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Abstract—The prediction of new compounds having such composition as A;IB'”B'VO6 was carried out, the
type of distortion of their perovskite-like lattice and the space group were predicted, and the crystal lattice
parameters of the predicted compounds were estimated. For the prediction, only the property values of the
chemical elements were used. The programs based on machine learning algorithms for different variants of
neural networks, a linear machine, the formation of logical regularities, k-nearest neighbors, and support
vector machine showed the best results when predicting the type of distortion of a perovskite-like lattice.
When evaluating the lattice parameters, programs based on algorithms for orthogonal matching pursuit and
automatic relevance determination regression were the most accurate methods. The prediction accuracy for
the type of distortion of perovskite-like lattice was no less than 74%. The accuracy of estimating the lattice
linear parameters was within £0.0120—0.8264 A, and the accuracy of angles B for the monoclinic distortion
of the lattice amounted to £0.08°—0.74°. The calculations were carried out using systems based on machine
learning methods. To evaluate the prediction accuracy, an examination recognition in the cross-validation
mode was used for the compounds included in the sample for machine learning. The predicted compounds
are promising for searching for novel magnetic, thermoelectric, and dielectric materials.

Keywords: perovskite, crystal lattice parameter, predicting, machine learning
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INTRODUCTION

Perovskite-like compounds are among the most
studied inorganic substances. This is due to their dif-
ferent physical and chemical properties: magnetic [1—
4], thermoelectric [4—6], dielectric [7, 8], catalytic [8,
9], etc. They can also be used as electrode materials for
fuel cells [10, 11]. Some perovskites simultaneously
combine different properties [12, 13], which expands
the scope of their application.

The crystal structure of double perovskites, the
compounds that have composition A,BB'Og, in many

cases differs from the ideal cubic structure inherent in
perovskite. The problem of predicting the crystal
structure of double perovskites is to a significant extent
connected with determining the type of distortions of
the structure under preset external conditions. Most of
the criteria developed to solve this problem take into
account the size of ions. Let us consider the most pop-
ular of these criteria.

The classical criterion for determining the type of
perovskite structure distortion is represented by toler-
ance factor 7. In the case of double perovskites
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A,BB'Oq, this parameter can be written in the follow-
ing form [14]:

r, +r

t=—nTl
\/E(rs + rg) + 1

where r, is the ionic radius for coordination number
12, and rp, rg, and rq are the ionic radii for coordina-
tion number 6. According to this criterion, for an ideal
cubic structure, 7 is close to 1. At # < 0.77, other struc-
tures are formed (such as ilmenite, corundum, etc.). If
0.77 < t < 1, rhombic, tetragonal, monoclinic, or
rhombohedral distortions are can occur. At ¢ > 1, a
hexagonal distortion of the ideal perovskite structure is
observed.

All of the mentioned values of the tolerance factor
are very approximate and different publications indi-
cate different ranges for different types of distortions
that often overlap. Thus, the tolerance factor can
hardly be considered as a reliable rule for predicting
possible distortions for the crystal lattice of double
perovskites.

It should be noted that the most common reasons
for a decrease in symmetry can be represented by rota-
tion (tilt) of the chains of BOg; and B'O4 octahedra or
by the distortion of these octahedra, as well as by the
displacement of cations from ideal positions. At the
same time, in most cases, the decrease in symmetry is
associated with a combination of several reasons.
Rotation and tilt of the octahedron chains are respon-
sible for the most common type of distortion in double
perovskites.

It was shown in [15] that 23 different systems of
octahedron tilt are possible in the perovskite structure.
Later, the authors of [16] on the basis of group-theo-
retical analysis showed that only 15 such tilt systems
are nonequivalent, and possible space groups were
derived depending on a particular tilt system of the
octahedral framework. On the basis of the above-
mentioned publications [15, 16], the authors of [17]
developed a SPuDS (Structure Prediction Diagnostic
Software) software system [17] designed to predict the
type of perovskite structure distortion and to estimate
the parameters of the crystal structure of ABX; per-
ovskites.

For the calculations, a value of the cation-anionic
interaction was used, in turn, the equation for the cal-
culation of which includes the cation-anion distance,
as well as an empirically chosen constant and a vari-
able. It should be noted that the need to select the lat-
ter two components of the equation significantly
reduces the efficiency of the proposed method. Then,
using the obtained value of the cation-anionic interac-
tion, a global instability index of was calculated. The
latter was minimized by changing the tilt of octahedra
(and the position of the A cation).
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Then, the authors searched for the crystal structure
that corresponds to the minimum value of this
semiempirical instability index. If the calculated index
did not exceed 0.1, then the structure was considered
stable. Above 0.2, the structure was referred to as
unstable. The lattice parameters could be calculated
on the basis of the B—O distance and the tilt angle of
the octahedra. The authors of [18] used the SPuDS
system for compounds having such composition as
A,BB'Oq.

It should be noted that the tilt and distortion of
octahedra, as well as the displacement of cations from
the ideal positions of the cubic perovskite, do not
cover all the reasons for the distortion of the ideal
cubic perovskite structure. Other factors are possible,
too, for example, Jahn—Teller effect, changing
valence, the presence of vacancies, etc.

It is clear that neither the tolerance factor nor the
method underlying SPuDS can completely take into
account all these factors. Therefore, in recent years,
researchers have paid attention to the methods of
machine learning, which makes it possible to find
complex regularities linking the properties of per-
ovskites with the parameters of chemical elements that
compose the compound on the basis of the analysis of
information concerning already known A,BB'O¢ com-
pounds [19—25].

Namely machine learning methods have made it
possible not only to predict new double perovskites but
also to estimate some of their properties, for example,
formation energy [19] and thermodynamic stability
[21], crystal lattice parameters [20, 22], band gap [23],
and octahedral tilt [24]. The distinctive feature of the
approach to predicting novel inorganic compounds
based on machine learning methods consists in
including a wide set of the properties of chemical ele-
ments in the sought dependencies, rather than only
dimensional parameters and data on the charge distri-
bution.

In most applications of machine learning methods,
this provides an increase in the accuracy of predic-
tions. Since the number of known double perovskites
is quite large, a significant confinement such as the
representativeness of the sample for machine learning
is removed when using these methods. It should be
noted that, when predicting new inorganic com-
pounds, only the properties of chemical elements are
used.

CALCULATION METHODS

The first predictions for not yet synthesized ABO;
perovskites were obtained in our investigations using
machine learning methods in the middle of the 1970s
[26]. The comparison of our results with new experi-
mental data has shown that the prediction accuracy
of the formation of compounds having this composi-
tion amounted to 90%, whereas for the structure of
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cubic perovskite the prediction accuracy amounted
to 85% [27].

This work is aimed at improving the prediction

accuracy for the crystal structure type of AL B"B™VO,
compounds owing to using the ensembles of machine
learning algorithms [28].

