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Recently, machine learning (ML) has become a widely used technique in materials science study. Most
work focuses on predicting the rule and overall trend by building a machine learning model. However,
new insights are often learnt from exceptions against the overall trend. In this work, we demonstrate that
how unusual structures are discovered from exceptions when machine learning is used to get the rela-
tionship between atomic and electronic structures based on big data from high-throughput calculation
database. For example, after training an ML model for the relationship between atomic and electronic
structures of crystals, we find AgO2F, an unusual structure with both Ag3+ and O2

2�, from structures whose
band gap deviates much from the prediction made by our model. A further investigation on this structure
might shed light into the research on anionic redox in transition metal oxides of Li-ion batteries.

� 2019 Science China Press. Published by Elsevier B.V. and Science China Press. All rights reserved.
1. Introduction

In recent years, a variety ofmachine learning (ML)methods have
been adopted to analyze high-throughput experimental or
computational data [1–6], which helps to find new insights and
spark novel ideas for material design. ML is the center piece of the
artificial intelligence. One of its applications in materials science is
aimed at establishing the relationship between structure and prop-
erty, the ultimate goal inmaterials science.More specifically, it tries
to establish a predictive relationship between the material finger-
prints (including the features of the constituent elements, the
atomic structure information, and any combination of these fea-
tures) and the target property which we are interested in. The pre-
dictive power of ML schemes has been demonstrated in previous
literatures focusing on properties such as band gap [7–10], elastic
moduli [11], phase stability [12], ionic conductivity [13], thermal
conductivity [14], melting temperature [15], and onset temperature
of glass transition [16]. In these studies, the goal is to establish anML
model training on existing database. This model is then used to
predict the properties for compounds where prior experimental
and theoretical data do not exist. While tremendously useful, such
model nevertheless does not help us to understand the rules and
physics underlying the relationship between structure and
Elsevier B.V. and Science China Pr
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property. Traditional materials science research is needed for a
comprehensive understanding of them [17].

The success of ML schemes in previous studies is based on the
presumption that a model developed based on the common trend
of the data inside the database can be applied to most of the com-
pounds. This presumption is valid for the ‘‘normal” compounds
which have regular structural units as in the majority cases of
the material database. Yet, there are always exceptions, and very
often it is these exceptions which shed some new insights about
the underlying physics, and open up new frontiers in science.
The study of these exceptional cases can help us to establish new
categories and rules. For example, while there is good correlation
between the cohesion energy and melting point in a metallic sys-
tem, Sn shows great deviation from the trend. Shao et al. [18,19]
have made a careful examination over this and compared Sn to a
‘‘typical” system of Ag, finding the reason to be the relatively low
melting point comparing to the Debye temperature for Sn. It has
also been shown by Paul et al. [20] that we can learn from failing
data by gathering the ‘‘abnormities” and deriving their common
trends. However, such exceptional, or say the unusual cases are
often difficult to find, especially in the traditional rational scientific
inquiry approach. Here, we show how the ML can be used as a tool
to pick up such unusual cases, and how such unusual cases can
then be studied with traditional rational analysis to broaden our
scientific knowledge. More specifically, in this work, we have iden-
tified 34 unusual compounds out of about 4,000 compounds in the
ess. All rights reserved.
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database by looking at the outliners in the ML trained model pre-
diction for the band gap, many of which show unusual structural
units or other abnormities as reflected by the relationship between
atomic and electronic structures. Afterwards, we choose one of
them for investigation, AgO2F, which has an unusual structure with
both Ag3+ and O2

2�.
2. Materials and methods

The workflow of our work is shown in Fig. 1. Data from existing
database were used for machine learning, and structures with large
prediction error were examined. Detailed HSE analysis were per-
formed for those structures that contain unusual structural units
and show rather large errors between the calculated band gaps
and predictions by ML model. For other structures, we tried to find
whether they show some abnormity by comparing with similar
structures. Some unusual trends were found in this way, and for
the rest of the structures,webelieve that either ourmodel still needs
improvement, or the underlying physics are yet to be explored.

The original data were derived from MG database, a recently
built electronic structure database constructed with both PBE
and HSE calculations. The details of the database can be seen on
website http://www.pkusam.com/bdm/. Structures with HSE band
gaps larger than 0.1 eV were used.

In ML, we have built a model to predict the relationship
between atomic structures and band gaps that were calculated
using HSE. The model was trained using Lightgbm [21] with atomic
positions in crystal structures with their symmetries (e.g. space
group numbers) treated as categorical features in the scheme.
5-fold cross validation was used.

