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Figure S1. Scatter plots of quantitative variables and PCE. (a) Relationship between
substrate thickness and PCE. (b) Relationship between ETL thickness and PCE. (c)
Relationship between perovskite thickness and PCE. (d) Relationship between HTL
thickness and PCE. (e) Relationship between back contact thickness and PCE. (f)
Relationship between cell area and PCE.
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Figure S2. Comparison of joint plots of PCE regression using perovskite composition

only represented by several methods. (a) Dummy variable, (b) Oliynyk, (c) Magpie, and
(d) mat2vec.
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Figure S3. The hyperparameter optimization process of random forest (RF) model.
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Figure S4. Comparison of joint plots of PCE regression using all columns of materials

and processes.
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Figure S5. The hyperparameter optimization process of gradient boosting decision tree
(GBDT) model when data was vectorized by 1st split and zero complements.
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Figure S6. The hyperparameter optimization process of the neural network (NN) model
when data was vectorized by 1st split and zero complements.
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Figure S7. Joint plots of PCE regression of (a) GBDT and (b) NN considering all

columns of materials and processes. The data was vectorized by 1st split and zero
complements.
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Figure S8. Comparison of test results using different test dataset. (a,b) Test result using
the dataset as of 31 March 2022. They are the same as Figure 4d,f in the main text. (c,d)
Test result using the newly registered data as of 24 August 2023. The trained model is
the same as panel a and b. (e) Error plots color-coded by the number of new information
in the vector. (f) Scatter plot showing the relationship between the prediction error and
the sum of the feature importances where new information appeared.
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Figure S9. Comparison of distributions of standard deviation of PCE and the number of
vectors in a degeneracy when the division of delimiters is changed. (a) without split, (b)

8
Std. of PCE in a degeneracy (%)
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Figure S10. PCE distribution of a perovskite solar cell composed of the most common
combination, spincoated MAPDI3 on TiO2 with Spiro. (a) Histgram, and (b) statistics of
the distribution.
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Figure S11. Frequencies of top-5 representative categorical variables in each layer.
Ranking of (a) perovskite materials, (b) perovskite deposition methods, (c) ETL
materials, (d) ETL deposition methods, (¢) HTL materials, and (f) HTL deposition

methods.
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Figure S12. Comparison of training and test errors depending on the number of selected
variables. (a) Plot of MAE versus the number of variables, and (b) MAE values.
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