The fact is that earlier only one of these methods
was used in predicting; for example, in [19, 21], there
were different variants for training a random forest.
Even in those publications, whose authors used differ-
ent algorithms [24, 25], the final decision according to
the results of prediction was made on the basis of a
simple vote for most of the predictions using different
methods.

In this work, we used collective decision-making
methods for the predicting results based on special
heuristics [28], the programs of which are included in
our developed information-analytical system (IAS) for
designing inorganic compounds [29]. At first, differ-
ent machine learning algorithms included in the IAS
were independently applied. Then, an optimal collec-
tive solution was automatically found using special
corrector methods [28].

The development of such an approach was dictated
by the impossibility of predicting in advance which
machine learning algorithm would be most efficient in
solving a specific chemical problem. The use of the
ensembles of algorithms makes it possible to compen-
sate for possible disadvantages of using one algorithm
by using the advantages of other ones. As our long-
term experience shows, the ensembles of machine
learning algorithms in most cases provide an increase
the predicting accuracy when solving chemical prob-
lems [30, 31].

The machine learning and predicting procedure
includes several stages.

1. At the first stage, a selection of the examples of
known compounds for machine learning is performed.
The source of information is represented by the inte-
grated database system (DB) of the Baikov Institute of
Metallurgy and Materials Science concerning the
properties of more than 85 000 inorganic compounds
(http://www.imet-db.ru/), including information on

more than 750 compounds having A} B'""BVO, com-
position.

The selection of examples is the most difficult,
time-consuming, and nonformalized task, the solu-
tion of which determines to a significant extent the
accuracy of obtained predictions. In the present study,
the complexity of the training sample formation was
associated with extremely contradictory information
on the type of distortion of an ideal perovskite crystal
structure under normal conditions for most com-
pounds.

For example, for compound Sr,YSbOq, different
systems are indicated at a room temperature: mono-
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clinic (space group P2,/n [32]) and orthorhombic
[33]. According to different researchers, double per-
ovskite Ba,SmNbO, exhibits a tetragonal distortion
type [34] (space group [4/m [35]) and a monoclinic
distortion type (space groups P2,/n [36] or 12/m [37]).

One of the ways to resolve the ambiguities and to
reduce the amount of analyzed information consists in
the use special systems we have developed for deter-
mining anomalous objects, which are based on the
idea of compactness of the classes of inorganic sub-
stances in the multidimensional space of the parame-
ters of chemical elements [38, 39], which is a conse-
quence of the periodic law.

In other words, substances that include a set of ele-
ments close in the values of parameters should be close
to each other in crystal structure too. These software
systems significantly reduce the time of the analysis of
experimental information by means of pointing out to
the expert those substances whose published type of
crystal structure distortion does not fall into its own
class.

For example, one of the methods for determining
substances whose set of component values differs from
the sets of such values for substances with the same
space group is reduced to determining the magnitude
of the examination recognition error when adding
information on the evaluated substance to the training
set [38]. If the error increases by more than the speci-
fied value, then this object is considered anomalous. It
is natural that the final decision concerning the crystal
structure of the falling-out substance is made by an
expert in the field of the subject.

2. The selection of the parameters of chemical ele-
ments for including them in the desired regularity that
makes it possible to predict the type of crystal struc-
ture for compounds is of great importance. The pri-
mary selection is carried out on the basis of physico-
chemical concepts of the nature of the substances
under study and using a database of the properties of
elements (http://phases.imet-db.ru/elements).

In addition, a special program generates algebraic
functions of the parameters of elements using a set of
elementary algebraic operations on the values of
parameters having the same type in physical meaning
and dimension. Further, using the program [40]
included in the IAS, the importance for the classifica-
tion of the initial properties of the elements and for the
classification of generated functions is estimated.

Using the visualization system, one can show any
projection of points onto a plane the coordinates of
which are any pair of chosen parameters of the ele-
ments or their functions, which facilitates the interpre-
tation of the results.

The result of these two stages represents a matrix
(training sample), each row of which corresponds to a
set of values of the properties of the elements that form

the experimentally investigated AYB"BVO, com-
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Table 1. Results of importance evaluation for classifying the parameters of elements and choosing the most accurate

machine learning methods

Task

The most important
parameters of the
elements

Prediction accuracy
using properties of
elements and the
most important
parameters, %

Prediction accuracy
using only the
properties of
elements, %

Selected machine
learning methods

Multiclass predicting

Prediction of compounds

with space group P6;/mmc

Prediction of compounds
with space group Pbnm

Prediction of compounds
with space group 12/m

Prediction of compounds
with space group 14/m

Prediction of compounds

with space group Fm(—)3m

Prediction of compounds
with space group P2,/n

Prediction of compounds

with space group Pm(—)3m

Prediction of compounds
with space group R(—)3

A2(B)/M11(A):
A4(B')+M7(B);
A3(B')/M7(B)

I18(A)/I8(B')

A4(B')/A3(A)

[11(B)*111(B');
110(A)/110(B)

E8(A)/ES(B')

A2(B)+M7(B)

A2(B')/M6(A);
E7(A)-E7(B);
E6(B)*E7(B')

A2(A)/A4(B")

A3(B)/MI11(A)

74

100

97

929

97

85

91

94

94

74

96

99

99

94

83

93

98

96

(linear machine, logical
regularities formation,
k-nearest neighbors,
support vector
machine)—majority vote
(estimates calculation
algorithms, neural net-
work training, k-nearest
neighbors)—major-ity
vote

(linear machine, multi-
level perceptron, neural
network training, sup-
port vector machine)—
convex stabilizer

(neural network training,
k-nearest neighbors,
support vector
machine)—convex stabi-
lizer

(linear machine, k-near-
est neighbors, neural
network training)—aver-
aging

(linear machine, neural
network training, k-near-
est neighbors, support
vector machine)—gener-
alized polynomial cor-
rector

(linear machine, k-near-
est neighbors, neural
network training, sup-
port vector machine) -
averaging

(neural network training,
k-nearest neighbors,
support vector
machine)—clustering
and selection

(multilevel perceptron,
k-nearest neighbors,
neural network training,
support vector
machine)—the Woods
dynamic method
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Table 2. Results of accuracy evaluation for predicting the crystal lattice parameters of compounds Alzl B”'B'VO(,

e I e e e
1 2/m,a Elastic Net 0.95 0.0251 0.0018
2 2/m, b Orthogonal Matching Pursuit 0.96 0.0486 0.0364
3 R2/m,c Linear Regression 1.00 0.0677 0.0235
4 n/m, B ARD Regression 0.99 0.7359 3.5439
5 14/m, a Ridge 1.00 0.0120 0.0005
6 A/m, c Random Forest 0.99 0.0163 0.0007
7 Fm(—)3m, a ARD Regression 0.81 0.0725 0.0520
8 P2,/n,a ARD Regression 0.98 0.0181 0.0019
9 P2,/n, b Convex with loop reduction 0.93 0.0234 0.0013
10 P2,/n,c Ridge 0.66 0.0438 0.0434
11 P2,/n, B SAND 0.78 0.0794 0.0335
12 P6;/mmc, a ARD Regression 0.99 0.0201 0.0014
13 P65;/mmec, c ARD Regression 1.00 0.8264 3.5610
14 Pbnm, a ARD Regression 0.99 0.1256 0.0562
15 Pbnm, b Orthogonal Matching Pursuit 0.97 0.1758 0.1934
16 Pbnm, ¢ Orthogonal Matching Pursuit 0.97 0.3931 0.5264
17 Pm(—)3m, a Orthogonal Matching Pursuit 0.93 0.0230 0.0076
18 R(—)3,a SAND 1.00 0.7839 2.4921
19 R(—)3, ¢ ARD Regression 1.00 0.7411 1.6414

pound with the designation of a space group to which
this compound belongs.