Features were generated in a similar way with Curtarolo et al.
[10] in their work. Firstly, we chose 18 physical properties for each
element. We used row number in periodic table, group number,
electronegativity, enthalpy of fusion, enthalpy of atomization,
enthalpy of vaporization, atomic mass, thermal conductivity
(https://www.webelements.com/), covalent radii [22], element
heat capacity, polarizability, ionization potential, standard molar
entropy [23], molar volume (http://periodictable.com/Properties/
A/MolarVolume.html), and valence electron that is commonly used
in DFT calculations (http://cms.mpi.univie.ac.at/vasp/vasp/Recom-
mended_PAW_potentials_DFT_calculations_using_vasp_5_2.html).
Secondly, we made more properties by multiplication and division
of these physical properties. Seven features were generated from
each of these properties: the minimum of the property in all atoms
Fig. 1. The whole workflow.
in a unit cell, the maximum, the average, the standard error, the
sum, and two others calculated with galvez matrix. Galvez matrix
was obtained by multiplying the adjacency matrix A by the recip-
rocal square distance matrix D, and the last two features for a
property q was calculated as

TE ¼
Xn�1

i¼1

Xn

j¼iþ1

qi � qj

�� ��Mij;

TE
bond ¼

X

fi;jg2bonds
jqi � qjjMij:

Thirdly, we calculated the coordination number, average bond
lengths and the ratio between average bond lengths and covalent
radii for each atom in the unit cell. We not only calculated mini-
mum, maximum, sum, average and standard error for all these
properties among each kind of atom in the unit cell, but also calcu-
lated these features for all metal atoms and all nonmetal atoms,
respectively. We also used a feature to denote whether there were
bonds between nonmetal atoms in the structure.

Fourthly, we classified structures into molecular crystals, ionic
crystals with only simple ions, ionic crystals with groups like
PO4

3�, and covalent crystals. Features denoting whether the struc-
ture is 2D- or 3D-structures and whether all atoms are in their
common oxidation states, as well as the d electron configurations,
were taken into account.

Fifthly, some overall features were added regarding the crystal
system, including space group number, number of elements,
atomic density, and cell parameters.

Lastly, while keeping all categorical features, we used SelectKB-
est method in scikit-learn [24] to choose numerical features that
have the greatest correlation with gaps and the final number of
features used is 500.

The DFT calculations were performed by using PWmat [25–27].
NCPP-SG15-PBE pseudopotential [28,29] was used with a 50 Ryd
cutoff in plane wave basis set. The unit cell for AgO2F contains 2
formula units, and that for KAgO2 contains 1. Kpoints for AgO2F
were 5 � 4 � 4 in self-consistent calculation, and 6 � 5 � 5 in
non-self-consistent calculation. Kpoints for KAgO2 were 7 � 6 � 4
in self-consistent calculation, and 9 � 7 � 5 in non-self-consistent
calculation.

3. Results and discussion

The overall performance of our model is comparable with
existing works, despite the relatively small dataset we have used.
R2 score of our model is about 0.89. The scatter plots of results
and distribution of prediction errors are shown in Fig. 2.
Fig. 2. (Color online) The machine learning results. (a) The scatter plot for predicted
and calculated band gaps, and (b) the histogram of errors and the kernel density
estimation of the probability density function. Errors > 2 eV are regarded as large
and the corresponding structures are labeled as red points in (a) and in red region
(outside of red dashed line) in (b).
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Fig. 3. (Color online) Comparison between atomic structure of AgO2F and KAgO2.
(a) Crystal structure of AgO2F, (b) coordination environment of Ag in AgO2F, (c)
crystal structure of KAgO2, and (d) coordination environment of Ag in KAgO2.
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There are many different kinds of structures with large predic-
tion errors. Structures that have unusual structure units which
affect the band gaps are listed in Table 1. Unusual structure units
include unusual coordination circumstances, unusual oxidation
states and ions that are not that common, like highly-distorted
[MnO6] octahedra in Mn9(PO4)8, +4 formal charge of Bi atoms in
Y2Bi2O7, hybrid valence of transition metals in Li3Ni3O3F5, and
metabisulfite ions in K2S2O5. A more detailed analysis for these
structures can be found in the Supplementary Data. Some other
structures also have unusual structure units, but it needs more
investigation to figure out how these units affect band gaps.
Large-error structures may also help us to discover abnormities
other than structures, like the abrupt increase in band gap of LiF
comparing with other alkali halides, or the change in phase struc-
ture in IVA-VA covalent compounds. These will be listed and briefly
discussed in the Supplementary Data, too.

There is one structure that raises our particular interest, AgO2F,
which is first found by global structure prediction with minima
hopping method [30] and is included in ICSD database with collec-
tion code 670057. The formula implies some kind of interesting
oxidation states in this structure, and this may have implications
on anionic redox property, a recently hot topic on Li-ion batteries.
Therefore, we take a deeper investigation in that structure. The
first step will be the determination of oxidation states of atoms.
The structure of AgO2F is shown in Fig. 3a, and the calculated elec-
tronic structure is shown in Fig. 4a, b. The densities of states (DOS)
plot is symmetric, and, as can be seen from Fig. S1 (online), the par-
tial DOS of each O atom is symmetric as well. This means that the
electrons in this system form pairs and there is no unbonded elec-
tron. Superoxide ions and Ag2+ have odd numbers of electrons, so
they may not exist in this system. The O can then only exist as
either peroxide ion or simple oxide ion [31]. The distance between
O atoms is 1.30 Å, which indicates the existence of a chemical bond
and precludes the existence of simple oxide ion. Besides, if O atoms
exist as oxide ion, the silver will be in an irrational +5 oxidation
Table 1
(Color online) Structures with a prediction error >2 eV that have unusual structure units.

