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1. Introduction

Studies and development of doped oxides 
or metallic alloys require extensive experi-
mental efforts. The chemical space of the 
investigated materials increases as more 
elements are added or exchanged. Addi-
tionally, by varying even one experimental 
parameter (e.g., an extra heat treatment 
during sample fabrication) will require 
an extra characterization for each of the 
produced samples, leading to more data 
points to be collected and interpreted. In 
the upcoming era of information- and 
design-oriented material discoveries, the 
time-consuming traditional methodolo-
gies (one experiment at a time) for syn-
thesis and characterization are being 
complemented by high-throughput (HT) 
technologies. Consequently, for material 
systems, such as thin films and materials, 
with their many possible combinations in 

the compositional space along with their rich suite of processing 
parameters, HT technologies (for their synthesis and charac-
terization) are being presently developed and integrated with 
machine learning techniques.[1–3] Furthermore, the transition 
toward higher compositional complexity, combined with the 
enormous amount of combinatorial possibilities has contrib-
uted to the development of high entropy materials (HEMs).[4–6] 
HEMs are single-phase multicomponent (five or more ele-
ments) metallic or ceramic systems with near-equiatomic 
concentrations.[6] Hence, investigating the HEMs by using tra-
ditional procedures of material discoveries becomes impractical 
mostly because they require a high number of experimental 
efforts and complex data analysis and interpretation.

In addition to the chemical complexity of HEMs, the syn-
thesis, description, and visualization of phases and their under-
lying properties are in per se challenging and thus necessi-
tating the development of new concepts to aid in identifying 
the key microstructural components and quantifying their 
properties. The family of HEMs encompasses high entropy 
alloys, carbides, nitrides, borides, sulfides, and oxides.[7–9] Their 
promising structural and functional properties with potential 
applications in batteries,[10] cutting tools and hard coatings,[6] 
solar absorber coatings, and diffusion barrier films,[11] have 
triggered widespread interest in a number of research groups 
around the world. HEMs, constituted of several majority ele-
ments, are placed in the center of multicomponent phase 

Exploring the vast compositional space offered by multicomponent systems 
or high entropy materials using the traditional route of materials discovery, 
one experiment at a time, is prohibitive in terms of cost and required time. 
Consequently, the development of high-throughput experimental methods, 
aided by machine learning and theoretical predictions will facilitate the search 
for multicomponent materials in their compositional variety. In this study, 
high entropy oxides are fabricated and characterized using automated high-
throughput techniques. For intuitive visualization, a graphical phase–property 
diagram correlating the crystal structure, the chemical composition, and the 
band gap are introduced. Interpretable machine learning models are trained 
for automated data analysis and to speed up data comprehension. The 
establishment of materials libraries of multicomponent systems correlated 
with their properties (as in the present work), together with machine learning-
based data analysis and theoretical approaches are opening pathways toward 
virtual development of novel materials for both functional and structural 
applications.
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diagrams. Hence, the vast compositional space enabling a 
variety of atomic structures, phases, and properties needs to 
be explored. The challenge, even without considering addi-
tional parameters offered by the microstructural design, such 
as grain size and defect density, is enormous and requires new 
approaches of material development, which are based on HT 
experiments and the formulation of intensive data analysis 
concepts.[3,12–20]

HT methods integrated with machine learning techniques 
have been used for the fabrication of organic–inorganic perov-
skites,[15,21–24] carbon nanotubes,[20,25–28] organic materials,[29–33] 
multicomponent materials up to four components,[2,19,34–55] and 
multicomponent materials (i.e., HEMs or >5 elements).[1,51,54–59] 
The aforementioned HT methods combined with machine 
learning are paving the way to the formulation of autonomous 
protocols for materials discovery. Thus far, however, the afore-
mentioned research efforts are limited, principally due to the 
automation flexibility. For example, automated synthesis of 
organic materials (using automated pipetting robots) seems to 
be more straightforward compared to metallic alloys (produced 
by physical vapor deposition, additive manufacturing, and other 
traditional synthesis techniques). In materials science, one of 
the most common but time-consuming method to investigate 
the crystal structure of a material is X-ray diffraction (XRD).[60] 
Even though XRD is a very useful and irreplaceable method for 
characterizing the crystal structure that can in turn directly cor-
relate to the properties of the material,[61] the interpretation of 
X-ray diffractograms requires a unique set of experience and 
expertise and it is also time consuming (e.g., peak indexing, 
space group determination, lattice parameter). In some cases, 
the analysis of the X-ray data requires the use of specific soft-
ware packages (as, e.g., “Jade” computer software) to extract 
the proper crystal structure parameters. Presently, efforts are 
underway to employ automated XRD data gathering and auto-
mated data analysis combined with the use of machine learning 
to speed up computation of crystal structure parameters and 
their subsequent correlations to corresponding material proper-
ties. The use of these two automated sequential approaches in 
combination with machine learning has greatly speed up the 
formulation of structure–properties correlations with recent 
studies showing that automation and machine learning have 
yielded satisfactory results.[60–65]

