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Machine learning (ML) is widely used to uncover structure–property relationships of materials due to its
ability to quickly find potential data patterns and make accurate predictions. However, like alchemists,
materials scientists are plagued by time-consuming and labor-intensive experiments to build high-
accuracy ML models. Here, we propose an automatic modeling method based on meta-learning for mate-
rials property prediction named Auto-MatRegressor, which automates algorithm selection and hyperpa-
rameter optimization by learning from previous modeling experience, i.e., meta-data on historical
datasets. The meta-data used in this work consists of 27 meta-features that characterize the datasets
and the prediction performances of 18 algorithms commonly used in materials science. To recommend
optimal algorithms, a collaborative meta-learning method embedded with domain knowledge quantified
by a materials categories tree is designed. Experiments on 60 datasets show that compared with the tra-
ditional modeling method from scratch, Auto-MatRegressor automatically selects appropriate algorithms
at lower computational cost, which accelerates constructing ML models with good prediction accuracy.
Auto-MatRegressor supports dynamic expansion of meta-data with the increase of the number of mate-
rials datasets and other required algorithms and can be applied to any ML materials discovery and design
task.

� 2023 Science China Press. Published by Elsevier B.V. and Science China Press. All rights reserved.
1. Introduction

Materials scientists are constantly striving to boost design and
discovery of novel materials with superior properties. Recently,
data-driven machine learning (ML) has been receiving increasing
attention due to its ability to quickly and accurately find relation-
ships between materials properties and complex factors [1–3]. A
large amount of materials raw data has been accumulated in some
databases (e.g., Materials Project (MP) [4], AFLOWlib [5], and Open
Quantum Materials Database (OQMD) [6]), thereby providing a
good data foundation for ML research, such as Matbench [7]. The
usage of ML covers various prediction tasks of continuous proper-
ties, such as band gap, formation energy, thermodynamic stability,
ionic conductivity, and mechanical properties.

The researchers in materials science using ML aim to make pre-
dictions of materials properties by constructing structured data
based on raw data to reveal the ‘‘Composition-Structure-Process-
Property” relationships. However, construction of high-accuracy
ML models is challenging. Herein, we summarize the ML models
employed in 78 selected publications on materials research, shown
in Fig. 1a. According to the ‘‘no free lunch” theorem [8,9], there is
no single best ML algorithm for all materials problems. Therefore,
to tackle a new materials problem, researchers need to find the
best model frommany available models. Generally, it involves test-
ing performance of multiple ML algorithms to select the most suit-
able one [10–13].

In addition, the performance, training speed, and complexity of
the ML model are sensitive to its hyperparameters [14,15]. Like
alchemists, materials researchers often determine the optimal
hyperparameters through labor-intensive tuning or drawing on
historical experience in materials science using ML [16,17]. As
shown in Fig. 1b, the hyperparameters vary for different ML algo-
rithms, which exacerbates the problem since they also need to
be tuned to construct the optimal ML model for a specific materials
problem. To simplify this process, some swarm intelligence
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Fig. 1. (Color online) The commonly used regression algorithms in materials science. (a) The usage frequency of different algorithms in 78 publications. The ensemble models,
including Random Forest (RF) and Boosting models, and the nonlinear models, including Multi-Layer Perception (MLP), K-Nearest Neighbor (KNN), Support Vector Regression
(SVR), Gaussian Process Regression (GPR), Decision Tree (DT), and Kernel Ridge Regression (KRR), account for the top few, while the proportions of other linear models,
including Ridge Regression (Ridge), Logistic Regression (Logistic), Linear Regression (LR), Bayesian Ridge Regression (BRR), Lasso Regression (Lasso), Elastic Net Regression
(ElaNet), and Partial Least Squares (PLS), are not high. (b) The complex hyperparameters of different algorithms.
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algorithms, such as ant colony optimization [18], particle swarm
optimization [19], and genetic algorithm [20], have been adopted
to explore hyperparameter space. All that increases the computa-
tional cost of constructing a high-quality predictive model [21–
23]. Therefore, it is a burning issue to develop a novel automatic
method for selecting regression models and optimizing their
hyperparameters more quickly and efficiently, to improve the
usability and reliability of ML in materials science.

Automated machine learning (AutoML) offers a path to solve
this issue, which supports building ML models automatically with-
out extensive ML knowledge and massive human intervention.
Several efforts, such as Auto-Weka [24], the tree-based pipeline
optimization technique (TPOT) [25], and Hyperopt-Sklearn [26],
have achieved remarkable results in effectively improving the
usability and accuracy of ML models. However, these end-to-end
modeling processes to build high-quality ML models have high
computational costs and are often overwhelmingly technically
involved for practitioners. As a solution, Dunn et al. [7] proposed
Automatminer, which applies the TPOT technique to reduce the
intervention of materials experts in the modeling process and then
predict the physicochemical properties of inorganic bulk materials.
To further develop AutoML, the relationship between materials
datasets and ML algorithms is being explored by employing the
idea of meta-learning. The goal of introducing meta-learning into
AutoML is to correlate the performance of ML algorithms with data
characteristics of previous tasks [27–30], i.e., meta-features, which
are collectively referred to as meta-data. This enables to
warm-start model construction of any new task by automatically
1260
recommending the promising algorithms and their corresponding
hyperparameters based on modeling experience on historical
tasks.

