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ABSTRACT

We present a computational approach for identifying the important descriptors of the ionic
conductivities of lithium solid electrolytes. Our approach discriminates the factors of both bulk
and grain boundary conductivities, which have been rarely reported. The effects of the
interrelated structural (e.g. grain size, phase), material (e.g. Li ratio), chemical (e.g. electrone-
gativity, polarizability) and experimental (e.g. sintering temperature, synthesis method) proper-
ties on the bulk and grain boundary conductivities are investigated via machine learning. The
data are trained using the bulk and grain boundary conductivities of Li solid conductors at
room temperature. The important descriptors are elucidated by their feature importance and
predictive performances, as determined by a nonlinear XGBoost algorithm: (i) the experimental
descriptors of sintering conditions are significant for both bulk and grain boundary, (ii) the
material descriptors of Li site occupancy and Li ratio are the prior descriptors for bulk, (iii) the
density and unit cell volume are the prior structural descriptors while the polarizability and
electronegativity are the prior chemical descriptors for grain boundary, (iv) the grain size
provides physical insights such as the thermodynamic condition and should be considered
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for determining grain boundary conductance in solid polycrystalline ionic conductors.

Descriptors additives bulk
additives content i
| ratio_Li
Method_Type
| | | | pelet diameter |
Material Experimental Chemical Structure Susring e}
z sinteing temperature |
parameters properties 2_mju
P_m j—
EN_m
density |
unit cell volume |
CN_Li|
Phase_Type
Li site occupancy |
distance jum—

Grain size

additives grain boundary
additives content i
ratio_Li jmm
Method_Type jusi
pellet diameter |
sintering time ji
sintering temperature |
Zmpm

P_m

EN_m

density

unit cell volume|

CN_Li

Phase_Type i

Li site occupancy jmm
distance jml

Grain size

Feature importance

1. Introduction the high safety standards of electric vehicles. This devel-
opment would realize all-solid-state Li batteries. Besides
improving the safety and sustainability of higher cycles,
Li solid electrolytes with a lithium-metal anode enable
a wider electrochemical window than conventional

electrolytes [1]. The electrochemical window is an

Rechargeable Li batteries are widely applied in portable
devices, and their applications have extended to energy
storage and electric vehicle industries. Li solid electro-
lytes might replace organic electrolytes, which are flam-
mable and unstable to leakage, with electrodes that meet
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important characteristic of the potential range of an
electrolyte, obtained by subtracting the reduction
potential of the cathode from the oxidation potential
of the anode. A wide electrochemical window is bene-
ficial in applications with high energy density, such as
electric vehicles and electrical energy-storage systems.

The ionic transport efficiency of a Li solid electrolyte is
determined by its total ionic conductivity, which is com-
posed of the bulk (i.e. grain interior) and grain boundary
conductivities. Typically, the ionic conductivities are
measured by impedance spectroscopy over a wide fre-
quency range to resolve their various contributions,
whereas the bulk and grain boundary conductivities are
verified by adequate equivalent-circuit models [2,3].
Lilley et al. and Breuer et al. reported that at temperatures
well below room temperature (~173 K) the bulk conduc-
tivity contributions are easily separated from the grain
boundary response [2,4]. As the bulk conductivities are
usually more than one order of magnitude higher than
the grain boundary conductivities [5-12], the grain
boundary conductivities are the limiting factor of ionic
transport. However, the dominant factors of the indivi-
dual bulk and grain boundary conductivities have not
been comprehensively elucidated.

In previous studies, the factors affecting ionic conduc-
tivities were divided into three closely related groups: (1)
the microstructure, which varies dominantly with the
experimental conditions, (2) additives such as Li;PO,
[13], ALLO; [14] and excess Li [15], which change the
microstructure and may induce the blocking effect, and
(3) chemical properties, which depend on the atomic
compositions. The most widely discussed factor, micro-
structure, is proposed to increase the ionic conductivity
by reducing the number of defects and low-conductive
boundary region or by inducing phase transitions. An
example is the tetragonal—-cubic transition in sintered Li,
La;Zr,0y, [16,17]. Microstructures such as the secondary
phase, grain size distribution and short-circuited grain
boundaries [2] are thought to cause inhomogeneous
conduction paths of the grain boundaries across poly-
crystalline samples, which explicitly depend on the
experimental conditions such as the sintering tempera-
ture [3]. Meanwhile, additives affect the sintered density
and suppress the secondary phases by tuning the additive
content, thus changing the ionic conductivities [18]. Also,
sintering often cause ion segregation into the grain
boundaries [19]. For example, adding excess Li improves
the structural contact among the grains by segregating
ions at the boundaries, thus reducing the activation
energy of the grain boundary conductivity and increasing
the concentration of conductive Li ions. The end result is
improved ionic conduction [15]. Other reports have
indicated that ion segregation at the grain boundaries
creates an electrostatic barrier (a space-charge layer)
that blocks ionic transport, with adverse effects on the
bulk and grain boundary conductivities [5,20].
Accordingly, the experimental conditions affect the
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microstructures, whereas the additives affect the micro-
structure and the formation of barriers such as space-
charge layers. Finally, the chemical properties (such as
electronegativity and polarizability) provide information
on the interaction between the Li ions and their neigh-
boring ions. Polarizable anion frameworks or anisotropic
polarizability of the anions enhance the migration of Li
ions [21,22]. The chemical properties further depend on
the material, structural and experimental properties men-
tioned above [23,24].