3. In order to predict novel double perovskites, we
used two systems that we developed. The first infor-
mation analytical system [29] was used to predict the
type of distortion of a crystal structure (space group).
The second system ParlS (Parameters of Inorganic
Substances) [41] was used to estimate the crystal lat-
tice parameters of double perovskites. The IAS data
analysis subsystem currently includes 15 machine
learning programs and nine programs for collective
decision making [29, 30].

The data analysis subsystem of the ParlS system
includes 11 machine learning programs [41]. In the
course of machine learning, the most accurate algo-
rithms were chosen, which were then used for search-
ing for regularities and for predicting. To assess the
accuracy (the ratio of the number of substances for
which the assigned classes have been correctly recog-
nized to the total number of recognized substances), in
the IAS, we used such a widespread procedure as
examination recognition with cross-validation on the
material of the training sample. This procedure is
described in detail by the authors of [30].

INORGANIC MATERIALS: APPLIED RESEARCH  Vol. 13

‘When making a collective decision in the IAS, the
most accurate algorithm was also chosen too, for
which we used the examination recognition of a set
amount of substances randomly chosen from training
samples and not used in machine learning (at the final
stage of predicting, the reference cases were returned
to the training sample).

The subsystem for assessing the quality of learning
in the ParlS system makes it possible to estimate the
mean absolute error (MAE) and mean squared error
(MSE) with cross-validation in the Leave-One-Out
Cross-Validation (LOOCYV) mode, the coefficient of
determination R?, etc., as well as to construct a dia-
gram of the deviations of the calculated values of the
parameters from the experimental ones for the sub-
stances the information concerning which was used in
machine learning.

4. The prediction was carried out by means of spe-
cial IAS and ParIS subsystems using only the values of
the properties of the elements composing the pre-
dicted substance. First of all, using the IAS, the pre-
diction of belonging to the most common space
groups was carried out at room temperature and at
atmospheric pressure. This task was divided in two.
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Fig. 1. Diagrams of deviations of the predicted lattice parameters from the experimental ones in tasks 1—10 (see the list of tasks
in Table 2).
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Fig. 2. Diagrams of deviations of the predicted lattice parameters from the experimental ones in tasks 11—19 (see the list of tasks

in Table 2).

Initially, for the compounds having composition

AYBMBYO,, a multiclass prediction of belonging to
nine of the classes was carried out: compounds with
the structure of an ideal cubic perovskite (space group
Pm(—)3m), compounds with space groups P2,/n,
Fm(=)3m, 12/m, Pbnm, 14/m, R(—)3, P6;/mmc, and
compounds with a structure different from the one
given above; and then a sequential separation of

11 ' .
A, B"BYO¢ compounds into two classes was per-

INORGANIC MATERIALS: APPLIED RESEARCH Vol

formed, for example, target class 1—the phases with
the structure of ideal cubic perovskite, and class 2—
the compounds with a structure different from ideal
cubic perovskite.

The final result of prediction was formed on the
basis of comparing the predictions obtained when ful-
filling all the tasks. If the results contradicted each
other, then the prediction was considered uncertain.
Then, using the ParlS system for the predicted com-
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Table 3. Prediction of parameter a for the cubic crystal lattice of new ASBHIB'VO(J compounds

Composition a, A Composition a, A Composition a, A
Sp. gr. Fm(—)3m (algorithm ARD Regression)
Ca,AlUOq 7.9030 Sr,PmUOg¢ 8.5299 Ba,PmWOq¢ 8.5261
Ca,ScUOg¢ 8.1164 Sr,TbUOg¢ 8.5152 Ba,PmMoOg 8.4351
Ca,GaUOg 8.0806 Sr,TmUOgq 8.4477 Ba,PmUOQO 8.7044
Ca,YUOyq 8.3583 Sr,BiUOg 8.6795 Ba,GdRuOg¢ 8.3499
Ca,PrUOq 8.4692 Sr,AmUQgq 8.6044 Ba,TbRuOq 8.3412
Ca,PmUOq 8.3950 Ba,AIMoOq 7.9431 Ba,TbWO, 8.51144
Ca,GdUOg¢ 8.3890 Ba,AIWOq 8.0341 Ba,HoWOq 8.4857
Ca,TbUOg¢ 8.3803 Ba,AlReOg¢ 7.8691 Ba,TmVOq 8.2003
Ca,DyUOq 8.3573 Ba,Al0sOq 7.9099 Ba,TmWOq 8.4439
Ca,HoUOg¢ 8.3545 Ba,AlUOgq 8.2124 Ba,TmUOQgq 8.6222
Ca,ErUQq 8.3436 Ba,ScVOyq 8.0040 Ba,YbVOgq 8.1570
Ca,TmUOQq 8.3128 Ba,ScWOg¢ 8.2476 Ba,YbWOq 8.4006
Ca,YbUOg 8.2694 Ba,VRuOgq 7.9352 Ba,BiUOg¢ 8.8539
Ca,LuUOg¢ 8.2666 Ba,VWOq 8.1055 Ba,AmNbOg¢ 8.5534
Ca,AmUQgq 8.4695 Ba,VUOq 8.2837 Ba,AmMoOq 8.5096
Sr,AIM0Og¢ 7.7686 Ba,CrUOg¢ 8.2579 Ba,AmSbOg 8.5015
Sr,AIWOgq 7.8596 Ba,FeVOg¢ 7.9140 Ba,AmWOyg 8.6006
S1,AlOsOgq 7.7354 Ba,FeWOy 8.1576 Ba,AmOsOyq 8.4765
Sr,AlUOq 8.0379 Ba,GaReOg¢ 8.0467 Ba,AmUOQq 8.7789
Sr,ScUOq 8.2513 Ba,GaOsOq 8.0875 Pb,ScOsOq 8.2317
Sr,VWOg¢ 7.9310 Ba,GaUOQgq 8.3900 Pb,ScUO¢ 8.5342
Sr,VUOgq 8.1092 Ba,YWOq 8.4894 Pb,RhNbO¢ 8.3336
Sro,MnWO4 8.0465 Ba,RhVOq¢ 8.0290 Pb,RhMoOg¢ 8.2898
Sr,MnOsOq 7.9223 Ba,RhMoOgq 8.1815 Pb,RhSbOg¢ 8.2818
Sr,FeWOgq 7.9831 Ba,RhWO,¢ 8.2725 Pb,RhBiO¢ 8.4624
Sr,GaWOy 8.0372 Ba,RhOsOg¢ 8.1483 Pb,DyUOq 8.7750
Sr,GaUOg 8.2155 Ba,InWOgq 8.3499 Pb,HoUOq 8.7722
Sr,YUOgq 8.4932 Ba,LaWOg 8.5879 Pb,ErUQgq 8.7613
Sr,RhMoOg¢ 8.0070 Ba,PrUOg 8.7786 Pb,TmUOg 8.7305
Sr,RhRuO¢ 7.9278 Ba,PmMoOg 8.4351 Pb,LuUOq 8.6844
Sr,RhWOq 8.0980 Ba,PmRuOg¢ 8.3559 Pb,AmUOQgq 8.8872
Sr,RhOsOg 7.9739 Ba,PmSbOgq 8.4270
Sp. gr. Pm(—)3m (algorithm Orthogonal Matching Pursuit)
Ba,VBiO¢ 4.3161 Pb,VIrOg 3.9191 Pb,RhWO 4.0431
Ba,MnBiOg 4.3068 Pb,CrMoOg¢ 3.9810 Pb,InWOgq 4.0573
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Table 3. (Contd.)

