at high temperature where
original experiments were carried out. The large error found with
the LOO procedure can thus be attributed to the lack of infor-
mation in the training set (composed of the other molecules),
2,2,4-trimethylpentane being the only tri-branched molecule in the
all set and 2,2-dimethylbutane being the only other molecule con-
taining a quaternary carbon atom. 2,2,4-Trimethylpentane on beta
data will therefore be kept for the prediction study.

Concerning ZSM-22, the overall mean error (1.40) is larger than
for all the other zeolites. This can be attributed to the fact that in
gas phase, branched alkanes do not enter the micropores of zeolite
ZSM-22. Indeed the pore mouths being the active adsorption sites,
itinduces a very low adsorption enthalpy for the bulkiest molecules
such as 2,2-dimethylbutane and 2,2,4-trimethylpentane [18]. The
much wider range of adsorption enthalpies measured on ZSM-22 as
compared to the other zeolite (about twice as much) is also due to
narrow pore width. The increase of adsorption enthalpy for linear
compounds being around 12.8 k] mol~! per CH, group added to the
molecule compared to around 6 k] mol~! per CH, group in the case
of faujasites. The overall mean error of the LOO model has also to
be compared to the experimental standard error estimated around
1.9k] mol~! for ZSM-22. The LOO mean error is higher for this zeo-
lite as compared to the other but the ratio LOO error/experimental
error remains almost the same.

Preliminary analysis of the overall data set using leave-one-out
cross-validation procedure shows that the QSAR approach based
on graph machines can efficiently be used for calculating alka-
nes/zeolites zero coverage adsorption enthalpies. This indicates
that this property can be estimated by only taking into account the
structure of the molecule and the values of the adsorption enthalpy
of other molecules on the same solid. In the following, in order to
avoid unduly high bias, 2,2-dimethylbutane on ZSM-5 value was
considered as an outlier and was then excluded from the set.

3.2. Prediction results and discussion

A second model was then build with a very limited training set
of 10 selected molecules and applied to predict the properties of the
other molecules forming the test set. The 10 molecules constituting
the training set were taken among those which adsorption data are
available and were chosen to be well separated in the molecular
space to maximize training information.

Correlation coefficient, max and mean error values between the LOO predicted adsorption enthalpy and the experimental data.

Na-Y Na-USY Beta Beta without Mordenite ZSM-5 ZSM-5 without ZSM-22
2,2,4-TMP 2,2-DMB
Correlation coefficient 0.998 0.997 0.981 0.998 0.993 0.969 0.9998 0.978
Max. error (kJ mol~1) 0.93 0.78 5.99 222 2.63 8.04 0.43 6.42
Mean error (k] mol—1) 0.17 0.27 0.62 0.24 0.48 0.62 0.10 1.40
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Fig. 3. Comparison between predicted and experimental zero coverage adsorption enthalpy data using leave-one-out cross-validation. (a) Na-Y, (b) Na-USY, (c) beta, (d)

mordenite, (e) ZSM-5 and (f) ZSM-22.

For Na-Y, beta, mordenite and ZSM-22, the 10 molecules form-
ing the test set are n-pentane, n-hexane, 2-methylpentane,
3-methylpentane, 2,3-dimethylbutane, n-heptane, 2-
methylhexane, 2,3-dimethylpentane, 4-methylheptane and
2,2,4-trimethylpentane. The remaining molecules, namely
2-methylbutane, 2,2-dimethylbutane, 3-methylhexane, n-
octane, 2-methylheptane, 3-methylheptane, 2,5-dimethylhexane
compose the prediction set.

As the experimental adsorption enthalpy were not available
for 2-methylhexane on Na-USY and for 2,2,4-trimethylpentane on
ZSM-5, the training and prediction sets were re-arranged for these
zeolites as indicated in Tables 4 and 5.

Training and prediction results are compiled in Tables 3-5 and
are represented in Fig. 4. Not surprisingly, the mean error between
calculated and experimental values for the training set is always
lower than the mean error for the prediction set. Nevertheless the
difference between mean errors of the training and of the test set
remains low indicating the absence of overtraining with two hidden
neurons in the model.