The exploration and analysis of new solid Li conduc-
tors have relied on numerous trial-and-error experimen-
tal searches over the past decades. More recently, the
prediction and exploration of fast solid ionic conductors
have been assisted by machine learning and computa-
tional screening. The main descriptors in computational
methods are the structural features of single crystals,
calculated from density functional theory [25-29].
However, as mentioned above, the structural properties
are significantly related to other factors such as additives,
chemical compositions and experimental conditions.
Also, the individual descriptors of bulk and grain bound-
ary conductivities are unclear. It is worth noting that all
commonly used solid Li conductors are polycrystalline or
glass-ceramic rather than single crystals; therefore, the
key factors corresponding to the grains and their bound-
aries are essential knowledge for characterizing and
developing Li solid electrolytes. The topology and geo-
metry of the structures (i.e. the available sites for mobile
Li ions, chemical characteristics, and the experimental
conditions) are closely connected and inseparable, so
deconvoluting their importance and correlation with
ionic conductivities is not advised. Instead, we propose
a computational approach for analyzing the effects of the
material, structural, chemical, and experimental proper-
ties on the ionic conductivities of both bulk and grain
boundaries. The approach categorizes the different prop-
erties and is carried out by machine learning. The
descriptors and their categorizations in the machine
learning model are detailed in the Methods section
(Figure 1).

Descriptors

Material Experimental Chemical Structure
parameters properties
* Liratio ¢ Sintering T * EN ¢ Grain size

* Content of * Sintering time L4
additives (wt%) < Pellet diameter <« P
* additives ¢ Method_Type

* Distance_Li

* Site occupancy_Li

* Phase type

¢ CN_Li(coordinated
number of Li atomic
environment)

* Ideal density

 ldeal volume

Figure 1. lllustration of descriptor categories. The 17 descriptors
are grouped by material, experimental, chemical and structural
properties collected from published papers [8,10-12,14,15,30-42]
and AtomWork-Adv by NIMS (https://atomwork-adv.nims.go.jp/)
[45].
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2. Methods
2.1. Descriptor

The descriptors were selected based on the (a) experi-
mental, chemical and structural affecters of ionic con-
ductivity (as mentioned in the Introduction), and (b)
the balance between the data availability and descriptor
importance. Regarding (b), fewer descriptors generate
less explainable percentages and information from the
model, but many descriptors limit the numbers of data
for training. For instance, the grain size has low avail-
ability in physical datasets, and is not easily collected
from reported scanning electron microscopy (SEM) or
transmission electron microscopy (TEM) images, but is
an important determiner of grain boundary conduc-
tance of single boundaries (Equation (11)).
Descriptors with strong correlations among each
other, which generally have detrimental effects on the
prediction performance, were excluded. For instance,
electronegativity and ionic potential are strongly corre-
lated, so only the electronegativity was retained as
a descriptor.

The final 17 descriptors applied in the machine
learning were categorized into material, experimental,
chemical and structural properties (see Figure 1). The
additives (0: absent; 1: present), content of additives
(wt%), sintering temperature (°C), sintering time (h),
pellet diameter (mm), method type, grain size (um)
and phase type were collected along with the ionic
conductivities from various published papers [8,10-
12,14,15,30-42]. The method types were ball mill/
solid-state (0), melt quench (1), liquid phase (2), and
sol-gel techniques (3). The phase type was crystal (0)
or glass ceramic (1). When not stated in the published
works, the grain sizes were calculated from the
averages of five grains in the SEM or TEM images.

