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ABSTRACT

In this paper, two techniques of datamining tools were adopted, a principal component
analysis (PCA) and artificial neural network (ANN). A PCA to classify, select and identify
several combinations between transition element A and B (B = Ti, Zr, Hf, Sc, Y, La and Th)
and ANN to predict AH for ternary hydrides. Based on the datasets selected from different
works, a principal component analysis (PCA) has been applied to select, classify and
identify around 76 possible combinations between transition metal elements A and B. The
results showed that the clustering of combinations A-B are significantly influenced by the
atomic parameters of element A, such atomic radius (Ra), Pauling's electronegativity (ya)
and atomic electron density (Zo/R3). From 76 combinations, 55 systems which have
%a > 1.5, Zo/R3>1.28 and Ry < 1.46 A are categorized as group 1. On the other hand, 21
systems which have ya < 1.5, Za/R3 < 1.28, and Ry > 1.46 A are categorized as group 2. From
the first group, 46 different combinations are identified and have a negative AH, within 18
well-known promising binary alloys of hydrogen storage.

An (6-15-1) architecture of artificial neural network (ANN) has been developed to esti-
mate the AH for the other ternary hydrides selected from different published works. The
performance indices such as relative error, coefficient of determination (R?) and mean
square error (MSE) were used to control the performance of obtained results. In addition to
this, the AH obtained from ANN model were compared with those experimental data and
theoretical results available in the literature.

© 2018 Hydrogen Energy Publications LLC. Published by Elsevier Ltd. All rights reserved.
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Introduction

The intermetallic compound hydrides are considered as an
attractive material for hydrogen storage. These hydrides are
promising materials both as fuel as in rechargeable batteries,
fuel cells and heat storage [1,3]. They have been received wide
attention due to their large number of technical applications
and they opened new horizons for industrial development due
to their widespread in the development of hydrogen-
absorbing metal alloys [4—6]. In particular, the intermetallic
compound hydrides (ABsHy, ABHy, AB,Hy, A,BHy and AB3Hy,
as well as solid solution alloys) are also widely investigated
and have been an active research area due to their excellent
hydrogen absorbing properties [7,8]. Indeed, this hydride is
based on the combination between transition elements A and
B. The stability of the binary formation A-B depends on both
the atomic parameters of transition elements (A, B) and the
processing conditions (Pressure, temperature,...). Due to the
complex and non-linear effect of parameters influencing the
stability and thermodynamic properties in the formation of
both intermetallic compounds and their hydrides, a large
number of theoretical studies and experimental works have
been made [9—12], to understand, classify and study of various
aspects of intermetallic compounds forming the hydrides.
The alloying ability of intermetallic compounds can be
evaluated by its enthalpy of formation (AH). A negative AH
means an exothermic process, and the intermetallic com-
pounds can be formed and stable. For the predicting stable
intermetallic compounds and its hydrides several theoretical
methods have been reported to estimate the AH, such the
Miedema's model [10,13], a semi-empirical model [11,14] and
density functional theory (DFT) calculation [9]. Herbst [10] has
used Miedema's model to estimate AH for binary AHy (x—1.3
and AB,Hy (n_1,23,5 type hydrides and predict the hydrogen
content of binary and ternary hydrides. Griessen et al. [11]
have calculated by means of a semi-empirical model based
on the electronic structure of the host alloys the heats of
formation of the transition metal hydrides AsBHy, A;BHy,
ABH,, AB,H, and ABsH,, where A = Sc, Ti, V, Y, Zr, Nb, La, Hf,
Ta, Ni, Pd and B is transition metal, and have also predicted 44
different compounds to react with hydrogen. Watson and
Bennett [15] have predicted the AH for 276 equiatomic
composition of transition metal alloys by an electron band
theory model based on the bandwidth, Fermi level position
and number of electrons in the band. Also, by mean of the DFT
calculation, J.Wang et al [9] have estimated the enthalpies of
formation for Al-X (X = Co, Cu, Hf, Mg, Mn, Ni, Sr, V, Ti, Y and
Zr) systems. However, the abundance of physical parameters
of two transition elements A and B are probably responsible
for the difficulties in the study of the formability of A-B sys-
tem. It is difficult to develop them in the form of mathematical
equations. Van Mal [16] proposed some criteria for classifica-
tion of ternary transition metal hydrides according to AH.
Therefore, it is important to understand the effect of
atomic parameters on the formability of intermetallic com-
pounds and its hydrides. In this context, much recent infor-
matics methods have been developed. In which a new
knowledge system is built by collecting and classifying infor-
mation with the help of calculations and databases [2]. Among

this informatics method which attracts an increasing care of
the material science researches is the data mining (DM). DM
approach becomes a significant technique in the building
knowledge-based system by inductive inference [17]. The
most popular DM approaches are partial least square (PLS)
(Linear regression), artificial neural network (ANN) and prin-
cipal component analysis (PCA).