3.2.1. Na-Y, Na-USY

The alkanes and iso-alkanes studied can easily be accommo-
dated in the supercage of these faujasites and the influence of the
number of cations for the two zeolites considered is small. Adsorp-
tion enthalpies of the isomers are then found very close one to the
other, the main contribution to the enthalpy being the total number
of carbons contained in the molecule.

For both zeolites, considering the very low number of molecules
in the training set, there is a very good agreement between exper-
imental and calculated values both for the training and the test
sets, the mean error value being below 1.2 kJ mol~! compared to a
mean experimental error of 0.3 kf mol~1. The error between exper-
imental and calculated values is almost the same for linear and
monobranched alkanes (between 0.6 k] mol~! and 0.8 kJmol~1). A
higher absolute error between experimental and predicted values
is observed for some multi-branched molecules. This last result is
mainly attributed to the lack of iso-alkanes containing quaternary
carbon molecules in the training set.

3.2.2. Beta, mordenite and ZSM-5

Contrarily to large pore zeolites such as Faujasites for which
adsorption enthalpies of monobranched isomers are very close to
the corresponding n-alkane, beta, mordenite and ZSM-5 exhibit a
lower value for 2- and 3-methylalkanes as compared to the corre-
sponding n-alkane attributed to steric hindrance. This behaviour is
well represented by the model, the adsorption enthalpies of mono-
branched isomers being always lower than the adsorption enthalpy
of the corresponding linear alkane.

In the case of zeolite beta, the compounds having a quater-
nary carbon atom have a very specific adsorption behaviour, these
molecules being trapped in the channels intersections [2,19]. This
can be seen on the experimental data where the bulkiest molecules
studied (2,2-dimethylbutane and 2,2,4-trimethylpentane) exhibit
a much lower adsorption enthalpy compared to the linear or



Table 3
Experimental [1] and predicted adsorption enthalpies and mean and max. error values of C5-C8 alkanes on Na-Y, beta, mordenite and ZSM-22 zeolites. The training set is composed of the first ten molecules, the others composing
the test set.