Here, we propose an automatic modeling method based on
meta-learning for materials property prediction, named Auto-
MatRegressor. For the approach to work, there are two main chal-
lenges: (1) what meta-data should be constructed; (2) how to
resolve the overfitting for limited materials datasets.

Towards the first challenge, implementing suitable meta-
features is a fundamental issue for determining which modeling
experience can be learned from, and there have been lots of excellent
efforts to address it with many meta-features in the clustering or
classification studies [31,32]. To comprehensively characterize the
materials datasets used for regression tasks, we implement a total
of 27 meta-features including 24 traditional meta-features and 3
enhancedmeta-features. In addition, we employ 18 regression algo-
rithms commonly used in materials science as candidate algorithms
to collect their prediction performance on all previous datasets.

Towards the second challenge, sufficiently large datasets are
required for the meta-learning-based AutoMLmodel to avoid over-
fitting and improve the accuracy of algorithm recommendations
[33]. However, in materials science, only limited datasets are often
available. One of our solutions is to introduce regression datasets
from other research fields (called ‘‘general datasets”) as part of
experimental data. Furthermore, applying data-driven modeling
without the guidance of materials experts often leads to the results
of meta-learning being inconsistent or even contradictory to mate-
rials domain knowledge. As a solution, we design a collaborative
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meta-learning model embedded with domain knowledge to effi-
ciently combine the meta-learning results from the materials data-
sets with those from the general datasets. Without requiring
materials experts to have strong ML knowledge and conduct
labor-intensive experiments, our method can automatically and
quickly build an ML model with high prediction performance for
a new materials task. The efficacy and robustness of Auto-
MatRegressor are demonstrated on a variety of experimental data-
sets from different materials categories.

2. Methods

2.1. The workflow of Auto-MatRegressor

As shown in Fig. 2, the general workflow of applying ML to the
field of materials science involves five major stages, starting from
target definition to data processing, feature engineering, model
construction, and finally application. During the model construc-
tion, materials experts often rely on trial-and-error testing to find
the ML model with good prediction performance. It is recognized
that this stage requires materials experts’ intervention and is rela-
tively expensive in terms of human (researcher) time and expertise
[34,35]. Herein, an automatic regression method for the materials
property prediction named Auto-MatRegressor is proposed to
automate the model construction process.

Auto-MatRegressor is composed of three procedures. (1) Con-
structing meta-data for supporting meta-learning. To avoid overfit-
ting, 54 materials datasets from the materials ML publications and
60 general datasets screened from ML online data repositories are
collected manually as the overall experimental data. Further
details of the datasets can be found in Tables S1, S2 and the Supple-
mentary materials Note 1 (online). Then, based on these two types
of datasets, two different sets of regression-oriented meta-data are
constructed, respectively. (2) Building a collaborative meta-
learning model for promising algorithms. A multinode tree is
designed and constructed to visualize domain knowledge involving
different materials categories, named ‘‘Materials Categories Tree”
(MCT-DK). Then, based on the various meta-data, meta-learning
Fig. 2. (Color online) Automatic model construction for the materials property predictio
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is guided by MCT-DK to collaboratively recommend two distinct
rankings of regression algorithms. (3) Optimizing hyperparameters
for the recommended regressors. The Bayesian optimization (BO)
algorithm is employed to search the global optimal hyperparame-
ters (the Supplementary materials Note 3).

As a result, given a new dataset, Auto-MatRegressor can auto-
matically recommend well-promising ML algorithms by learning
the experience of building models on similar datasets, which are
then applied to predictions of unknown target properties.

2.2. Meta-data construction

Meta-data is composed of the algorithm performance and
meta-features that characterize prior datasets. Meta-features
determine the similarity measure between datasets, which in turn
affects the recommendation of ML algorithms for new tasks.
Herein, the prior datasets including 54 materials datasets and 60
general datasets are used to support the construction of meta-
data. The materials datasets are sourced from various subdisci-
plines of materials sciences, such as lithium superionic conductor
properties, organic compound properties, and biofuel compound
properties. The number of samples ranges from 9 to 7230, repre-
senting both relatively scarce and relatively abundant properties.

2.2.1. Meta-features
Meta-features aim to characterize datasets to identify similari-

ties and differences, and then pick up similar datasets from exist-
ing ones for a new task. All meta-features adopted in this paper
are shown in Table 1. The traditional meta-features [30,37] include
simple meta-features, statistical meta-features, principal compo-
nent analysis-based (PCA-based) meta-features, and landmarking
meta-features. The PCA-based meta-features are extracted from
the condition attributes of the datasets; the landmarking meta-
features that depend on ML algorithms including Lasso, KNN,
SVR, MLP, and DT, are extracted from model performance mea-
sures. Additionally, the construction of a purely data-driven ML
model is usually done under the assumption that learning samples
conform to a certain data distribution [14,38]. Also, the target
n (Auto-MatRegressor).



