
Journal of
Materials Chemistry A

PAPER

Pu
bl

is
he

d 
on

 1
6 

8 
20

19
. D

ow
nl

oa
de

d 
on

 2
02

5-
10

-3
1 

 9
:1

6:
26

. 

View Article Online
View Journal  | View Issue
Rationalizing the
aMaterials Genome Institute, Shanghai Univ
bDepartment of Physics, Shenzhen Institu

Southern University of Science and Technolo
cState Key Laboratory of High Performance

Shanghai Institute of Ceramics, Chinese A

China
dDepartment of Materials Science and Engin

WA 98195, USA. E-mail: jiongy@t.shu.edu.cn

† Electronic supplementary informa
10.1039/c9ta06748e

Cite this: J. Mater. Chem. A, 2019, 7,
19961

Received 23rd June 2019
Accepted 5th August 2019

DOI: 10.1039/c9ta06748e

rsc.li/materials-a

This journal is © The Royal Society of C
interphase stability of Li|doped-
Li7La3Zr2O12 via automated reaction screening and
machine learning†

Bo Liu,ab Jiong Yang, *a Hongliang Yang,bc Caichao Ye,b Yuanqing Mao,b

Jiping Wang,b Siqi Shi, a Jihui Yang *d and Wenqing Zhang*b

Lithiummetal batteries are a promising candidate for future high-energy-density energy storage. However,

dendrite growth and the high reactivity of the Li metal anode result in low cycling efficiency and severe

safety concerns. Here, we present a strategy to stabilize the lithium metal anode through cation doping

in Li7La3Zr2O12 (LLZOM, M ¼ dopant). High-throughput automated reaction screening together with

a machine learning approach are developed to evaluate possible reactions and the thermodynamic

stability of the Li|LLZOM interfaces under various chemical conditions. It is discovered that some

dopants, such as M ¼ Sc3+ (doping on Zr site), Ce3+ (La or Zr), Ac3+ (La), Y3+ (La or Zr), Tm3+ (La or Zr),

Er3+ (La or Zr), Ho3+ (La or Zr), Dy3+ (La or Zr), Nd3+ (La or Zr), Tb3+ (La or Zr), Pr3+ (La), Pm3+ (La or Zr),

Sm3+ (La or Zr), Gd3+ (La or Zr), Lu3+ (La), Ce4+ (Zr), Th4+ (Zr), and Pa5+ (Zr), exhibit thermodynamic

stability against Li; while others, M ¼ Ca2+ (La or Zr), Yb3+ (La), Br3+ (Li), Te4+ (Zr), Se4+ (Zr), S4+ (Zr), Hf4+

(Zr), Cl5+ (Zr), and I5+ (Zr), may lead to the spontaneous formation of a stable, passivating solid electrolyte

interphase (SEI) layer on the Li metal, and alleviate dendritic lithium growth. From the machine learning

approach, the formation energy of oxides MxOy emerges as the most crucial feature dominating the

route of interface reactions, implying that the M–O bond strength governs the interface stability of the

cation-doped LLZOM. The machine learning model then predicts 18 unexplored LLZOM systems, which

are all validated in subsequent calculations. Our work offers practical insights for experimentalists into

the selection of appropriate dopants in LLZO to stabilize Li metal anodes in solid-state batteries.
Introduction

Lithium (Li) metal is an ideal anode material for next-
generation high-energy- and high-power-density batteries
owing to its extremely high theoretical specic capacity
(3860 mA h g�1), low density (0.59 g cm�3 at room tempera-
ture), and the lowest negative electrochemical potential
(�3.040 V vs. H/H+).1–3 Enabling Li metal anode has been
regarded as the “Holy Grail” and is confronted by many chal-
lenges. Li dendrite formation and propagation, and Li anode
pulverization in liquid electrolytes cause poor cycling perfor-
mance, low coulombic efficiency, and severe safety concerns
during battery cycling, which have hampered the practical
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applications of the Li metal anode over the past decades.4,5