Na-Y Beta Mordenite ZSM-22
Molecule |AHO| Exp | AHO| Predict. Error |AHO| Exp |AHO| Predict. Error |AHO| Exp | AHO| Predict. Error |AHO| Exp | AHO| Predict. Error
(kjmol-1) (kjmol-1) (kJmol~1)  (kJmol-1) (kJmol-1) (kJmol~')  (kJmol~1) (kjmol-1) (kJmol~1)  (kJmol-1) (kJmol-1) (kJmol-1)
n-Pentane 394 + 035 38.10 1.30 53.0 + 0.49 52.68 0.32 55.7 + 0.64 55.69 0.01 62.1 £ 2.0 63.89 1.79
n-Hexane 455 + 0.32 44.84 0.66 62.7 + 0.46 62.36 0.34 67.1 + 0.80 67.08 0.02 75.0 + 1.3 75.12 0.12
2-Methylpentane 453 +0.23 44.44 0.86 60.8 £ 0.51 61.79 0.99 65.8 + 0.82 68.33 2.53 624+ 1.2 62.23 0.17
3-Methylpentane 445 + 042 45.00 0.50 60.0 + 0.49 59.68 0.32 64.5 + 0.82 65.61 1.11 61.7 £ 2.1 61.66 0.04
2,3-Dimethylbutane 44.1 +£0.28 44.83 0.73 59.5 + 0.41 58.64 0.86 63.4 + 0.72 64.92 1.52 522 +29 53.19 0.99
n-Heptane 51.9 + 039 52.68 0.78 72.6 + 0.78 72.89 0.29 77.0 + 1.16 76.63 0.37 879 £ 0.7 88.83 0.93
2-Methylhexane 51.6 + 0.31 52.47 0.87 70.4 + 0.25 70.99 0.58 75.1 + 141 75.10 0.00 754+ 13 75.83 0.43
2,3-Dimethylpentane 50.6 + 0.21 49.89 0.71 67.7 £ 0.53 66.75 0.95 74.7 + 1.08 71.93 2.77 60.2 +£ 29 60.19 0.01
4-Methylheptane 57.2 + 0.40 57.89 0.69 81.1 +£ 041 78.98 2.12 81.8 + 1.37 80.18 1.63 777 £ 1.8 82.95 5.25
2,2,4-Trimethylpentane 56.8 £ 0.22 54.67 213 734 + 0.54 71.60 1.80 76.8 £ 1.32 76.44 0.36 482 + 3.1 49.40 1.20
2-Methylbutane 39.2 + 0.24 38.77 0.43 51.0 + 0.52 53.04 2.04 55.6 + 0.67 57.15 1.55 504 + 1.4 54.88 4.48
2,2-Dimethylbutane 432 +£0.38 40.34 2.86 54.1 + 0.41 55.68 1.58 62.9 + 049 60.27 2.63 382 +£3.1 41.65 3.45
3-Methylhexane 51.4 +£0.23 51.48 0.08 69.7 £+ 0.39 69.95 0.25 754 +1.24 72.70 2.70 69.8 + 24 67.69 2.11
n-Octane 57.5 + 0.23 57.39 0.11 82.9 + 0.55 80.56 2.34 87.3 + 1.48 85.57 1.73 100.5 + 0.8 98.54 1.96
2-Methylheptane 57.2 + 0.36 55.81 1.49 81.2 +£0.73 75.39 5.81 85.1 + 0.61 84.18 0.92 84.5 + 1.6 87.21 2.71
3-methylheptane 57.3 £ 0.30 57.10 0.10 80.9 + 0.62 77.28 3.62 83.1 + 1.05 79.92 3.18 744 + 1.7 81.87 7.47
2,5-Dimethylhexane 57.1 + 0.28 55.42 1.68 - 74.06 - - - - 60.2 £ 1.9 66.40 6.20
Mean error training set 0.92 0.86 1.03 1.09
Mean error test set 0.96 2.61 2.12 4.05
Overall mean error 0.94 1.51 1.44 2.31
Max. error 2.86 5.81 3.18 7.47
Mean error n-alkanes 0.71 0.82 0.53 1.20
Mean error 0.63 1.97 1.70 2.83
monobranched-alkanes
ME di-branched alkanes 1.50 1.13 2.31 2.66
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Fig. 4. Comparison between predicted and experimental zero coverage adsorption enthalpy data for both training (open symbols) and test (full symbols) sets. (a) Na-Y, (b)

Na-USY, (c) beta, (d) mordenite, (e) ZSM-5 and (f) ZSM-22.

monobranched isomers or even 2,3-dimethyl compounds. This
specific adsorption behaviour of compounds having a quater-
nary carbon is fairly well represented by the model. The errors
between experimental and calculated values are 1.58 k] mol~! for
2,2-dimethylbutane and 1.80k]J mol~! for 2,2,4-trimethylpentane
respectively. Despite the relative lack of information about this
specific adsorption behaviour in the training set, only one qua-
ternary alkane molecule being in this training set, the mean error
value between experimental and calculated values for quaternary
alkanes is lower than the mean error found for monobranched iso-
mers (1.69kJmol~! vs 1.97 k] mol~! respectively). The prediction
can then be considered as good for all compounds including those
having a quaternary carbon atom, the model predicting much lower
values for these compounds compared to the other isomers.

For zeolite beta also, the presence of only two compounds with
8 carbon atoms in the training set, namely 4-methylheptane and
2,2,4-trimethylpentane, combined with the much lower adsorption
enthalpy of the latter compared to the other C8 molecules have a
clear influence on the determination of the adsorption enthalpies
of C8 compounds in the prediction set. Indeed, as carbon num-
ber has a strong influence on adsorption enthalpy, the presence of
only one C8 molecule beside 2,2,4-trimethylpentane in the train-
ing set causes a clear underestimation of the adsorption enthalpy
of C8 compounds in the prediction set (n-octane, 2-methylheptane,

3-methylheptane and 2,5-dimethylhexane) which explains the rel-
atively high error values between experimental and predicted
enthalpies for the compounds (respectively 2.34k]mol~! for n-
octane, 5.81kJmol~! for 2-methylheptane and 3.62 k] mol~! for
3-methylheptane). This underestimation was not encountered in
the leave-one-out procedure which indicates that even if the results
can be considered as good, the very low number of molecules in the
training set causes a lack of accuracy for predictions.