Table 1
List of meta-features in Auto-MatRegressor.

Category Meta-features Description

Traditional meta-features Simplea Number of instances,
Log number of instances,
Number of features,
Log number of features,
Dataset ratio,
Log dataset ratio,
Inverse dataset ratio,
Inverse log dataset ratio

The simple meta-features are directly extracted from the data
and represent basic information about the dataset. It is
generally advisable to transform original attributes by taking
logarithms, ratios, or inverse to make the marginal
distribution as near normal as possible [36]. They are the
simplest set of measures in terms of definition and compu-
tational cost.

Statisticala Kurtosis max,
Kurtosis min,
Kurtosis mean,
Kurtosis std,
Skewness min,
Skewness max,
Skewness mean,
Skewness std

The statistical meta-features capture data distribution.
Skewness is a measure of symmetry in distribution to
describe how much statistical data distribution is
asymmetrical from the normal distribution. Kurtosis is the
measure of heaviness or the density of distribution tails to
determine whether a distribution contains extreme values.

PCA-baseda PCA 95%,
PCA kurtosis first pc,
PCA skewness first pc

The PCA-based meta-features perform principal component
analysis and compute various statistics of the principal
components based on intrinsic dimensionality.

Landmarkingb Lasso-based landmarking,
KNN-based landmarking,
SVR-based landmarking,
MLP-based landmarking,
DT-based landmarking

The landmarking meta-features characterize datasets by
using the performance of a set of simple and fast learning
algorithms (together with preset hyperparameter values)
with different inductive biases to capture relevant
information with a low computational cost. The metric root
mean square error (RMSE) is used for evaluating the
predictive performance.

Enhanced meta-features Target property-based statisticalc Kurtosis-Y ,
Skewness-Y

The target property-based statistical meta-features are
extracted to characterize the output-data distribution via
descriptive statistics.

Uncertainty-basedc (Ey, En, He) The uncertainty-based meta-feature includes three
numerical characteristics: (a) expectation Ey; (b) entropy En;
(c) and hyper entropy He.

a The simple meta-features, statistical meta-features, and PCA-based meta-features are extracted from the condition attributes of the datasets.
b The landmarking meta-features depend on ML algorithms to extract model performance measures.
c The target property-based statistical meta-features and uncertainty-based meta-feature are extracted from the target properties of the datasets. Data distribution and

uncertainty associated with target properties are crucial to characterize or distinguish different materials datasets in meta-learning for regression tasks.
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properties are often affected by various physicochemical factors
due to complex driving mechanisms in materials research. Experi-
mental errors from measurements or computational errors from
incorrect approximations can lead to uncertainty in the target
properties of the collected materials data [9,39–41]. Therefore,
data distribution and uncertainty associated with target properties
are crucial for characterizing or distinguishing different materials
datasets in meta-learning for regression tasks. To address the issue,
in this work, we introduce two types of enhanced meta-features
associated with target properties. The variables of the meta-
features implemented in Auto-MatRegressor are shown in the Sup-
plementary materials Note 3 and Table S5 (online).
2.2.2. Model performance
Building on meta-features, promising ML algorithms stored in

the previously collected datasets can be recommended for a new
given dataset. It is crucial for meta-learning to build high-
performance predictive models based on prior datasets. In terms
of prediction accuracy, classical and statistical ML approaches
(e.g., LR, SVR, KNN, and DT) are more suitable for smaller datasets;
neural networks require larger amounts of data and only become
feasible for datasets with the number of points on the order of
thousands or more. From the perspective of model interpretability,
the linear models (e.g., LR, PLS, and Ridge) are simple to imple-
ment, and the learning results tend to be comprehensible. How-
ever, the relationships between the conditional factors and the
target attribute in materials science are often complex, which leads
to the fact that although the learning results of the nonlinear mod-
els (e.g., MLP, GPR, and SVR) are ‘‘black boxes”, they are widely
1262
used by materials experts. Combined with the analysis of usage
frequency of regression algorithms (Fig. 1), 18 regression algo-
rithms are considered in Auto-MatRegressor: LR, Lasso, Ridge, Las-
soLars (LS), BRR, Random Sample Consensus (RANSAC), KNN, GPR,
DT, Adaptive Boosting (AdaBoost), RF, MLP, Stochastic Gradient
Descent (SGD), SVR, Linear SVR, KRR, ElaNet, and Passive Aggres-
sive Regression (PAR). Each experimental dataset is divided into
80% training samples for prediction model development and 20%
test samples for model performance evaluation. Herein, we tune
the hyperparameters via the 5-fold cross-validation (CV) and BO
[42] method. As shown in Eq. (1), RMSE is used for evaluating
the predictive performance, which is efficiently implemented in a
Python programming language [24]. Finally, we successfully design
and store high-performing regressors for each dataset by Auto-
MatRegressor. The details of hyperparameters are presented in
the Supplementary materials.

RMSE Y ; bY� �
¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
i¼1 yi � yi 0ð Þ2

n

s
; ð1Þ

where n is the total number of samples used for training ML mod-
els; yi and yi

0 represent the real value and predicted value,
respectively.