Formula Eg (eV) Struc

Calculated Predicted

K2S2O5 4.407 6.530

Y2Bi2O7 0.517 2.529

Mn9(PO4)8 0.480 2.581

Li3Ni3O3F5 0.594 2.938

a) O, S, Mn, Bi, Ni and F.
states. As a result, O atoms can only be in the form of peroxide ions,
and Ag should be in +3 oxidation state.

Then, we need to explain the failure of our model in this struc-
ture. It is found that this structure shows an unusually small band
gap comparing with other Ag(III)-containing structures. As can be
seen in Table 2, other such structures generally have a band gap
near or larger than 1.8 eV, while the band gap of AgO2F is only
about 0.5 eV.

To better understand the small band gap, we choose KAgO2, a
structure in which Ag atoms are also in +3 oxidation state and
planar square coordination, as a comparison. The atomic and
electronic structure of KAgO2 is shown in Figs. 3b and 4c, d, respec-
tively. It can be seen that Ag and O have nearly equal contribution
to the valence band maximum and conduction band minimum to
ture unitsa) Details in the Supplementary Data

Fig. S2

Fig. S3

Fig. S4

Fig. S5



Fig. 4. (Color online) Comparison between electronic structure of AgO2F and KAgO2.
(a) DOS plot of AgO2F, (b) illustration for the band structure of AgO2F, (c) DOS plot of
KAgO2 and (d) illustration for the band structure of KAgO2.

Table 2
Calculated HSE band gaps for structures with Ag oxidation higher than +1.

Formula Calculated band gap (eV)

KAgO2
a) 2.008

KAgO2
a) 2.616

LiAgO2
a) 1.829

LiAgO2
a) 1.853

Ag2P2S6 2.462
NaAgO2 1.997
LiAgF4 2.632
Ta2AgF12 3.076
ScAgO3 1.209
SrAgO2 1.460
Cs2KAgF6 2.791
AgO2F 0.461

a) Structures are shown in Fig. S9 (online).
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KAgO2, while in AgO2F the contribution of Ag diminishes. Given
that Ag ions are in the same oxidation state in both compounds
and that the charge of K ions seldom differs from +1, the different
scenario in electronic structures should be originated from the
valence state of O ions. It is illustrated in Fig. 4 that the states near
the band edges in AgO2F are dominated by the non-bonding O-2p
orbitals, which correspond to the unique features in peroxide
dimer ions (O2�

2 ) and exhibit similarity to typical peroxide materi-
als such as Li2O2. The weak hybridization between these non-
bonding orbitals and the orbitals of Ag eventually results in an
unexpected decrease in band gap. Moreover, it should be empha-
sized that peroxide ions mostly exist in alkali compounds. The
unstable +5 and metastable +3 states of Ag ion, as well as the unu-
sual crystal structure of AgO2F, could be the reason behind the sta-
bilization of peroxide state of O ions in this little-explored material
that has no alkaline ions. Similar phenomenon is also observed for
CuO2F, which has a crystal structure closely resembling that of
AgO2F and a large prediction error for band gap of 1.7 eV that,
though smaller than the 2 eV threshold, can still distinguish the
role of peroxide dimer ions on the electronic structure. The oxo-
to-peroxo (O2� to O2�

2 ) transformation is generally recognized as
anionic redox [32], a property that differs from the commonly-
known cationic redox (e.g. the change in valence states of transi-
tion metal ions) and is currently a popular topic in materials
science. Our result gives a new example of anionic redox, which
offers a link to the phenomenon commonly found in Li-excess elec-
trode materials. We believe that AgO2F can be explored as a proto-
type for studying the anionic redox property in materials that
contain ions (Ag3+ in this case) in uncommon valence states and
manifest unusual crystal structures.

4. Conclusions

In this work, we perform machine learning for the prediction of
band gap on a high throughput HSE calculation database to get the
relationship between atomic and electronic structures. By analyz-
ing the structures with remaining large errors, we find interesting
physics, which might be due to the sudden change of a trend
among common structures, the unusual valence states in the ions
of ionic groups, or unusual coordination circumstances in the
structures. Among them there is an interesting structure of AgO2F.
We have made a deep investigation in it and found that it contains
both Ag in +3 oxidation states and peroxide ions. This offers a new
example for anionic redox property, a hot topic in the investigation
of Li-excess electrode materials. We demonstrate that combining
the MLmodel to identify unusual structure, and traditional rational
analysis to study these structures might provide an alternative use
of machine learning in materials research, which can help us to
uncover new physics and novel structural units from the existing
materials science databases.
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