Depending on the synthesis or characterization method 
applied to a family of materials for a specific field of applica-
tions, the amount of time needed to produce or characterize a 
single material can vary from few minutes to several hours or 
even days. In the specific case of the HEMs family, in addition 
to their chemical complexity, the automation flexibility seems to 
be one of the major bottlenecks, specifically with regard to the 
evaluation of the crystal structure and relevant properties that 
are necessary to be considered (e.g., crystal structure, chemical 
composition, and functional properties).[55,60] The use of tradi-
tional synthesis, processing, and characterization techniques 
when applied to one sample at a time will unavoidably result 
in the vast chemical complexity combinations of the HEMs to 
be largely unaddressed and thus creating a knowledge gap that 
in turn negatively impacts the gaining of fundamental under-
standing of the structure and properties that these very inter-
esting and novel materials can have.

The visualization of multicomponent materials (five or more 
elements), as described in the critical review of high entropy 
alloys by Miracle and Senkov, requires the ability to visualize 
high-dimensional composition space.[66] Integration of proper-
ties into a phase diagram has been successfully achieved for 
ternary systems (2D representation) and up to some extend 
for quaternary systems (3D tetrahedron or its 2D cutting 
planes).[66] The complexity of the compositional space visualiza-
tion increases with the number of different elements and their 
corresponding amounts present in the material. Nevertheless, 
even for the case of a 5-components system useful represen-
tations have been developed.[66–70] Each visualization type has 
both advantages and disadvantages and depending on the aim 
of the study (as, e.g., with regard to the relevant information 
space to be shown), each type of visualization can be useful in 
its own way. For instance, by using isopleth diagrams it is pos-
sible to represent the effect of composition and temperature on 
the crystal structure of a multicomponent quinary system,[69] 
although the effect of composition and temperature variations 
on the structure is limited to the changes introduce by only one 
element. In the present study, a visual representation of the 
compositional space around an equiatomic multicomponent 
system will be displayed for the case of compositionally com-
plex near-equiatomic oxides (these materials are often referred 
as high entropy oxides [HEOs]). The visualization of informa-
tion on the crystal structure, the chemical composition, and a 
functional property in a 2D diagram will aid the exploration 
and the study of this class of materials.

One of the HEMs that has received a lot of attention are 
the HEOs. These multicomponent ceramics, for the first 
time described in 2015, have since shown potential for func-
tional applications in electrodes for next-generation Li-ion bat-
teries,[10] band gap engineering,[71] and catalysts.[72] Therefore, 
exploring different HEO systems and their vast compositional 
space can lead to the discovery of materials with novel compo-
sitions and properties, and their potential use in technological 
applications. HEOs can be synthesized using several methods, 
among which are methods based on solid state reaction or 
wet chemistry.[8,73,74] To power further combinatorial studies 
and encourage theoretical advancements, we developed a HT 
synthesis method to explore a significant number of HEOs. 
Our HT methodology, based on reverse co-precipitation[73] 
and using water-soluble precursors, was used to establish 
a materials library, here illustrated by the example of a rare 
earth-based HEO system (Ce0.2Pr0.2La0.2Sm0.2Y0.2)O2−δ. A total 
number of 106 compositions were fabricated and character-
ized by XRD, Raman spectroscopy, chemical composition 
analysis, and ultraviolet–visible (UV–vis) spectroscopy, all the 
techniques are automated and expandable for a much larger 
number of samples. The synthesis was conducted using an 
automated pipetting system, similar to pioneering studies in 
other fields of materials research.[1,15,24,41,75] The XRD charac-
terization platform is connected to machine learning enhanced 
data analysis method. Following a methodology proposed in 
similar studies,[1,3,17,19,21,23,24] the results from the data analysis 
can be used to build materials libraries, as it is displayed in 
the work flow diagram in Figure  1. Further automation and 
integration of artificial intelligence[20,76–78] will enable the 
use of a closed-loop platform for autonomous exploration of 
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high-dimensional phase spaces and efficient optimization of 
material properties.[3,12–20]

2. Main

The following 106 oxide compositions, based on the five cations 
in (Ce0.2Pr0.2La0.2Sm0.2Y0.2)O2−δ HEO, were fabricated using 
the automated pipetting system (see experimental section for 
a detailed description): individual-single cation (5 samples), 
binary equiatomic (10 combinations), ternary equiatomic (10 
combinations), quaternary equiatomic (5 combinations), qui-
nary non-equiatomic compositions (75 combinations), and 
the equiatomic HEO (Ce0.2Pr0.2La0.2Sm0.2Y0.2)O2−δ (1 sample). 
The 106 samples were characterized following the work flow 
presented in Figure  1. See experimental section for a detailed 
description and Section S10, Supporting Information, for 
each sample X-ray diffractogram; percentage of phases, crys-
tallite sizes, lattice parameters, and chemical compositions in 
Table S1, Supporting Information; and chemical composition 
map in Figures S1 and S2, Supporting Information.