3.2.3. ZSM-22

Contrarily to large pore zeolites such as faujasites or medium
pore zeolites such as beta, mordenite or ZSM-5, adsorption
enthalpies of branched isomers on ZSM-22 are much lower than
the values of the corresponding n-alkanes. 2-Methyl-branched
alkanes show about 12.5-16kJmol~! lower values, whereas 3-
methyl-branched alkanes have an adsorption enthalpy which
is 13-26kJmol~! lower than those with a linear chain. 2-
Methyl-branched and the 3-methyl-branched isomers also exhibit
differences in adsorption enthalpies (0.7 for methylpentanes, 5.6
for methylhexanes and 10.1 for methylheptanes respectively). All
these features are due to the very narrow pore structure of the zeo-
lite ZSM-22, which induces that the branched alkanes do not enter
the micropores while the corresponding n-alkanes can enter the
pores. Branched alkanes adsorb only on pore mouths which leads to
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Table 4

Experimental [1] and predicted adsorption enthalpies and mean and max. error
values of C5-C8 alkanes on Na-USY. The training set is composed of the first ten
molecules, the others composing the test set.

Table 6

Experimental [18,20] and predicted adsorption enthalpies and mean and max. error
values of C5-C8 alkanes on ZSM-22. The training set is composed of the first ten
molecules, the others composing the test set.

Molecule Na-Usy

|AHO| Exp |AHO| Error

(kJmol-1) Predict. (kjmol-1)

(kJ mol~1)

n-Pentane 404 + 042 40.95 0.55
2-Methylpentane 46.6 + 0.54 46.28 0.32
2,2-Dimethylbutane 45.4 + 0.46 45.12 0.28
n-Heptane 54.0 + 0.44 54.90 0.90
3-Methylhexane 53.5+0.33 52.43 1.07
2,3-Dimethylpentane 52.0 + 0.27 56.83 4.83
n-Octane 60.1 + 0.24 60.75 0.65
3-Methylheptane 57.3 £ 0.27 57.17 0.13
4-methylheptane 57.2 £ 0.29 56.99 0.21
2,5-Dimethylhexane 57.6 + 0.42 57.24 0.36
2-Methylbutane 40.0 £+ 0.41 42.38 2.38
n-Hexane 47.7 £ 0.35 46.74 0.96
3-Methylpentane 46.3 £ 0.25 46.38 0.08
2,3-Dimethylbutane 46.1 £ 0.53 47.44 1.34
2-Methylhexane - 55.59 -
2-Methylheptane 59.0 + 0.30 57.62 1.38
2,2,4-Trimethylpentane 57.5 +0.28 53.72 3.78
Mean error training set 0.93
Mean error test set 1.66
Overall mean error 1.20
Max. error 3.78
Mean error n-alkanes 0.61
Mean error monobranched-alkanes 0.80
Mean error di-branched alkanes 1.70

much lower adsorption enthalpies [18,20]. Very interestingly, the
model can efficiently predict this specific behaviour, the linear, the
2-methyl and the 3-methyl isomers always being in the right order
for the adsorption enthalpies, i.e. linear » 2-methyl > 3-methyl.
When compared to other models established to predict the
adsorption enthalpies of linear and branched alkanes on zeolite
ZSM-22 [2,21,22] the new GM based QSAR model provide better

Table 5

Experimental [1] and predicted adsorption enthalpies and mean and max. error
values of C5-C8 alkanes on ZSM-5. The training set is composed of the first ten
molecules, the others composing the test set.

Molecule ZSM-5
|AHO| Exp |AHO| Predict. Error
(kJmol-1) (kJmol-1) (kJ mol~1)