Composition a, A Composition a, A Composition a, A
Ba,FeBiOg¢ 4.3309 Pb,CrRuOg¢ 3.9102 Pb,InReOg¢ 3.9909
Ba,GaVOq 3.8673 Pb,CrWOg¢ 3.9975 Pb,InOsO¢ 3.9843
Ba,GaMoOyg 3.9691 Pb,CrOsOq 3.9245 Pb,InlrOq 3.9771
Ba,GaWOy 3.9856 Pb,CrlrOg 3.9173 Pb,InBiO¢ 4.3587
Pb,AISbOg¢ 3.9782 Pb,MnMoOg 3.9734 Pb,LaRuOqg 4.0798
Pb,AIBiOg 4.2428 Pb,MnRuOg 3.9027 Pb,PrRuQOy 4.0145
Pb,VMoOgq 3.9827 Pb,FeRuOg¢ 3.9268 Pb,NdRuOg¢ 4.0347
Pb,VRuOgq 3.9120 Pb,GaMoOg¢ 3.9536 Pb,BiSbOg 4.2570
Pb,VReOg 3.9328 Pb,GalrOq 3.8900 Pb,BiReOyg 4.1538
Pb,VOsOyq 3.9262 Pb,GaBiOg 4.2715 Pb,BiOsOg¢ 4.1473

Table 4. Prediction of the parameters for the tetragonal (or hexagonal) crystal lattice of new AIZIB”'B'VO6 compounds
a, A c, A a,A c, A
Composition | g, o1 14/m (algorithm |  Sp. gr. [4/m (algorithm || Composition Sp.gr. R(-)3 | Sp.gr. R(—)3
Ridge) Random Forest) (algorithm (algorlthm ARD
SAND) Regression)
Sr,GaMoOg¢ 5.5927 7.8916 Ba,BiMoOq 6.0390 14.7809
Sp. gr. P6;/mmc Sp. gr. P6;/mmc Ba,BiRuOg¢ 6.0401 14.7499
(algorithm (algorithm ARD
ARD Regression) Regression)
Ba,VOsOq 5.8344 17.1422 Ba, BiWOg¢ 6.0430 14.7879
Ba,VIrOg 5.8418 17.1460 Ba,BiReOg¢ 6.0410 14.7609
Ba,CrVOyq 5.7491 18.7279 Ba,BiOsOq 6.0433 14.7568

pounds, the values of the crystal lattice parameters
were estimated.

CALCULATION PROCEDURE

After a peer review, information was included in the
selection for computer analysis concerning 216 com-

pounds having a composition of AYB"BYO, with a
monoclinic structure (space group P2,/n), 179 com-
pounds with a cubic structure (space group Fm(—)3m),
27 compounds with a monoclinic structure (space
group 12/m), 20 compounds with an ideal cubic per-
ovskite structure (space group Pm(—)3m), 19 com-
pounds with an orthorhombic structure (space group
Pbnm), 17 compounds with a tetragonal structure
(space group 14/m), 13 compounds with a rhombohe-
dral structure (space group R(—)3), 10 compounds
with a hexagonal structure (space group P6./mmc),

INORGANIC MATERIALS: APPLIED RESEARCH  Vol. 13

and 15 compounds with crystal structures other than
those listed above, under normal conditions.

A significant difference in the size of classes (the
number of examples of compounds with space groups
P2,/n and Fm(—)3m is an order of magnitude greater
than the number of the majority of compounds with
other space groups) could result in lower predictive
accuracy for compounds belonging to small classes.

The initial set of parameters for predicting the
space group included the following properties of
chemical elements A, B, and B': pseudopotential
orbital radius (according to Zunger), ionic radius
(according to Shannon), distances to internal and
valence electrons (according to Schubert), ionization
energies for first, second, and third electrons (E5—
E7), the numbers (according to Mendeleev—Pettifor)
(M1—M11 and A1—A4), quantum number, electro-
negativity (according to Pauling), Miedema chemical
potential (ES8), melting and boiling points, standard
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Table 5. Prediction of the parameters for the monoclinic crystal lattice (space group P2,/n) of new CallemB'VOG com-