Following specific interest, a recent example of this type
of approaches comes from Benyelloul et al. [18—20] where
the authors demonstrate an application of ANN and PCA for
the task of predicting several physical parameters and
thermodynamic properties. In other hand, Jin Guo et al [21]
have used the partial least square (PLS) method to classify
and select the binary transition metal alloys. They found
that the stability and the formability of hydrides of binary
transition metal alloys are significantly influenced by elec-
tron density.

However, it is shown that the atomic parameters (such as
electron density, atomic radius, Pauling's electronegativity
and molar volume) effect strongly on the formation of binary
alloys A-B systems and it is mandatory to study this effect.

Hence, two distinct types of datamining methods have
been proposed in this study. Firstly, a PCA is used to select and
classify several combinations between transition element A
and B favourable for stability. Secondly, an ANN is used to
predict AH from several ternary hydrides.

In this view, our paper is structured as follows. In section
Computational methods, we give a brief overview of basic
techniques used in datamining. In the following section con-
cerning the results and discussion, we analysed the obtained
results. Finally, a conclusion of the present work is given.

Computational methods
Principal component analysis

Principal component analysis (PCA) is one of most technique
in exploratory data analysis in DM approach, it is the tech-
nique for data study which involves many variables and can
effectively solve the correlation problem [22,23]. PCA is used to
reduce a large set of variable that still contains most of the
information in the large data set [24]. The original matrix data
is decomposed and projected into two plots, the sample are
classified in the score plot and the descriptors in terms of their
separation of the samples in the loading plot following the
principle component (PCs) axis [18]. The details of the PCA can
be summarized as follow steps [23,25].

Step 1: The original multiple quality characteristic matrix:

X1 . . Xm

X=" - (1)
Xm1 - . Xmn

where m is the number of trials and n is the number of the

quality characteristic.
Step 2: Data standardization

N X — X
Xy =5
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in which X; is the mean value of X; and S; is the standard de-
viation of Xj. Thus the standard matrix is:

-5(11 .o Xm

L Xml N N an

Step 3: Correlation coefficient matrix

S (X — X)) (Xie — Xe)
=2 )
St (X — X5) 20 (X — Xi)
in which X; and X, are the mean values of X; and X,
respectively.

Step 4: The determination of eigenvalues and eigenvectors
are in following equation

where ry, =

()

(R—%)V;=0 (6)

where, J; is the eigenvalues, Z;le)- =n,j=12,...mandV;=
(aj1,a,...,a;) is the eigenvectors corresponding to the
eigenvalues.

Step 5: Explained variations.

_ 5] _ Z)P:I AJ'
Z}‘:llj Z;‘:lli

in which, b; represents the contribution rate (CR) of the jw
eigenvalue, and a, represents the cumulative contribution
rate (CCR) of the py, eigenvalue. Eigenvectors correspond to
the eigenvalues.

Step 6: Final data.

The final data is formulated as:

b; and a,

)

Yoy =D Xm(i)Vy 8)

in which, Yy, is the jy, final data formulated from eigenvector
Vy; of principal components in the analysis.

Finally, based on its contribution rate and cumulative
contribution rate to the total variance, the principal compo-
nents (PCs) are ordered. The first principal component has the
largest possible variance and each succeeding PC are deter-
mined with the property that they are orthogonal to the first
PC and that the highest variance possible [23].

Artificial neural network

An artificial neural network (ANN) is a biologically inspired
processing unit that is extensively used for many areas to
identify and to model nonlinear system [26]. The ANN plays
the role on the relationship between input x and output y. The
typical ANN architecture is composed by layers, the first takes
input from outside the ANN, and the last outputs the final
results to the user, while layers in between are called hidden
and communicate only with other layers [27].

The relationship between the inputs and output is given by
Refs. [19,28]:

y :f(zrzlwixi + 0) 9)

in which, x; and y are the inputs and output respectively, w;
the weight of the neural model, ¢ is the bias and f is the acti-
vation function.