n-Pentane 57.7 £ 042 57.69 0.01
n-Hexane 68.8 + 0.26 68.65 0.15
2-Methylpentane 66.8 + 0.22 66.75 0.05
3-Methylpentane 66.0 + 0.18 66.08 0.08
2,3-Dimethylbutane 63.4 + 1.49 63.51 0.11
n-Heptane 79.6 + 0.26 79.76 0.16
2-Methylhexane 784 + 0.44 78.37 0.03
2,3-Dimethylpentane 74.1 + 0.96 73.99 0.11
4-Methylheptane 88.7 +£ 0.45 88.69 0.01
2-Methylheptane 88.6 = 0.34 88.60 0.00
2-Methylbutane 56.1 + 1.4 55.1 1.03
2,2-Dimethylbutane 63.9 + 1.22 67.6 3.65
3-Methylhexane 78.0 £ 1.25 771 0.88
n-Octane 90.7 + 0.28 90.5 0.16
3-Methylheptane 88.5 + 0.37 87.8 0.68
Mean error training set 0.07
Mean error test set 1.28
Overall mean error 0.48
Max. error 3.65
Mean error n-alkanes 0.12
Mean error monobranched-alkanes 0.35
Mean error di-branched alkanes 0.97

Molecule ZSM-22
|AHO| Exp |AHO| Predict. Error
(kymol-1) (kjmol-1) (kJmol-1)

n-Pentane 63.3+1.6 63.34 0.04
n-Hexane 77.1+09 77.07 0.03
n-Heptane 89.4+0.7 89.36 0.04
n-Octane 100.6+1.3 100.57 0.03
2-Methylbutane 493+1.3 49.55 0.25
2-Methylpentane 60.0+1.9 60.07 0.07
2-Methylhexane 76.1+£1.7 76.05 0.05
2-Methylheptane 873+1.3 87.35 0.05
3-Methylpentane 59.4+04 59.38 0.02
3-Methylhexane 72+£1.7 71.70 0.30
3-Methylheptane 84.5+1.5 84.56 0.06
n-Nonane 112.5+0.9 112.73 0.23
2-Methyloctane 97.8+09 100.26 2.46
3-methlyoctane 97.8+1.3 90.53 7.27
2-Methylnonane 107 108.03 1.03
Mean error training set 0.09
Mean error test set 2.75
Overall mean error 0.79
Max. error 7.27
Mean error n-alkanes 0.07
Mean error monobranched-alkanes 1.16

results. Especially, the new model has an overall mean error as
low as 2.31 k] mol~! which is below the one of the two PLS models
reported in [2] for this zeolite (the most efficient models reported so
far), with an overall mean error of 2.76 k] mol~! and 3.38 k] mol~!
respectively.

In order to confirm the prediction ability of the GM/QSAR model
developed, prediction of adsorption enthalpies of some molecules
out of the initial C5-C8 range were carried out. C9-C10 alka-
nes adsorption enthalpies on ZSM-22 were then predicted and
compared to the experimental values reported by Ocakoglu et
al. [18,20]. As those values originate from a different series of
experiments sometimes exhibiting large difference in the exper-
imental values (e.g. 84.5kjmol-! instead of 74.4kJmol-! for
3-methylheptane) the model was reset with the new C5-C8 exper-
imental values indicated in these references. This difference in
the experimental values is attributed to differences between the
surface of the two zeolites considered in Ref. [1] and the one
used in Refs. [20,22] respectively. This results in different adsorp-
tion enthalpies for the branched alkanes that adsorb on the pore
mouth, the adsorption enthalpies remaining the same for the n-
alkanes which enter the micropores. 11 molecules were taken for
the training set (nC5, 2-methylbutane and the linear, 2-methyl-
and 3-methyl-branched isomers from C6 to C8) and 4 molecules
were considered out of this initial C5-C8 range as the prediction set:
n-nonane, 2-methyloctane, 3-methyloctane and 2-methylnonane.
Results are resumed in Table 6 and presented in Fig. 5.

The mean errors are as low as 0.09k]mol-! for the training
set and 2.75kJmol~! for the prediction set. This clearly indicates
the very good ability of the model to predict adsorption enthalpies
out of the initial C5-C8 range used for the training. When looking
into more details, predictions of adsorption properties of C9-C10
molecules are good except for 3-methyloctane for which the calcu-
lated value is much lower than the experimental one. This large
underprediction can be attributed to the systematic difference
between adsorption enthalpies in the training set for 2-methyl and
3-methyl alkanes that is not measured for 2- and 3-methyloctanes.
Still, predictions which are extrapolations to higher adsorption
enthalpies can be considered as very good and are better than
previously reported model calculations [21,22].
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Table 7
Comparison of the mean and max. error values of the different models: PLS#1 (topological descriptors) [1], PLS#2 (custom-made descriptors) [1] and graph machines (this
study).