In Figure  2, an isothermal phase diagram for the single 
cation and binary cation oxides is presented. The structural 
data are plotted as a function of composition with the value 
for 100 at.% in the center. For example, the pure (single cation) 
Y2O3 oxide is represented by the hexagon #1 (with the hexagon 
symbol indicating the Ia-3 structure) and it is placed in the 
plot at an angle of 54° and 162° (measured from the top in the 
clockwise direction). Similarly, the other pure oxides are plotted 
with their respective structures, full circles and full squares for 
Fm-3m and P63/m, respectively. The binary equiatomic oxides 
are plotted between their respective pure oxides at the 50 at.% 
position. For example, the open diamond marker (sample #7) 

indicates a 50/50 binary of La and Sm oxide, which exhibits 
a multiple phase structure, while the full circle (sample #14) 
indicates a single-phase Fm-3m structure for a 50/50 binary of 
Sm and Ce oxide. Figure 2 shows that the single oxides and the 
binary oxides without La display a single-phase crystal structure 
(Fm-3m, Ia-3, or P63/m). The presence of multiple phases in 
the binary oxides containing La can be attributed to several fac-
tors such as annealing temperature, tendency to form a solid 
solution, and the oxidation state of the elements.[79]

A more complex multicomponent phase diagram with up 
to five cations is displayed in Figure 3 for all the samples con-
taining three or more elements (total of 91 samples). The posi-
tion of each data point in Figure 3a is related to the chemical 
composition of the corresponding sample, the symbols are 
used to note if the specific composition has multiple phases or 
not, while the contour color map represents the configurational 
entropy (Sconfig) for each of the 91 samples, calculated using 
Equation (1).

S R X X lnXconfig
M

a

a a= − ∑

 










=1

 
(1)

where Xa is the mole fraction of the cation site constituent ele-
ment (i.e., Ce, La, Sm, Pr and Y), and M is the number of cat-
ions. For simplicity, the contribution to Sconfig from the anion 
site (O2−) is assumed to be zero.

Each of the axis in Figure  3a represents the addi-
tion of a cation to an equiatomic quaternary system 
(from 0 to 20 at.% in intervals of 5 at.%). For instance, 
the Ce axis represents the addition of Ce to the quater-
nary system (CexPr(1−x)/4La(1−x)/4Sm(1−x)/4Y(1−x)/4)O2−δ, that is, 
the outer point in the Ce axis is equivalent to add 0 at.% Ce 
(sample #26 (Pr0.25La0.25Sm0.25Y0.25)O2−δ); the first inner point 
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Figure 1. Work flow diagram for the development of phase–property diagrams and materials libraries. Automated synthesis and characterization 
integrated with machine learning speeds up data comprehension, and the visualization of the multicomponent phase–property (band gap) diagram 
(materials library). The loop is closed by determining the best candidates for a desired property, or by narrowing specific regions of interest to initiate 
further studies. Multicomponent materials that are theoretically predicted can be used as an external input to the automated loop.
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in the Ce axis is equivalent to add 5 at.% Ce (sample #31 
(Ce0.05Pr0.237La0.237Sm0.237Y0.237)O2−δ); the second inner point 
in the Ce axis is equivalent to add 10 at.% Ce (sample #32 
(Ce0.1Pr0.225La0.225Sm0.225Y0.225)O2−δ); the third inner point 
in the Ce axis is equivalent to add 15 at.% Ce (sample #33 
(Ce0.15Pr0.212La0.212Sm0.212Y0.212)O2−δ); and the center of the 
phase diagram is equivalent to add 20 at.% Ce (sample 
#106 (Ce0.2Pr0.2La0.2Sm0.2Y0.2)O2−δ). The points between two 
axes represent the process of adding two cations to an equia-
tomic ternary system. For example, the points between Ce and 
Y axes (samples #46–51) represent the addition of Ce and Y to 
the system (CexYzLa(1−x−z)/3Sm(1−x−z)/3Pr(1−x−z)/3)O2−δ. The com-
position of samples #46 to 51 can be obtained as described for 
sample #48 and #51: the dashed lines parallel to the Ce and Y axis 
lead to the concentration of Ce and Y in the respective sample. 
Thus sample #48 contains 10 at.% Ce and 5 at.% Y, resulting 
in an overall composition (Ce0.1Y0.05La0.283Sm0.283Pr0.283)O2−δ. 
Sample #51 contains 15 at.% Ce and 10 at.% Y, resulting in 
an overall composition (Ce0.15Y0.1La0.25Sm0.25Pr0.25)O2−δ. The 
outer intersection of the two axes (outer corner tip of the 
plot), is the ternary system containing 0 at.% Ce and 0 at.% 
Y (La0.33Sm0.33Pr0.33)O2−δ (sample #16). Among the 91 sam-
ples displayed in Figure 3a, 76 samples crystallized in a single 

fluorite phase (Fm-3m), 10 samples crystallized in a single 
bixbyte phase (Ia-3), and 5 samples showed the presence of 
multiple phases. A crystallographic map of the investigated 
samples is presented in Figure  3b, which allows to visualize 
that the majority of the quinary systems tend to crystallize in a 
fluorite structure.

