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With the rapid development of artificial intelligence and machine learning (ML) methods, materials science is rapidly
entering the era of data-driven materials informatics. ML models serve as the most crucial component, closely bridging
material structure and material properties. There is a considerable difference in the prediction performance of different ML
methods for material systems. Herein, we evaluated three categories (linear, kernel, and nonlinear methods) of models,
with twelve ML algorithms commonly used in the materials field. In addition, halide perovskite was chosen as an example
to evaluate the fitting performance of different models. We constructed a total dataset of 540 halide perovskites and 72
features, with formation energy and bandgap as target properties. We found that different categories of ML models show
similar trends for different target properties. Among them, the difference between the models is enormous for the formation
energy, with the coefficient of determination (R?) range 0.69-0.953. The fitting performance between the models is closer
for bandgap, with the R? range 0.941-0.997. The nonlinear-ensemble model shows the best fitting performance for both
the formation energy and the bandgap. It shows that the nonlinear-ensemble model, constructed by combining multiple
weak learners, effectively describes the nonlinear relationship between material features and target property. In addition,
the extreme gradient boosting decision tree model shows the most superior results among all the models and searches for
two new descriptors that are crucial for formation energy and bandgap. Our work provides useful guidance for the selection
of effective machine learning methods in the data-mining studies of specific material systems. The dataset that supported
the findings of this study is available in Science Data Bank, with the link https://www.doi.org/10.11922/sciencedb.01611.

Keywords: machine learning, material informatics, first-principles calculations, halide perovskites
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1. Introduction

The rapid growth in machine learning (ML) and artificial
intelligence has brought about significant development in nat-
ural science, especially in physics, materials, and biology.!!=!
The reasons for the widespread use of ML can be ascribed
to two points: Firstly, A wide variety of data is currently
available through experiment or simulated calculations.!®7]
Secondly, the rapid development of ML models, such as en-
semble model and neural network (NN).[391 Although ma-
terials science is still not at a data-rich stage,!'?! the rapid
development of materials science databases (e.g., Material
Project,!''l AFLOW!'?!) and material ML methods/software
(e.g., CGCNN, 131 GAP[M’U]) provides a robust foundation
for achieving high-speed and large-scale materials design.
Material ML method can be divided broadly into supervised
learning and unsupervised learning. Supervised learning con-
structs mapping relationships between material descriptors
(features) and target properties, including the two main as-

pects of interatomic potential!'®! and quantitative structure—
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property relationship (QSPR).!'7! Although they both predict
the properties of the material, there are obvious differences
in their essence. The focus of the interatomic potential is
to construct a sufficiently accurate (close to quantum calcu-
lations) and inexpensive surrogate model for predicting the
energy and force of materials. The QSPR describes a spe-
cific material system and generates problem-specific descrip-
tors (e.g., structure—composition descriptors and easily acces-
sible crystal/molecular properties) so that QSPR addresses the
end-to-end description of thermodynamic properties. There-
fore, it has a broader range of predictive properties and is
better suited to search for new materials on demand. Unsu-
pervised learning is based on the representation method of
material to find the similarities and differences among differ-
ent material groups.!!8! The methods to distinguish the struc-
tural differences include Euclidean, Manhattan, and Tanimoto

coefficients. ']

On-demand designing of functional materials using the
QSPR method has become a new hot topic in materials