pounds
Composition | a, Al b, A? e, A3 B, deg* || Composition | a, Al b, A c, A3 B, deg*
Ca,AlMoOg¢ | 5.3719 5.4116 7.5809 89.97 ||Ca,LaMoOg | 5.6370 5.8731 8.0823 90.09
Ca,AIWOq 5.3777 5.4271 7.5174 90.00 |[|Ca,LaWOq 5.6428 5.8886 8.0188 90.03
Ca,AlReOyq 5.3538 5.4073 7.5789 89.97 ||Ca,LaReOq 5.6190 5.8688 8.0803 90.09
Ca,AlOsOq4 5.3502 5.3898 7.5403 90.05 ||Ca,La0sOq 5.6154 5.8514 8.0417 90.09
Ca,AllrOq 5.3466 5.3922 7.5448 89.98 ||Ca,LalrOg 5.6118 5.8538 8.0462 90.11
Ca,ScMoO¢ | 5.4702 5.6066 7.8717 89.99 ||Ca,LaBiOg 5.7366 6.0560 8.2512 90.11
Ca,ScRuOg¢ 5.4455 5.5646 7.8609 90.13 ||Ca,PrVOq 5.5790 5.7735 8.2133 90.11
Ca,ScWOyq 5.4760 5.6221 7.8082 89.94 ||Ca,PrMoOq 5.6126 5.8341 8.1946 90.10
Ca,ScReOq 5.4521 5.6023 7.8697 89.94 ||Ca,PrWOq 5.6184 5.8496 8.1311 90.13
Ca,SclrOgq 5.4449 | 5.5872 7.8356 89.95 ||Ca,PrReOq 5.5945 5.8298 8.1927 90.10
Ca,ScBiOg 5.5697 5.7895 8.0406 90.02 ||Ca,PrOsOg¢ 5.5909 | 5.8124 8.1540 90.09
Ca,VSbOq 5.4507 5.5291 7.89310 | 90.03 ||Ca,PrIrOg 5.5873 5.8148 8.1586 90.09
Ca,VReOq 5.4077 | 5.5048 | 7.8582 90.06 ||Ca,PrBiOg 57121 | 6.0170 | 8.3636 90.11
Ca,VBiOg¢ 5.5253 5.6919 8.0290 90.02 |[|Cay,NdVOq4 5.5752 5.7670 8.2429 90.09
Ca,CrlrOq 5.3972 5.4665 7.6980 90.04 ||Ca,NdMoOg4 | 5.6088 5.8276 8.2242 90.19
Ca,CrBiOg 5.5220 5.6687 7.9030 90.02 ||{Ca,NdWOg¢ 5.6146 5.8431 8.1607 90.13
Ca,MnOsOg4 | 5.4163 5.4920 7.6727 90.12 ||Ca,NdReO¢ 5.5907 5.8233 8.2223 90.18
Ca,MnBiOg | 5.5375 5.6966 7.8822 90.12 ||Ca,NdOsOq 5.5871 5.8059 8.1836 90.08
Ca,FeWOy 5.4430 5.5292 7.6840 90.05 ||Ca,NdIrOg4 5.5835 5.8083 8.1882 90.08
Ca,GaWOq 5.4169 5.5060 7.6418 90.05 ||{Ca,NdBiOg4 5.7083 6.0105 8.3932 89.87
Ca,GaReOg | 5.3930 5.4862 7.7034 90.06 |[|Ca,PmVOq 5.5681 5.7550 8.0263 90.06
Ca,GaOsOg | 5.3894 5.4688 7.6647 90.05 |[|Ca,PmNbOg | 5.6184 5.8555 8.0553 90.06
Ca,GalrOg 5.3858 5.4712 7.6693 90.0 Ca,PmMoOg | 5.6017 5.8156 8.0076 90.18
Ca,GaBiOg 5.5106 5.6734 7.8743 90.00 |(|Ca,PmRuO¢ | 5.5770 5.7736 7.9968 90.05
Ca,YMoOg 5.5574 5.7506 8.0854 90.12 ||Ca,PmSbOq 5.6267 5.8356 8.0406 89.87
Ca,YWOyq 5.5632 5.7660 8.0219 90.09 ||Ca,PmTaOq 5.6184 5.8694 | 8.0157 90.06
Ca,YReOq 5.5393 5.7462 8.0834 90.11 ||Ca,PmWOq 5.6075 5.8310 7.9441 90.12
Ca,YOsOg¢ 5.5357 5.7288 8.0448 90.07 ||Ca,PmReO4 | 5.5837 5.8112 8.0057 90.19
Ca,YIrOq4 5.5321 5.7312 8.0493 90.13 ||Ca,PmOsO¢ | 5.5800 5.7938 7.9670 90.05
Ca,YBiOg 5.6569 5.9334 8.2543 89.78 ||Ca,PmlIrO¢ 5.5764 5.7962 7.9716 90.05
Ca,RhNbO¢ | 5.4593 5.5722 7.9340 90.06 ||Ca,PmBiOg 5.7012 5.9984 8.1766 89.87
Ca,RhSbOg¢ 5.4675 5.5523 7.9194 90.03 ||Ca,SmVOyq 5.5619 5.7438 8.3538 90.0
Ca,RhTaOg¢ 5.4593 5.5862 7.8944 90.05 |[|Ca,SmMoO¢ | 5.5955 5.8044 | 8.3351 89.87
Ca,RhBiOg 5.5421 5.7152 8.0553 90.03 ||Ca,SmWOq 5.6013 5.8199 8.2716 89.91
CayInMoOg | 5.4992 5.6577 7.9415 90.01 |[|Ca,SmReO¢ | 5.5774 5.8001 8.3332 89.86
Ca,InRuOg¢ 5.4745 5.6157 7.9307 90.06 ||{Ca,SmOsOg¢ 5.5738 5.7826 8.2945 90.02
Ca,InWOgq 5.5050 5.6732 7.8780 90.12 ||Ca,SmIrQOq 5.5702 5.7850 8.2991 90.03
Ca,InReOq 5.4811 5.6534 7.9396 90.11 ||Ca,SmBiOg 5.6950 5.9872 8.5040 90.0
INORGANIC MATERIALS: APPLIED RESEARCH  Vol. 13 No. 2 2022



PREDICTION OF SPACE GROUPS 287

Table 5. (Contd.)