The Li ratio was calculated as the ratio of the
number of Li atoms to the total number of atoms of
all elements in the system, e.g. the Li ratio of Lij 35
Lag 55 TiO5 was 0.35/(0.35 + 0.55 + 1 + 3) = 0.0714. The
chemical descriptors were calculated by multiplying
the i-th elemental chemical property of the element
j (Pfj)) by the atomic ratio of the element j, and sum-
ming up this product for all elements in the system
except for Li and O. The result D;, defining the
pseudo-weighted average of the i-th atomic property,
is given by Equation (1).

1 N
L (7 pl)
Di = N(tot) Z NP, @
j#Li,0

where the elemental index j runs over all elements in

the system except for Li and O. Here, the i-th elemen-

tal property P; is defined as follows: P; = electronega-

tivity (EN) [43], P, = polarizability (P) [44], and

P; = atomic number (Z). NU) is the number of the

atoms of the element j and N = 3~ N() is the total
j
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number of the atoms of all elements in the system
including Li and O. As an example, the electronega-
tivity of Lij 35Lag 55103 is calculated by Equation (2):

1

_ (La)
0.35+0.55+1+3

{0.55 x P

D, 1 P{T”}

2)

We excluded Li and O from the summation in
Equation (1) in order to strengthen the difference
through other elements than Li and O because all the
systems in the dataset include Li and O. Yet the dif-
ference through the composition of Li and O are still
reflected in Equation (1) through N (tot),

The structural properties, namely, the average distance
between Li and its neighboring ions (Distance_Li), the
site occupancy of Li ions (Site occupancy_Li), the coor-
dination number of Li in its atomic environment
(CN_Li), the density, and the unit cell volume, were
collected for each sample from AtomWork-Adv com-
piled by the National Institute for Materials Science
(NIMS) (https://atomwork-adv.nims.go.jp/) [45]. The
density (g/ cm’) and unit cell volume (A’) were the values
per chemical formula unit, the ideal density and unit cell
volume of a single crystal.

2.2. Machine learning model

As linear/nonlinear based regressors and considering
the dataset size, we selected the least-absolute shrink-
age and selection operator regularization (LASSO),
support vector machine with a linear or radial basis
function (rbf) kernel function, and XGBoost algo-
rithms. LASSO is a linear regressor with regularization
and auto-descriptors-selected functions, which forces
certain coefficients to be zero. The SVM constructs an
optimal hyperplane as a decision surface for separating
and training the observations. The XGBoost is
a decision-tree-based ensemble algorithm with
a gradient boosting functionality. XGBoost fits regres-
sion ensembles by a gradient descent algorithm that
minimizes the loss. The trees of XGBoost are built
sequentially: each tree learns from the prior learner
and updates the residual errors. The algorithms were
run in Python using the XGBoost python package for
XGBoost and the Scikit-learn packages for SVM and
LASSO.

The model construction is illustrated in Figure 2.
The entire database consisted of the ionic-conductivity
database and the descriptors database, and was trained
by nested cross-validation (CV) by different algorithms.
The target variable of the model is the logarithm of the
bulk ionic conductivity in the unit of S/cm or the grain
boundary ionic conductance in the unit of S/cm>. Also,
the descriptors were standardized using the mean and
the standard deviation among the training data except
for XGBoost. The data were randomly separated into
k folds for internal (k = 10) and external (k =5) cross-
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lonic conductivities database ‘ ‘ Descriptor database

External CV
e | ] |

Hyperparameters tuning ‘

’ Model evaluation ‘

Internal CV
st | |

Figure 2. Schematic workflow of machine learning model. The
model is trained by two databases composed of ionic con-
ductivities and descriptors via nested cross-validation for
hyperparameter tuning and model evaluation.

validation: one k-fold was selected as the test fold and
the remaining k-1 folds were the training folds. The
seeds of the k-fold separation were identical for a fair
performance comparison of the algorithms. The test—
training separation was repeated k times, maintaining
orthogonality of the remaining test folds and no dupli-
cations. During each iteration, the embedded internal
10-fold CV generated appropriate hyperparameters for
optimizing the model. Meanwhile, the five test folds of
the external CV were used in the MSE and R* evalua-
tions (Equations (12) and (13), respectively).

3. Results and discussion

3.1. Bulk conductivities (o,) and grain boundary
conductance (hgy) of single grains

The bulk and grain boundary conductivities are usually
derived from the Nyquist plot obtained by impedance
spectroscopy of polycrystalline materials. The two arcs in
the Nyquist plot reveal the different characteristic fre-
quencies of the bulk (high frequency) and grain bound-
aries (low frequency) [46]. Most experimental ionic
conductivities are often resolved by using the measured
resistance with the size parameters of bulk and not the
grain boundary (as shown in Equations (8) and (9)). It is
said that the reported grain boundary conductivities have
nothing to do with the real grain boundaries. The
reported ionic conductivities include the contributions
of all grains or grain boundaries thus having the numbers
of grain or grain boundary dependence. Additionally, the
thickness of grain boundary is usually unknown, making
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it difficult to determine the size and the number of grain
boundaries. In order to straightforwardly correlate the
ionic conductivities with the structural and experimental
descriptors, the single bulk and single grain boundary
conductivities should be determined.