Solid-state electrolytes (SSEs) are a potential solution to these
issues inherent to Li metal. Ideal SSE materials should possess
high Li+ conductivity (e.g., >10�4 S cm�1 at room temperature),
be electrically insulating, have a wide electrochemical window
(e.g., >6 V vs. Li+/Li), possess stability against both electrodes
and moisture, etc.6 One major challenge in developing solid-
state batteries stems from the lack of understanding of elec-
trode–SSEs interfacial stability, specically the Li metal–SSEs
interface.7,8 To prevent the reduction of Li metal, SSEs that are
thermodynamically stable or that form stable passivation
layers against Li metal are needed. The state-of-the-art SSE
materials, including suldes (Li10GeP2S12 (ref. 9) and Li7P3S11
(ref. 10)), oxynitrides (LiPON11), perovskite (Li0.33La0.56TiO3

(ref. 12)), and NASICON-type (Li1.3Al0.3Ti1.7(PO4)3 (ref. 13) and
LiZr2(PO4)3 (ref. 14)), can be reduced to form a solid electrolyte
interphase (SEI) layer at the interface once in contact with the
Li metal anode. If the SEI layer is electrically insulating, it
passivates the SSE materials against further Li reduction,
which is critical to achieve good stability.15 Among various SSE
materials, the garnet-type Li7La3Zr2O12 (LLZO) has drawn
much attention because of its high Li+ conductivity at room
J. Mater. Chem. A, 2019, 7, 19961–19969 | 19961
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temperature (10�3 to 10�4 S cm�1) and reasonable electro-
chemical stability against Li metal.16–19

It has been reported that cation doping in cubic LLZO,
such as Nb5+, Ta5+, W6+, or Mo6+ substituting for Zr4+,20–23 as
well as Al3+ or Ga3+ for the Li sublattice,24,25 affects the cubic
phase stability and increases the ionic conductivity. It was
worth noting that the thermodynamic stability of the Li|LLZO
interface is also affected by the doped cations. Nemori et al.26

and Kim et al.27 reported that Ta5+-doped LLZO samples are
stable in contact with Li, whereas those with Nb5+ are not. Ma
et al.28 investigated the reactions at the Li|cubic-Li7�3xAlx-
La3Zr2O12 (c-LLZO) interface, which forms a tetragonal-like
LLZO interphase with 6 nm thickness, possibly inhibiting
further chemical reactions. D. Rettenwander et al.29 reported
that Li6.4Fe0.2La3Zr2O12, even with a high total conductivity of
1.1 mS cm�1 at room temperature, is not stable against Li
metal and forms a thick tetragonal LLZO interlayer, causing
high interfacial resistance. Nakayama et al.18 used density
functional theory (DFT) to investigate the electrochemical
stability of different garnets with the composition LixLa3-
M2O12 (x ¼ 5 or 7; M ¼ Ti, Zr, Nb, Ta, Sb, Bi) against Li metal
and found that the electrochemical stability is strongly
dependent on the effective charge states of the M cations.
Moreover, a surface-science-based approach was used to
successfully identify the reduction of different dopant
species (Nb, Ta, and Al) in LLZO samples by Li metal, sug-
gesting that dopants do indeed play a critical role in deter-
mining the reactivity of the Li|LLZO interface.30,31 This leads
to the hypothesis that the thermodynamic stability against Li
metal of LLZO can be regulated by cation doping, which
needs further validation.

So far, there has not been any systematic study on whether
the cation doping of LLZO (labeled as LLZOM) improves its
stability against Li metal. Owing to the lack of knowledge on the
stability and composition-dependent reactions of LLZOM in
contact with Li metal, prior studies on screening for appropriate
dopants are mostly based on the trial-and-error approach. A
predictive model for the thermodynamic stability of cation-
doped LLZOM against Li metal is necessary. The present
study is motivated by two fundamental questions. First, which
cation dopant in LLZO is benecial to the thermodynamic
stability against Li metal? Second, what factors dominate the
stability of Li|LLZOM interfaces?