http://iopscience.iop.org/cpb http://cpb.iphy.ac.cn
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informatics.!*’! Using ML models for mining the intrinsic
rules from high-throughput computational results or exist-
ing material databases has become a trend to guide theoreti-
cal/experimental design and discover new materials with op-
timized performance.>!->31 The advantage of this method lies
in the balance between reasonable experimental requirements
and a lower error rate. ML model serves as the most criti-
cal link bridging the relationship between material structure
and target properties. ML models are the most critical link
in the QSPR approach, which constructs linear and nonlinear
relationships between material structure and target properties.
Therefore, selecting the appropriate ML method is critical in
constructing QSPR materials research, significantly affecting
prediction accuracy and generalization ability. Generally, ML
methods applied in QSPR material research are classified into
the linear, kernel, and nonlinear methods. Linear methods are
based on a weighted linear sum of selected subsets of material
features to fit the target properties, e.g., least absolute shrink-
age and selection operator (LASSO), ridge regression.[20-281
Meanwhile, these methods are also more suitable for small
dataset problems, feature selection, and avoiding overfitting
problems. The kernel approach transforms the original ma-
terial feature set into a high-dimensional feature space and
then linearly differentiates material, and the features are not
directly nonlinearly processed, e.g., support vector machine
(SVM). The nonlinear approach refers to the direct nonlinear
processing of material features inside the method. It is used
to handle when target properties do not vary smoothly in the
material feature space, such as decision tree (DT), ensemble
model, and neural network (NN) model.

The effectiveness of ML models for fitting material sys-
tems has still not been uniformly studied, and it remains an
important problem in materials informatics. Moreover, per-
ovskite material received considerable attention in the opto-
electronic field due to its advantages, such as ultralong carrier
diffusion length,[>3!1 high threshold light absorption,3%3]
easily adjustable bandgap, and low-cost fabrication. 436! Re-
searchers have used high-throughput computational approach
and ML methods to design the novel perovskite materials
that maintain superior optoelectronic properties with structural
stability and non-toxicity to adapt to different optoelectronic
devices.®7~*1 Shuaihua Lu ef al. constructed a gradient boost-
ing decision tree (GBDT) ML model by the first-principles
calculation of 346 HOIP structures and screened six poten-
tially synthesizable HOIPs from 5158 structures that have not
been calculated.*®) Zhenzhu Li et al. trained the kernel ridge
regression (KRR), K-nearest neighbor (KNN), support vector
machine (SVM) models by using a dataset of 354 perovskite
structures. Furthermore, they found that the KRR model can
significantly learn the intrinsic laws of stability of perovskite
materials and agree well with the available experimental data,
much better than empirical formulations such as tolerance fac-

tor and octahedral factor.'*”) Adnan Ali er al. selected 852
types of HOIP structures and all-inorganic perovskite struc-
tures to construct an artificial neural network (ANN) model
and generate a ternary phase diagram of phase stability. Based
on the ternary phase diagram output from the ANN model to
further guide the experiments successfully, it was found that
the introduction of Cs ions at the A-site can increase the stabil-
ity of the cubic HOIP structure.*8] Although researchers have
chosen different ML methods based on the research system to

49-53] there is no uniform research on

build specific models,!
the fitting effect of common ML models in these applications.

Therefore, in this paper, we aim to evaluate the differ-
ences in the prediction performance of different ML mod-
els for material systems. Three classes (linear model, kernel
model, and nonlinear model) of twelve ML methods com-
monly used in the materials domain were selected, includ-
ing LASSO, KRR, KNN, SVM, decision tree (DT), extremely
randomized tree (ERT), AdaBoost decision tree (ABDT), ran-
dom forest (RF), GBDT, light gradient boosting decision tree
(LGDT), extreme gradient boosting decision tree (XGDT),
and ANN model. Furthermore, a dataset of 540 structures by
ion transmutation with 72-dimensional material features (el-
emental, structural, and combined features) was constructed
using mixed halide perovskite as the study system. Forma-
tion energy and band gap were used as target properties. The
results found that different classes of ML models for differ-
ent target properties showed similar trends. The nonlinear-
ensemble models all show excellent fitting performance and
are much higher than the others. It indicates that this method,
which is a combination of multiple weak learners, is more suit-
able for describing material systems. Meanwhile, we found a
great variation between models for predicting formation en-
ergy, with R? ranging from 0.69 to 0.953. There are minor
differences between models for predicting bandgap, with R?
ranging from 0.941 to 0.997. It shows that the formation en-
ergy has a higher degree of nonlinearity than the bandgap.
In addition, XGDT shows the most excellent results among

all the models. Two descriptors for the formation energy

and bandgap are searched simultaneously, CV(%) and

B/ Xx
dp x

model selection for specific material research systems, which

mean( ). Our study provides a systematic discussion of

may be helpful for future ML applications in materials science.