Therefore, we propose a one-dimensional model with
zero grain-boundary thickness for calculating the bulk
conductivities (0,) and grain boundary conductance
(hg,) of single grains (see Figure 3) as the grain boundary
thickness is much smaller than the grain size. The parallel
grain-boundary resistance is neglected, which is appro-
priate when the grain size is much larger than the grain
boundary thickness (as assumed in brick-layer model)
[46-48]. In this model, we assume that the sample is
composed of cubic grains with side length of D and
these grains are directly aligned. The sample length L is
expressed as Equation (3), where N is the number of
grains along the direction of the electrical current. The
total bulk conductivity and total grain boundary conduc-
tivity through the whole sample are represented as
op*and aéoht, respectively, and those values are assumed
to be obtained through the Nyquist plot. Single cubic
grain is illustrated in the left side of Figure 3 and has
bulk conductivity of oy (S/cm) and grain boundary con-
ductance of hgb/ 2 (S/cm?) of both top and bottom inter-

faces. The oy, and hgb are the desired values for further

analysis.
D
hgp ... )
2
— g D
...... D
g'b .............

N grains

Figure 3. Schematic representations of a model for calculating
the bulk conductivities (¢,) and grain boundary conductance (hgb)
of single grains. As the grain boundary thickness is much smaller
than the grain size (D), it is assumed zero in the model. Thus, the
sample length (L) is expressed as L = ND, where N is the number
of grains along the direction of the heat flow. Each cubic grain has
bulk conductivity of g, (S/cm) and grain boundary conductance of
hgb/2 (S/cm?) of both top and bottom interfaces.
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L=ND 3)

The total bulk resistance (R)?*)are N bulk values of
each cubic grain (R), and, in the same way as bulk, the
total grain boundary resistance (Ry')are N grain
boundary values of each cubic grain (Ry), as shown
in Equations (4) and (5), respectively.

RY' = NR, 4)
Ry = NRg, (5)

The bulk and grain boundary resistance of each
cubic grain (Ry,Rgyp) can be written in Equations
(6) and (7), whereas the total bulk and grain

boundary resistance (RZO’,R“;;) can be calculated

tot

from o} fot

and Og s shown in Equations (8) and
(9), respectively.

Ry =5 ©)
Re = i )
R = s ®)
R?l)at = ag;sz (9)

Since the grain boundary thickness is much smaller
than D, it is assumed zero in the model. Then L is
equal to the length of N grains (Equation (3)) and the
bulk conductivity of each cubic grain (0,) equals the
total bulk conductivity (¢7) in Equation (10), which is
an intrinsic property of the material.

By inserting Equations (3), (6), and (8) into
Equation (4), we get:

op = o (10)

and inserting Equations (3), (7), and (9) into Equation
(5) gives:

O't%t
hg, = % (11)
Hence, the desired grain boundary conductance of each
cubic grain (hy,) can be determined by the inverse grain
size (D) obtained from the total grain boundary con-
ductivity (0;‘;‘) as shown in Equation (11). The desired

0, and hy, were resolved from the reported ionic con-

ductivities (o}, agif) by Equations (10) and (11) for

further model training and analysis.

3.2 Data distribution

The observed bulk and grain boundary conductivities,
which can be considered as ¢} and og,’f, respectively,
in Equations (10) and (11), were collected from

experimental papers. After selecting the data
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containing structural and experimental properties
such as grain size for deriving the h,,, 437 data points

(bulk and grain boundaries) composed of 96 different
samples at various temperatures are available for
further analysis. Further details of the descriptor selec-
tion and calculation are provided in the Methods sec-
tion. The desired 0;,and hy, are plotted as functions of

temperature in Figure 4(a,b), respectively. Here, the
colors represent the different samples. The desired o,
and observed bulk conductivities are identical,
whereas the desired h, is calculated from the observed

grain boundary conductivity of total boundaries (U;‘Zf

(see Figure 4(c)). The ionic conductivities in Figure 4
are obviously temperature dependent and follow the
Arrhenius law. When investigating the physical effects
of the other descriptors on the bulk and grain bound-
ary conductivities, we exclude this strong temperature