2.3. Collaborative meta-learning embedded with materials domain
knowledge

2.3.1. Domain knowledge acquisition and quantification
Exploratory works in our research group have demonstrated

that embedding domain knowledge into the modeling process is
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an effective strategy to enhance the reliability and interpretability
of ML results [1,43,44]. Here, MCT-DK is designed to visualize
materials domain knowledge. The target properties of materials
datasets are first considered as the leaf nodes. Then, materials
experts design the penultimate layer by analyzing the materials
categories to which the predicted attributes belong. Likewise, the
other layers are designed through this same strategy until reaching
the root of the tree. Although some branches (materials categories)
lack the corresponding leaf nodes (datasets), materials experts
keep these branches to ensure the integrity of the materials cate-
gories system. The design of MCT-DK is illustrated in Fig. 3a, where
the detailed representation of leaf nodes is presented in the Sup-
plementary materials Note 2 and Table S4 (online).

From the perspective of physical and chemical properties (as
shown in Fig. 3b), materials are classified under four categories
of (1) metal; (2) inorganic non-metallic; (3) polymer, and (4) com-
posite. Metal materials contain ten materials datasets concerning
multiple subdivided materials such as Fe-based metallic glasses,
Ni-based single crystal superalloys, and high entropy alloys. Inor-
ganic non-metallic materials consist of five basic groups: glass,
Fig. 3. (Color online) Quantified domain knowledge based on MCT-DK. (a) MCT-DK to vis
MCT-DK. Numbers in the bars represent the number of materials categories or datasets. (
the cell in the heatmap, the more similar between every two datasets.
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ceramic materials, cement, refractory materials, and others that
are difficult to categorize explicitly into any of the above sub-
classes. Notably, there are thirty-two datasets across the targeted
properties of GexSe1�x glass, lithium superionic conductors, oxide
ionic conductors, etc., which can be attributed to more research
focusing on inorganic non-metallic materials. Polymer materials
are divided into seven categories such as plastic, rubber, and fiber.
Unlike the above three kinds of materials, to the best of our knowl-
edge, there is less publicly available data on composite materials.
The MCT-DK is encoded and quantified by the weight score smat

i

to measure the similarity between the materials datasets at the
domain knowledge level, as shown in Fig. 3c. The implementation
of smat

i is detailed in the Supplementary materials Note 2 (online).

2.3.2. Collaborative recommendation embedded with MCT-DK
Firstly, two different types of meta-data are constructed, corre-

sponding to materials datasets and general datasets, respectively.
Given a new dataset, 27 regression-oriented meta-features are first
extracted by Auto-MatRegressor. Then, the Euclidean distance
between the new dataset and each prior dataset is calculated in
ualize domain knowledge. (b) The data distribution corresponding to every layer of
c) The similarity heatmap at domain expert knowledge level. The deeper the color of



Fig. 4. (Color online) The average ranking accuracy of 100 rounds of experiments.
(a) Average SRC values for 18 regression algorithms on different materials datasets.
(b) Average Recall values of the recommended top-3 regression algorithms on
different materials datasets. The green dotted line represents the standard
threshold for comparison, and the orange dotted line represents the mean of SRC
values or Recall values of all 54 datasets.
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meta-features space to identify similar datasets and the corre-
sponding algorithm performance from meta-data. To formally
define the problem, we denote Fi ¼ f i;1

�
; � � � ; f i;k; � � � ; f i;n

�
to be a

set of meta-features indexed by k, where n denotes the number
of meta-features. The distance measured between Fi and Fj is given
by Eq. (2):

d Fi; Fj
� � ¼ di;j ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXn
k

f i;k � f j;k
� �2vuut : ð2Þ

Subsequently, all prior datasets are ranked according to the
Euclidean distance. In terms of algorithm performance from similar
general datasets, the Average Ranking (AR) method is used to
return the final rankings of regression algorithms. It works as
follows.

Let rj ¼ p1;j; � � � ; pi;j; � � � ; pg;j

� �
be the rank position of algorithm

j j ¼ 1; � � � ; að Þ where a is the number of regression algorithms
indexed by j, and g is the number of similar general datasets

indexed by i. The average rank position rj
�
for any regression algo-

rithm is given by:

rj ¼
Pg

i¼1pi;j

g
; ð3Þ

where pi;j represents the ranking of the j-th regression algorithm for
the i-th similar dataset in the case of the evaluation index RMSE.

After calculating the rankings pi;j, the AR method embedded

with materials domain knowledge is improved as follows rDKj :

rDKj ¼ smat
1 p1;j þ � � � þ smat

i pi;j þ � � � þ smat
m pm;j

m
¼

Pm
i¼1s

mat
i pi;j

m
; ð4Þ

where m is the number of similar materials datasets indexed by i.
smat
i represents the similarity score between every two materials
datasets according to MCT-DK.