In this paper, by using a rst-principles approach based on
a large-scale materials database, we build an automated route to
screen all possible reactions corresponding to LLZOM in
contact with varying amounts of Li, and to calculate the reaction
energies (DGLLZOM–Li) for the formation of the lowest-energy
phases. We also obtain a machine learning model for classi-
fying Li|LLZOM interfaces as thermodynamically stable or
unstable with high accuracy. Our results reveal that the ther-
modynamic stability of LLZOM against Li metal can be
improved when the dopant–oxygen bond in LLZOM is strong.
By applying our machine learning model, 18 unexplored
dopants M in LLZOM systems against Li metal are predicted
and further validated in our automated calculations.
19962 | J. Mater. Chem. A, 2019, 7, 19961–19969
Methods
Formation energy calculations

In general, the formation energy for a compound is given by32

DHf ¼ Etot �
X
i

mixi; (1)

where Etot is the DFT total energy of the compound, mi is the
chemical potential of element i, and xi is quantity of element i in
the compound, respectively. As suggested by ref. 32, the DFT
total energy of the elemental substance can be used as the
chemical potential of each species. Strictly speaking, the
computed formation energy is valid only for 0 K.

Phase stability calculations

The energy above the convex hull (Ehull) of each LLZOM
compound was evaluated using pymatgen based on the DFT
energies.33 Stable compounds have an Ehull value of 0 eV per
atom, and higher values indicate increasing metastability.

First-principles calculations

Density functional theory (DFT) calculations were performed
within the generalized gradient approximation (GGA) with the
Perdew, Burke and Ernzerhof (PBE) exchange–correlation
functional,34 using a plane wave basis set and the projector
augmented wave (PAW)method35 as implemented in the Vienna
Ab initio Simulation Package (VASP) code.36 Energy cutoff for the
plane waves was set to be 520 eV. The convergence thresholds
for self-consistency and forces were 10�5 eV and 10�2 eV Å�1,
respectively. The DFT+U was used to accurately describe the
transition metal (Co, Cr, Fe, Mn, Mo, Ni, V, and W) for the
strong correlation of d-electrons, and the U values were chosen
with reference to the Materials Project (MP) database.33 The
energy correction for anions, transition metals, and gas/liquid
phase was included in the MP database.33 For pristine LLZO
cells, we used an eight formula units conventional supercell,
with cubic symmetry group Ia�3d. Li was distributed on the
partially occupied 24d and 96h sites by using an electrostatic
energy criterion that excluded occupation of electrostatically
unfavorable rst nearest-neighbor sites.37 Before calculating the
properties of doped LLZO, we compared the total energies of
several pristine LLZO cells containing different distributions of
Li ions across the available Li sites. The structure having the
lowest total energy from this set of candidates was adopted for
subsequent calculations.

Machine learning method

Support vector machine (SVM) classication. For the SVM
classication problem, each instance of our data is described by
an n-dimensional feature vector~x ¼ (f1, f2, f3,., fn) and a target
label y. The label has a value of +1, say, for thermodynamically
stable, and �1, for unstable. An SVM aims to nd a function
that for any given ~x has a value of �1. Ideally, it is desired to
generate a decision boundary in the space of features that
maximizes the distance (also known as margin) of the closest
instance of either class from it. Instances are dened as points
This journal is © The Royal Society of Chemistry 2019
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in the hyperspace of features that lie on one side or the other of
this hypersurface. If we represent our input data by the set of
label distances {(~xi,yi)}, then a so margin support vector clas-
sier determines the hypersurface in the space of features by
solving

a1;.;an ¼ argmin� 1

2

Xm
i¼1

Xm
j¼1

aiajk
�
~xi; ~xj

�þXm
i¼1

ai; (2)

subject to the following constraints

0#ai #C and
Xm
i¼1

aiyi ¼ 0: (3)

The kernel k(~xi,~xj) has linear kernels, polynomial kernels, or
Gaussian kernels (radial basis function kernels, RBFs). In this
work, however, aer testing a number of kernels for their
Fig. 1 The workflow of the automated interface reaction screening proc
thermodynamically stable against Li metal used in LLZO-based all-solid b
dopant screening, and interface stability machine learning classification

This journal is © The Royal Society of Chemistry 2019
classication accuracies, we chose to go forward with
a Gaussian kernel, dened as

k(~xi,~xj) ¼ exp(�g|~xi � ~xj|
2). (4)

Kernel ridge regression (KRR). Within the KRR model, the
reaction energy of a system in the test set is given by a sum of
a weighted Laplacian over the entire training set. As a part of the
model training process, the learning is performed by mini-
mizing the expression

XN
i¼1

�
GKRR

i � GDFT
i
�2 þ l

XN
i¼1

ui
2; (5)

with GKRR
i being the KRR estimated reaction energy value, GDFT

i

the DFT value, and l a regularization parameter. The explicit
solution to this minimization problem is u ¼ (k + lI)�1GDFT,
ess and machine learning to efficiently search for cation-doped LLZO
atteries. The atomic structure, automated interface reaction screening,
results are presented.

