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Abstract: Superconductivity is being studied since its discovery more than a century ago. The numerous
applications of the superconductors made it a subject of intense research. Despite being studied for so long, some
of its properties remain a mystery. One of the interesting properties of a super conductor is its critical
temperature. Superconductors exhibit zero electrical resistance when maintained at the critical temperature. The
value of critical temperature is different for each superconducting material. This value is experimentally calculated
by measuring resistance against the temperature of the material. In this project, by taking advantage of the
immense increase of readily accessible and potentially relevant information, we develop several machine learning
methods modeling critical temperature of a super conductor based on its chemical properties. The final model will
give an estimate of critical temperature of a superconductor. This estimate provides confidence on a newly
discovered material to continue further research on it.
Keywords: Superconductivity, Critical temperature, Adaboost regression, Machine learning, Decision tree
regression, Supervised learning model.
I. INTRODUCTION
As important functional materials, high-transition temperature (high-TC) superconductors have some typical
physical parameters, such as transition temperature Tc, magnetic susceptibility and critical current density (Jc),
which make them very useful in many practical applications like magnetically levitated trains and power
transmission. Previous researches showed that the high-Tc superconductors are generally characterized by a two
dimensional layered superconducting condensate with unique features that are not traditional superconducting
metals. Their important property, Tc, is determined by their layered crystals, bond lengths, valency properties of
the ions, and Coulomb coupling between electronic bands in adjacent, spatially separated layers. It is clear that Tc
(critical temperature) of superconductors depend on its other chemical properties. In this project we utilize the
already available data about superconductors to estimate the critical temperature of new potential materials.
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The developed model can be used to gain confidence on a new material to conduct further research on it regarding
its superconducting behavior. Also, experimental determination of critical temperature is a laborious process
which is made easy when an estimate of the value is provided by our model.
II. PROPOSED WORK
The goal is to create a regression model to predict the critical temperature of a super conductor. Tasks involved in
the project implementation are as follows:
• Gathering, analyzing and preprocessing the data (data exploration)
• Set a benchmark model and evaluation metric
• Training different regression models
• Tuning the final model

Figure 2.1: Machine learning work flow
The final model is expected to give an estimate of critical temperature of a super conductor based on its chemical
properties. And this is the architecture of a machine learning model,
A. Gathering and preprocessing data
The data set is taken from the UCI data repository at:
https://archive.ics.uci.edu/ml/datasets/Superconductivty+Data
The characteristics of the dataset are:
Data Set Characteristics:

Multivariate

Number of Instances:

21263

Attribute Characteristics:

Real

Number of Attributes:

81

Associated Tasks:

Regression
Missing Values?
N/A
Table 2.1: Characteristics of the dataset
Since working with too many features puts so much burden on the learning model, a feature extraction method is
employed to see that the number features can be reduced.

Table 2.2: Correlation values of the attributes
After doing the PCA the 80 features in the input data are projected to 3 features and the total variance explained by
these 3 dimensions is 97.22%. Any new dimensions would not contribute much in terms of explained variance and
this is evident by the graph below,
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Figure 2.2: Explained variance values against the dimensions of the dataset
The new transformed data after doing principal component analysis looks like,

Table 2.3: New transformed data
B. Benchmark model and Evaluation metric
R2_score (Coefficient of determination) is a common metric for a regression model; it is a statistical measure of
how well the regression predictions approximate the real data points.

The benchmark r2_score, training time and predicting time are created based on the linear regression model’s
performance. Linear regression is the simplest regression model. As the Occam’s Razor suggests going with the
simplest model, it is first checked whether the data follows a linear trend or not.
C. Algorithms
The decision process is taken by choosing the criteria or attribute with highest entropy value and tree is
constructed until the threshold of minimum entropy reaches. Finally, the leaf nodes are the classes in this case the
estimate of the output variable. This is how a decision tree works,

Figure 2.4: Decision tree working
Random forest generates trees randomly and those trees are essentially weak leaners. The algorithm combines the
weak learners to produce the end result. This approach of random tree generation can be replaced with a
comparatively new and efficient ensemble method called adaboost. The random forest algorithm’s working is
explained in the below diagram,
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Figure 2.5: Working of Random forest model
Adaboost generates trees which will perform well on the areas its predecessors couldn’t. The adaboost model
performs better than other primitive models so its performance is compared to other models and chosen to be the
best model for this particular regression task. The working description of an adaboost algorithm is shown below,