According to Eqs. (3) and (4), recommendation rankings

Rgd ¼ r1; � � � ; rj; � � � ; ra
� �

and Rmd ¼ rDk1 ; � � � ; rDkj ; � � � ; rDka ;
n o

are calcu-

lated. Finally, we propose a novel strategy to effectively collaborate
the above two results, as defined in Eq. (5):

colR Rmd ;Rgd ;C�ð Þ ¼ C�Rmd þ 1� C�ð ÞRgd; ð5Þ

where C� represents the weight for the rank position of each regres-
sion algorithm indexed by j. Additionally, the specific values of C�

varies with the different new datasets for the optimal value in the
interval 0:1;1½ �. After the optimal collaborative ranking of each
regression algorithm is found, the ultimate rankings are recom-
mended by rearranging the collaborative rankings.

2.4. Evaluation indices for ranking accuracy

To assess the quality of the recommended rankings, Spearman’s
rank correlation (SRC) [45] is used to measure the similarity
between recommended ranking and true ranking, as defined in
Eq. (6). The true ranking is implemented by the Combined Algo-
rithm Selection and Hyperparameter (CASH) [24], in which the
regression algorithm selection is viewed as a super-
hyperparameter and executed with hyperparameter optimization
simultaneously.

SRC rr; rtð Þ ¼ 1� 6
Pa

j¼1 rrj � rtj
� �2
a3 � a

; ð6Þ

where rr and rt are the recommended ranking and the true ranking,
respectively; a is the number of all the algorithms with rank posi-
tions indexed by j. The coefficient ranges from �1;þ1½ �, whereby
the larger the value of SRC, the higher the similarity between the
1264
true and the recommended rankings. The SRC has been used for
ranking comparison in several meta-learning works [27,46,47].

Additionally, given a recommended ranking of all the candidate
algorithms, it is reasonable to expect that the algorithm ranked at
the top is considered first, followed by the one ranked second, and
so on. The better the quality of the recommendation found by the
algorithm, the higher its ranking position as well as the possibly
better its fitting. Therefore, to better illustrate the reliability of
the recommended result, the recall of the top-N algorithms is pro-
posed in this paper as another evaluation indicator of ranking
accuracy, as defined in Eq. (7).

Recalltop�N ¼ TP
TP þ FN

; ð7Þ

where TP and FN represent the number of correctly recommended
top-N algorithms and incorrectly recommended top-N algorithms,
respectively; the sum of TP and FN is N. The Recall focuses on
whether the top-N algorithms in the true ranking are consistent
with the top-N regression algorithms in the predicted ranking.
3. Results and discussion

3.1. Experimental setup

In order to evaluate the robustness and general applicability of
our proposed AutoML system on a broad range of datasets, the per-
formance of Auto-MatRegressor is validated by using the leave-
one-out procedure. At each step, 53 materials datasets are used
as the training set, and the remaining dataset is used to test
Auto-MatRegressor. For each dataset, it is further randomly
divided into training set (80% of samples) for model construction
and test set (20% of samples) for performance evaluation, respec-
tively. Furthermore, the same pre-processing is applied to all data-
sets: removing missing values, one-hot encoding for categorical
features, and standardizing all features. The meta-features are also
standardized in Auto-MatRegressor to eliminate the dimensional
influence between different meta-features. This procedure is
repeated 100 times, where the number of similar materials data-
sets and similar general datasets is set at 9 and 3, respectively.
The SRC on 18 regression algorithms and the Recall of the top three
regression algorithms are considered for the evaluation of the rec-
ommendation accuracy. Furthermore, six extended validation
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datasets are adopted to further verify the generalization and
robustness of Auto-MatRegressor on structured datasets.

3.2. Recommendation ability of Auto-MatRegressor

The SRC value on each analysed dataset is shown in Fig. 4a.
Around 60% of the datasets achieve greater accuracy than the mean
SRC of 0.620. Especially for materials datasets 17, 29, 34, 35, 42, 47,
48, and 49, their SRC are 31.9%, 34.3%, 40.8%, 40.9%, 40.5%, 51.5%,
35.9%, and 36.6% higher than the mean value, respectively. From
Fig. 4b, we can also observe that among the datasets whose SRC
values are not very outstanding, such as datasets 4, 7, and 23,
the Recall values of the top-3 algorithms are greater than the mean
Recall of 0.560. The results indicate that Auto-MatRegressor pro-
vides an effective and efficient algorithm recommendation strategy
for most experimental datasets. In addition, according to the table
of critical values of SRC, at a significance level of 5% (one-sided
test), Auto-MatRegressor achieves a significantly higher experi-
mental SRC than the threshold of 0.401 on 87% of datasets.

For the end user, the process of constructing a ML model with
Auto-MatRegressor consists of three steps, i.e., meta-features com-
putation, collaborative recommendation, and further hyperparam-
eter optimization. The first two steps serve to recommend the most
suitable regression algorithms. Compared with the classic CASH
method, it can automatically complete algorithm selection in
shorter runtime from a few seconds to minutes (as shown in
Table S7 online). Note that for the datasets with suboptimal
Recall values of the top three regression algorithms, Auto-
MatRegressor can find the true top algorithms in far less time than
optimizing all algorithms from scratch. Therefore, it is demon-
strated that Auto-MatRegressor can recommend promising regres-
sors for different materials datasets more quickly and efficiently.

