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Abstract
Superconducting materials have extremely high application value in our life. At present, the discovery of new superconducting materials relies on the
experience of experts through a large number of "trial and error" experiments. Obtaining the properties of superconductors also requires a large number of
experiments. In this paper, we propose to use the XGBoost model to identify superconductors, reaching 0.986 in accuracy. We apply the deep forest algorithm
to predict the critical temperature of superconductors and the coe�cient of determination reaches 0.944. We propose to apply the same algorithm to predict
the forbidden band width of materials and the coe�cient of determination reaches 0.917. A new sub-network structure is constructed to predict the Fermi level
of materials and the coe�cient of determination reaches 0.984. All of these algorithms have state-of-the-art performance. Finally, the model is tested with a
publicly available dataset to identify 50 candidate superconducting materials with a critical temperature greater than 90K.

1 Introduction
In recent years, density generalized function theory in �rst principle calculations has received increasing attention with its widespread use. With the rise of
machine learning, it has been increasingly applied in computing material properties [1–2]. Machine learning not only allows researchers to obtain the properties
of compounds in a shorter period of time, but also reduces experimental costs. Since the discovery of superconductivity, scientists have continued to study
superconductors because of its promising application in electricity transmission, strong current, electronics, and antimagnetism. A number of superconductors
with high critical temperatures are discovered one after another. The critical temperatures of thiocyanide [3] and lanthanide [4] are over 200 K under the
pressure of more than 150 GPa. Copper-based [5] and iron-based materials [6] are found to have very high critical temperature under room temperature and
pressure. However, the strong electronic dependence of these materials makes it di�cult to calculate the electronic structure and to predict the critical
temperature using the �rst principle [7–8]. For properties such as band gap and Fermi energy levels, there is a systematic underestimation in standard DFT
calculations [9].

With the great success of machine learning in image processing[10], natural language processing, etc., the application of machine learning in material science
is gradually increasing. The implementation of the "Material Genome Project" means that machine learning will be widely used in Material science. On the one
hand, material science in the 21st century continues to produce massive amount of data and a large-scale database has been systematically established [11]

at the same time, allowing researchers to easily obtain data. Machine learning has better generalization ability coping with big data, which can learn the
potential features in the data, search for the implicit relationship between the data and establish an accurate machine learning model. On the other hand, the
computational simulation methods currently used are mainly �nite element simulation, molecular dynamics, and �rst principle calculation, which not only has
large limitations but also acquire high costs. Pilania et al [12]. used a machine learning approach in quantum mechanical computing combined with the
concept of chemical similarity. They proposed a decision rule that creates a mapping between properties that can quickly and accurately predict properties
based on �ngerprints of chemical structures or electron charge density distributions. This method can signi�cantly accelerate the discovery of speci�c
materials. Jennings [13] et al. accelerated the discovery of nanoalloy catalysts using machine learning accelerated genetic algorithms, combining the
robustness of genetic algorithms with the rapidity of machine learning.