2. Computational method
2.1. First-principles calculations

The first-principles density functional theory (DFT) cal-
culations were carried out using the plane-wave pseudopo-
tential method implemented in Vienna ab initio simulation

34331 The projector augmented wave pseudopoten-

package. !
tials describe the electron—ion interactions. The generalized

gradient approximation of Perdew, Burke, and Emzerhof was
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used to describe the exchange—correlation function.!3%>71 The
kinetic cut-off energy for the plane-wave basis was set as
500 eV, and the energy convergence threshold was set as
107> eV. Monkhorst-Pack k-point meshes with the spacing
of 27 x 0.25 A~! were employed for structure optimizations
and self-consistent calculations. The structures (including lat-
tice parameters and atomic positions) were fully optimized un-
til the residual forces were converged within 0.02 eV/A. The
formation energy (Er) and the bandgap (E,) of the structure
were calculated and regarded as predicted target properties.
Since the same valence binary halides are often used as pre-
cursors for the experimental synthesis of perovskite, Ef was
defined as the energy difference between the perovskite en-
ergy and the binary compounds with the same oxidation state
reaction/product. The formula is as follows:

Et = Eapxy; — Eax — EBx,,

where E4py, is the total energy of the perovskite, Eqx and
Epy, are the total energies of binary metal halides (AX and
BX, are in space group Pm3m and Pnma, respectively). More
detailed computational methods can be referred to our previ-
ous works on halide perovskites.[*!8-93] The high-throughput
first-principles calculations were performed via the Jilin
Artificial-intelligence aided Material-design Integrated Pack-
age (JAMIP), which is an open-source artificial-intelligence-
aided data-driven infrastructure specially designed for compu-

tational material informatics. 3464

2.2. Machine learning

ML calculations were implemented using the JAMIP ML
module.[%* The entire process includes constructing compu-
tational material data, feature generation, feature engineering,
and model construction and evaluation, as shown in Fig. 1(a).
The entire material data was constructed by using cubic mixed

halogen perovskite (space group Pm3m, shown in Fig. 1(b))
with the chemical formula ABX3. Specifically, we considered
combinations of A = K, Rb, Cs; B = Mg, Ca, Sr, Ba, Zn, Cd,
Ge, Sn, Pb; and X = F, Cl, Br, 1. The data set contains 540
kinds of mixed halogen perovskite structures.

All features were uniformly preprocessed before feature
input into the model to eliminate the differences in data identi-
fication with different magnitudes. The recursive feature elim-
ination (RFE) method was used as a feature selection method.
We selected feature weight as an elimination criterion for the
model with feature weight. We selected four correlation co-
efficients for the corresponding model for the model without
feature weight, including Pearson correlation (PC), Spearman
correlation (SC), distance correlation (DC), and mutual infor-
mation correlation (MIC). The minimum error of the corre-
sponding model among the four correlation coefficients was
taken as the final correlation coefficient. Moreover, twelve
models were selected to recognize the most effective mod-
els for representing the perovskite system. All models (see
Fig. 1(c)) were constructed with JAMIP by calling the corre-
sponding ML software packages. LASSO, KRR, KNN, SVM,
DT, ERT, ABDT, RF, and GBDT were called from the Scikit-
learning python package, XGDT was called from the XG-
Boost python package, and LGDT was called from the Light-
gbm python package.!6>-671 The optimal hyper-parameters of
all models were searched using the same standard Bayesian
optimization algorithm, and ten-fold CV was used as the eval-
uation metric.[®8! We used averaging method to search for
“random_ state” hyperparameter. In Bayesian optimization
search process, the result of the average 10 times 10-fold CV
eliminated randomization. In the fitting performance, the re-
sult of the average 100 times eliminated the randomization,
and searched for the “random._ state” with the closest average
effect as the final hyperparameter.

(a)

~.

Features Feature
generation engineering

(b) T

J\
]/

() !