J. Mater. Chem. A, 2019, 7, 19961–19969 | 19963
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where I is the identity matrix, and the kernel k(~xi,~xj) has linear
kernels, polynomial kernels, Gaussian kernels (RBFs), or Lap-
lacian kernels. In this work, however, aer testing a number of
kernels for their classication accuracies, we chose to go
forward with a Laplacian kernel, dened as

K
�
~xi; ~xj

� ¼ exp

�
� 1

s
|~xi �~xj |

�
: (6)

The parameters l, s are determined in an inner loop of ve-fold
cross-validation using a logarithmically scaled ne grid.

The coefficient of determination (R2), employed to evaluate
the model accuracy, is dened as

R2 ¼ 1�
P
i

�
ytruei � y

pred
i

�2

P
i

ðytruei � y�truei Þ2 ; (7)

where y is the reaction energy value. The closer to 1 is the value
of R2, the better the t of predicted values to the regression line.
The mean squared error (MSE) represents the mean difference
between the predicted values and the real values, dened as

MSE ¼ 1

N

XN
i

|ytruei � y
pred
i |: (8)
Results and discussion
Automated reaction screening for possible interphases

To nd the optimal cation doping in LLZO that can be stable
against Li metal, we construct a screening workow as illus-
trated in Fig. 1. First, a database containing the identities and
formation energies of all of the relevant material phases,
including the LLZOM phase and the product phases, is created,
corresponding to more than 100 LLZOM structures which cover
the Li-site, La-site, and Zr-site doping. For all calculations, we
employ similar parameters, e.g., the cutoff energy of plane
waves, convergence criterion, etc., in order to make all data
comparable. The phase stability of the single phase LLZOM can
be estimated by determining its Ehull value in the relevant
multicomponent phase diagram. As shown in Fig. S1b,† each
LLZOM has relatively small energy above the hull, suggesting
that it has good phase stability. For each LLZOM reaction with
Li metal, all possible product phases, including ternary
compounds (Li–O–Zr, Li–O–M, La–Zr–O, La–M–O), binary
compounds (Li–O, Zr–O, La–O, M–O, Zr–M), and simple
substances (Zr, M) are considered. The structures and forma-
tion energies (DHf) of the product phases are taken from the
Materials Project (MP) database.33 We compare the corre-
sponding DHDFT

f (ref. 33) and DHexp
f (ref. 38 and 39) values of

some product phases in Fig. S2.† The difference between the
DHDFT

f and DHexp
f is relatively small, which implies DFT calcu-

lations can provide an acceptable level of accuracy in formation
energy of product phases. Nevertheless, the reactant LLZOM
has no matching entry with formation energies in MP; instead,
a convex hull energy of LLZOM is used for reaction energy
calculation. Herein, the formation energies of the LLZOM are
19964 | J. Mater. Chem. A, 2019, 7, 19961–19969
calculated by DFT directly, which can increase the accuracy of
the calculations for Li|LLZOM reactions. The possible reaction
equations of LLZOM in contact with Li metal are constructed by
an automatic reaction balance procedure. The high-throughput
calculation framework used here relies on the availability of
accurate formation energies to calculate the reaction energies of
the Li|LLZOM interfaces, once the database is compiled.

From the large amount of calculated reaction energies data,
the reactions with the lowest reaction energies are selected to be
the most possible interphase reactions corresponding to the
equilibrium product phases. This is a fully automated predic-
tion of the product phases with different reactants. As a result,
only the reaction-forming phase with the lowest reaction energy
is adopted for further interface stability evaluations. The nal
thermodynamic stability of a specic Li|LLZOM interface is
determined by whether the two materials have an exothermic
reaction to form other phases. We calculate the reaction ener-
gies of LLZOM with metallic Li by reduction, according to the
following equations

nLi + LLZOM / product phases, (9)