Na-Y Na-USYy Beta Mordenite ZSM-5 ZSM-22

PLS#1 PLS#2 GM  PLS#1 PLS#2 GM PLS#1 PLS#2 GM PLS#1 PLS#2 GM PLS#1 PLS#2 GM PLS#1 PLS#2 GM

Overall mean error 0.32 0.35 094 0.53 0.53 1.20 0.32 0.91
Max. error 1.24 0.92 2.86 230 1.30 3.78 0.73 2.25

1.51 0.60 0.73 144 0.25 0.39 048 2.76 3.38 231
581 1.75 2.63 3.18 0.68 0.81 365 1632 6.93 7.47

When compared to the above reported values (see Table 3)
for C5-C8 sets containing also multi-branched molecules, the
error value obtained for the test set which was 4.05k]mol-! is
now reduced to 2.75 k] mol~! for the prediction set. This result is
attributed to a greater homogeneity of the molecules present in
the whole set, multi-branched molecules being absent from both
training and prediction set. The training set is also slightly larger
(11 molecules instead of 10).

3.3. Comparison of PLS and graph machine based models for the
prediction of alkanes and iso-alkanes adsorption enthalpies on
zeolites

The mean and max. error values of the different models: PLS#1
(topological descriptors) [2], PLS#2 (custom-made descriptors) [2]
and graph machines (this study) are reported in Table 7.

From Table 7, it can be seen that the best results were obtained
from the PLS approach for all studied zeolites except for the zeolite
ZSM-22 for which the graph machines model gives a better pre-
diction. Hence, for large and medium pore zeolites, for which the
adsorption properties can be well represented by a linear model,
the use of neural networks does not provide a better prediction.
The PLS models can also provide insights on the adsorption mecha-
nisms which cannot be provided by the GM neural networks models
which are “blackbox models”. Nevertheless the GM/QSAR approach
reported in this study still provides good results for all zeolites,
especially when considering the very low number of molecules in
the training sets.

For zeolite ZSM-22 which exhibits a much more complex
adsorption behaviour as compared to the other studied zeolites,
the new non-linear model reported in this study provides better
results indicating that this new model can better handle this com-
plex behaviour. Moreover, one can see from Tables 3-5 that except
for zeolite NaY for which mean error values are comparable for
the training and the test sets, the mean error on the training set is
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Fig. 5. Parity diagram of the zero coverage adsorption enthalpy of C5-C8 alkanes

(training set — open symbols) and C9-C10 alkanes (prediction set - full symbols) on
ZSM-22. Experimental data are taken from [20,22].

below the one of the test set for all zeolites. This is especially true
for zeolite ZSM-22 for which the values are 1.09 and 4.05 k] mol~!
respectively. This indicates that in this case overtraining is proba-
bly occurring. The use of less than two neurons in the hidden layer
in the base function of the graph machine resulting in bad predic-
tion results, this indicates that for this zeolite the use of a slightly
larger training set avoiding overtraining would certainly result in
an more efficient GM model whereas the prediction ability of PLS
models would not be greatly increased. This is confirmed by the
leave-one-out cross-validation which indicates that the mean error
can be reduced to a value as low as 1.40k] mol~! when using 16
molecules in the training set.

4. Conclusion

This study describes the use of neural network based models
to predict the adsorption enthalpies of n- and iso-alkanes on vari-
ous zeolites using a new approach called graph machines. In these
models, the adsorbates were considered as structured data, repre-
sented and encoded as graphs. This GM/QSAR approach provided
good results for all zeolites, especially when considering the very
low number of molecules in the training set.

When compared to previously reported PLS models [2] on the
same set of data, the new models resulted in slightly less efficient
predictions for all zeolites except for ZSM-22 for which the graph
machines model gives a better prediction. In particular, the specific
behaviour of this zeolite is well predicted, the adsorption enthalpies
of the different isomers (i.e. linear, 2-methyl and the 3-methyl)
always being in the experimental order. The difference in the GM
and PLS based models prediction efficiency can also be probably
enhanced using a larger array of experimental data.
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