dependence, and therefore select only one 0, and hy,

value, measured in the range 24-30°C, of each sample
(96 samples) from the dataset for machine learning.
The similarities of the 96 samples were visualized by
two-dimensional metric multidimensional scaling
(MDS) [49] (see Figure 5). Using a similarity matrix,
MDS plots a series of #n objects against the coordinates
of the same objects in an m-dimensional space,
where m is usually less than three. The similarity matrix
is evaluated by the Euclidean distance of all 17 descrip-
tors; a larger distance between two output points
implies a higher dissimilarity between the two samples.
In Figure 5(a), the samples are colored by their total
conductivity (their combined bulk and grain boundary
conductivities). Most of the samples had total conduc-
tivities of 10~ to 107® S/cm at near-room temperatures
(24-30°C), but five samples had total conductivities
above 107" S/cm (aggregated at the right side of
Figure 5(a)). Comparing the MDS plots colored by
atomic composition and structure type in Figure 5(b)
and (c), respectively, these five highly ionic conductive
samples [11,34,35] are of the NASICON structure type,
which comprise covalent networks of corners sharing
octahedra and PO, tetrahedra providing interstitial
sites for the hopping of Li ions. Their atomic com-
positions included Li/Al/Ti/P/O [34], Li/Al/Ti/Si/P/O
[35], Li/Al/Ge/P/O [11] and Li/Cr/Ge/P/O [11]. All
of the highly conductive samples were oxides; sulfide
ionic conductors such as Li;(GeP,S;, (with ionic
conductivities up to 107> S/cm at room temperature,
as reported by Kamaya et al.) [50,51] were excluded
because those data lacked several items of descriptor
information (specifically, the grain size, sintering tem-
perature, or pellet diameter). Figure 5(b) shows 15
different atomic compositions, with common substi-
tute elements of La, Al Ge, Zr, Ti, and Sr. The
structure types of CaTiOs;, LisLa;Sb,O;, NaZr,
[PO4)s,  Lij(TipoAlg1)2[POy4ls, and NayZr,[SiOy];
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Figure 4. The plots of bulk and grain boundary conductivities against temperature. The (a) desired bulk conductivity of single
grains (0,), (b) desired grain boundary conductance of single boundaries (hgb) and (c) observed grain boundary conductivity of

total boundaries (0;‘;;) are colored by various samples.

belonged to three classes: perovskite, the garnet
family, and NASICON (labeled in three regions in
Figure 5(c)). The materials of the 96 samples and
their structure types are listed in the Supplementary
Information.

3.3. Algorithm selection

The desired 0, and h,,were predicted using the struc-
tural and experimental descriptors in different algo-
rithms. We only used the data measured near room
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Figure 5. The two-dimensional MDS plots of 96 samples. The similarities are evaluated by Euclidean distance of each sample’s
structural, material, chemical and experimental descriptors (17 descriptors are listed in Figure 1). All the 96 samples are colored by
(a) total ionic conductivity, (b) atomic composition and (c) structure type. There are 15 atomic compounds in (b) and five structure
types which are categorized into three structure classes of perovskite, garnet family and NASICON as blue, yellow and green
regions, respectively, in (c).

temperature because the ionic conductivity and tem-
perature are related by the Arrhenius equation.
Therefore, the temperature during measurement was
excluded as a descriptor in this work. It should be

noted that the temperature mentioned here is different
from the sintering temperature. Here, we trained the
model to predict the ionic conductivity by using o,
and hy, at near room temperatures on the 96 samples
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and assessed their predictive performances by the
coefficients of determination (R*) and mean squared
errors (MSEs). The performance results are listed in
Table 1. We suppose that y; is the mean of the target
outcomes y;, where i = 1, 2, ..., n. The MSE calculates
the squared difference between each target (y;) and its
prediction (y;) at point i, and averages the results as
shown in Equation (12).

n

MSE =3 (i~ 7, 12)
i=1

The R? calculates the ratio of the total sum of the
squared errors to the total sum of the squares of the
difference from the mean, and subtracts the result
from unity (Equation (13)). Simply put, R*> compares
the MSE to the variance of the outcome response, and
is high when the prediction is good.

