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Supplementary Table 1. The mechanical properties collected for various PI structures,
including elastic modulus (E), elongation at break (g), tensile strength (o) and tensile

modulus (E;
PI-H PI-F
E € c E: E € c E¢
Number
of
availabl 15 106 128 125 66 671 731 540
e data
points
Propert 5 082500 0.11-156 4.5-367. 0.0106-8. 0.1-6500 0.58-80. 11-1197 0.27-28.1
y range 6 7 8 3
unit MPa % MPa GPa MPa % MPa GPa
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Supplementary Figure 1. Structure distribution of mechanical properties in different
datasets. (a) € in PI-H dataset. (b) ¢ in PI-H dataset. (c) E; in PI-H dataset. (d) € in
PI-F dataset. (¢) o in PI-F dataset. (f) E; in PI-F dataset.
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Supplementary Figure 2. Original data distribution of mechanical properties in
different datasets. (a) € in PI-H dataset. (b) ¢ in PI-H dataset. (c) E; in PI-H dataset. (d)
¢ in PI-F dataset. (e) o in PI-F dataset. (f) E; in PI-F dataset.
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Supplementary Figure 3. Normalized data distribution of mechanical properties in
different datasets. (a) € in PI-H dataset. (b) ¢ in PI-H dataset. (c) E; in PI-H dataset. (d)
¢ in PI-F dataset. (e) o in PI-F dataset. (f) E; in PI-F dataset.
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Supplementary Figure 4. Pairwise relationships (a) between ¢, 6 and E; in the PI-H
dataset, and (b) between &, ¢ and E; in the PI-F dataset.



Supplementary Table 3. Values of R? in the test set for 7 mechanical properties by

using 11 common models without tuning parameters of each model.

PI-H dataset

PI-F dataset

€ c E¢ € c E¢
RFR -0.2 0.51 0.28 0.36 0.56 0.33
LR -10248.66  -5983.75 -4039.05 0.33 0.36 -0.52
SVR -0.32 -0.03 -0.18 -0.11 -0.1 -0.12
RR -15.27 -350.23 -101.64 0.28 0.43 -0.36
GPR -6.52 -3.06 -2.57 0.49 0.65 0.43
AR -0.26 0.37 0.13 0.15 0.37 -0.65
GBR -0.22 0.49 0.2 0.53 0.71 0.53
BR 0.43 0.35 0.18 0.5 0.74 0.45
ETR -0.39 0.45 0.34 0.36 0.32 0.26
DTR -0.96 -0.14 0.13 0.29 0.36 0.04
MLP -320.28 -32.4 -60920.5 0.29 0.27 0.27

Supplementary Table 4. Values of R? in the test set after Grid Search for different
models that we selected

PI-H dataset

PI-F dataset

€ c E¢ € c E¢
RFR 0.22 0.53 0.4 0.64 0.75 0.64
ETR 0.47 0.53 0.48 0.56 0.8 0.56
GBR 0.35 0.57 0.39 0.59 0.74 0.59
BR 0.14 0.22 0.25 0.59 0.78 0.59




Supplementary Table 5. Values of R? in the test set after hyperparameter optimization

by using Optuna
PI-H dataset PI-F dataset
€ c E: € c E:
RFR 0.68 0.69 0.63 0.74 0.79 0.75
ETR 0.53 0.52 0.6 0.74 0.82 0.64
GBR 0.39 0.83 0.78 0.79 0.85 0.83
BR / / / 0.73 0.8 0.78

Supplementary Table 6. Values of R? in the test set after repeated training

Rando PI-H dataset PI-F dataset

m seed € c E: € c E:
0 0.68 0.83 0.78 0.79 0.85 0.83
1 0.66 0.78 0.72 0.81 0.87 0.79
10 0.69 0.81 0.75 0.83 0.83 0.78
25 0.63 0.86 0.76 0.77 0.81 0.82
50 0.72 0.81 0.74 0.75 0.85 0.83

Average | 0.68+0.05 0.82+0.04 0.75+0.03 | 0.79+0.05 0.84+0.03  0.81+0.03

Supplementary Table 7. Values of R, MAE, MSE, RMSE and MAPE in the test set

PI-H dataset PI-F dataset
€ c E¢ € c E¢
R? 0.68 0.83 0.78 0.79 0.85 0.83
MAE 1.5 18.7 1.2 53 41.1 0.9
MSE 7.3 650.8 2.1 60.2 5878.7 1.6
RMSE 1.9 25.5 1.6 7.8 76.7 1.3
MAPE 19.3 11.9 14.7 17.1 12.1 14.8




Supplementary Table 8. Some related information of our 7 models

Trainin Predictio
g Time n Speed Hyperparameters
(ms) (ms)

n_estimators=231,
criterion="friedman_mse’, max_depth=98,
min_samples_split=3, max_features=39,
max_leaf nodes=132
Loss=’squared_error’,
learning_rate=0.6648117460909637,
n_estimators=242,
criterion="friedman_mse’,
min_samples_split=77, max_depth=83,
max_features=11, max_leaf nodes=231
Loss=’squared_error’,
learning_rate=0.8683573694740211,
n_estimators=257,
criterion="friedman_mse’,
min_samples_split=4, max_depth=48,
max_features=30, max_leaf nodes=31

€ 600 0.18

PI-H G 300 0.17
datase
t

E¢ 100 0.17

Loss="huber’,
learning_rate=0.20863039129499694,
n_estimators=115,
criterion="friedman_mse’,
min_samples_split=18, max_depth=64,
max_features=84, max leaf nodes=54

€ 5700 0.24

Loss="huber’,
learning_rate=0.16382086787423966,
n_estimators=269,
criterion="friedman_mse’,
min_samples_split=9, max_depth=36,
max_features=80, max leaf nodes=25

PI-F
datase G 2200 0.15
t

Loss=’squared_error’,
learning_rate=0.2999766914200086,
n_estimators=280,
criterion="friedman_mse’,
min_samples_split=16, max_depth=85,
max_features=94, max_leaf nodes=43

E¢ 1600 0.21