The main of training process is to found values of weights
of the neurons (wj;), which minimize an error between y and
predicting y (Yprea)-

In this paper, we have used a multilayer perceptron MLP
[29] as ANN architecture, to predict the AH. More details about
the artificial neural network method can be found in our
previous paper [18].

In order, to evaluate the performance of training process
different error indexes were used, a mean square error (MSE)
and coefficient of determination (R?), the computational
equations of these parameters are given by:

N
MSE = 53 (i~ yigrea ) (10)
i=1
it (yi - Yi(pred))z
R =1 | =2\ TP (11)

i (yi(pred))2

where N is the number of training patterns, y; is the desired
output and Yipreq) is the predicted network output.

Results and discussion
Principal component analysis (PCA) results

In order to select, classify and identify the intermetallic
compounds favourable for stability of hydrides, a PCA has
been performed for the database including ~76 combinations
between transition metal elements A and B and their corre-
sponding atomic parameters (descriptors), such as the atomic
radius Ra, Rp, the Pauling's electronegativity ya, xs, and the
atomic electron density ZA/R3, Zp/R3, respectively. (Za 5 is the
number of valence electrons for element A and B, respec-
tively). The values of data were collected from reference
[21,30].

The contribution rate (CR) and cumulative contribution
rate (CCR) among all principal components (PCs) are given in
Fig. 1. It is indicated that the first two PCs cover ~82% of the
total variance. The first principal component (PC1) explained
44%, of the variance in the datasets, whereas the second
principal component (PC2) captures 38%.

The obtained plots of first two PCs from PCA of a set of data
which contain the combinations (A-B) between transition
metal elements A and B are shown in Fig. 2 (a,b). The prop-
erties with similar PC value are highly correlated, while in-
verse PC values indicate inverse correlation.

The correlation between descriptors can be evaluated
through the loading plot which is depicted in Fig. 2(a). The
effect of each parameter was examined. Whereas, strong
correlation between Pauling's electronegativity xa, xs and
atomic electron density Za/R3, Zs/R3, can be seen respectively.
It can also be observed that PC2 has captured the variation in
Ra, B, Zs/R3 and Rg, ya, Za/Ri. We note that the value of
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Fig. 1 — Total variance of PCA results.

atomic radius (Ra, Rp) is inversely correlated to the Pauling's
electronegativfity (xa, xs), respectively. Accordingly, it con-
firms that element which have large (small) atomic radius
have low (high) Pauling's electronegativity.

The score plot for the first two principal components (PC1
and PC2) can be interpreted by the Fig. 2(b). It can be observed
that the separation of the two groups is rather clear-cut (di-
agonal separation). Hence, the whole of the combinations (A-

B) is classified into two groups. (The points and hollow circle
corresponds to the combinations A-B). Following the
mentioned interpretations, it can be remarked that the sepa-
rated groups of the combinations (A-B) are strongly influenced
by the parameters, such as atomic radius (Ra, Rg), Pauling's
electronegativity (xa, xs) and atomic electron density (Za/R>a,
Zs/R%;). The combinations, with large atomic radius Ra, low
Pauling's electronegativity % and low atomic electron density
ZA/R3 from element A, small atomic radius Rg, high Pauling's
electronegativity yz and high atomic electron density Zz/R3
from atom B, have a positive PC2. While the combinations A-B
with small atomic radius Ra, high Pauling's electronegativity
xa and high atomic electron density Za/R3, from element A,
large atomic radius Rg, low Pauling's electronegativity yp and
low atomic electron density Zg/R3 from atom B, where, they
have negative PC2.

A high correlation between the clustering and the atomic
parameters of element A has been observed in the previous
analysis. Hence, in order to identify the location of the groups
with respect to the second principal component axis (PC2), our
current study is focusing on the variation between the com-
binations A-B, atomic radius (Ra), Pauling's electronegativity
(xa) and atomic electron density (Za/R3). Accordingly, a PCA
projection score plot for element A and their atomic param-
eters (ya, Za/R3 and Ra) in the several A-B combinations are
depicted in Fig. 3(a,b,c,d), respectively. Also, for the better
illustration the clusters are depicted separately in Fig. 2 (c, d).
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Fig. 2 — PCA results a) PCA loading plot, b) PCA score plot for 76 different combinations, c) PCA score plot for 55

combinations, d) PCA score plot for 21 combinations.
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Throughout the Fig. 2 (c), and Fig. 3(a,b,c,d), we can observe negative AH, indicating that the mentioned combinations are
that the element A for different combinations A-B, have the stable relative to the constituent elements and constitute an
atomic parameters ya, ZA/R3 and R, values, greater than or intermetallic compound. Accordingly, the stable and their
equal 1.5, greater than 1.28 and less than 1.46 A [21,30], corresponding intermetallic compounds are displayed in

respectively, (except for Mn—B (where B = Ti, Zr, Hf, Sc, Y and Table 1. Also, from this Table, 8 systems have classified as the
Th), Mn have y4 equal to 1.5). Meanwhile, from Fig. 2 (d) and second group have a positive or no AH, indicating that the