Structure Element selection Model selection
ABXL XxIxy A=K, Rb, Cs + LASSO ¢ Ridge * KNN
(mm,: 1) B = Mg, Ca, Sr, Ba, Zn, Cd, Ge, Sn, Pb «SVM DT « ETR
A X1, X0 XU — F Cl, Br, I *+ABDT ¢«RF  +GBDT

* XGDT « LGDT « ANN

of of
o
Xa»‘o (e Wz}

Target property

oo x

- Bandgap (E,)

* Formation energy (Ef)

Hyperparameter method

* Bayesian optimization

Fig. 1. Schematic diagram of the overall machine learning workflow. (a) The process consists of building a JAMIP ML calculational
material data, feature generation, feature engineering, and model construction and evaluation. (b) Single perovskite schematic diagram,
A-site with three alkali metal monovalent elements in A-site, nine divalent metal elements in B-site, and four halogen elements in X-site.

(c) Machine learning models and hyperparameter method.
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3. Results and discussion

Typically, ML studies involve selecting the most appro-
priate model and the most subtle input features. The ini-
tial feature set design is shown in Fig. 2(a). The elemen-
tal information of the perovskite was extracted from the Py-
matgen database, 9] including atomic radius, ionic radius,
ionization energy, electronic affinity energy, electronegativity,
Mendeleev number, and atomic mass. The structure features
of perovskite, such as (octahedral factor and tolerance factor)
and combined features based on the physical/chemical intu-
ition were constructed by the ML module of JAMIP. Moreover,
the results of the DFT calculation for the formation energy and

bandgap of perovskite were considered as target properties.
The dataset contained 72 features and all feature information
listed in the support information Table S1. All features were
normalized and scaled down to between O and 1. Moreover,
in order to fairly compare the differences in the fitting per-
formance of perovskite among the twelve models, 80% of the
total dataset was selected as the training set and 20% as the
validation set. We selected the layered sampling method to
ensure that the dataset was distributed evenly over the entire
range area. The training set was used to train the model and
search for the optimal feature set, and the validation set was
used to evaluate the performance of the model.

Initial elemental features

D

O Atomic radius (R*°™) O Electronegativity (x) O LUMO
QO Ionic radius (Rio")
O Tonization energy (IE) O Atomic mass (M)
QO Electron affinity (E,,) Q HOMO

0 Atomic number () O LUMO-HOMO

Initial structural features

r I
B—X

D

O Mean of dp_y

O Standard deviation of dp_x

QO Coefficient of variation of dp_x
O Tolerance factor ()

O Octahedral factor (i)

Combined features

Outputting feature weight
and average CV score and
eliminate lowest weight feature

Feature number > 1

CV score RMSE

No
Returning optimal
iteration number

Optimal features set

(c)

—0.25

—0.30 1

Best feature

—0.35 1 set forr GBDT

—0.40

—0.45

—0.50

—0.55 1 Model

o~ KNN
©- GBDT

—0.60

_0-65 1 1 1 1 1 1 1 1
1 10 20 30 40 50 60 72
Feature number

Fig. 2. Feature design and feature engineering details. (a) Perovskite feature design includes three parts: initial elemental feature, initial structural
feature, and combined feature. (b) Recursive feature elimination (RFE) flow chart. (c) RFE method screening process.

Feature engineering is a crucial step for ML research,
which often determines the lower limit of the fitting perfor-
mance of the model, and the features determine the upper
limit.["%] Feature engineering usually consists of feature de-
sign and feature selection. For system-specific ML study, fea-
ture design consists of initial elemental and structural features
based on extraction from the structure and combined features
based on physical-chemical intuition. Since the entire fea-
ture set is often over-complete, it can lead to a situation of
the dimensional curse due to feature redundancy.*®! The RFE
method was used to select the optimal feature set of each
model. The whole process takes RMSE as the evaluation met-
ric. The RFE method assesses the weight of all features, and
the feature with the lowest weight is eliminated. The features
subset corresponding to the lowest error is defined as the op-

timal feature set. We chose the ten-fold CV method for the
whole process. For models that do not output feature weights
information (SVM/ANN/KNN), a univariate feature selection
method was selected as searching for the optimal feature sub-
set, which evaluates the correlation weight (PC, SC, DC, MIC)
between each feature and target property. The minimum error
of the corresponding model among the four correlation coef-
ficients was taken as the final correlation coefficient. The low
correlation weight feature will be removed recursively in turn.
The feature selection flow is shown in Fig. 2(c).