With the increase of the amount of data on superconducting materials, the application of machine learning in superconductivity has shown a spurt in growth.
Hutcheon[14] et al. applied machine learning methods in an effort to identify superconducting hydrides. They identi�ed and �ltered stable candidate objects
through structure search and then performed electron-phonon calculations to obtain the critical temperature of the candidate objects, obtaining critical
temperatures up to 115 K for RbH at 50 GPa and 90 K for CsH at 100 GPa. Zhang and Xu[15] et al. developed a Gaussian process regression (GPR) model to
reveal the relationship between the process parameters and the superconducting transition temperature of the superconductor BiPbSrCaCuOF, which has a
promising future with strong stability and high accuracy. Owolabi[16] et al. developed a computational intelligent model (CIM) with lattice parameters as
descriptors using the support vector regression method(SVR) to estimate the Tc of 31 different YBCO superconductors. The estimated superconducting
transition temperatures are in good agreement with the experimental values. CIM allows fast and accurate estimation of the temperature of any processed
YBCO superconductor without any complex equipment. Alizade and Mohammadizadeh[17] used Debye temperature and critical transition temperature as
descriptors to build a machine learning model to predict the electron-phonon coupling constant of 28 elements with an accuracy of 0.88 using cross-validation
techniques. Lee and Lee [18] et al. used supervised learning algorithms and convolutional neural networks and successfully identi�ed the signature of the
topological superconductivity-Majorana zero mode and demonstrated that neural network model has the best performance. Roter and Dordevic [19] obtained a
coe�cient of determination of 0.93 using chemical descriptors of superconductors as input of the machine learning model. They also obtained several
promising new superconductors based on this model. Zhang Y and Xu X [20] et al. developed a Gaussian process regression model based on structural and
topological parameters (including lattice constants, volume and bonding parameters topological index H31) to predict the critical temperature of doped iron-
based superconductors. Stable and accurate, the model helps to estimate the critical temperature quickly. Konno [21] et al. proposed a method called "periodic
table reading", which represents the periodic table in a deep learning way. It learns to read the periodic table and the elemental laws to discover new
superconductors beyond the training data. The model obtained a R2 value of 0.92 for the target material Tc in the superconductor database. Stanev [22] et al.
modeled the critical temperature (Tc) of more than 12,000 known superconductors in the SuperCon database. They �rst classi�ed the materials into two
categories based on their Tc values comparing to 10 K and then trained a classi�cation model to predict this label. The model only uses coarse-grained
features based on chemical composition. It reaches an accuracy of 92%. Afterwards, seperate regression models were built to predict Tc values for Cu-based,
Fe-based and low Tc compounds. These models also have good performance with the learned predictors providing potential insights into the mechanisms
behind superconductivity in different material families. It combined classi�cation and regression models into one single integrated pipeline and searched the
entire Inorganic Crystal Structure Database (ICSD) for potential novel superconductors. It succeeded in identifying 30 non-Cu-based and non-Fe-based oxide
candidates. Zeng [23] et al. developed the atomic table convolutional neural network (ATCNN) that requires only elemental composition to learn relevant
features from its own structure and the accuracy of the model exceeds the results of standard DFT calculations. More than 20 potential compounds with high
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critical temperatures were screened from the existing database. Jha, D[24] et al. proposed a deep learning model Elemnet. The model automatically captures
the physical and chemical interactions and similarities between different elements, thus enabling the prediction of material properties with higher accuracy
and speed. The application of machine learning in predicting material properties has a promising future.

In this manuscript, we construct machine learning models to predict whether a material is superconducting, the critical temperature of superconductivity, the
forbidden band width and the Fermi energy level. The forbidden band width represents the energy state interval between the valence band and the conduction
band where energy density is zero. The size of the forbidden band width is used to determine whether the material has semiconductor or insulator properties.
The Fermi energy level is the highest energy level of electrons at absolute zero. The Fermi energy level is a very important physical parameter in semiconductor
physics. As its value is known, the statistical distribution of electrons in each quantum state at a certain temperature can be known. In order to accurately
identify superconductors, this manuscript uses the XGBoost model. We apply the deep forest model to predict the critical temperature and forbidden band
width of superconducting materials for the �rst time. We propose a novel sub-network structure applied to predict the Fermi energy level. The sub-network
model uses atomic frequency coding to extract features and then manually adds atomic number, outermost electron number, electron a�nity, �rst ionization
energy, and atomic radius features based on the features. All the features are used as inputs of the model. All other machine learning models use atomic
frequencies as input.

2 Theoretical Approach
Previously, researchers would spend a lot of time constructing the suitable feature vector to build a machine learning model with good performance. After the
emergence of deep learning, models try to learn features automatically from raw data and give target attributes as output directly. This approach, called end-
to-end, has become the mainstream deep learning method nowadays. However, in materials science, good machine learning models are still obtained by
constructing suitable feature engineering. Constructing features manually based on experience is called non-end-to-end learning and is usually time-
consuming and the results are subject to chance.

In this manuscript, the critical temperature data of superconducting materials are obtained from the SuperCon public dataset [25], containing 21263 records. In
this manuscript, we extracted 9399 high-energy stable insulators with DFT band gaps greater than 0.1 eV from the Materials Project database as a non-
superconductor dataset. We also extracted 3896 Fermi energy level (Ef) data from the Open Quantum Database (OQMD) [26], as well as 5886 compounds with
forbidden band width (Eg) from previous literature [27].

The extracted data on the critical temperature of superconducting materials are preprocessed. Materials with the same composition usually have different Tc
values due to the different experimental conditions under. For example, H2S, which is not a superconductor under ambient conditions, has a particularly high

Tc under high pressure[3]. There are two different Tc values for H2S in the database, 185 K and 60 K, respectively. To avoid confusion, for such compounds
with multiple Tc values, if the maximum value exceeds twice the minimum value, the data is deleted. Otherwise, the average value is taken as the Tc value of
the material and the duplicates are deleted. Unproven superconducting materials, such as HWO3, are deleted as well. Data with elemental coe�cients greater
than 50 in the chemical formula, such as Hg1234 O10 + z and data with uncertain oxygen content Determined data such as Yb16BaCuO27 are excluded. In the
dataset, compounds Hg, MgB2, FeSe and YBa2Cu3O7 are typical representatives of elemental superconductors, conventional BCS superconductors, iron-based
superconductors and copper-based superconductors, respectively. They are used to test the generalization ability of the ATCNN model. Before segmenting the
training and test sets, these compounds, including Hg, MgxBy, FexSey and YBa2CuxOy (where x and y denote the content of the corresponding elements) are
removed from the cleaned-up dataset. The collated dataset has a total of 13598 superconductors. The data of non-superconductor materials as well as
forbidden band widths and Fermi energy levels are not further processed because they do not contain duplicate data and were measured in the same
environment.