Z?:1 (}’i _)A’i)z
Z?:l ()’i _)_’i)z

As seen in Table 1, all R* were positive for the bulk
materials (up to 0.772), whereas the linear Lasso and
support vector machine (SVM) algorithms yielded
negative R” at the grain boundaries. The negative R>
shows the poor predictive-performance and basically
the model cannot be used. Although the bulk R* values
of linear Lasso and SVM were comparable to those of
the nonlinear XGBoost and SVM (rbf) algorithms, the
MSEs of the linear algorithms were undesirably high.
On this dataset, the nonlinear XGBoost algorithm deliv-
ered the best predictive performance (R* = 0.772 in bulk,
0.690 at the grain boundaries). The linear algorithms
were unsuitable for predicting ionic conductivities,
especially at the grain boundaries. The correlations
between the observed and XGBoost-predicted conduc-
tivities in the bulk and at the grain boundaries are shown
in Figure 6(a,b), respectively. The predictions were eval-
uated by external five-fold cross validation on the test
data (in the plots, the test data of each fold validation are

RP=1- (13)

Table 1. Performances (R> and MSE) of four algo-
rithms for predicting bulk conductivities and grain
boundary conductance (nonlinear XGBoost model
gives the best performance). Since the target vari-
ables in these models are the logarithm of the
original target properties, MSEs are dimensionless

values.
Bulk (a,) Grain boundary (hqi

RZ

XGBoost 0.772 0.690
SVM(rbf) 0.697 0.673
Lasso 0.564 —0.009
SVM(linear) 0.531 —-0.696
MSE

XGBoost 0.111 0.302
SVM(rbf) 0.147 0.318
Lasso 0.212 0.981
SVM(linear) 0.229 1.648

Y.-J. WU et al.

represented by different colors). The scattering was
smaller in the bulk than at the grain boundary, reflecting
the R’ listed in Table 1.

3.4. Descriptor analysis of weight and gain
importance

The feature importance and predictive performance
are required for analyzing the key descriptors of the
bulk and grain-boundary conductivities. As the fea-
ture importance, which is available for decision-tree-
based algorithms, we consider both ‘weight impor-
tance’ and ‘gain importance’. The weight importance
defines the number of times a feature appear to split
the data across all trees, and the gain importance
shows the average gain, which contributes to reduce
the prediction error, across all splits involving the
feature; that is, the weight represents the relative fre-
quency of a feature while the gain implies the relative
contribution of a feature in generating the predictive
model.

Panels (a) and (b) of Figure 7 show the ‘weight
importance’ of the features in the bulk and grain bound-
aries, respectively. The grain size contributed the highest
weight, followed by the sintering temperature, in both
bulk and grain boundaries. The correlations between
the ionic conductivities with the grain size and with
the sintering temperature descriptors are shown in
Figure 8. The grain size distributed in a large range
from 0.07 to 486 pum (Figure 8(a,b)). There is no clear
correlation between grain size and ionic conductivities.
Regarding to the second-high weight importance of
sintering temperature, both the bulk and grain bound-
ary conductivities increased with sintering temperature
until the trend converged around 1000°C (Figure 8(c,d)
for bulk and grain boundary, respectively).

Nevertheless, we accidentally found a large prediction
improvement of the model by using the new targets
which calculated by grain size. The new targets were
defined by calculating the ionic conductivities using the
inverse grain size, namely, o, /grain size and h,,/grain
size. Surprisingly, applying the newly defined target of
ionic conductivities divided by the grain size, o,/grain
size and h,,/grain size, improved the R? from 0.772 to
0.897 in the bulk and from 0.690 to 0.818 at the grain
boundaries. It should be noted that the improved R* for
predicting the new targets mentioned above do not use
grain size as a descriptor. The detailed results for predict-
ing new targets could be found in Figure S1 in supple-
mentary. The correlations between the observed and
predicted ionic conductivities after applying the newly
defined targets are displayed in Figure 6(c) (for bulk) and
Figure 6(d) (for grain boundaries). The correlations are
clearly improved from those of Figure 6(a,b). The large
predictive improvement after applying the newly defined
target, obtained by inversely correlating the ionic
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Figure 6. The observation and prediction plots for bulk and grain boundary by XGBoost. The targets of (a) and (b) are the
logarithm of bulk conductivities o,(S/cm) and single grain boundary conductance h,, (S/cm?), whereas the newly
defined targets of (c) and (d) are logarithm of o,/grain size (S/cm?) and hy,/grain size (S/cm?), respectively. The five
test datasets, which are orthogonal to each other in the external five-fold cross validation and are represented in five
different colors, are used for the final evaluation of the model. The details of model construction can be found in

Methods section.

conductivities with grain size, indicating that the new
targets can provide a clearer relationship for the model
among targets and other descriptors. It is unclear why the
predictive performance was improved after considering
the inverse correlation between the ion conductivity and
grain size. This phenomenon is worth investigating.