One interesting result is that some of the systems without 
Ce also formed a single phase, except for the ternary systems 
(La0.33Sm0.33Y0.33)O2−δ (sample #22) and (Pr0.33Sm0.33La0.33)O2−δ 
(sample #16). By contrast, a previous study has concluded that 
Ce can play a significant role in stabilizing a single-phase crystal 
structure in a multicomponent system, whereas the absence 
of Ce leads to the formation of multiple phases.[71] Therefore, 
samples (systems that do not contain Ce,) #21, #25, and #26 
were repeated using the automated pipetting system. Addi-
tionally, sample #26 was manually synthesized using reverse 
co-precipitation. The X-ray diffractograms (Figure S3, Sup-
porting Information for samples #21, #25, and #26) and further 
analysis of sample #26 using transmission electron microscopy 
(Figure S4, Supporting Information) confirmed that the sam-
ples crystallized in a single phase. The HT screening results 
suggest that Ce, being +4, and Pr, being mixed state +3 or +4, 
can stabilize a single-phase structure. The strong influence of 
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Figure 2. Isothermal phase diagram at 750 °C for single and binary oxides (samples #1–15), notice that the axis representing the single cation oxides 
are repeated to facilitate the binary oxides visualization. The symbols at the respective compositions show the single or multiple phase nature of the 
samples (see X-ray diffractograms in Section S10, Supporting Information). Details on how to read/interpret Figure 2 are discussed in the text.
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Ce and/or Pr cations in stabilizing a single phase becomes evi-
dent as the entropy decreases, that is, even systems with lower 
entropy could be stabilized in a single phase as long as a +4 or 
mixed +3,+4 cation is present. Among the five samples that dis-
played multiple phases, four showed a small amount (<2%) of 
secondary phase, perhaps longer times or higher temperatures 
during the heat treatment may have resulted in further reduc-
tion of the second phase content or even complete single-phase 
formation. For the system (La0.33Sm0.33Y0.33)O2−δ (sample #22), 
several phases were encountered, in this case, similar to the 
explanation given above, there is no +4 cation or mixed valence 
cation (+3,+4) present.

One of the bottlenecks toward a fully autonomous and faster 
synthesis and characterization platform of multicomponent 
systems is the data analysis, in our case for the XRD data,[60] 
which to-date can require manual steps to analyze diffracto-
grams and to determine the underlying crystal structure(s). 
To speed up the data analysis, we developed an adaptable and 
highly interpretable machine learning approach. This approach 
is capable of determining, in a shorter amount of time, whether 
an X-ray diffractogram is representative of a pure single phase 
or whether there are multiple phases present in a sample and 
thus providing intuitive explanations for the prediction (further 
details are provided in the experimental section). An example 
of the predictive power of the approach is illustrated for the 
multi-phase sample (Sm0.5Y0.5)O2−δ, along with an explanation 
why the ML models classifies it as multi-phase, as shown in 
Figure 4a (further examples in Section 5, Supporting Informa-
tion). A second machine learning model, trained directly on the 
materials compositions in the experimental dataset, was used 
to obtain feature importance values that are interpretable as 
well. While supporting the hypothesis that the simultaneous 
presence of both Ce and/or Pr stabilizes a single-phase material 

(Figure 4b), the analysis furthermore shows that Y and Pr exert 
an even stronger stabilizing influence (Figure  4c), while high 
concentrations of Sm and La correlate with mixed phases sys-
tems (Figure 4d).

The search for compositionally complex materials, such as 
HEOs, is driven by the potential to identify as yet undiscovered 
scientifically interesting and technological relevant materials 
with unique novel properties for future applications. Typically, 
a functional material contains a well-balanced combination of 
major elements and dopants. For example, ceria doped with 
other rare earth elements or the addition of Ce to multicompo-
nent oxides has resulted in materials that are used for UV light 
blockers, gas sensors, oxygen separation membranes, oxygen 
storage capacitors, catalysts, and solid oxide fuel cells. All these 
material applications depend on the absence of stoichiometry, 
originating from oxygen vacancy concentration[80] (OVC). Addi-
tionally, engineering the band gap (BG) of rare earth oxides, 
like in CeO2, opened the possibility to make the material photo-
active in the visible light spectrum with its potential use in 
photocatalytic applications.[81–83] It is well known that Raman 
spectroscopy is a powerful tool to compare OVC in rare earth 
metal oxides with a fluorite structure, which can be achieved 
by finding the ratio between the intensities of the peaks at 
≈560–600 and ≈460 cm−1 (I560/I460) in the Raman spectra.[84] Out 
of the 91 compositions presented in Figure 3, 76 samples show 
a single-phase fluorite structure, while in 3 samples the fluorite 
structure is nearly 98%, that is, a total of 79 samples can be 
considered to possess a fluorite structure. Meanwhile, the BG 
of oxides can be obtained from UV–vis spectroscopy.

