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Table 3 Summary of linear fitting results for each of the properties we
study. We compare the coefficients of determination (R?) using all 33
descriptors (all desc.) and the statistically significant ones. The number of
significant descriptors ranges from 15-20, but the R? is not largely
affected in all cases
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Fig. 3 Results for the multiple linear regression of the four models and
the values of the training set. The predicted value from fitted descriptors
is compared to the experimental value originally used for fitting. Units
are mA cm 2 for J,., and V for V..
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2 FULSVAN

import tensorflow as tf
from tensorflow.keras import layers, models _
mnist = tf keras.datasets.mnist # 7 FMNIST 4L 4% 5=

(train_images, train_labels), (test 1mages, test labels) = mnist.load data()
train_images, test images = train_images / 255.0, test_images / 255.0 # )3 — AL B 1R 238

model = models.Sequential([ # AR E AR A
layers.Flatten(input_shape=(28, 28)),
layers.Dense(128, activation= ‘relu),
layers.Dropout(0.2),
layers.Dense(10)

D

model.compile(optimizer='adam’, # GmiE R A
loss=tf keras.losses.SparseCategoricalCrossentropy(from_logits=True),
metrics=['accuracy’ ])

model.fit(train_images, train labels, epochs=5) # | LrAE AR

test loss, test acc = model.evaluate(test images, test labels, verbose=2) # 1R A5 AR A

print(\nTest accuracy:', test acc) 14



layers. Flatten (input shape=(28, 28)),
o B ORF28x28 1R RE T R T8AYE N [ &
e layers.Dense (128, activation= relu’ ),

o B AEGUR, 128DIATT, ReLUBHR R AK

( X +
1284, 128x784 09 A F 4 [,

o HABITIIANAELME, 1SR 2 ) B 2 AR IRHIE
layers. Dropout (0. 2),

o # WENO, Pkl EfiDropout/z, LAY R R 2% BEAT IR iz AL RE /T

layers. Dense (10) # I E, 100Nt G R 10N E72859))

)
i £

o) i
o Cailiaoren 4 .com
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ARAY 22 W 2% (convolutional neural network, CNN)

import tensorflow as tf He% — AN28X281% F 49 3 38 i AR AR A BN,
from tensorflow.keras import layers % F32A3x3 K g E AR AL AT B AR, S

, K2 R ReLUB & &4, 4 i F A 32445 AE B
model = models.Sequential([

layers.Conv2D(32, (3, 3), activation="relu', input_shape=(28, 28, 1)), # &/ &

layers.MaxPooling2D((2, 2)), # &L E

layers.Conv2D(64, (3, 3), activation=Trelu'), # % =/ N&EFE

layers.MaxPooling2D((2, 2)), # % = /NAL &

layers.Conv2D(64, (3, 3), activation=Trelu'), # % =/ N&EFE

layers.Flatten(), # &-F &, FRFIEE4EA —fm=

layers.Dense(64, activation="relu'), # &% &

layers.Dense(10, activation='softmax') # ¥t &, 1% Flsoftmaxi & fHRH#IT 5 L5 £
D

model.compile(optimizer='adam',
loss='sparse categorical crossentropy’,

metrics=['accuracy'])
16



* layers.Conv2D(32, (3, 3), activation="relu', input_shape=(28, 28, 1)), o LULEVAN

o# AF F132/N B AR AT IX3 AL & AT B AR, 32%26x26

oH kAR = ( + °_, ° P )
slayers.MaxPooling2D((2, 2)), # #/ /%, #E B2x24% 7 He vF 5 K a94A32%13x13

e layers.Conv2D(64, (3, 3), activation= ‘relu’ ), # % =/~ A E64*11x11

o = ( + *_° P ), RPN kAR
™

e layers.MaxPooling2D((2, 2)), # % —/~#il =

* layers.Conv2D(64, (3, 3), activation="relu'), # # =/~ % #2/%64%9x9

* layers.Flatten(), # /& -F &, FFacied 45488 — 2 m =

* layers.Dense(64, activation="relu'), # 4 i 3% = 17



774 M % (Graph Neural Network, GNN)

import tensorflow as tf "‘j;_-_ _-;:": "/~-__-_[_-_-;j:
import tensorflow.keras as keras LS SO
from tensorflow.keras.layers import Input, Dense, GraphConv, GlobalMaxPooling1 D