The ‘gain importance’ of each descriptor between
the bulk and grain boundary conductivities are
demonstrated in Figure 7(c,d), respectively. Among
the top seven gain-importance values (labeled in
orange in Figure 7(c,d)), the sintering temperature,
pellet diameter, density, and unit cell volume are
shown for both the bulk and grain boundaries.
Regarding to the other descriptors among the top
seven, sintering time, Li site occupancy and Li ratio
are only shown in bulk, and the additives and chemical
properties (polarizability and electronegativity) are
only shown at the grain boundaries.

The descriptor with the highest gain importance
was sintering time in the bulk, and density at the
grain boundaries. The sintering condition reportedly
affects the ionic conductivity by changing the micro-
structural properties such as boundary volume and
grain size [4,52,53]. When the dominant phases
remain without any phase transitions, defects such as
dislocations, stacking faults and pores in the grains are

generally reduced during sintering, thus changing the
bulk conductivities. The dependence of bulk conduc-
tivity on sintering conditions agrees with previous
reports [4]. On the other hand, the density gave the
highest gain importance at the grain boundaries
(Figure 7(d)). It should be noted that our density
descriptor defines the density per single crystal, not
the density measured in experiments, which can be
considered as the density of each grain. The density is
an intrinsic property of material that provides the
information of the structure class, e.g. the NASICON
class has lower density than perovskite and garnet, and
both the atoms and their compositions, i.e. the mass
per chemical formula unit change with the atomic
ratio.

3.5. Essential descriptors for the bulk and
grain-boundary conductivities

As we discussed in the Introduction section, the mate-
rial properties, structural properties, chemical charac-
teristics and the experimental conditions are closely
interrelated, deconvoluting the correlation for each
descriptor with ionic conductivities is not advised.
Consequently, the way we interpret the important
descriptors from the training models is not to separate
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Figure 7. The feature importance for bulk and grain boundary by XGBoost. The importance type of ‘weight’ shows the consistency
for (a) bulk and (b) grain boundary while the type of ‘gain’ for (c) bulk and (d) grain boundary reveals the differences of important
descriptors. The top-two for weight importance and the top-seven for gain importance represent in orange.

each descriptor with given correlation with targets, but
to give a hint of which descriptor to tune in priority for
bulk or for grain boundary conductivities.

The consistencies (regular) and differences (italic)
of the important descriptors between the bulk and
grain boundaries are summarized in Table 2. The
order of descriptors follows the top-seven gain impor-
tance (Figure 7(c,d)), followed by the grain size (no. 8
in Table 2) which is required for determining grain
boundary conductance of single grains. Since the gain
importance represents the descriptor’s contribution to
improve the prediction score, the descriptor with
higher gain importance is supposed to have higher
decision to control or tune the target even though
the correlation with the target is not available
(XGBoost is an ensemble non-linear algorithm).

Regarding to the results in Table 2, the material
descriptors of Li site occupancy and Li ratio dominate

the bulk conductivities while the structural descriptors of
density and unit cell volume dominate the grain bound-
ary conductivities. The material and structural descrip-
tors used here are the simulated bulk properties from
AtomWork-Adv (NIMS, https://atomwork-adv.nims.go.
jp/) [45] instead of the measured values. Also, the experi-
mental descriptors of sintering conditions are important
for both bulk and grain boundary (within the top-three in
Table 2). Furthermore, the additives and the chemical
descriptors of polarizability and electronegativity only
show for grain boundary. The chemical descriptors are
the pseudo-weighted average (see Methods) excluding Li
and O ions, suggesting that the grain boundary conduc-
tivity is significantly controlled by the additives/dopants
which usually compete the diffusive positions with Li
ions [54].

From the above, we get the hints for tuning the
ionic conductivities: (i) the experimental descriptors
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Figure 8. The plots of ionic conductivity of 96 samples at room temperature against the descriptors of grain size and sintering
temperature. (a) and (b) show the grain size of the 96 samples with bulk and grain boundary conductivities, respectively. There
exhibits a positive correlation between sintering temperature and both (c) bulk and (d) grain boundary conductivities. The orange

line is for tendency indicators.

Table 2. The important descriptors of the bulk and grain-
boundary ionic conductivities. The order is assigned corre-
sponding to each gain importance while the grain size
(assigned as no. 8) is necessary for determining grain bound-
ary conductance and provides physical insights such as the
thermodynamic condition. Descriptors for both the bulk and
grain boundary are represented in a regular font, whereas the
individual descriptors for the bulk or for the grain boundary
are represented in italics, i.e. the sintering time, Li site occu-
pancy, and Li ratio for bulk.