3.3. Property prediction by the promising regressors

To evaluate the prediction performance of the algorithms iden-
tified by Auto-MatRegressor, 12 materials datasets are chosen for
analysis, as shown in Table 2. It can be seen that these datasets
cover various numbers of features, with the number of samples
ranging from 20 to 7230. In addition, the datasets describe differ-
ent target properties of diverse materials, including the density
of biofuel compounds, the superconducting transition temperature
of Fe-based superconductors, the oxide ionic conductivity of per-
ovskite materials, etc. Noteworthy, we not only consider datasets
with high recommendation accuracy but also use inferior datasets
to comprehensively validate the predictive ability of Auto-
MatRegressor: the 5 datasets with both high SRC and high Recall;
the 5 datasets with high SRC and low Recall; the other datasets
Table 2
The list of selected materials datasets.

Dataset Material TPa

MD5 Biofuel compound Density
MD13 Fe-based superconductor Superconducting
MD14 Methane hydrate Formation temp
MD20 High entropy alloy Hardness
MD21 Metallic host Activation energ
MD22 ABO3 perovskite Oxide ionic cond
MD27 Ni-based single crystal superalloy Creep rupture lif
MD28 Superconducting doped MgB2 Superconducting
MD32 ABO3 perovskite Conductivity
MD45 SiO2-based glass Shear
MD52 Waste-based material Compressive stre
MD54 Waste-based material Pore density

a TP is the target property of materials datasets.
b N and F are the number of samples and the number of materials descriptors, respec
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with low SRC and low Recall. For each experimental dataset, the
average predicted rankings of 18 regression algorithms in 100
experiments on different training sets are implemented. Then,
the most promising regressors recommended by Auto-
MatRegressor are used to predict the target properties of the
remaining test samples.

As shown in Fig. 5, the rankings of multiple linear models such
as LR, Lasso, Ridge, LS, and RANSAC are not very high. On the con-
trary, non-linear models, such as KNN, AdaBoost, MLP, KRR, and RF
have higher predicted rankings than other models. It is attributed
to the fact that the complex physicochemical mechanisms of the
materials properties cause linear models to fail in describing the
nonlinear relationships between various material features and tar-
get properties.

The prediction accuracy of the automatically recommended
regressors is shown in Fig. 6. The prediction accuracy reported in
the original research article for each dataset was used as the base-
line for comparison. The results show that the models AdaBoost,
MLP, SGD, and KRR have excellent prediction performance, achiev-
ing lower average RMSE values in most cases. Moreover, at least
one of the models recommended by Auto-MatRegressor achieved
better prediction accuracy than the baseline method. For MD5,
MD21, and MD27, the RMSEs of the recommended regression
models were slightly lower but comparable to those in the source
articles. This was because we used a less costly hyperparameter
search space than exhausting all hyperparameters to achieve a
shorter modelling time. The superior results effectively demon-
strated the good generalization and applicability of the Auto-
MatRegressor to recommend regressors from the perspective of
materials datasets with varying data sizes and target property
tasks. Considering the trade-off between model complexity and
time efficiency of constructing meta-data, the optimization space
of hyperparameters is appropriately reduced in this paper. Addi-
tionally, PAR, SGD, and ElaNet also perform well on MD20,
MD28, MD45, MD52, and MD54. It indicates that not only the com-
monly used models but also other less commonly used models
should be considered in properties prediction research since they
potentially can achieve higher prediction accuracy, and Auto-
MatRegressor allows doing that.
3.4. Application examples

As described in Section 2.1, Auto-MatRegressor only requires
the user to input the dataset at the beginning and is then able to
automatically complete the model construction and finally make
predictions for target properties in a short time. To further illus-
trate the effectiveness and reliability of Auto-MatRegressor, three
materials datasets, namely MD29, MD43, and MD44 (detailed in
Nb Fb Source

5619 47 [48]
transition temperature 33 2 [49]

erature 702 6 [13]
155 6 [23]

y of solute diffusion 408 11 [17]
uctivity 128 6 [50]
e 266 27 [34]
transition temperature 20 2 [51]

7230 112 [35]
498 511 [16]

ngth 207 4 [52]
207 4 [52]

tively.

wsy
高亮

wsy
高亮

wsy
高亮



Fig. 5. (Color online) The average rankings of all 18 regression methods in 100 rounds of experiments. The label of the cell in the heatmap indicates the ranking position, i.e.,
‘‘1” represents the excellent ranking; ‘‘18” represents the lowest ranking. The deeper the color, the higher the ranking position.