DGLLZOM–Li ¼ E [product phases] � E [LLZOM] � nE [Li], (10)

where the reaction energy DGLLZOM–Li is the thermodynamic
driving force for reactions between the LLZOM and Li, E
[product phases] represents the formation energies of the
product phases, and E [LLZOM] and E [Li] are the formation
energies of the LLZOM andmetallic lithium, respectively. Based
on the calculated DGLLZOM–Li, Li|LLZOM reactions can be clas-
sied into two categories: (i) DGLLZOM–Li > 0, LLZOM phase in
contact with Li is thermodynamically stable, namely, LLZOM
and Li do not react with each other to form other phases in
reduction processes; (ii) DGLLZOM–Li < 0, LLZOM phase is ther-
modynamically unstable, reacting with Li to form an interphase
layer with various phases. All data about the formation energies
of the LLZOM, reaction energies and product phases between Li
metal and LLZOM compounds can be found in Table S1.† We
further extract the reduction behavior of different doped
systems and analyze the determining factors of cation doping
on the stability of LLZO against Li metal by a machine learning
approach. The formation energy of oxides MxOy, together with
other feature factors, governs the stability of the Li|LLZOM
interface. Furthermore, data analysis and visualization are
performed to unravel the hidden trends. Given that a reason-
able ionic conductivity is the precondition for solid electrolyte
applications, we also perform bond-valence site energy (BVSE)
calculations to evaluate the energy barriers of Li ion migration
in each of the LLZOM compounds using our developed BVSE
program,40–42 and estimate the diffusion coefficient D by the
equation D ¼ na2 exp(�Ea/kBT), as listed in Table S2.† The
results show that high-valent dopants have an increasing trend
in ionic conductivity, which is consistent with previous
reports.20–25

As mentioned above, a successful workow of the optimal
dopant screening, including high-throughput interface reaction
calculations and machine learning prediction, has been
This journal is © The Royal Society of Chemistry 2019
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demonstrated. For the high-throughput automated reaction
calculations, using the Al-doped LLZO system as an example in
Fig. 1 (bottom panels), only the reactions with the lowest reac-
tion energies (bottom le panel), along the dashed line, repre-
sent the most likely decomposition path, i.e. the lithiation
reaction of Li7�xLa3Zr2AlxO12 (x ¼ 0.25). Fig. 2a shows that the
reaction path starts with the product phases of La2O3, Li5AlO4,
Li6Zr2O7, and ZrAl3; and eventually forms La2O3, Li2O, Zr4O, and
Zr3Al. The nal product phases (La2O3, Li2O, Zr4O, and Zr3Al)
have a reaction energy of �1.244 eV per formula unit (f.u.).
Fig. 2b shows the reaction energy for different dopant contents
(Li7�xLa3Zr2AlxO12 with x ¼ 0.125, 0.25). Overall, the reaction
energy increases greatly with decreasing Al concentration, e.g.,
as Al concentration decreases to 0.125, the reaction energy of
the nal product phases becomes �0.039 eV per formula unit.
The results suggest that the thermodynamic stability of LLZOM
against Li metal can be improved by controlling the dopant M
contents. Higher M doping concentrations will cause instability
of the Li|LLZOM interface (see ESI Fig. S3†).
M–O bond-strength-related interphase stability from data
mining

In this section, we try to adopt the data mining technique to
reveal the underlying mechanism of interfacial stability.
Advanced machine learning methods become more and more
important in the eld of data mining as they have the potential
to solve many complex problems, including prediction of
physical properties and crystal structures, and uncover the
physical mechanisms using a large amount of data from either
high-throughput computation or experiments.43–49 The key
steps of data mining for the thermodynamic stability analysis of
the Li|LLZOM interfaces are the selection of features (or
descriptors) and the choice of model for machine learning
algorithms.

The site and valence state for possible Li-, La-, and Zr-site
dopants in LLZO, aer ltering with a defect energy cutoff of
2 eV, are computed by DFT following previous work.50 By
applying this lter, the dataset for machine learning can be
expanded. The dataset for this study comprises 100 LLZOM
compounds, mainly from our own DFT calculations. The
Fig. 2 The thermodynamic stability of LLZOAl when it reacts with Li. (
marked, and the lowest reaction energy is marked with a square. (b) The r