As an example of the potential use of the phase–property 
diagram concept developed in the present study, the OVC and 
BG were measured and combined with the structural infor-
mation. Further details for the OVC and BG calculation using 
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Figure 3. Isothermal phase diagrams at 750 °C for 91 oxides, highlighting which of the oxides yields a single or a multiple phase. a) Isothermal multi-
component phase diagram at 750 °C comprising 91 compositions for the chemical deviations from the HEO system (Ce0.2Pr0.2La0.2Sm0.2Y0.2)O2−δ 
(samples #16–106, containing three or more elements). The symbols at the respective compositions show the single or multiple phase nature of the 
samples (see X-ray diffractograms in Section S10, Supporting Information). The contour color map relates the configurational entropy Sconfig for each 
of the samples, calculated using Equation (1). b) Isothermal crystallographic phase map obtained for the chemical space of 91 oxides. Note that in 
order to fit all the 91 samples in one multicomponent phase diagram the constituent cation axes are repeated, and therefore the amount of points in 
the figure increases by 20. Details on how to read/interpret Figure 3 are discussed in the text.
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automated Raman spectroscopy and automated UV–vis spec-
troscopy, respectively, are given in the experimental section. 
Figure 5a shows the landscape of OVC integrated with the struc-
tural data from Figure  3. The OVC was also empirically esti-
mated and it is plotted in Figure S7, Supporting Information. 
Only small differences can be observed between the landscapes 
of experimental and calculated OVC, which can be attributed 
to the accuracy of the measurement. In Figure 5a, red regions 
have the highest OVC value, while dark blue regions have the 
lowest OVC value. Although OVC cannot be considered as a 

property of the material, it is possible to conclude that compo-
sitions in the red and yellow regions in Figure 5a are possible 
candidate materials for solid oxide full cells.[80] Meanwhile, the 
green and blue regions in Figure 5a can be chosen for applica-
tions requiring low OVC.

Figure  5b shows the landscape of the direct BG (samples 
#16–106) integrated with the structural data from Figure 3. The 
BG values for all the samples can be found in Table S2, Sup-
porting Information, along with the references of BGs reported 
in literature for some of the same systems as ours (it is worth 

Adv. Mater. 2021, 2102301

Figure 5. Landscape for the oxygen vacancy concentration (I560/I460) and the direct band gap in the isothermal multicomponent phase–property dia-
gram at 750 °C. a) The contour color map visualizes the landscape of OVC obtained by the comparison of the I560/I460 ratio for each sample. The blank 
sections in the contour plot belong to samples that have an Ia-3 crystal structure or multiple phase structures. b) The contour color map shows the 
direct band gap obtained for each sample. The band gap value for samples 19, 20, 22, and 23 is >3 eV (see text and Table S2, Supporting Information for 
the band gap values of all the samples) and to enhanced visualization, the relevant area was shaded with red lines. The symbols are used to highlight 
if the specific sample displays or not multiple phase (refer to Figure 3 section for a detailed explanation on the figure interpretation).

Figure 4. Machine learning models. a) Example of a correct ML prediction of a mixed phase XRD measurement, including explanations (red: toward 
mixed phase, blue: toward pure phase). b) Feature influences computed using a logistic regression model. c,d) Most relevant composition features 
used by the logistic regression model to predict pure and mixed phases.
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noting that only 18 BGs, out of the 106 samples produced in 
this study, have been reported in the literature). Figure 5b can 
be divide in three regions according to the variation of the BG. 
The regions with red color (BG range within 2.17–2.26  eV) 
belong to samples with low Pr content (between the axes 
labeled with Pr-Ce, Pr-La, Pr-Sm, and Pr-Y). An intermediate 
green colored region within the midrange of the BG values (BG 
range within 1.98–2.17 eV) contains samples with low Ce con-
tent (between the axes labeled with Ce-La, Ce-Sm, and Ce-Y). 
The lower BG values are in the blue regions (BG range within 
1.86–1.98 eV) and emerged for the samples with high amounts 
of both Ce and Pr (between the axes labeled with La-Sm, La-Y, 
Sm-Y). The energy difference between the energy levels of Pr 4f 
and O 2p is the lowest (≈1.9 eV) among the cations used in the 
present study, which results in low BGs (as low as ≈1.9 eV) in 
Pr containing systems.[71,85,86] Hence, samples without or low 
Pr content are expected to display higher BGs. Similarly, the 
energy difference between Ce 4f and O 2p is ≈3.2 eV, which is 
lower compared to that of La4f/Sm4f/Y5d and O 2p (≈5.5eV) 
and still greater than the energy difference between Pr 4f and 
O 2p.86] Therefore, high contents of both Ce and Pr contribute 
to a low BG values, and samples with low amounts of Ce and 
high amounts of Pr contribute to an intermediate BG values. The  
BG value follows a trend according to the concentration of the 

cations 
eV eV eV

Ce Ce
< <

↑ ↑< ↓ ↑< ↓
1.86 2 2.2

Pr Pr Pr . It is noteworthy that the BG 

value changes in the contour plot from the center to the corners 
and it depends on the variation of Pr and Ce content.