Fig. 6. (Color online) Prediction performance of recommended algorithms on different datasets. (a) Density prediction on MD5. (b) Superconducting transition temperature
prediction on MD13. (c) Formation temperature prediction on MD14. (d) Hardness prediction on MD20. (e) Activation energy of solute diffusion prediction on MD21. (f) Oxide
ionic conductivity prediction on MD22. (g) Creep rupture life prediction on MD27. (h) Superconducting transition temperature prediction on MD28. (i) Conductivity
prediction on MD32. (j) Shear prediction on MD45. (k) Compressive strength prediction on MD52. (l) Pore density prediction on MD54. ‘‘top1”, ‘‘top2”, and ‘‘top3” represent
the top three regression models recommended by Auto-MatRegressor, respectively; ‘‘other” represents the baseline model in the original research article. The shorter the
length of the histogram, the smaller the RMSE value, that is, the higher the prediction accuracy.
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Table S1 online), were selected in consideration of the comparabil-
ity between the prediction results realized by Auto-MatRegressor
and those in the original articles. For each dataset, to avoid model
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over-fitting, all samples were randomly divided into the 80% train-
ing set and 20% test set, and the recommended models were eval-
uated by the average RMSE on 5-fold CV. The results of the



Fig. 7. (Color online) Predictions of target properties of different materials datasets. Scatter plots showing true values versus predicted values via recommended top-one ML
model by Auto-MatRegressor. (a) Activation energy prediction of NASICON-type solid electrolytes (materials dataset 29). (b) Density prediction of SiO2-based glass (materials
dataset 43). (c) Bulk moduli prediction of SiO2-based glass (materials dataset 44). The line y ¼ x is plotted to show the deviation from perfect predictions, and subplots in the
lower right-hand corner are used to show in detail the real value and the predicted value of each data point.
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recommended regression models are visualized in Fig. 7 with true
values on the horizontal axis and predicted values on the vertical
axis. As can be seen, the scatter points are close to the diagonal line
indicating a good ability to capture true information.

For activation energy prediction of NASICON material, Auto-
MatRegressor can automatically achieve model construction by
learning from previous modeling experience on similar activation
energy prediction tasks of NASICON-type solid electrolytes. As
shown in Fig. 7a, MLP performs well with an RMSE of 0.045 eV.
It is particularly close to the baseline RMSE achieved in the original
research article that focused on applying multiple ML models to
verify the proposed descriptor recognizer [53]. Furthermore, it
can be observed from Fig. 7b, c that KRR and MLP were preferen-
tially recommended for predicting the density and bulk moduli
of SiO2-based glass material [16]. The regression RMSEs were
Table 3
Ablation experiment for Auto-MatRegressor.

Collaborative
mechanism

MCT-DK

MMDa GMDa

Auto-MatRegressor
p

p
p p
p p
p p p

a ‘‘MMD” and ‘‘GMD” represent the abbreviations of ‘‘meta-data based on materials d
b ‘‘SRC” and ‘‘Recall” are the mean of Spearman’s rank correlation values on all algorithm

of experiments, respectively. The symbol of ‘‘
p
” represents whether a strategy is consid
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0.017 g cm�3 and 2.120 GPa, which were improved by 25.7% and
29.1% than those in their original articles, respectively. The results
demonstrate that Auto-MatRegressor can effectively eliminate the
need for materials researchers to carry out laborious and time-
consuming experiments for constructing ML models with high
accuracy.
3.5. Ablation study

To further validate Auto-MatRegressor, the ablation experi-
ments were carried out. As can be seen from Table 3, compared
with the models using a single type of meta-data, our proposed
model always achieves a higher SRC and a higher Recall, which is
not surprising, since modeling needs much data training to achieve
Traditional
meta-features

Traditional and
three enhanced
meta-features

SRC b Recall b SRC b Recall b

0.5312 0.5256 0.5459 0.5299
0.4395 0.4745 0.4734 0.5135
0.5888 0.5369 0.6082 0.5573
0.5490 0.5305 0.5587 0.5325
0.6001 0.5374 0.6169 0.5599

atasets” and ‘‘meta-data based on general datasets”, respectively.
s and the mean of Recall values on the recommended top-3 algorithms in 100 runs

ered for introduction into the original meta-learning recommendation process.
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higher prediction accuracy. Furthermore, employing meta-learning
based on materials meta-data allows for achieving better predic-
tive results than that based on general meta-data. It indicates that
modeling experience from similar materials tasks is more informa-
tive than that from other unrelated tasks. The models embedded
with MCT-DK also have higher recommendation accuracy than
those without MCT-DK, which is attributed to the fact that materi-
als domain knowledge strongly improves the ranking of each
regression algorithm on similar datasets. Namely, the more similar
the materials category of the previous tasks is to that of the given
task, the more preferentially the modeling experience on similar
tasks will be introduced.

The introduction of enhanced meta-features also enables the
model to obtain significantly higher recommendation accuracy. It
can be concluded that the enhanced meta-features characterizing
the data distribution and uncertainty of the target properties can
Table 4
List of 6 newly reported materials datasets.