This journal is © The Royal Society of Chemistry 2019
reaction data, i.e., the reaction equation and reaction energy for
each LLZOM against Li metal, are analyzed using an automatic
reaction screening process. The Li|LLZOM interface is labeled
�1, with label +1 for a thermodynamically stable phase and
label �1 for a thermodynamically unstable one. Typically,
features are properties of a material that can distinguish one
compound from others.46,49,51 In our study, since the doping
elements are different in LLZOM, we consider many relevant
properties of the doping element as the features. Fieen
features for each LLZOM compound are selected for the
machine learning procedure. They are: (i) valence states (VS) of
dopant element M; (ii) ionic radius (riM) and atomic radius
(rcM) of element M from Shannon's work,52 adopting the values
under the same coordination number (CN) in LLZOM; (iii)
atomic mass (AM) of element M; (iv) Pauling electronegativity
(cM) of element M; (v) rst ionization energy (1stIEM) of
elementM; (vi) the formation energy per atom dened asDHf,x+y

¼ DHf/(x + y), where DHf is the heat for formation of the formula
MxOy, the experimental formation energies from the SGTE Solid
SUBstance (SSUB) database39 and the thermodynamic database
at the Thermal Processing Technology Center at the Illinois
Institute of Technology (IIT),38 and calculation formation
energies from the MP database (see Table S3†). The majority of
the calculated DHf values are consistent with the measured data
within �0.2 eV per atom, with a few exceptions. (vii) Oxygen
coordination number (CN) of dopant element M in LLZO; (viii)
product of coordination number CN with the formation energy
of oxide MxOy per M atom (CN � DHf,x), and product of coor-
dination number CN with the formation energy of oxide MxOy

per oxygen atom (CN � DHf,y), where DHf,x ¼ DHf/x and DHf,y ¼
DHf/y. The parameters CN � DHf,x and CN � DHf,y can be
possibly viewed as the effective measurement of local interac-
tion strength with dopant M in LLZO. (ix) Ratio of M ionic
radius to O ionic radius, denoted as riM/r

i
O; (x) electron cong-

urations of s + p, d and f orbitals of dopant element M; and (xi)
bond dissociation energies (BDE) of M–O from the Handbook of
Chemical Bond Energies (see Table S4†).53 The random forest
classier in scikit-learn package54 is adopted to measure the
importance of the features by calculating their weights. As
shown in Fig. 3, the formation energy (DHf,x+y) plays the most
a) The reaction paths and product phases along the dashed lines are
eaction energy of the Li|LLZOAl interface vs. the doping concentration.

J. Mater. Chem. A, 2019, 7, 19961–19969 | 19965
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Fig. 3 The importance of the selected features. The 15 selected
features are ranked using a random forest algorithm.

Journal of Materials Chemistry A Paper

Pu
bl

is
he

d 
on

 1
6 

8 
20

19
. D

ow
nl

oa
de

d 
on

 2
02

5-
10

-3
1 

 9
:1

6:
26

. 
View Article Online
important role in determining the thermodynamic stability of
LLZOM against Li, followed by the local interaction of M (CN �
DHf,x, CN � DHf,y), the electronegativity (cM), and M–O bond
dissociation energies (BDE). Pearson correlation coefficient (P)
matrices are also calculated to identify the positive and negative
correlations between pairs of features in Fig. S4.†

In our work, we adopt themachine learning technique in two
different ways: (i) as a binary classication problem, where the
machine should simple predict if the Li|LLZOM interface is
thermodynamically stable (label 1) or not (label �1), and (ii) as
a regression problem, where the machine predicts the reaction
energy for the Li|LLZOM interface. In both situations, we adopt
the machine learning model with best performance.48 For
example, ve different classication algorithms, including
logistic regression, support vector machine (SVM), decision
Fig. 4 Maps of (a) DHf,x+y and CN � DHf,x, and (b) DHf,x+y and M–O bon
considered in our work. 18 unexplored data points are also predicted and
and blue crosses and yellow crosses are the 18 predicted data points. Th
feature pairs when both features are standard scalers. Brown and sky-
respectively.

19966 | J. Mater. Chem. A, 2019, 7, 19961–19969
tree, extra tree, and neural network, are adopted. Each classi-
cation algorithm is tted using the training data with two, three,
four, or even more features at a time. The SVM with Gaussian
kernel algorithm is found to be the most effective model based
on the ve-fold cross-validation results, and the performance of
the top ve feature pairs is summarized in ESI Table S5.† The
best feature pair is (DHf,x+y, CN� DHf,x), with both accuracy and
F1 score of 0.99(�0.02) for the test set. It is worth noting that all
the ve top-performing feature pairs contain DHf,x+y. Going
beyond two features does not improve the model performance,
so we use our best performing model (SVM) with two features
for subsequent analyses and predictions.