The RFE process of formation energy is shown in
Fig. S1(a). All model RMSE values show a rise firstly with
an increasing number of features and then tend to fluctuate
after maximum value stably. After completing feature selec-
tion, the feature dimensions of all formation energy models are
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shown in Table 1. The fitting performance of the nonlinear-
ensemble model is better than that of other models, with the
LGDT is a signif-
icantly improved version of the gradient boosting decision

LGDT model being the most superior.

tree, where the histogram-based decision tree algorithm and
leaf-wise leaf growth strategy with depth constraints consider-
ably increase the efficiency. The minor ten-fold CV RMSE
is 0.4156 eV/formula when the feature dimension reaches
30. The XGDT model also achieves a precision close to the
LGDT model (0.4167 eV/formula), but its optimal feature
set has not eliminated any features. It shows that nonlinear-
ensemble models (LGDT/XGDT/GBDT/ABDT) can effec-
tively characterize the formation energy information. How-
ever, other models show a wide variation in fitting perfor-
mance. The SVM is the worst fitting model with an RMSE
CV of 0.7596 eV/formula. It indicates that the relationship
between the formation energy and the input features is highly
nonlinear. Nonlinear-ensemble models composed of multi-
ple weak learners have better generalization capability. The
RFE result of the bandgap is shown in Table 1 and Fig. S1(b).
The entire RFE process is similar to the trend of the forma-
tion energy, and the nonlinear-ensemble model also performs
better than the other models, with the XGDT model showing
the optimal performance. The minor ten-fold CV RMSE is
0.2576 eV with feature dimension reduced to 42.

Based on the feature selection results, the second hyper-
parameter tuning is performed on all models with the op-
timal feature set and the trained models predicted for the
validation set. The results of all formation energy model
fitting performances are shown in Fig. 3(a) and Fig. S2.
We found that the models vary widely in their evalua-
tions, where the models with R> above 0.9 were only
KNN/ABDT/GBDT/LGDT/XGDT. It means that only these
The
XGDT model performs optimally for predicting structures

models could learn formation energy intrinsic trends.

not involved in the training set within these models. For

" (a) Formation energy 0.642 ‘Mm
é 06 I O.SSSOﬁ
:% 0.5
° 04r
=
£ 03 0203 03 03U
A
Z 02
~
0.1
0 & & & é Q o O L L (é @I
TS P W S
LR FSE Q&&’% SO

the structural formation energy model, the prediction results
around 0 eV are usually more descriptive of model robust-
ness. Subsequently, we accounted for the accuracy (percent-
age of all structures with positive/negative formation energy
correctly predicted by the model), MAE, and RMSE of all
models in predicting the intervals from —1 eV to 1 eV (see
more details in Table S3 of support information). The XGDT
model remains the top-performing model with an accuracy
of 95.5455%, MAE of 0.1060 (eV/formula), and RMSE of
0.1967 (eV/formula). XGDT is an improved gradient boost-
ing decision tree, which performs the second-order Taylor ex-
pansion for loss function compared to the GBDT model and
is constructed with the weighted sum of multiple weak learner
models (decision tree). Given the excellent performance of
XGDT, this model can be used for all future predictions in
terms of perovskite stability. All bandgap model fitting re-
sults are shown in Fig. 4(b) and Fig. S3. We found that R? in
all models exceeded 0.9, which suggests that the models can
mine the general trend of the bandgap. It also means that the

intrinsic laws of perovskite formation energy are more difficult

Table 1. The feature selection procedure result of formation energy and
bandgap for the twelve models.