AR AN —ANE, BT R4 iEfeid ag % 5| ~ N~ N
num_nodes = 10
num_node_features = 4 \% | [ | ~/

num_classes = 3

# 9 B4 # AR F4E4E

node features = Input(shape=(num_node features,), dtype=tf.float32, name='node features')

# i 89% 3|
edges = Input(shape=(2,), dtype=tf.int32, name="edges') # X MfbL5 4451

18



# B BARE

graph _conv = GraphConv(16, activation="relu')([node features,
edges])

graph conv = GraphConv(16, activation="relu')(graph conv)

# & B I KA &
global max_pooling = GlobalMaxPooling1 D()(graph conv)

# oK
classification = Dense(num_ classes,
activation="softmax')(global max pooling)

# A AR AR
model = keras.Model(inputs=[node features, edges],
outputs=classification)

DL ILLCVAN

K A¥ 22 M 2% (Graph Neural Network, GNN)

model.compile(optimizer='adam’,
loss='categorical crossentropy', metrics=['accuracy'])

#ABIR AV — D AR AR

train node features = tf.random.normal((num_nodes,
num_node features))

train_edges = tf.constant([[0, 1], [1, 2], [2, 3], [3, 4]])
train_labels = tf.random.uniform((num_nodes,
num_classes), maxval=3, dtype=tf.int32)

# o SRR
model.fit([train_node features, train_edges], train labels,
epochs=10)

19
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My father was a self-taught mandolin player. He was one of
the best string instrument players in our town. He could not read
music, but if he heard a tune a few times, he could play it. When
he was younger, he was a member of a small country music
band. They would play at local dances and on a few occasions
would play for the local radio station. He often told us how he
had auditioned and earned a position in a band that featured

Patsy Cline as their lead singer. He told the family that after he
was hired he never went back. Dad was a very religious man. He
stated that there was a lot of drinking and cursing the day of his
audition and he did not want to be around that type of
enviranmen t.

\
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RDKIT:

from rdkit.Chem.Descriptors import CalcMolDescriptors
from rdkit.ML.Descriptors import MoleculeDescriptors

from rdkit.Chem.Descriptors import CalcMolDescriptors
smi=‘CCCC=0’

mol= Chem.MolFromSmiles(smi)

mh = Chem.AddHs(mol)

status=AllChem.EmbedMolecule(mh)
#status=AllChem.EmbedMolecule(mh,randomSeed=0x{00d)
#status=AllChem.EmbedMolecule(mh,useRandomCoords=True)
#status=AllChem.EmbedMolecule(mh,maxAttempts=5000)
status=Chem.rdForceFieldHelpers. MMFFOptimizeMolecule(mh)
desrdkit=CalcMolDescriptors(mh)

xtmp=list(desrdkit.values())




for 1 ,j in desrdkit.items():
print(i,))

HallKierAlpha -0.33

Ipc 260.6586158723568

Kappal 0.46185675190856235
Kappa2 3.67

Kappa3 3.67

LabuteASA 43.235363472405666
PEOE_VSAI1 4.794537184071822
PEOE_VSA10 7.632970718501461
PEOE VSA110.0

PEOE VSA120.0
PEOE_VSA130.0

PEOE VSA140.0

PEOE_VSA2 0.0

PEOE_VSA9 0.0

SMR_VSA1 15.760605633433581
SMR_VSA10 6.262212162331241
SMR_VSA2 0.0

SMR_VSA9 0.0

SlogP_VSAL1 0.0

SlogP_VSA10 0.0

SlogP VSAL11 0.0

SlogP VSA12 0.0

SlogP_VSA2 6.262212162331241

SlogP_VSA9 0.0
TPSA 17.07

MaxAbsEStateIndex 10.360486111111111
MaxEStateIndex 10.360486111111111
MinAbsEStateIndex 1.8809027777777774
MinEStateIndex -3.3483796296296298

qed 0.4443450475833798

MolWt 72.10699999999996
HeavyAtomMolWt 64.04299999999999
ExactMolWt 72.057514876
NumValenceElectrons 30
NumRadicalElectrons 0