Dataset Material TPa

val_1 Solid-state electrolyte Ionic conductiv
val_2 Metal oxide material Reduction temp
val_3 Perovskite oxides Bandgap
val_4 Ni-based crystal superalloy Creep rupture l
val_5 Ni-based crystal superalloy Creep rupture l
val_6 Bulk metallic glasses Glass transition

a TP is the target property dataset.
b N and F are the number of samples and the number of materials descriptors, respec

Fig. 8. (Color online) Prediction results of target properties of extended materials data
prediction on dataset val_2. (c) Bandgap prediction on dataset val_3. (d) Creep rupture li
Glass transition temperature prediction on dataset val_6. Scatter plots show true values v
The values in each subgraph represent the RMSEs respectively on the training set and t
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better distinguish between materials datasets and general data-
sets. Furthermore, compared with the traditional meta-learning
approach (i.e., without general meta-data, enhanced features, and
guidance of materials domain knowledge), Auto-MatRegressor
proposed in this paper can obtain higher SRC and Recall with an
average significant increase of 16.1% and 6.5%, respectively. In con-
clusion, these results well proved the effectiveness and reliability
of our proposed approach.
3.6. Generalization verification

To further verify the generalization and robustness of the Auto-
MatRegressor, six newly reported materials datasets from 2021 to
2022 are collected, as shown in Table 4 (detailed in Table S3
online). The performance of the most promising ML models con-
Nb Fb Source

ity 176 14 [54]
erature 38 20 [55]

1016 81 [56]
ife 393 96 [57]
ife 36 96 [57]
temperature 54 7 [58]

tively.

sets. (a) Ionic conductivity prediction on dataset val_1. (b) Reduction temperature
fe prediction on dataset val_4. (e) Creep rupture life prediction on dataset val_5. (f)
ersus predicted values via recommended top-one ML model by Auto-MatRegressor.
est set obtained by the most promising ML model.
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ducted on the extended datasets is shown in Fig. 8. The RMSEs of
the datasets val_2, val_3, and val_6 show that compared with the
source literature, Auto-MatRegressor has a comparable or better
predictive ability. For val_1, the ionic conductivity of solid-state
electrolyte material is predicted by Auto-MatRegressor, and then
a threshold mentioned in Ref. [54] is used for classifying them,
where the classification accuracy is 0.818 comparable with that
obtained in the source literature. For val_4 and val_5, MAPE was
added as the evaluation indicator (detailed in the Supplementary
materials) and the accuracy of Auto-MatRegressor achieved 85.9%
and 8.1% improvement compared with those in the source litera-
ture. Above all, experimental results show that using Auto-
MatRegressor to recommend ML algorithms can reduce the model-
ing time and perform accurate predictions for unknown materials
tasks.
4. Conclusion

Just like alchemists, materials researchers often use a ‘‘trial-
and-error” approach to select an appropriate regression algorithm
and optimize its hyperparameters. AutoML aims to automate the
modeling process to reduce user intervention; however, exhaus-
tive optimization of a huge hyperparameter space is often compu-
tationally expensive. To overcome the shortcomings of traditional
ML modeling, meta-learning is introduced to improve existing
AutoML technologies. Meta-learning can be seen as a subfield of
AutoML, which allows new tasks to learn from modeling experi-
ence of prior similar tasks to enable modeling hot-starting rather
than starting training from scratch. In general, a relatively large
and ideally experimental database is essential for meta-learning-
based AutoML to succeed. However, a limited number of available
materials datasets means insufficient meta-data, thereby easily
resulting in the overfitting problem. Furthermore, due to little
research on meta-learning-based AutoML specifically in the field
of materials property prediction, the existing general meta-
features may not be sufficient to characterize new datasets. In
addition, pure data-driven ML models are often ‘‘black boxes”,
and the training relies entirely on empiricism and statistical char-
acteristics of materials data. This may be a crucial reason that leads
to the phenomenon that the learning results are often inconsistent
or even contradictory to domain knowledge.

To improve the situation, Auto-MatRegressor based on meta-
learning is proposed to automate the modeling process for materi-
als property prediction. In this work, we establish a comprehensive
experimental database, which consists of 54 materials datasets
from literature and 60 general datasets from online sources. Since
the datasets have been publicly released, they are expected to be
highly reliable. Concurrently, the regression-oriented meta-data
is constructed based on 18 regression algorithms commonly used
in materials science and 27 meta-features. Therein, meta-features
are comprised of 24 traditional meta-features as well as 3 newly
proposed enhanced meta-features from the perspectives of data
distribution and uncertainty of target attributes. The experiments
demonstrated that these meta-features can characterize the data-
set more comprehensively and enhance meta-learning for algo-
rithm recommendation. Auto-MatRegressor also employs
collaborative meta-learning to balance different recommended
results, where the MCT-DK is designed to support the encoding
and embedding of domain expert knowledge into the modeling
process. It is suggested that the ratio of the number of materials
datasets to the number of general datasets and the diversity of
materials categories are crucial factors influencing the recommen-
dation results.

Auto-MatRegressor aims to solve the shortcomings of tradi-
tional ML modeling for structured datasets. In the future, with
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the increase of high-quality data volume and computing resources,
deep learning models are expected to be integrated into Auto-
MatRegressor for larger datasets. Additionally, the flourishing of
the data representation and data quality and quantity governance
technologies can enable the multi-source and heterogeneous
materials data in public databases (e.g., MP, OQMD, AFLOWlib) to
be employed directly in ML model training (e.g., General Pre-
Training model). We believe that Auto-MatRegressor has a high
potential for the accurate prediction of materials properties, thus
accelerating materials discovery and design.
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