The maps of the best feature pairs, i.e., (DHf,x+y, CN � DHf,x)
and (DHf,x+y, BDE), are shown in Fig. 4a and b, with yellow
circles indicating thermodynamically stable (DGLLZOM–Li > 0)
and blue ones unstable (DGLLZOM–Li < 0). Besides the 100
training data points, predictions were made for 18 unexplored
compounds, labeled as crosses in Fig. 4. It is clear that
compounds that are stable and unstable at Li|LLZOM interfaces
are well separated by the black solid lines, which divide the
(DHf,x+y, CN � DHf,x) and (DHf,x+y, BDE) maps into two regions
with only a few exceptions. We observe that the 18 predicted
data points (yellow crosses and blue crosses) are perfectly pre-
dicted by the training model, falling within the respective stable
and unstable regions established by the training data. The
(DHf,x+y, CN � DHf,y) and (DHf,x+y, cM) classication maps are
also plotted in Fig. S5.† From the chemical bond point of view,
since the selected features, such as DHf and BDE, can be viewed
as indicators of the M–O bond strength, based on our machine
learning procedures it can be qualitatively concluded that the
Li|LLZOM interface stability could be mainly measured by the
local M–O chemical bond strength.

To quantitatively understand the Li|LLZOM interfacial ther-
modynamic stability, the reaction energies DGLLZOM–Li and single
d dissociation energy (BDE) feature pairs for 100 LLZOM compounds
plotted. Blue circles and yellow circles are the 100 training data points,
e evaluation of classification performance for the SVM models involves
blue areas represent thermodynamically stable and unstable regions,

This journal is © The Royal Society of Chemistry 2019
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Fig. 6 DFT calculated reaction energies (DG) compared with the
predicted reaction energies using a kernel ridge regression model. The
model is trained on a randomly selected 80% training set from the 100
LLZOM database using the 15 features. The coefficient of determina-
tion (R2) and mean squared error (MSE) are computed to estimate the
prediction errors. The training and test points are show in blue and
green, respectively. The perfect correlation line is included for refer-
ence as a black dashed line.

Fig. 5 The dependence of the reaction energy DGLLZOM–Li of Li|LLZOM interface on (a) DHf,x+y and (b) M–O bond dissociation energy. The
dotted boxes represent the most appropriate range for each feature.
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feature (DHf,x+y, BDE) relations are plotted in Fig. 5. We observe
that oxidesMxOywith larger negative formation energies (|DHf,x+y|
> 3.5 eV) give rise to more thermodynamically stable Li|LLZOM
interfaces, and the M–O BDE directly reects the local chemical
bond strength of the initial LLZOM structure stability, shown in
Fig. 5a and b, respectively. The greater the BDE, the more heat
needs to be absorbed to disrupt the M–O bond in LLOZM during
the chemical reactions. Similarly, it is clear that the majority of
stable Li|LLZOM interfaces have a large negative CN � DHf,y

value, corresponding to the local chemical bond strength. In
terms of the Pauling electronegativity cM, the appropriate range
for Li|LLZOM interface stability is between 1.0 and 1.5 with only
a few exceptions, as shown in ESI Fig. S6.† Therefore, we conclude
that the thermodynamic stability of the Li|LLZOM interface
relates to the stronger ionic bonding nature of M–O in LLZOM,
which is in agreement with the report by Nakayama.18

In order to quantitatively obtain a prediction model for
reaction energy DG, the KRR algorithm (with the best perfor-
mance among ve algorithms, see Table S8†) was employed.
The model is based on the training data (80% of the full data-
set), and is used to evaluate the test data. A plot of 100 LLZOM
DG values predicted using KRR versus the DFT calculated values
is presented in Fig. 6. The results clearly show good agreement
between the DFT values and KRR predictions, with the R2 and
MSE of the test data as 0.92 and 0.04, respectively. Then, the
trained KRR model is applied to the unexplored 18 LLZOM to
predict their DG values, and the prediction results are listed in
Table S6.† We notice that the predicted 18 DG values are in
excellent correlation with the relevant feature statistics
(|DHf,x+y| > 3.5 eV; 1.0 < cM < 1.5). More importantly, the reac-
tion energies of the 18 LLZOM systems are calculated by the
automated reaction calculations, conrming the prediction
model. Therefore, combining machine learning technology and
high-throughput automated reaction calculations, we have
developed an extremely fast target-driven method to predict the
reaction energies for the Li|LLZOM interface systems. This
workow can be readily applied to other solid electrolyte
materials.
This journal is © The Royal Society of Chemistry 2019
Benecial effects of the interphase layer