Depending on the desired functional property or the intended 
application, such phase–property diagrams, here with the inte-
grated BG landscape, allows the selection of the most promising 
candidates. Figure 5 can be considered as the starting point for 
selecting a multicomponent material with a desired functional 
property and subsequent refinement by narrowing the compo-
sitional variations. For example, if a multicomponent material 
with a single-phase fluorite structure that has a high amount 
of OVC and a low BG value is desired then the optimum candi-
dates (based on Figure 5) could be samples 32, 46, 48, 78, and 81. 
The aforementioned example of a material with a single-phase 
structure, illustrates the possibility of employing the power of 
the phase–property diagram for selecting a single-phase mate-
rial, among many different combinations of elements, crystal-
lographic structures, or functional properties.

3. Conclusion

The systematic elaboration of phase–property diagrams for 
multicomponent systems will eventually lead to an under-
standing of the crystal structure evolution and of the stabilizing 
factors in these materials. Moreover, by integrating the meas-
ured property values into the phase diagram, the optimum 
chemical composition for a desired set of properties can be 
identified or at least the compositional region of interest can 
be narrowed down, hence, facilitating the search for the com-
position that likely yields the desired set of properties for the 
intended functional application. However, the proposed phase–
property diagram visualization is only one possibility among 
other options to visualize materials libraries.[66–70]

The HT screening of many different chemical variations of 
the 5-cation HEO system made it possible to show that not 
only Ce but also Pr can stabilize multicomponent rare earth 
oxides in a single-phase crystal structure. In this study, at least 
78 of the produced samples have not been reported before in 
the literature (see Table S2, Supporting Information), even 2 
ternaries were not reported (possibly because they do not form 
single-phase crystalline structures).

The range of possibilities for the present methodology are 
far reaching. For example, in the present study, the BG value 
varied from ≈1.86 to ≈2.26  eV within the quinary systems (all 
the samples were calcined at the same temperature, i.e., an iso-
thermal phase diagram). It has been shown that the BG of the 
HEO chosen for the present proof of principle study can be fur-
ther tuned from ≈2 eV up to ≈3.21 eV[86] upon heat treatment 
in a reducing atmosphere. Furthermore, by performing heat 
treatments at higher or lower temperatures it will be possible 
to further vary the BG values. Certainly, further studies should 
be conducted using the automated methodologies, leading to 
comprehensive microstructure–property relationships.

The currently available robotic system can fabricate more 
than 100 samples per day, while the automated characterization 
of structure and properties for 300 samples typically requires 
1 week. Thus, in 1 year, with only one set of fairly inexpensive 
HT equipment and without further optimization, it is possible 
to synthesize and characterize more than 15 000 combinations, 
which allows to establish the complex structure–property rela-
tionships even for very complex multicomponent materials. 
Automated and potentially machine learning enhanced data 
analysis, as shown here for the example of XRD diffracto-
grams, paves the way to a fully automated and autonomous HT 
screening platform. By combining such automated platform 
with AI models,[3,18] it will be possible to achieve a high degree 
of autonomy for the efficient exploration of large materials 
parameter spaces and thus increasing the likelihood for new 
materials discovery. Conducting experimental combinatorial 
studies from all the combinations of elements in the periodic 
table, one experiment at a time, is an intractable task. Instead, 
our study aims to encourage further development of theoret-
ical and simulation approaches in the field of multicomponent 
systems to provide targeted compositions that can be explored 
using HT methods. This synergistic approach should have the 
dual benefits of shorting the time for new materials discovery 
and increasing its likelihood.

Although HT has been used for decades, only now it is 
implemented in the field of ceramic multicomponent oxide 
materials (at least five elements). In our study we have demon-
strated that by using an automated synthesis approach (based 
on liquid precursors metal salts), in analogous to HT studies in 
organic chemistry, it is possible to produce ceramic materials 
and implement doping studies. As many ceramics can be fab-
ricated using wet chemistry methods, like reverse co-precipita-
tion, it is possible to extrapolate our synthesis fabrication to not 
only fabricate multicomponent oxides but also multicomponent 
metal carbides, metal nitrides, metal sulfides, metal oxynitrides, 
among many other types of ceramic materials. It is important 
to highlight that the automated wet chemistry method can 
be further developed into a highly autonomous fashion, such 
that several parameters of the synthesis process (e.g., solution 
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concentration, precipitating agent and precursor solution ratio, 
and drying temperatures) can be monitored toward optimized 
experimental conditions.