For the Fermi energy level of the material, the neural network structure named sub-network is shown in Fig. 3. In this manuscript, there are a total of six
attributes, namely, atomic frequency, electronegativity, electron a�nity, �rst ionization energy, electron a�nity energy, and number of outermost electrons, all of
which are commonly and easily obtained features. Each feature is extracted with one network as shown in the left part of Fig. 1. After repeated experiments,
we �nally determined the number of layers of each network structure and the number of neurons. There are 6 fully-connected layers and the number of
neurons in each layer is 60, 100, 200, 100, 50, 16, respectively, which is the blue part in Fig. 1. The fully-connected layer is followed by the Dropout layer in
orange. Dropout can then dormant some neurons, reduce the number of model parameters, thus speed up the model training and also improve the
generalization performance of the model. After the Dropout layer, the batch normalization layer is added, which is the yellow part in Fig. 1. The main role of
this layer is to ensure that the distribution of the data in each layer of the network does not change signi�cantly with the change of parameters, thus avoiding
the phenomenon of internal covariate shift and ensuring a more stable training process. The last fully-connected layer uses the Linear activation function as
the mapping function, which is the green part in Fig. 1. The output of the six networks are connected to a new network. The network mainly consists of fully-
connected layer, Dropout layer and batch normalization layer, 4 cells in total. After repeated experiments, the number of neurons in each cell is �nally
determined to be 80, 64, 32, and 8 respectively, and the activation function of each layer is the Tanh function. The �nal mapping function uses Linear to map
the matrix to a speci�c value, thus achieving the regression of the whole sub-network.

To avoid the occurrence of over�tting, Dropout is used with the dropout rate set to 0.1. The training process is terminated after 400 epoches, because the loss
hardly decreases after that. The loss graph is shown in Fig. 2(c).

The deep forest[28] method used in this manuscript was proposed by Prof. Zhihua Zhou in 2017.

3 Results And Discussion
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Each dataset is randomly divided into a training set (80%) and a test set (20%), and the experimental results of all models below are obtained using the same
dataset. For the dataset identifying superconductors and non-superconductors, the output label of superconductors is set to 1 and the output label of 9399
insulators is set to 0. After training with the XGBoost classi�cation model, the results are shown in Figure 1, and the AUC and TPR in the test set are 0.98 and
98.48% respectively. The results compared with other models are shown in Table I, which shows that the AUC and TPR of the XGBoost model are better than
those of the ATCNN model [23], the only similar literature to our knowledge. 

Table I Experimental results of different classi�cation models

Models AUC TPR (%)

GBDT 0.96 96.47

ATCNN[23] 0.97 93.78

SVR 0.97 91.9

DecisionTree 0.98 97.84

RandomForest 0.98 98.23

XGBoost 0.98 98.48

For the collated superconducting critical temperature dataset, this manuscript proposes to use the atomic frequency as the input of the deep learning model
and the deep learning model we chose is deep forest. The experimental results are shown in Figure 2(a), and in the test set, the value of R2, MAE and RMSE are
0.944, 4.04, and 7.51 respectively. Using the same training set and test set, the comparison results with similar literature are shown in Table II with the bolded
indicating the best result in that column. In this manuscript, all algorithms in Table II are implemented and tested in the same hardware and software
environment.

Table II   Critical temperature prediction results on the test set

Network Model R2 MAE RMSE

SVM[22] 0.714 11.36 17.06

K Nearby 0.891 5.88 10.40

DecisionTree 0.888 5.40 10.50

GBDT 0.852 8.33 12.16

ExtraTree 0.892 5.32 10.40

1DCNN 0.891 6.25 10.54

Arti�cial Neural Networks 0.896 6.15 10.64

XGBoost 0.916 5.71 9.34

Bagging 0.918 4.80 9.07

ATCNN[23] 0.891 5.88 10.40

Sub-network 0.920 5.41 8.78

Random Forest[3] 0.928 4.58 8.53

Deep Forest 0.945 4.04 7.51

Table II shows that the value of R2, MAE, and RMSE of the test set of the deep forest model are 0.945, 4.04, and 7.51 respectively, which are optimal in the
published literature.