Fig 3(a,b,c,d), the Sc—Ti, A-Zr (where A =Ti, Sc, Y), A-Hf (where combinations are unstable. For the remaining combinations,
A=Ti,Zr, Sc,Y,La), A-Y (where A = Ti, Sc), A-La (where A = Ti, no experimental or theoretical AH for intermetallic com-
Hf, Zr, Sc,Y) and A-Th (where A = Ti, Hf, Zr, Y, La) systems, the pounds are available in literature for comparison.

values of %4, Za/R4 and R, are less than 1.5, less than 1.28 and In other hand, it can be clearly shown from Fig. 2(c), that
greater than 1.46 A, respectively. Based on the above inter- well-known promising binary alloys of hydrogen storage such

pretation, we can say that the systems which have y, > 1.5, Fe—Ti, Ni—Ti, Co—Ti, Cr—Ti, Fe—Sc, Ni—Zr, Cr—Zr, Ni—La,
Za/R%>1.28 and Ra < 1.46 A are categorized as group 1. On the Co—La, Ni—Y, Co-Y, Fe—Y, Ni—Th and Co-Th [7,10,16,31]
other hand, the systems which have 5 < 1.5, Za/R% < 1.28,and appear in the cluster 1(see Table 1). Fe—Ti, Ni—Ti and Co—Ti
Ra > 1.46 A are categorized as group 2. Effectively, according with cubic structure (CsCl-type structure), Ni—Zr, Fe—Y and

Fig. 2 (b, c and d), we can observe that out of 76 combinations, Fe—Sc with orthorhombic Cmcm space group, cubic C15 (Fd-
55 combinations are categorized as group 1 and 21 combina- 3m) and hexagonal C14 (P6s/mmc) [31,34], respectively, are
tions are categorized as group 2. capable of absorbing hydrogen reversibly. These type of alloys

The AH, which is the most thermodynamic parameter, will react directly with hydrogen to form a FeTiHy (x_1 and 1.6)»

used to predict the stability of the combination systems. For NiTiHy (x—1.0 and 1.4y COTiHy 5, NiZrHy (x5 and 3), F€2YHx(x—3,4 and 5)
AH < 0 kJ/mol H, the system is stable and for AH > 0 kJ/mol H, and Fe,ScH 2 hydrides, respectively [10,31,35]. Also, the

the system is unstable. In order to select the stable and un- binary alloys NiLa and CoLa with CusCa type structure [7,8]
stable systems for our studied combinations, the obtained have been attracted the care, in the last years, regarding
classification are compared to the experimental data and the their high hydrogen absorption/desorption capacity, good
theoretical value of AH for intermetallic compounds reported cyclic abilities, fast kinetics and low equilibrium pressures
by Watson et al [15], Griessen et al [11] and Van Mal [16]. On 55 [7]. The most investigated of these type intermetallic
combinations from group 1, 46 were observed that have compounds are NisLa and Cosla and these produce
4.2) 4 b
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Fig. 3 — PCA score plot for atomic parameters of element A in A-B combinations a) the elements A in A-B systems, b) the
Pauling's electronegativity (y») value, c) the atomic electron density (Za/R3) value, d) the atomic radius R, values.
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Table 1 — Group 1 and group 2 for different combinations (A-B).