4. Experimental Section
Automated Sample Synthesis—From Nitrate Salts to Oxides: The nitrate 
salts of Ce, La, Pr, Sm, and Y were used as precursors, and a water-
based solution for each of the salts with a concentration of 0.1 mol L−1 
was prepared and stirred for 1 h.

Nitrate salts:
Ce(NO3)3 · 6H2O, ALFA AESAR, 99.9%
La(NO3)3 · 6H2O, Sigma-Aldrich, 99.9%
Pr(NO3)3 · 6H2O, ABCR, 99.9%
Sm(NO3)3 · 6H2O, ABCR, 99.9%;
Y(NO3)3 · 6H2O, ABCR, 99.9%
The automated combination of the water-based solutions was 

achieved by using a pipetting robot (opentrons OT-2) and the entire 
process is described as follows:

Step 1: The water-based nitrate salts solutions, in desired volumes 
(in Table S1, Supporting Information, the amount of volume that 
was used for each mix is presented) are transferred and combined 
in a designated well position of a standard 360  µL 96-well plate. The 
solutions in the standard plate are mixed and stirred during the whole 
process. The formation of the desired oxides requires high temperatures 
(>700 °C) and the standard plate (made of polymer) is not suitable 
for such temperatures. Therefore, quartz plates (70 × 60 × 5 mm, with 
0.3 mm well deepening and 5 mm diameter per well, total of 99 wells) 
were fabricated and are used for the high temperature oxide formation 
process.

Step 2: To initiate the reverse co-precipitation, 10  µL of ammonia 
(ammonia solution 28–30%) are deposited with the aid of the 
automated pipetting system to the desired position in the quartz plate, 
follow by deposition of 5 µL of the desire liquid combination (from the 
standard plate). The process is repeated for each of the combinations 
in the standard plate and replicated five times. During the whole time, 
the quartz plate is heated at 80 °C and after all the depositions are 
completed, the quartz plate is dried at 80 °C for 1 h.

Step 3: The quartz plate is transferred to a furnace in which a heat 
treatment is carried out at 750 °C for 6 h (heating rate 5 °C min−1—air 
atmosphere). The quartz plate is let to cool down to room temperature 
in the furnace.

Automated X-Ray Diffraction: XRD experiments were conducted in a 
STOE Stadi P diffractometer, equipped with a Ga-jet X-ray source using 
Ga-Kβ radiation (1.207930 Å), with a spot size of ≈200  µm, and an 
in-house modified XY stage for automated sample measurement. All the 
X-ray diffractograms were acquired in transmission mode, the samples 
were carefully scooped from the quartz plate and placed between two 
polyamide tapes (see Figure S8, Supporting Information for the two 
polyamide tapes X-ray diffractogram) to an in-house modified holder 
with 96 positions (designed for automated XRD measurements). For 
all the samples, a semi-automated Rietveld refinement was made using 
Xpert Highscore Plus software to calculate the phases present and their 
respective amounts, lattice parameters, and crystallite size.

Automated Raman Spectroscopy: Raman spectra were obtained using 
a Renishaw Raman microscope with infrared (785 nm) laser in the range 
of 300–700 cm−1. Three different positions per sample were evaluated 
and the average of the three spectra was taken. Each spectrum was the 
result of one accumulation lasting 30 s. The ratio between cumulative 
intensities of the peak at ≈560–600 cm−1 (originating from the presence 
of oxygen vacancies) and the peak at ≈460 cm−1 (F2g vibration mode, 
originating from the vibration of oxygen ions surrounding Ce and Pr 
cations with +4 oxidation state) is generally used to compare OVC in 
systems with fluorite structure (I560/I460).[84] The Raman peaks are fitted 
with a Gaussian function using Origin Software. Peaks that cannot be 
fitted using a single Gaussian are fitted with two Gaussians and the sum 

of the two Gaussians are taken as the intensity of the peak (see Section 
S10, Supporting Information for the Raman fitted spectra).

Automated Chemical Composition: A scanning electron microscope 
(LEO 1530) equipped with an energy dispersive spectroscopy (EDS) 
detector (Oxford) was used to determine the chemical composition 
of each sample in the quartz plates. The acceleration voltage was 
20 kV, and the working distance 8.5 mm. To avoid charging during the 
chemical composition acquisition, the quartz plates were sputter coated 
with a 20 nm gold layer. The AZTEC software (Oxford) was used to map 
the quartz plates and obtained the chemical composition data (see 
Table S1¸ Supporting Information for the chemical composition data, 
Figures S1 and S2, Supporting Information, for the chemical composition 
map of the samples in the quartz plate, and Section S10, Supporting 
Information), the oxygen concentration was not calculated from the 
EDS spectra due to the substrate effect (made of quartz SiO2), instead 
O and Si were used for deconvolution and fitting the EDS spectra to 
obtain the concentration of the cations. For samples 1–15, the mapped 
area was 60 × 14 mm and consist of 106 images. For samples 16–106, the 
mapped area was 60 × 70 mm and consist of 568 images. Each image 
has an area of 3.27 × 2.45 mm, the resolution for data acquisition was 
256 × 192 pixels (each pixel size ≈12.7 µm).