The scatter plot of the material Fermi energy level is shown in Figure 2(b) and the �nal results obtained using different models are shown in Table III with the
bolded indicating the best value in that column. From Table III, it can be seen that the sub-network model can achieve more accurate predictions of the Fermi
energy levels. For the Fermi energy level dataset, the MAE of ExtraTree and the sub-network model are both 0.1, which is lower than the MAE of DFT in
literature [29] and the 0.15 of ElemNet model in literature [24]. This also means that the accuracy of the model used in this manuscript exceeds the DFT
calculation. The R2, MAE, and RMSE value of the sub-network model can also be seen in Table III at 0.984, 0.10, and 0.14 respectively.

Table III  Fermi energy level prediction results on test set
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Network Model R2 MAE RMSE

1DCNN 0.952 0.17 0.25

KNN 0.867 0.26 0.40

SVM[16] 0.887 0.24 0.38

ExtraTree 0.966 0.10 0.20

XGBoost 0.938 0.20 0.27

ElemNet[24] - 0.15 -

ATCNN[23] 0.965 0.13 0.21

Random Forest[22] 0.955 0.13 0.23

DFT[29] - 0.136~0.81 -

Deep Forest 0.977 0.11 0.17

Sub-network 0.984 0.10 0.14

In this manuscript, the atomic frequency number is used as the input for the deep learning model. The deep forest model is chosen to predict the forbidden
band width of the material. In the test set, the MAE, RMSE, and R2 of the deep forest model are 0.27, 0.44, and 0.917 respectively. The corresponding scatter
plot is shown in Figure 2(d). The results are shown in Table IV with the bolded indicating the best value of the column.

Table IV  The forbidden band width prediction results on test set

Network Model R2 MAE RMSE

SVM[16] 0.555 0.59 0.56

ExtraTree 0.617 0.44 0.83

1DCNN 0.649 0.52 0.82

KNN 0.697 0.45 0.79

ATCNN[23] 0.814 0.35 0.63

Random Forest[22] 0.811 0.34 0.64

XGBoost 0.818 0.39 0.64

Bagging 0.825 0.34 0.64

Sub-network 0.866 0.34 0.55

CGCNN[30] - 0.388 -

DFT[29] - 0.6 -

Deep Forest 0.917 0.27 0.44

As shown in Table IV, the MAE, RMSE, and R2 of the deep forest model all outperform other machine learning models such as ATCNN, CGCNN, and SVM. It
also outperforms the DFT calculation method, which shows that the accuracy of the deep forest model has surpassed the accuracy of the DFT calculation
method.

In order to verify the effectiveness of the depth forest model in predicting the critical temperature of superconductivity, four materials were extracted from [21],
all of which have measured critical temperature values. The values predicted using the depth forest model in this manuscript were compared with literature
[21] and the results are shown in Table V, with the bolded indicating the best value in the row. Table V shows that the prediction error of the deep forest model
for CaBi2 is much lower than that of literature [21] and the prediction errors of the remaining materials are within 3%.

Table V Critical temperature veri�cation results
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Materials Actual Tc value K The literature [21] predicted Tc values K Deep forest model predicted Tc values K

CaBi2 2 14.85 642% 5.91 195%

HfV4Zr 10 10.17 1.7% 9.92 0.8%

Au0.5Nb3Pt0.5 10 10.13 1.3% 10.30 3%

Hf0.5Nb0.2V2Zr0.3 10 10.11 1.1% 9.83 1.7%

To further verify the practicality of the model, in this manuscript, for the 100,000 materials in the COD database[31], each material is �rst identi�ed using the
XGBoost model. If it is a superconducting material, the critical temperature value is then predicted using the deep forest model. Finally, the candidate
superconducting materials with a critical temperature greater than 90 K are screened with a total of 50 materials satisfying the conditions collected. The
detailed results are shown in the Appendix.

4 Conclusion
(1) Random Forest, XGBoost and Decision Tree models can all be used as models for identifying superconducting materials, among which XGBoost has the
highest accuracy. This model outperforms the classi�cation models in ATCNN [23].

(2) For the prediction of superconducting critical temperature and forbidden band width of the material, the deep forest model has the best determination
coe�cient R2, mean absolute error and root mean square error compared with similar literatures.

(3) For the Fermi energy level of the material, the determination coe�cient R2, the mean absolute error, and the root mean square error of the sub-network
model we proposed are optimal compared with similar literatures.
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Figure 1

Schematic diagram of the sub-network

Figure 2
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XGBoostClassi�er

Figure 3

Graph of prediction results
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