Composition | q, A! b, A2 ¢, A3 B, deg* || Composition | a, Al b, A2 c, A3 B, deg*
Ca,IrMoOg¢ 5.4739 5.6383 7.9055 90.07 Ca,EuVOyq 5.5581 5.7336 8.1583 90.02
Ca,BiMoOg 5.5987 5.8405 8.1105 89.97 Ca,EuMoOg¢ 5.5917 5.7942 8.1396 90.17
Ca,EuWOq 5.5975 5.8097 8.0761 90.12 Ca,ErReOq 5.5388 5.7369 8.0587 90.15
Ca,EuReOyq 5.5736 5.7899 8.1376 90.17 Ca,ErOsOgq 5.5352 5.7195 8.0201 90.20
Ca,Eu0s0q 5.5700 | 5.7724 8.0990 89.97 ||Ca,ErIrOq 5.5316 5.7219 8.0246 90.20
Ca,EulrOg¢ 5.5664 | 5.7748 8.1035 90.01 Ca,ErBiOg¢ 5.6564 5.9241 8.2296 89.72
Ca,EuBiOg¢ 5.6912 5.9770 8.3085 89.91 Ca,TmVO, 5.5179 5.6714 8.0797 90.0
Ca,GdMoOg¢ 5.5824 5.7859 8.1187 90.17 Ca,TmMoOg4 | 5.5515 5.7320 8.0610 90.15
Ca,GdWO, 5.5882 5.8013 8.0552 90.21 Ca,TmWOq 5.5573 5.7475 7.9974 90.09
Ca,GdReOq 5.5643 5.7815 8.1168 90.17 Ca,TmReOg¢ 5.5334 5.7276 8.0590 90.15
Ca,GdOsOg¢ 5.5607 | 5.7641 8.0781 89.97 ||CayTmOsOg¢ 5.5298 5.7102 8.0204 90.10
Ca,GdIrOq 5.5571 5.7665 8.0827 90.08 Ca,TmlIrOg 5.5262 5.7126 8.0249 90.23
Ca,GdBiOg 5.6819 5.9687 8.2877 89.91 Ca,TmBiOg¢ 5.6510 5.9148 8.2299 89.82
Ca,TbVOgq 5.5410 5.7113 8.1307 90.11 Ca,YbVOg¢ 5.5136 5.6602 8.0789 90.12
Ca,TbMoOg 5.5745 5.7719 8.1120 90.14 Ca,YbMoOygq 5.5471 5.7208 8.0601 90.18
Ca,TbSbOgq 5.5995 5.7919 8.1449 89.75 Ca,YbWO, 5.5529 5.7363 7.9966 90.12
Ca,TbWOq 5.5803 5.7874 8.0484 90.17 Ca,YbReOgq 5.5291 5.7165 8.0582 90.18
Ca,TbReOg 5.5565 5.7676 8.1100 90.14 Ca,YbOsOg 5.5255 5.6991 8.0196 90.10
Ca,TbOsOg¢ 5.5529 5.7501 8.0714 90.05 Ca,YbIrOg 5.5219 5.7015 8.0241 90.19
Ca,TblrOg¢ 5.5493 5.7525 8.0759 90.10 Ca,YbBiOg 5.6467 5.9037 8.2291 89.75
Ca,TbBiOg¢ 5.6740 5.9548 8.2809 90.04 ||Ca,LuVOq 5.5054 5.6537 8.0387 90.14
Ca,DyVOq¢ 5.5350 5.7011 8.1004 90.0 Ca,LuMoOg 5.5390 5.7143 8.0200 90.10
Ca,DyMoOg 5.5686 5.7617 8.0816 90.12 Ca,LuWOq 5.5448 5.7298 7.9565 90.09
Ca,DyWO, 5.5744 5.7772 8.0181 90.08 Ca,LuReOq 5.5209 5.7100 8.0180 90.10
Ca,DyReOg¢ 5.5505 5.7574 8.0797 90.10 Ca,LuOsOq 5.5173 5.6926 7.9794 90.05
Ca,Dy0OsOgq 5.5469 | 5.7399 8.0411 90.12 ||Ca,LulrOq 5.5137 5.6950 7.9839 90.19
Ca,DylrOgq 5.5433 | 5.7423 8.0456 90.12 ||Ca,LuBiOg¢ 5.6385 5.8972 8.1889 90.09
Ca,DyBiOg¢ 5.6681 5.9445 8.2506 89.75 Ca,AmVOg¢ 5.5799 5.7596 8.1853 90.03
Ca,HoVOyq 5.5293 5.6909 8.1081 90.0 Ca,AmNbOg | 5.6302 5.8601 8.2143 90.03
CaHoMoOg | 5.5629 | 5.7515 8.0893 90.12 ||Ca,AmMoOg¢ | 5.6135 5.8202 8.1666 90.13
Ca,HoWOq 5.5687 5.7670 8.0258 90.08 Ca,AmRuOg 5.5889 5.7782 8.1558 90.13
Ca,HoReOg¢ 5.5448 | 5.7472 8.0874 90.10 Ca,AmSbOyq 5.6385 5.8402 8.1996 89.79
Ca,HoOsOg¢ 5.5412 5.7297 8.0488 90.12 ||Ca,AmTaOg¢ 5.6302 5.8741 8.1747 90.01
Ca,HolrOg 5.5376 5.7321 8.0533 90.12 Ca,AmWO, 5.6193 5.8357 8.1031 90.06
Ca,HoBiOg 5.6624 5.9343 8.2583 89.75 Ca,AmReOg¢ 5.5955 5.8159 8.1647 90.08
Ca,ErvVOg 5.5233 5.6807 8.0794 90.0 Ca,AmOsOg 5.5919 5.7984 8.1260 90.01
Ca,ErMoOg 5.5569 5.7413 8.0607 90.15 Ca,AmlIrQOgq 5.5883 5.8008 8.1306 90.10
Ca,ErWOyq 5.5627 5.7567 7.9972 90.08 |[Ca,AmBiOg¢ 5.7130 6.0030 8.3356 89.85

(1) ARD Regression algorithm, (2) Convex with Loop Reduction algorithm, (3) Ridge algorithm, (4) SAND algorithm.
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Table 6. Prediction of the parameters for the monoclinic crystal lattice (space group P2,/n) of new Alzl B'"B'V06 compounds
(A = Sr, Baor Pb)