Combinations

Group 1 Inter. comp Group 2 Combinations Group 1 Inter. comp Group 2
(AH < 0) (AH > 0) (AH < 0) (AH > 0)
A-Ti NiTi? NiTi® A-Sc NiSc? Ni,Sc®
FeTj* FeTi" RhSc?
CoTi? CoTi">¢ FeSc® Fe,Sc™f
RuTi® CoSc? Co,Sc”
MnTi® Mn,Ti’ 0OsSc?
CrTi? Cr,Ti° ReSc? Re,ScP
TcTi® MnSc?®
ReTi? ReTi® A-Y NiY? NisY?
ScTi* RhY®
A-Zr NiZr® Nizr®f Iry®
FeZr® Fe,Zr® FeY? Fe,Y!
CoZr® Cozr® CoY? CosY®
RuZr? RuY® Ru,Y®
MnZr? Mn,Zr MnY?
MoZr* Scy?
Crzr® Tiy?
Wzr? W,Zr° A-la NiLa? NisLa®*
TcZr? CoLa® CosLaP
ReZr? Re,Zr" RuLa® RuLa®
ScZr® PtsLa‘
TizZr A-Th NiTh® NiTh®
YZr® CoTh® CosTh*
A-Hf NiHf? NiHf° Fe;Th,®
FeHf*
CoHf* CoHf"*
CrHf* Cr,Hf"
RuHf*
MnHf* Mn,Hf"
MoHf* Mo,Hf"
TcHf*
ReHf*
YHf?
TiHf*
a Ref [15].
b Ref [10].
< Ref [32].
d Ref [33].
¢ Ref [16].
f Ref [31].
NisLaHe ; and CosLaHg [10] hydrides, respectively. For Ni-Y, A-{L
Co-Y, Cr—Ti, Cr—Zr, Fe—Y, Ni—Th and Co—Th combina- 14 AZr °*
tions their hydrides are respectively NizYH,, Co3YH,, AHF *ChTH,
CrzTiHl'z, CryZrHszg, FessYgHo s [10], NiZTthg [36] and A'Sc\ \.:. crzm,, ‘QOOTiH‘5
CoThH,, [37]. In addition to that, the binary alloys Pd—La, 0 b a oFeTH,
Pt—La, Fe—Th and Mn-Th can form the stable hydrides, Adla ‘t-
such PdsLaHG PtsLaHl'Q [10], FegThHlj [16] and § A-Th AY .. o ONITIH,
Mn,3ThsHy, [36], respectively. The 18 well-known hydrides % N N . . \ Fe,ScH,
are projected from PCA score plot, and illustrated in Fig. 4. § * $ covH, o NZMH,
In addition, from Fig. 2 (c) we perceive that 5 systems A-La Mg, Thf, S, JFerH,
(A = Os, Tc) and A-Th (A = Ru, Tc, Re), are categorizing as 27 cotr®, S N
group 1. Unfortunately, to our knowledge, there are no ot ® P;ZL?HQZQ *NiYH,
experimental or theoretical data available. Based on the above - T " s TP
PCA analysis, it appears very probable that the Os—La, Tc—La, NiThH,, 0
Ru—Th, Tc—Th and Re—Th systems are favourable for stability | T T T T | |
. . . 4 3 2 Kl 0 1 2 3 4
and can form the corresponding hydrides from their type al-
loys. The as-obtained combinations can be considered as the PC1=44%

predicted intermetallic compounds hydrides and are a

Fig. 4 — Illustration for 18 well-know hydrides in PCA score
plot.
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Input layer

Atomic radius (R,)

Pauling’s electronegativity (7, )

Atomic electron density (Z,/R,*)

Atomic radius (Rg)

Pauling’s electronegativity (yp)

Atomic electron density (Zz/Rp®)

Hidden layer

Output layer

Enthalpy of formation

(kT/mol H,)

Fig. 5 — The ANN (6-15-1) model for predicting the enthalpy of formation.

reference for future experimental and/or theoretical research
works.

The combined effect of atomic parameters (ya, Za/R3 and
Ra) of elements A for the ~76 mentioned combination sys-
tems A-B on the stability and the hydrogen storage properties
is interpreted. The result has shown two groups of combi-
nations into formed and unformed systems. Whose ~72% for
datasets categorizing in first group, corresponding to the 55
combinations A-B which have an atomic parameters of
transition element A, ya > 1.5, Zo/R3>1.28 and R < 1.46 A.
From those 55 systems (72%), 46 combinations were found to
have a negative AH and can form an intermetallic com-
pounds, within 18 well-known promising binary alloys of
hydrogen storage.

For previous results by the classification method, the sta-
bility and the formability of intermetallic compounds hy-
drides is strongly influenced by the atomic radius, Pauling's
electronegativity and atomic electron density. Accordingly, on
the below section we have developed a predictive method for
the estimation of AH for ternary hydrides by applying artificial
neural network (ANN).