Figure 2.6: Adaboost working
D. Training models
An initial look at the output variable suggests that it mimics stepwise data. Amongst the different regression
models the decision tree regression model comes first to mind when dealing with step wise data. So initially a
decision tree model is trained to fit the data. The results after performing the decision tree regression are as
follows,
DecisionTreeRegressor
{
‘train_time’: 0.17719674110412598 seconds,
‘pred_time’: 0.00800633430480957 seconds,
‘score_train’: 0.7845250110933649,
‘score_test’: 0.7835929355566275
}
After the training the decision tree model the results were moderate in terms of fitting the data with 78% r2_score
on the data. But the model does very well when it comes to training and prediction time. This suggests that a more
powerful model can be used for this regression task. Adaboost generates trees which will perform well on the
areas its predecessors couldn’t. A Decision tree regressoris passed to the adaboost algorithm to boost it. Then all
the estimators are combined to produce the best results and here they are,
E. Tuning the final model
The final model must be tuned to improve its performance and one way to do so is using a grid search method. In
grid search the parameters passed to the model are tuned by using cross validation. The parameters of the
adaboost model which are tuned are
• Number of estimators
• Max depth of the tree
The result of the grid search is as follows,
AdaBoostRegressor( base_estimator = DecisionTreeRegressor(criterion=’mse’, max_depth=25,
max_features=None, max_leaf_nodes = None, min_impurity_decrease = 0.0, min_impurity_split = None,
min_samples_leaf = 1, min_samples_split = 2, min_weight_fraction_leaf = 0.0, presort = False, random_state = None,
splitter = ‘best’), learning_rate = 1.0, loss = ‘linear’, n_estimators = 30, random_state = None) trained.
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Through grid search the best parameters for the adaboost model are found out to be, Number of estimators is 30
and maximum depth is 25. With this fine tuned model, we can produce the best result possible.
RESULT ANALYSIS
The final model is evaluated using the R2_score. The input data is split into train and test dataset. The train dataset
is used to train the model and then the test dataset is used to see how the model does on previously unseen data.
A. Models summary
The summary of the performance of all models is,
Model name
Linear regression
Decision tree regression
Random forest regression
Adaboost regression

R2_score
30%
78%
92%
96%

Table 3.1: models summary Since, the data doesn’t have a linear trend, it is expected that the linear regression
model doesn’t perform well. So, it ended with 30% r2_score. The data is in a stepwise trend, so the decision tree
model does pretty well with a 78% r2_score. The improvement for a simple decision tree model is an ensemble
method. Random forest is introduced to improve the r2_score of the decision tree model. With the random forest
model, the r2_score is increased to 92%. The final model choice would be Adaboost which is also a ensemble
method. The best it could do is 96%.
B. Final model analysis
It is clear that the adaboostoutclasses other models in terms of r2_score. But this adaboost is further improved
through grid search the final improved model’s performance is noted as follows,
train_time: 0.4915473461151123 pred_time: 0.1772010326385498 score_train: 0.982052608960896
score_test: 0.9833312158619923
The final model is seen to do well with 98.33% r2_score, that means the final model can explain 98% of variance
in the data. To see the final model in work, some actual and predicted values are,

Table 3.2: Comparison of actual and predicted values
The actual and predicted values are quite near, this means the model works well. To take a deeper look a plot is
drawn on actual and predicted values. The two curves are almost overlapped suggesting that the model is
performing well by predicting values near to actual values.

Figure 3.1: Plot of actual and predicted values
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III. CONCLUSION
A PCA-PSO-ADA model for predicting TC from structural and correlative electronic parameters of high- TC
superconductors. Adaboost was adopted to deal with the dataset, which was a small sample set, and the PSO (Grid
search) algorithm was utilized to search for its optimal parameters to achieve a good performance. The PCA was
employed to reduce dimensions and interdependencies between the parameters, and the selected optimal
dimensions of the parameters were subsequently utilized in PSO-Adaboost to train and validate the regression
model. According to the assessment results and comparison, the PCA-PSO-ADA model provided a better accuracy
of prediction than the other models for the dataset. At last, additional data was used to validate the prediction, and
the results were also reasonable. In a word, machine-learning methods can be applied to some domains of
materials and the PCA-PSO-ADA ensemble method may be used to predict the TC of new high-TC superconductors.
The final the adaboost model estimates the critical temperature of the super conductor with 98% explained
variance, which mean it would give a very good estimate.
•
•
•

IV. FUTURE ENHANCEMENT
To further improve the predictive power of the models, another set of features can be constructed based on
crystallographic and electronic information
By building a model which can extract the required features for our model from different combinations of
elements it might be possible to find new superconductors
Also instead of using the PCA to reduce the dimensionality, when a powerful configuration of firmware is
available, all the features can be used to train the estimator.
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