Composition| g, A! b, A2 c, A3 B, deg* || Composition | q, Al b, A2 c, A3 B, deg*
S1,ScWOg 5.7061 5.6869 7.9291 90.03 [[Sr,SmReOy | 5.8075| 5.8649 | 8.4541 90.22
Sr,YWO, 5.7933 5.8309 8.1428 90.21 ||Sr,SmOsO, | 5.8039| 5.8475 | 8.4154 90.18
S1,YBiOg 5.8870 5.9982 8.3752 90.09 ||Sr,EuWOq 5.8276| 5.8745 | 8.1970 | 90.20
Sr,InBiOg 5.8288 59054 | 8.2314 89.99 |[Sr;EuReOq 5.8037| 5.8547 | 8.2585 | 90.23
Sr,LaMoOg | 5.8671 5.9380 8.2032 90.21 ||Sr,Eu0sOq 5.8001| 5.8373 | 8.2199 | 90.28
Sr,LaWOy, 5.8729 5.9535 8.1397 90.51 ||Sr,GdWOg 5.8183| 5.8662 | 8.1761 90.20
Sr,LaReOq | 5.8490 | 5.9336 8.2012 90.17 ||Sr,GdOsOy 5.7908| 5.8289 | 8.1990 | 90.26
Sr,LaO0sOg | 5.8454 | 5.9162 8.1626 90.22 |[|Sr,TbMoOg | 5.8046| 5.8368 | 8.2329 | 90.22
Sr,LalrOg 5.8419 5.9186 8.1671 90.34  ||Sr,TbRuO; 5.7799| 5.7948 | 8.2221 90.22
Sr,LaBiOq 5.9666 6.1208 8.3721 90.19 |[Sr,TbWOq 5.8104| 5.8522 | 8.1694 | 90.20
Sr,PrMoO¢ | 5.8427 5.8990 8.3155 90.22  |[|Sr,TbOsO, 5.7829| 5.8150 8.1923 | 90.20
St,PrWO, 5.8485 5.9145 8.252 90.07 ||Sr,DyVO, 5.7651| 5.7659 | 8.2213 90.15
Sr,PrReO; | 5.8246 5.8946 8.3136 90.20 ||Sr,DyWOq 5.8045 | 5.8420 | 8.1390 90.23
Sr,PrOsO¢ | 5.8210 5.8772 8.2749 90.22 ||Sr,DyOsOg | 5.7770 | 5.8048 | 8.1620 90.19
St,PrirOq 5.8174 5.8796 8.2795 90.27  ||Sr,HoVO, 5.7594 | 5.7557 | 8.2290 90.15
Sr,NdNbOg | 5.8556 5.9324 8.3928 90.19 ||Sr,HoWO, 5.7987 | 5.8318 8.1467 90.23
Sr,NdMoOg | 5.8389 5.8925 8.3451 90.21 ||Sr,HoOsOg | 5.7713 | 5.7946 | 8.1697 90.19
Sr,NdWO, | 5.8447 5.9080 | 8.2816 90.24  ||Sr,ErOsOq 5.7653 | 5.7843 | 8.1410 90.21
Sr,NdReO4 | 5.8208 5.8881 8.3432 90.22  ||Sr,TmVO, 5.7480 | 5.7362 | 8.2006 90.15
Sr,NdOsOg | 5.8172 5.87077 | 8.3045 90.22 ||Sr,TmNbOy | 5.7982 | 5.8368 | 8.2295 90.15
Sr,NdIrO, | 5.8136 5.8731 8.3091 90.29 ||Sr,TmMoOg | 5.7816 | 5.7968 | 8.1819 90.21
Sr,PmNbOg | 5.8485 5.9203 8.1762 90.19 ||Sr,TmWO, 5.7874 | 5.8123 8.1183 90.16
Sr,PmMoOg | 5.8318 5.8804 8.1285 90.22  ||Sr,TmOsOg¢ | 5.7599 | 5.7751 8.1413 90.20
Sr,PmRuOg | 5.8071 5.8384 8.1177 90.26 ||Sr,YbVO, 5.7437 | 5.7251 8.1998 90.12
Sr,PmSbO, | 5.8567 59004 | 8.1615 90.29  ||Sr,YbWO, 5.7830 | 5.8012 | 8.1175 90.16
Sr,PmTaO¢ | 5.8485 5.9343 8.1366 90.20 |[|Sr,YbOsOg | 5.7556 | 5.7639 | 8.1405 90.16
Sr,PmWO, | 5.8376 5.8959 8.0650 90.23 ||Sr,LuMoOy | 5.7691 | 5.7792 | 8.1409 90.20
Sr,PmReOg | 5.8137 5.8761 8.1266 90.23  ||Sr,LuWOq 5.7748 | 5.7947 | 8.0774 90.11
Sr,PmOsO; | 5.8101 5.8586 8.0879 90.22 |[|Sr,LuOsOq | 5.7474 | 5.7574 | 8.1003 90.18
Sr,PmIrO, | 5.8065 5.8610 8.0925 90.27 ||Sr,BiReOq 5.8337 | 5.9318 | 8.2293 89.91
Sr,PmBiOg | 5.9313 6.0632 | 8.2975 90.19 ||Sr,AmVOq 5.8100 | 5.8244 | 8.3062 90.19
Sr,SmVOg | 5.7920 5.8087 8.4747 90.21 ||S,AmNbO4 | 5.8603 | 5.9250 | 8.3352 90.19
Sr,SmMoOg | 5.8256 5.8693 8.4560 90.23 ||S,AmMoOg | 5.8436 | 5.8851 | 8.2875 90.21
Sr,SmRuOg | 5.8009 5.8273 8.4452 90.30 ||Sr,AmRuO4 | 5.8189 | 5.8431 | 8.2767 90.16
Sr,SmWO, | 5.8314 5.8847 8.3925 90.18 ||Sr,AmSbO, | 5.8686 | 5.9051 | 8.3205 90.19
Sr,AmTaOg | 5.8603 5.9389 8.2956 90.17 ||Ba,PmReOy | 5.9642 | 5.9863 | 8.2947 90.04
Sr,AmReOg | 5.8255 5.8807 8.2856 90.15 ||Ba,PmIrOg | 5.9570 | 5.9712 | 8.2606 90.02
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Table 6. (Contd.)
Composition| q, A! b, A2 c, A3 B, deg* || Composition | a, Al b, A2 c, A3 B, deg*
Sr,AmOsOgq | 5.8219 5.8633 8.2469 90.16 Ba,AmReOq | 5.9760 | 5.9909 8.4537 90.02
Sr,AmIrOg 5.8183 5.8657 8.2515 90.19 Pb,DylrOgq 6.0769 | 5.7554 7.7063 90.0
Sr,AmBiOg | 5.9431 6.0679 8.4565 90.14 Pb,HolrOg 6.0712 | 5.7452 7.7140 90.0
Ba,PrReO¢ | 5.9751 6.0048 8.4817 90.04 Pb,ErIrOg 6.0652 | 5.7350 7.6854 90.04

(1) ARD Regression algorithm, (2) Convex with Loop Reduction algorithm, (3) Ridge algorithm, (4) SAND algorithm.

Table 7. Prediction of the parameters for the monoclinic crystal lattice (space group /2/m) of new Alle”'B'VO6 compounds

Composition a, Al b, A? c, A3 B, deg*
Ba,LaVOq 6.0719 5.9619 8.0865 96.14
Ba,PrvO, 6.0405 5.9347 8.0366 95.96
Ba,PmBiOg 6.1496 6.1293 8.6383 90.16
Ba,SmVOq 6.0022 5.9067 7.9832 95.88
Ba,SmBiO, 6.1338 6.1190 8.6532 89.99
Ba,GdBiOg 6.1052 6.0920 8.6003 90.13
Ba,NpBiOgq 6.1126 5.7853 8.6922 89.90
Ba,PuBiO; 6.1170 5.8743 8.6877 89.94
Ba,AmVO, 5.9485 5.6029 7.9832 95.77
Ba,AmBiOg¢ 6.0801 5.8152 8.6531 89.89
Pb,EuNbO¢ 5.6388 6.0449 8.2646 90.12
Pb,EuMoOg 5.6166 5.8858 8.1018 93.50
Pb,EuTaOg¢ 5.6446 6.0645 8.2677 90.12
Pb,TbMoO, 5.5839 5.8143 8.0534 93.49
Pb,TbReOg 5.5793 5.8839 7.9724 91.33
Pb,DyNbO,¢ 5.5948 5.9673 8.2316 90.12
Pb,DyMoOg 5.5725 5.8082 8.0688 93.50
Pb,DyRuOg¢ 5.5515 5.7632 7.9731 91.68
Pb,DyTaO¢ 5.6005 5.9868 8.2347 90.12
Pb,DyWO, 5.5815 5.8445 8.3123 92.94
Pb,DyOsOyq 5.5607 5.9981 8.2088 87.64
Pb,HoNbOy 5.5873 5.9672 8.1806 90.11
Pb,HoMoOg 5.5650 5.8081 8.0178 93.49
Pb,HoRuOg¢ 5.5440 5.7631 7.9221 91.66
Pb,HOTaO, 5.5930 5.9868 8.1837 90.11
Pb,HoWOg 5.5740 5.8445 8.2613 92.93
Pb,HoOsOg¢ 5.5532 5.9981 8.1578 87.63
Pb,ErNbOg 5.5736 5.9421 8.1656 90.10
Pb,ErMoOg¢ 5.5513 5.7830 8.0028 93.48
Pb,ErRuQq 5.5303 5.7380 7.9071 91.66
Pb,ErTaOg¢ 5.5793 5.9617 8.1687 90.10
Pb,ErWOq 5.5603 5.8194 8.2463 92.93
Pb,ErOsOg¢ 5.5395 5.9730 8.1428 87.62
Pb,TmMoOg¢ 5.5376 5.7801 7.9998 93.48
Pb,TmRuO¢ 5.5166 5.7350 7.9041 91.65
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Table 7. (Contd.)