Artificial neural network (ANN) results

In this section, a predictive method based on artificial neural
network (ANN) has been used to estimate the AH of ternary
hydrides. We collected data from available literature
[10,38,39] and constructed property database. Database with

10° T T . T .

MSE

102 |

Lol

0 1250 2500 3750 5000 6250 7500 8750 10000 11250 12500 13750 15000
Iterations

Fig. 6 — Training artificial neural network model for the enthalpy of formation.
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R’=0.985

100 |-
-120 |

140 |

Predicted enthalpy of formation AH (kJ/mol H,)

-160 PR R R U NN R S R
-160 -140 -120 -100 -80 -60 -40 -20 0

Experimental data of At(kJ/mol H,)

Fig. 7 — ANN prediction versus experimental data for the
enthalpy of formation.

39 ternary hydrides is interpreted, including the atomic
radius (Ra, Rg), the Pauling's electronegativity (ya, xs) and the
atomic electron density (Za/Ri, Zg/R3) element A and B
forming these ternary hydrides and the AH of the corre-
sponding hydrides. Ra, Rg, %a, X5, Za/R3, Zs/R3 as inputs nodes
and AH as output node were selected for the MLP network.
For the training process, all inputs and outputs in the data-
sets are normalized in the interval [-0.5, +0.5], according to
the following relationship:

(X - Xmin)
Xnormalized = (7

~05 (12)

Xmax — Xmin)

where x is the original value from database, Xpi, and Xpmax are
the minimum and the maximum value within the entire value
data for X, Xpormalized 1S the normalized value.

In order to assign an appropriate number of hidden
layers, nodes to the hidden layer and the transfer function,
many training processes were carry out. The suitable num-
ber of hidden layers is determined by a trial and error
method, mean square error (MSE) was chosen in error
calculation. The selected MLP architecture that provides
good training and testing is composed of one hidden layer
with 15 nodes. Therefore, an ANN with architecture 6-15-1 (6
inputs, 15 hidden neurons and one output) was used to es-
timate AH. The transfer function between the input layer
and hidden layer is tangent sigmoid transfer function
(tansig(x) = 2/(1+ exp(— 2x))— 1), while the activation
function between the hidden layer and the output is linear
transfer function. (purelin). The architecture of ANN is illus-
trated in Fig. 5.

After training and testing processes, the performance of
the ANN is analysed. The training process of artificial neural
network is illustrated in Fig. 6. From this figure, we can notice
that the average mean square error (MSE) decreased with
increase the number of iterations. The curve indicates that
the convergence with MSE equal to 5.651 x 10~* is achieved
after 15000 training epochs. The performance of ANN model
is evaluated and illustrated in Fig. 7, it can be seen that the R?
is 0.985 (close to 1), indicating good agreement between
datasets values and predicted values of AH for the ternary
hydrides.

The estimated values of AH as well as the corresponding
experimental and theoretical value are displayed in Table 2.
The relative error in Table 2 is defined as the absolute dif-
ference between experimental and predicted AH divided by

Table 2 — Comparison of the predicted and experimental AH (kJ/mol H,) for the ternary hydrides.

system Exp. Other ANN Rel. err. System Exp. Other ANN Rel. err
NisCaH, s* —58° —62° —57 0.017 Ni,CeHs o® 72" —62° -78 0.083
NisCaH, s* —38° —50° -38 0 NisCeHy ,? —44° —322 —40 0.091
Fe,ScHs,* —30° —89° -29 0.033 NisCeHg® —14° —152 -16 0.143
Cr,TiH3,* —23b —78° -22 0.043 CusNdH;? —512 -51 0
FeTiH, ¢ —34° —86° -33 0.029 NisEu Hs s —26° —572 -25 0.038
COoTiH; s —62° -71° —61 0.016 Gd,MnH;? —88¢ —138° -88 0
CuTiH? —76° —114* -75 0.013 GdFe;H; 5 —51¢ —92° —52 0.020
CosYH,* —56° —47° -51 0.089 C0,GdH, 5 —54° 632 —63 0.167
NizYH,* —46° —28° -51 0.109 Co5GdHs* —52¢ —422 —52 0
Mn,ZrHs 6% —44P° -103? -43 0.023 CosGdH, ,* —30° 212 —30 0
NiZrH, g* —66° —78% —66 0 Ni,GdH, 4* —90¢ —56° -80 0.111
CosLaHy? —45°¢ -18° —46 0.022 NisGdH, o* —26° +122 —26 0
NiLaH,? —126° —87¢ —125 0.008 GdRu,Hs ,* —60° —572 —58 0.033
Ni,LaH, ¢ —55°¢ —56° —54 0.018 Gd,RhH; 5° —49° 337 —49 0
NisLaHg,* —30¢ -16° —27 0.100 DyRu,H; ;* —56° —542 —56 0
CusLaHj; 7, —43° —59° —43 0 Fe,ErH,* —58¢ -88% -55 0.052
Rh,LaH, —44° —26° —43 0.023 NiYbH, , —146° —126° —145 0.007
Co,CeHy 4* 7 —74° —64 0.111 NiyYbH; 1? —52° —93% —51 0.019
Co3CeHj g° —46° —51° —48 0.043 NisYbH;? —26° —48° —26 0
CosCeH;? —3gP° —22° -36 0.053