MaxPartialCharge 0.11947978113414225
MinPartialCharge -0.30340309725779463
MaxAbsPartialCharge 0.30340309725779463
MinAbsPartialCharge 0.11947978113414225
FpDensityMorgan1 2.6

FpDensityMorgan?2 3.4

FpDensityMorgan3 3.6

BCUT2D_MWHI -4.56376084373792e-16
BCUT2D_MWLOW -0.24754268494773624
BCUT2D_CHGHI -0.19706563501170102
BCUT2D_CHGLO -2.4959170851077577
BCUT2D_LOGPHI -0.10280093566504482
BCUT2D_LOGPLOW -2.404942975642157
BCUT2D_MRHI -0.0006091488779740282
BCUT2D_MRLOW -1.0971836824094108
Avglpc 1.8356240554391323

BalabanJ 5.158825498434272

BertzCT 214.6741413661228

Chi0 11.077350269189626

ChiOn 10.408248290463863

ChiOv 2.408248290463863

Chil 5.443375672974064

Chiln 4.954124145231932

Chilv 0.9541241452319316

Chi2n 0.3520620726159658

Chi2v 0.3520620726159658

Chi3n 0.11353103630798289

Chi3v 0.11353103630798289

Chi4n 0.025515518153991442

Chidv 0.025515518153991442

EState_ VSA1 25.85995408228568
EState_ VSA10 4.794537184071822
EState VSA11 0.0

EState_VSA2 0.0

EState VSA9 10.96606844936176
VSA_ EStatel 53.87726851851852
VSA_ EStatel10 0.0

VSA_EState2 10.360486111111111

VSA_ EState9 0.0
FractionCSP3 0.75
HeavyAtomCount 5
NHOHCount 0

NOCount 1
NumAliphaticCarbocycles 0
NumAliphaticHeterocycles 0
NumAliphaticRings 0
NumAromaticCarbocycles 0
NumAromaticHeterocycles 0
NumAromaticRings 0
NumHAcceptors 1
NumHDonors 0
NumHeteroatoms 1
NumRotatableBonds 3
NumSaturatedCarbocycles 0
NumSaturatedHeterocycles 0
NumSaturatedRings 0
RingCount 0

MolLogP 0.9854

MoIMR 20.971999999999994

fr AL COO
fr AL OH 0

fr Ar COO 0
fr Ar NO

fr Ar NHO
fr Ar OHO
fr COO 0

fr COO20
fr COl1

fr C_O_noCOO 1
fr CSO

fr HOCCN 0

fr sulfide 0

fr sulfonamd O
fr_sulfone 0

fr term_acetylene
fr tetrazole 0
fr thiazole 0
fr thiocyan 0
fr_thiophene 0
fr unbrch .
fr urea 0
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Scikit-learn libraries:

from sklearn.feature selection import RFE xxxxx

GenericUnivariateSelect

Univariate feature selector with configurable strategy.

RFE

Feature ranking with recursive feature elimination.

RFECV Recursive feature elimination with cross-validation to select features.
SelectFdr Filter: Select the p-values for an estimated false discovery rate.
SelectFpr Filter: Select the pvalues below alpha based on a FPR test.
SelectFromModel Meta-transformer for selecting features based on importance weights.
SelectFwe Filter: Select the p-values corresponding to Family-wise error rate.
SelectKBest Select features according to the k highest scores.

SelectPercentile Select features according to a percentile of the highest scores.
SelectorMixin Transformer mixin that performs feature selection given a support mask

SequentialFeatureSelector

Transformer that performs Sequential Feature Selection.

VarianceThreshold Feature selector that removes all low-variance features.
chi2 Compute chi-squared stats between each non-negative feature and class.
f classif Compute the ANOVA F-value for the provided sample.

f regression

Univariate linear regression tests returning F-statistic and p-values.

mutual info classif

Estimate mutual information for a discrete target variable.

mutual info regression

Estimate mutual information for a continuous target variable.