Composition a, A! b, A? c, A3 B, deg*
Pb,TmWOq 5.5466 5.8165 8.2433 92.92
Pb,TmOsOg¢ 5.5258 5.9700 8.1398 87.62
Pb,YbVOyq 5.5315 5.9095 7.5742 95.81
Pb,YbNbOg 5.5851 6.0199 8.0972 90.01
Pb,YbMoOyq 5.5628 5.8608 7.9344 93.40
Pb,YbWO, 5.5718 5.8972 8.1779 92.84
Pb,YbReOg¢ 5.5583 5.9303 7.8534 91.24
Pb,YbOsOgq 5.5510 6.0508 8.0744 87.54
Pb,LuNbO¢ 5.5566 5.9123 8.0915 90.10
Pb,LuMoOg 5.5344 5.7532 7.9287 93.48
Pb,LuRuOg¢ 5.5134 5.7082 7.8330 91.66
Pb,LuTaO; 5.5624 5.9319 8.0946 90.10
Pb,LuWO, 5.5434 5.7896 8.1722 92.93
Pb,LuOsOq 5.5225 5.9432 8.0687 87.62

(1) Elastic Net algorithm, (2) Orthogonal Matching Pursuit algorithm, (3) Linear Regression algorithm, (4) ARD Regression algo-
rithm.

Table 8. Prediction of crystal lattice parameters for new compounds of composition AllemB'VO6 with space group Pbnm

Composition a, Al b, A? c, A3
Ca,VRuOy 5.4450 5.4891 7.7336
Ca,VWOq 5.4426 5.4942 7.6906
Ca,VUOq 5.9439 6.0479 8.5932
Ca,CrVO, 5.4291 5.3793 7.6249
Ca,CrRuOg¢ 5.4040 5.3713 7.5380
Ca,CrUo0g 5.9030 5.9301 8.3976
Ca,MnVO, 5.4164 5.5160 7.7218
Ca,MnMoOg 5.3955 5.5080 7.6164
Ca,MnRuO; 5.3914 5.5080 7.6348
Ca,MnUO, 5.8903 6.0668 8.4945
Ca,FeVOq 5.4461 5.5788 7.8200
Ca,FeUO, 5.9200 6.1296 8.5927
Ca,GaVOq 5.4429 5.5908 7.8498
Ca,GaMoOy 5.4220 5.5828 7.7444
Ca,GaRuOy 5.4179 5.5828 7.7629
Ca,RhUOQq 5.9260 6.2269 8.6739
Ca,InVOg¢ 5.5092 5.7359 7.9966
Ca,BiMoO, 5.5112 5.7493 7.8680
Ca,BiRuOg¢ 5.5070 5.7493 7.8865
Ca,BiWOq 5.5047 5.7543 7.8435
Ca,BiReO, 5.5133 5.7837 7.9952
Ca,BiUO¢ 6.0059 6.3081 8.7461
Sr,VIrOg 5.5160 5.5495 7.7425
Sr,RhUO, 6.0257 6.2621 8.6739

(1) ARD Regression algorithm, (2) Orthogonal Matching Pursuit algorithm, (3) Orthogonal Matching Pursuit algorithm.
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entropy (I11), enthalpy of atomization, thermal con-
ductivity (I8), molar heat capacity (I10), etc. (see
http://phases.imet-db.ru/elements for values).

There are a total of 105 values of the parameters of
the elements for each compound plus the values of dif-
ferent algebraic functions of the initial parameters
most informative for the classification, determined
using the program [40].

RESULTS AND DISCUSSION

Table 1 lists the functions of the parameters of
chemical elements that are most informative for the
prediction of compounds with different crystal struc-
tures. When solving these problems, it was checked
how much the accuracy of examination predicting
increases when these informative functions are added
to the sought regularities along with the properties of
the elements. The best resulting sets of parameters of
elements and algorithms, which were later used in
machine learning, are highlighted in bold.

The programs based on learning algorithms for dif-
ferent variants of neural networks, of a linear machine,
of the formation of logical patterns, of k-nearest
neighbors, and of support vector machine have shown
the best results in the cross-validation mode.

Further, using the ParLS system, the values of the
crystal lattice parameters for the predicted compounds
were estimated. Table 2 shows a list of algorithms the
use of which in the examination recognition of the
training sample in the LOOCYV mode gave the best set
of values for the parameters MAE, MSE, and R2. The
diagrams of the deviations of the predicted lattice
parameters from the experimental ones are given in
Figs. 1 and 2.

It should be noted that most of the best results were
obtained using the programs included in the ParlS
system [41] and based on the Orthogonal Matching
Pursuit and Automatic Relevance Determination
(ARD) Regression algorithms [42]. Tables 3—8 pres-
ent a part of the predictions for A,BB'O; compounds
that are not yet obtained and an estimate for the
parameters of their crystal lattice.

CONCLUSIONS

The analysis of the results shows that the majority
of double perovskites with calcium and strontium have
monoclinic distortion (space group P2,/n). For com-
pounds with barium, a doubling of the ideal cubic lat-
tice is characteristic (space group Fm(—)3m). The pre-
diction accuracy (in the sliding control mode) of the
type of perovskite-like cell distortion is no less than
74%. The accuracy of estimation of the linear param-
eters of the lattice is within +0.0120—0.8264 A,
whereas the accuracy for angles 3 in the case of lattice
monoclinic distortion amounts to =0.08°—0.74°.

INORGANIC MATERIALS: APPLIED RESEARCH  Vol. 13

291

The obtained predictions make it possible to
reduce the number of combinations of elements in the
experimental search for perovskite-like compounds
with the desired space group, which should reduce the
time and costs of the search. For specialists in quan-
tum mechanical calculations, it becomes possible,
although approximately, knowing the space group and
the lattice parameters, to determine the arrangement
of atoms in the crystal lattice of compounds not yet
obtained, which in the future should make it possible
to calculate some of their physical properties.

The information concerning the composition,
space group, and lattice parameters of the predicted
compounds that are not yet obtained after the publica-
tion of this paper should be entered into the prediction
base and should expand the functionality of the Phase
database (http://phases.imet-db.ru/). A user of this
database, in addition to data concerning already stud-
ied inorganic compounds, should be able to obtain the
results of our calculations too.
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