2 Ref [10].

b Ref [39].

< Ref [38].
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the experimental value. Except for CusNdHs, the relative
error was calculated between predicted value and theoretical Annex

value obtained by Herbst [10]. From this Table, the median

relative error of our predictions is 0.0388, which means half
of the predictions have a relative error that is less than 3.88%.

There are seven ternary hydrides whose prediction relative - . % Xa  ZaRa i i Ze/Ry
error is better to be 08%, namely 82% of the predictions have Cr Ti 1,36 1,6 2,39 1,46 15 1,28

a relative error that less than 08%. Only two ternary hydrides & 2 LEe s 2 L g ey
AH are predicted with a relative error slightly above 14%. gz sf 1'2? 1’2 i’gz 1’;8 1; é’(s)i
Thege hydrides are Cf)zGdH4_5 ar.ld N15CeH6. It is seen t.hat the Co La 1,25 18 4,59 1,88 11 0,45
obtained AH are basically consistent with the experimental Co T 1,25 1,8 459 1,46 1,5 1,28
data [38,39], indicating that the constructed ANN (6-15-1) Co Zr 1,25 1,8 4,59 1,6 1,4 0,97
model is capable to predict accuracy AH as a function of the Co Hf 1,25 18 4,59 1,58 13 1,01
atomic radius, Pauling's electronegativity and atomic electron Co Sc 125 1,8 4,59 164 13 0,68
density. Co Th 1,25 1,8 4,59 1,8 1,1 0,52
Fe Ti 1,27 1,8 3,87 1,46 1,5 1,28
Fe Zr 1,27 1,8 3,87 1,6 1,4 0,97
- Fe Hf 1,27 1,8 3,87 1,58 1,3 1,01
Conclusion Fe Th 127 18 387 18 1,1 0,52
Fe Sc 1,27 1,8 3,87 1,64 1,3 0,68
Through this work, two techniques of datamining tools were Fe Y 1,27 1,8 3,87 1,8 1,2 0,51
adopted, a principal component analysis (PCA) and artificial Hf Th 158 13 1,01 18 11 0,52
neural network (ANN). A PCA to classify, select and identify 88 La £t e FHOR e 11 Us
76 bl binati bet t it 1 t A Ir Y 1,36 2,2 3,6 1,8 1,2 0,51
~76 possible combinations between transition elemen i Hf 188 11 045 158 13 101
and B (B=Ti, Zr, Sc, Hf, Y, La and Th) and ANN to predict AH ia Th 1,88 11 0,45 1,8 11 0,52
for ternary hydrides. Therefore, from the obtained selection Mo 7r 1,4 1,8 2,19 1,6 1,4 0,97
and classification results for PCA analysis, it has been shown Mo Hf 1,4 1,8 2,19 1,58 1,3 1,01
that the different combinations (A-B) are significantly influ- Mn Sc 13 1,5 3,16 1,64 1,3 0,68
enced by the atomic radius (Ra), Pauling's electronegativity wla ¥ 1 s SHilE [B= 2 031
. . 3 Mn Ti 1,3 1,5 3,16 1,46 1,5 1,28