Based on the automated reaction screening of the interfacial
phases, an LLZOM that is unstable against Li metal would
generate an interphase layer, similar to the formation of a solid
electrolyte interphase (SEI) layer, as shown in Fig. 7. In fact, the
interphase layer formed by the reactions also has the attribute
of improving the stability of the interface, depending on the
electrical conductivity of the product phases.55 If the product
phases are electrically insulating, they will form a passivated
interface layer that promotes interfacial contacts and reduces
the interfacial impedance.56,57 In addition, the passivating
interphase layer can prevent LLZOM from further reaction and
suppress Li dendrite growth during cycling.15,58 For example,
some elements, M¼ Ca2+ (La or Zr), Yb3+ (La), Br3+ (Li), Te4+ (Zr),
Se4+ (Zr), S4+ (Zr), Hf4+ (Zr), Cl5+ (Zr), and I5+ (Zr), when in
equilibrium with Li metal, typically decompose into products
J. Mater. Chem. A, 2019, 7, 19961–19969 | 19967
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Fig. 7 Improvement of Li|LLZOM (M ¼ dopants) interfacial stability via
the formation of a passivating interface layer.
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that are electrically insulating with bandgaps >2.0 eV (bandgap
data from MP,33 see Table S7†), e.g., CaO, YbO, LiBr, La2TeO2,
La2SeO2, La2SO2, Li6Hf2O7, LiCl, and LaIO. For LLZOs with
other dopants, the undesired high electrical conductivities of
the interphase layers may cause continuous decomposition of
the LLZOM materials, and a passivating interphase cannot be
achieved at the interface.59 In previous work, the non-
passivating behavior of the interphase was conrmed, the
interphase layers and the resistance increasing markedly in
a short period of time.9 Therefore, the electrical conductivity of
the interphase layer is also a crucial factor in determining the
interfacial stability of LLZOM against Li metal anode.

Conclusions

In this work, we have developed a high-throughput automated
reaction screening and machine learning approach to evaluate
possible reactions and the thermodynamic stability of Li|LL-
ZOM interfaces under various chemical conditions. Our calcu-
lations reveal that LLZOM stability against Li metal is governed
by the dopants. We discover that M ¼ Sc3+ (Zr), Ce3+ (Zr or La),
Ac3+ (La), Y3+ (La or Zr), Tm3+ (La or Zr), Er3+ (La or Zr), Ho3+ (La
or Zr), Dy3+ (La or Zr), Nd3+ (La or Zr), Tb3+ (La or Zr), Pr3+ (La),
Pm3+ (La or Zr), Sm3+ (La or Zr), Gd3+ (La or Zr), Lu3+ (La), Ce4+

(Zr), Th4+ (Zr), Pa5+ (Zr), Ca2+ (La or Zr), Yb3+ (La), Br3+ (Li), Te4+

(Zr), Se4+ (Zr), S4+ (Zr), Hf4+ (Zr), Cl5+ (Zr), and I5+ (Zr) exhibit
stability against Li metal, either because the interface is ther-
modynamically stable or as a result of stable passivation.
However, LLZOMs with other dopant cations are likely reduced
by Li metal, while passivating interphases cannot be achieved at
the interface. On the basis of a large amount of data, we have
attempted to nd the underlying physical mechanisms of the
thermodynamic stability of Li|LLZOM interfaces by employing
a machine learning technique. Based on our analysis, the
stability of the Li|LLZOM interface is determined by the M–O
chemical bond strength. Our results provide a guiding principle
19968 | J. Mater. Chem. A, 2019, 7, 19961–19969
for selecting cation doping in LLZO to provide stability against
Li metal, and show the potential for the fast screening of new
LLZOM materials by the machine learning approach.
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