Numbers of optimal features

Model
Formation energy Bandgap
ETR 29 16
DT 41 36
SVM 35 46
LASSO 10 18
KNN 3 30
ANN 36 72
RF 30 44
Ridge 36 26
ABDT 18 46
GBDT 29 44
LGDT 30 72
XGDT 72 42
0.5
(b) Bandgap 0.458
-
© 04f
B
9]
3
5 0.3r 0.268 0271 0275
@
=2
]
> 0.2
&2}
0
=
g 0.1k

S

SIS L ES DL
O XL TR L O P 5
LCPE WEFV S v

Fig. 3. The fitting error of the test set for twelve ML models. (a) Formation energy fitting results, the order of model fitting error is XGDT, ABDT,
LGDT, GBDT, KNN, RF, Ridge, LASSO, ERT, ANN, DT, and SVM. (b) Bandgap fitting results, the order of model fitting error is XGDT, GBDT,

LGDT, RF, ABDT, KNN, Ridge, ERT, SVM, DT, LASSO, and ANN.
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to mine than the bandgap. The XGDT mode performs bet-
ter than the other model with MAE of 0.144 eV, RMSE of
0.269 eV, and R? of 0.953. Furthermore, there is little differ-
ence in the accuracy of the predictions for the various interval
ranges of the bandgap. Therefore, XGDT is one of the most
promising ML models for applying to the perovskite system.
In addition to the XGDT model, the LGDT and GBDT also
show superior results to the other model, which belong to the
nonlinear-ensemble model.

The essence of the XGDT model is a decision tree model,
which can output the feature importance information to un-
derstand the relationship between structure and property. For
each feature, the feature importance value is between 0 and
1, with O represented feature having a negligible effect on the
target property and 1 represented feature having a significant
effect on the target property. Moreover, the features are not
independent of each other but act in concert to affect the tar-
get property. Figures 4(a) and 4(b) show the top ten feature
ranks for formation energy and bandgap, respectively. For for-
mation energy, the highest importance feature CV(%) is
defined as

0.15 ——
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I
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e
0 I 8 0 oz n o0
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o )
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0 0.002 0.004 0.006
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CV(B X)
dp_x

\/6 (XB/XX 1 XB/XX>2
> >
CV<XB/%X> _ V= dp-x 61 dpx
dp-x L xm/xx ’
6i=1 dpx

where xp, xx represent electronegativity of B, X-site, and dp_x
represents [BXg] ™ octahedral B—X bond length. This formula
indicates that the degree of variation of the B—X electronega-
tivity ratio concerning the B—X bond length quotient plays a
decisive factor in the stability of mixed halide perovskite. The
second and third high important features are also combined
features of elemental electronic and distance information from
the B—-X position, demonstrating that the relationship of the
B—X position dominates the formation energy. Visual analysis
of the most important feature and formation energy relation-
ship is shown in Fig. 4(c). We found that the larger CV( %)
the structure tends to become unstable, which is consistent
with the widely-accepted point that the structural stability of
perovskite is roughly affected by the geometric criteria 7y and
B—X bonding strength and the difference of electronegativity
and distance between bond partners.[!]

0.15

(b)

0.05

Feature importance

Bandgap (eV)

0.10 0.15 0.20 0.25 0.30
(XB/XX)
mean
dp_x

Fig. 4. The result of feature importance and two-dimensional sensitivity analysis of the XGDT model. (a) The top 10 importance features rank by the
XGDT model for formation energy prediction. (b) The top 10 importance features rank by the XGDT model in bandgap prediction. (c) Relationship
visualization of formation energy with CV(%). (d) Relationship visualization of bandgap with mean( %)
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The feature rank of the bandgap is shown in Fig. 4(b).