(xa) and atomic electron density (Za/Ra) for element A. The
. f th h d a lieht cl hich Mn Zr 1,3 1,5 3,16 1,6 1,4 0,97
sepa.ratlon of t e.two groups showed a lig t clear-cut whic i — 13 15 316 158 13 101
consist of combined transition metal element A and B. Mn  Th 13 15 316 18 11 0.52
Among the 76 different combinations, 55 (72%) are summa- Ni La 1,25 1,8 5,17 1,88 1,1 0,45
rize as group 1 and have ya > 1.5, Za/R3>1.28 and R, < 1.46 A. Ni Ti 1,25 1,8 5,17 1,46 1,5 1,28
Otherwise, a combination systems (A-B) categorizing as Ni Zr 125 1,8 517 16 14 0,97
group 2. Within 55 systems, 46 different combinations are N? LY 25 E S 5 e LA
identified and have a negative AH, among them the well- NI Th 1,25 18 217 18 Lt 0,52
L 5 LY g Ni Sc 1,25 1,8 5,17 1,64 1,3 0,68
known promising intermetallic compounds of hydrogen Ni v 1,25 18 5,17 18 12 0,51
storage alloys. Os la 135 22 3,23 1,88 11 0,45
According to the obtained results of the Os—La, Tc—La, Os Sc 1,35 2,2 3,23 1,64 1,3 0,68
Ru—Th, Tc—Th, and Re—Th systems that classified as cluster 1, Pd La 1,38 2,2 3,84 1,88 11 0,45
it can be inferred from PCA analysis that the Os—La, Tc—La, Pt L? 1,39 2,2 3,75 1,88 1,1 0,45
Ru—Th, Tc—Th, and Re—Th systems can be formed and con- Re m ozt e 25 e iy 2
tructed the corresponding hydrides, according to their type Re ar ot e o T o el
s p g 1y« , g p Re Hf 138 19 2,69 158 13 1,01
alloys. Furthermore, a predictive method based on artificial Re Th 138 1,9 2,69 18 11 0,52
neural network (ANN) has been used to estimate AH of ternary Re Sc 1,38 1,9 2,69 1,64 1,3 0,68
hydrides. Through the low relative errors obtained between Ru Zr 1,34 2,2 3,33 1,6 1,4 0,97
experimental data and predicted AH and best value of coeffi- Ru Hf 1,34 2,2 3,33 1,58 1,3 1,01
cient of determination R? (0.985), the developed ANN model Ru  Th 134 22 bl 1 1 052
Ru Y 1,34 22 3,33 1,8 1,2 0,51
showed remarkable results. R L o s g iy 11 iy

. . . u a ) ] , ) ) )

Accordu}gly, the good.vahdate(‘i rest‘llts, obtlamedf by Fhe Ru T 134 22 333 146 15 128
PCA analysis of the selection, classification and identification Rh Sc 135 22 37 164 13 0,68
of the intermetallic compounds favourable for stability of Rh Y 1,35 2,2 3,7 1,8 1,2 0,51
hydrides, as well as the accuracy satisfactory results were Sc Y 1,64 1,3 0,68 1,8 1,2 0,51
confirmed by the ANN model prediction of AH. Consequently, Sc La 164 13 0,68 188 11 0,45
Sc Ti 1,64 1,3 0,68 1,46 1,5 1,28

these results seem to be powerful potential in applying data-
mining techniques in the materials science. (continued on next page)
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— (continued)
A B R X Za/RA R X Zs/R3

A A A/ B B
Sc Zr 1,64 1,3 0,68 1,6 1,4 0,97
Sc Hf 164 13 0,68 1,58 1,3 1,01
Tc La 1,36 1,9 2,78 1,8 1,1 0,45
Tc Ti 1,36 1,9 2,78 146 1,5 1,28
Tc Zr 1,36 1,9 2,78 1,6 1,4 0,97
Tc Hf 1,36 19 2,78 1,58 1,3 1,01
Tc Th 1,36 1,9 2,78 1,8 1,1 0,52
Ti Y 146 15 1,28 1,8 1,2 0,51
Ti La 146 15 1,28 1,8 1,1 0,45
Ti Zr 146 15 1,28 1,6 1,4 0,97
Ti Hf 146 15 1,28 158 1,3 1,01
Ti Th 146 15 1,28 1,8 1,1 0,52
Y La 1,8 1,2 0,51 1,8 1,1 0,45
Y Zr 1,8 1,2 0,51 1,6 1,4 0,97
Y Hf 18 1,2 0,51 1,58 1,3 1,01
Y Th 18 1,2 0,51 1,8 1,1 0,52
W Zr 141 1,7 2,15 1,6 1,4 0,97
Zr La 1,6 1,4 0,97 1,8 1,1 0,45
Zr Hf 16 1,4 0,97 1,58 1,3 1,01
Zr Th 16 1,4 0,97 1,8 1,1 0,52
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