Bulk

Grain boundary

Descriptors 1. Sintering time 1. Density
2. Li site occupancy 2. Sintering temperature
3. Sintering temperature 3. Polarizability
4. Li ratio 4. Unit cell volume
5. Pellet diameter 5. Electronegativity
6. Density 6. Additives
7. Unit cell volume 7. Pellet diameter
8. Grain size 8. Grain size

of sintering conditions are significant for both bulk
and grain boundary, (ii) the material descriptors of Li
site occupancy and Li ratio are the prior descriptors,
which are material specific, for bulk conductivities, e.g.
the samples with the highest bulk conductivity
(107%~1072 S/cm, NASICON-type) have Li site occu-
pancy of 0.186-0.375 and Li ratio of ~0.08 in our
training dataset. (iii) the density and unit cell volume
are the prior structural descriptors while the polariz-
ability and electronegativity are the prior chemical
descriptors for tuning grain boundary conductivities,
e.g. by various rare-earth doping. It should be
remarked again that the tuning way of descriptors is

material specific and/or process dependent, e.g. the Li
ratio has positive correlation with ionic conductivities
for A material but negative for B material.

In regard to the grain size, most importantly, it is
required to obtain the meaningful target of grain
boundary conductance hy,. Additionally, the grain
size has the highest weight importance but low gain
importance (see Figure 7), which means that the grain
size appears many times to split the data but contri-
butes less to the reduction of prediction error. We
found that the R* does not change significantly when
using the grain size as a descriptor, e.g. R* of bulk
conductivities slightly decrease from 0.772 to 0.768
after excluding the grain size as a descriptor.
However, the R* was remarkedly improved, 0.897 for
bulk and 0.818 for grain boundary, by applying the
new targets of ionic conductivities divided by the grain
size. (See details in Figure S1 in supplementary)

In spite of the low gain importance of grain size, the
grain size (i) is necessary for determining grain boundary
conductance hy of single grains, which was used as
targets instead of the reported grain boundary conduc-
tivities (aé%t) for model training (See Equation (11)), and
(ii) provides combinational physical insights such as the
thermodynamic condition as well as synthesis process.
Also, (iii) after applying the newly defined target by grain
size, 0, /grain size and hgb/ grain size, the predictive per-
formance was greatly improved.

The grain size reveals the thermodynamic state of the
material under the specific temperature, atomic
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concentrations, and sintering conditions; for instance, the
grain size is usually enlarged after the sintering process.
During grain growth, the number of defects such as
vacancies inside the grains may decrease, depending on
the control of the sintering temperature and atmosphere.
After sintering, the microstructural changes in grains
with various sizes alter the activation energy of the bulk
conductivity; in other words, the least amount of energy
required for Li conduction inside the grains depends on
the grain size [4]. In a phonon transport study, Xu et al.
[41] also reported that the intrinsic thermal conductivity
is a function of grain size, and dominates the thermal
conductivity of ZnO thin films [55]. Besides the structural
changes inside the grains, the region of the space-charge
layer (which blocks the ionic conduction) increases
rapidly with reducing grain size, thus decreasing the
grain boundary conductivities, especially when the grains
and the space-charge layer regions are comparable in size
[20]. According to the above discussion and results, the
grain size effect cannot be excluded when analyzing bulk
and grain boundary conductivities.

4. Conclusions

We presented a computational (machine learning)
approach for identifying the important descriptors for
bulk and grain boundary ionic conductivities in lithium
solid electrolytes. Both the bulk conductivity and the
grain boundary conductance of single grains were
derived from 96 samples in three structural classes:
perovskite, garnet, and NASICON. The machine learn-
ing was performed by the nonlinear XGBoost algorithm
while weight importance and gain importance were
used for descriptor analysis. Since the material proper-
ties, structural properties, chemical characteristics and
the experimental conditions are strongly interrelated,
we interpret the important descriptors (in Table 2)
from the training models by giving a hint of which
descriptor to tune in priority for bulk and grain bound-
ary instead of deconvoluting the correlation for each
descriptor with ionic conductivities: (i) the experimen-
tal descriptors of sintering conditions are significant for
both bulk and grain boundary, (ii) the material descrip-
tors of Li site occupancy and Li ratio are the prior
descriptors, which are material specific, for bulk con-
ductivities, (iii) the density and unit cell volume are the
prior structural descriptors while the polarizability and
electronegativity are the prior chemical descriptors for
tuning grain boundary conductivities, and (iv) the grain
size is necessary for determining grain boundary con-
ductance of single grains and embodies combinational
physical insights such as the thermodynamic condition
as well as synthesis process. It should be noted that the
tuning way of descriptors is material specific and/or
process dependent. These findings can clarify ways of
improving bulk conductivities and overcoming the

Y.-J. WU et al.

limiting factors of grain boundary conductivities.
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