The highest importance feature mean(ij/_iX ) is defined as

mean(

xB/%x\ _ 1\~ xB/Xx

dix ) "o Uy (1)
where xp/xx represent the electronegativity of B/X -site, dp_x
represents [BXg]~ octahedral B-X bond length. This formula
shows that the mixed halide perovskite’s stability is critically
dependent on the mean value of the B—X electronegativity ra-
tio and the B—X bond quotient. The second and third highest
importance features are the tolerance factor and the B—X aver-
age bond length, respectively, showing that the chalcogenide
band gap is affected by B/X electronegativity, B-X distance,
and [BXs]~ octahedral distortion. It is mainly due to that the
valence band maximum and conduction band minimum of per-
ovskite are mainly occupied by the atomic orbitals of B and X.
The atomic distance between B and X determines the degree
of overlap between the s/p orbitals of B and the p orbitals of
X. Visual analysis of the most important feature and bandgap
relationship is shown in Fig. 4(d). We found that the bandgap
gradually decreases as the mean value of the B—X electroneg-
ativity ratio to the B—X bond length quotient increases. It is
mainly due to the gradual increase in octahedral distortion
as the highest importance feature decreases, which results in
less overlap between the s/p orbitals of B and the p orbitals
of X, leading to an increase in the bandgap when the B-site
electronegativity is fixed.[”?! The characterization of the per-
ovskite stability and bandgap shows that the B-X electronega-
tivity and the degree of [BXg] ~ octahedral distortion play a cru-
cial role in the structural properties of perovskite. In summary,
adjusting the appropriate halogen percentage to modulate the
bandgap range within a stable structure can design perovskite
materials for specific optoelectronic requirements.

4. Conclusion

In this work, we systematically analyze the differences in
the fitting performance of different classes of machine learn-
ing methods for material systems. We constructed 12 ma-
chine learning models in three classes (linear, kernel, and
nonlinear models). Meanwhile, halide perovskite was chosen
as the research system, and 540 structures were constructed
by ion transmutation. The nonlinear-ensemble model shows
the best fitting performance. However, the nonlinear-single
model (neural network, decision tree, support vector machine,
etc.) exhibits inferior fitting performance. It shows that the
nonlinear-ensemble model is more suitable for the machine
learning research of material systems. The XGDT model acts
as the best model for predicting the unknown structure, and
root mean square error, mean absolute error, and coefficient of
determination are 0.106 eV/formula, 0.079 eV/formula, and
0.997, respectively. Further analysis of the structure—property

relationships from the XGDT model reveals two primary de-
scriptors that influence the energy of chalcocite formation and
bandgap, CV(%) and mean(%—f{x). The perovskite for-
mation energy is mainly influenced by the B—X electronega-
tivity and the degree of variation in [BXg]~ octahedral bond
lengths, and the bandgap is mainly influenced by B-X elec-
tronegativity and [BXs]~ octahedral average bond lengths.

The superior results of the nonlinear-ensemble model
benefit from employing multiple ensemble approach to op-
timize the higher variance and bias problem of the sin-
gle model. The common ensemble approach includes
boosting, 3 bagging,[”* and stacking.[”> In this study, we
constructed XGDT, LGDT, GBDT, and ABDT models using
the boosting method and RF model using the bagging method.
All nonlinear-ensemble models taking boosting methods are
better than bagging methods in formation energy and bandgap.
This is mainly because the boosting method adopts updating
the sample weights of every single model according to the pre-
diction error (loss function). Then, the high bias samples are
continuously trained to focus on optimizing the model and re-
ducing the loss function. The advantage of the XGDT model
for achieving the best performance is mainly reflected in New-
ton’s method, in which the extreme value of the loss func-
tion is solved, the second-order Taylor expansion of the loss
function is carried out, and the regularization term is added
to avoid overfitting. This treatment is more sensitive to fitting
errors. 0! Meanwhile, we found that the ANN model that per-
forms well in the ML fitting potential does not achieve excel-
lent results. It is because ANN algorithm often requires large
data sets to support them. Otherwise, they can cause great
overfitting.[7®! Therefore, the nonlinear-ensemble ML models
are suitable for research on small sample material datasets.
In addition, the XGDT model not only achieves the best fit-
ting performance, but also captures potential relationships be-
tween halide perovskite material descriptors and target prop-
erties (formation energy and bandgap). This approach helps
to understand the properties of halide perovskites and permits
more efficient work on finding descriptors. Thus, the XGDT
may be a potential ML model for applying in the field of halide
perovskites and even other types of material systems in the fu-
ture.
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