Transmission Electron Microscopy: A Themis-Z (Thermo Fisher) 
transmission electron microscope (operating at 300  kV) was used to 
study the phase purity and chemical composition (in scanning-TEM 
mode) of the specimen. The chemical composition data was collected 
with a super-X EDX detector. The sample powder was directly dispersed 
onto a carbon coated copper grid for the TEM studies.

Automated Ultraviolet–Visible (UV–vis) Spectroscopy: UV–vis spectra 
were obtained using a Cary 60 (Agilent) equipped with a remote fiber 
optic diffuse reflectance accessory (barrelino). The spectra were baseline 
corrected and run over the range 1100–200  nm with a scan speed of 
600 nm min−1, a total of five measurements were made on each sample. 
The values reported in Figure 5b and in the Supporting Information are 
the average of all the diffuse reflectance measurements conducted on 
each sample and can be found in Table S2, Supporting Information. The 
spot size of the UV source is ≈1  mm diameter. The 100% reflectance 
baseline was collected using a white PTFE standard. The automated 
measuring process is shown in Figure 1 and it is driven by a XYZ robot 
for sample position exchanging. To avoid light interaction with the 
measurements, the complete device is enclosed within a black box 
during the measurements period.

The BG value was obtained for each UV–vis spectra by using the 
analogous Tauc method which is based on the relation between BG (Eg) 
and the Kubelka–Munk (K–M)[87] or reemission function, F (R∞).

1
2

2

F R K
S

R
R( ) ( )= =

−
∞

∞

∞  
(2)

where sampleR
R
Rstandard

=∞  is the reflectance of the sample, K and S are the 

absorption and scattering K–M coefficients, respectively. The analogous 
Tauc method can be expressed by the relation

1

F R hv C hv Eg( )( )( ) = −γ∞  
(3)

where h is the Planck constant, v is the photon’s frequency, Eg is the 
band gap energy, and C is a constant. The γ factor depends on the 
nature of the electron transition and is equal to 1/2 or 2 for the direct 
and indirect transition band gaps, respectively.[87] The BG value is 
obtained at the intersection of the linear region of the analogous Tauc 

plot, F R hv hv( ( ) ) vs
1
γ

∞ , in the photon energy axis (hv). The transformed 

data and BG value extraction are displayed in Section S10, Supporting 
Information for all the samples.

Machine Learning: The machine learning model for binary 
classification of XRD diffractograms was trained on a synthetic 
dataset with 5000 samples which was constructed based on three 
reference XRD diffractograms of pure Fm-3m, Ia-3, and P63/m. The 
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diffractograms were shifted and scaled in x- and y-direction and added 
to Gaussian noise and randomized smooth background signals (third 
order polynomials). In 50% of the cases, random additional Gaussian 
peaks or additional reference diffractograms were added to generate 
artificial XRD diffractograms of non-pure phases. Using this procedure, 
we generated a synthetic dataset of 5000 diffractograms, which we used 
to train a convolutional neural network (CNN). A discretized form of 
the XRD intensities were used as an input vector, followed by three 1D 
convolutional layers with ten kernels of size 5 each, ReLU activations, 
same padding, followed by 5% dropout and max-pooling with size 2 and 
stride 2, ending with a densely connected ReLU layer with 150 neurons, 
L1 and L2 regularization (regularization parameter 0.001) 5% dropout 
and finally a simple neuron with a Sigmoid activation function for 
binary classification. The Adam optimizer and a binary-crossentropy 
loss function were used for training, with a learning rate starting with 
10−2 for 100 epochs, followed by an exponential learning rate decay to 
10−4 for additional 100 epochs. The training curve is shown in Figure S5, 
Supporting Information. SHapley Additive exPlanations (SHAP) analysis 
of the trained neural network was performed to obtain intuitive 
interpretations of the machine learning model.

The test set accuracy on the synthetic data is ≈94%, while on the 
real experimental data which was not used for training, we obtain an 
accuracy of 86%, that is, 91 of 106 samples were classified correctly (see 
Supporting Information for further discussion). All wrong classifications 
were pure phases which the CNN model predicted as mixed. All CNN 
predictions are associated to a classification (un)certainty, which can be 
used in a semi-autonomous system to decide if manual post-processing 
and analysis is required. Furthermore, we used SHAP analysis to 
generate intuitive insights into the predictions of the neural network.[88]

A second machine learning model (logistic regression) was trained 
on the 106 experimentally measured data points with only the HEO 
compositions plus logical “and” combinations of the compositions as an 
input. Analysis of the logistic regression coefficients shows the importance 
and influence of the input features with respect to the prediction.

Supporting Information
Supporting Information is available from the Wiley Online Library or 
from the author.
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