I regression

Compute Pearson's r for each features and the target. 24



https://scikit-learn.org/stable/modules/generated/sklearn.feature_selection.GenericUnivariateSelect.html#sklearn.feature_selection.GenericUnivariateSelect

from sklearn.feature selection import GenericUnivariateSelect,f regression
transformer = GenericUnivariateSelect(f regression, mode='fwe’)
Tx = transformer.fit transform(X, y) #X(13952, 900)

Tx.shape #(13952, 767)
chi2 Compute chi-squared stats between each non-negative feature and class.
f classif Compute the ANOVA F-value for the provided sample.

f regression

Univariate linear regression tests returning F-statistic and p-values.

mutual info classif

Estimate mutual information for a discrete target variable.

mutual info regression

Estimate mutual information for a continuous target variable.

I regression

Compute Pearson's r for each features and the target.

Mode: ‘percentile’, ‘k best’, ‘fpr’, ‘fdr’, ‘fwe’

35


https://scikit-learn.org/stable/modules/generated/sklearn.feature_selection.chi2.html#sklearn.feature_selection.chi2

from sklearn.feature selection import SelectPercentile,SelectFromModel
from sklearn.linear model import LinearRegression

model = SelectFromModel(estimator=LinearRegression(),threshold=1e¢-5))
selector= model.fit(X, y)
Tx=selector.transform(X)

Tx.shape #(13952, 767)

from sklearn.feature selection import GenericUnivariateSelect, f regression
transformer = GenericUnivariateSelect(f_regression, mode='fwe’)
Tx = transformer.fit transform(X, y) #X(13952, 900)

Tx.shape #(13952, 767)
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475 X4 (Umbrella Sampling, US) :

B AERPETAR P AR S A A Pk, IR E R L, Am3giRat itk
3 /15 (Metadynamics) :

Bt AR PR RE D LE L, H— " MpE#5, 75 7 RIEETIRAEE X R
B AR 5-F3) /1% (Gaussian Accelerated Molecular Dynamics, GaMD) :

AR @A HRIEBRA, FHALEZTORTEFEMEKE T,

iL ) #5642 KA (Transition Path Sampling, TPS) :

EETRBER AR, BARAR T SIRRA L RARRGF) ) Fi4L,
A F 42 X4 (Weighted Ensemble Sampling, WES) :

Wi SR R BT, AE R RN SBRE S R BT R, REAHERUARSFE
AENImE S (Adaptive Blasmg Force, ABF) :

RFEZRANHS AR, BENIPFERE S, VOERIT4FE KRR,

ATEATEWEERA:
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. TPL+TN .
Accuracy = TPTTN+FP+FN Precision = 75— 7p
Recall = L Fl =9 % PrecisioanecaH
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sklearn.metrics A

sklearn.metrics

check_scoring

A > APl Reference > sklearn.metrics > accuracy_score

from sklearn.metrics import xxxxx get_scorer

accu ra Cy_sco re get_scorer_names

make _scorer

sklearn.metrics.accuracy_score(y_true, y_pred, *, normalize=True, sample_weight=None) accuracy_score

Accuracy classification score. [source]
auc

In multilabel classification, this function computes subset accuracy: the set of labels predicted for a sample must

exactly match the corresponding set of labels in y_true. ayelege preciRinm seare

Read more in the User Guide. balanced_accuracy_score
brier score loss

A > APl Reference > sklearn.metrics > precision_score
class_likelihood ratios

preCiSion_SCO re classification_report

cohen_kappa_score

sklearn.metrics.precision_score(y_true, y_pred, *, Labels=None, pos_label=1, confusion_matrix

average="binary', sample_weight=None, zero_division='warn') d2_log_loss_score
Compute the precision. 43 dcg_score
ps://scikit-learn.org/stable/api/sklearn.metrics.html det_curve
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sklearn.metrics

from sklearn.metrics import mean squared error, r2 score,mean absolute e
r2=r2 score(y test, y test predicted)

mae=mean_absolute error(y test, y test predicted)
mse=mean_squared error(y test, y test predicted,squared=True)

rmse=mean_squared error(y test, y test predicted,squared=False)
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v FEbLH4E:

MR F 3] — AR — A AV %5% (train_set) , #F4E%E (valid set) , MK
(test set) o H (=F) 74840 4100%

NG HAEAIIERIE R THEA NG S = £ 044k, NXEIER TIEEERRLT A
v XN EIE

K-fold cross-validation

v ¥ —# leave one out




15 T - Z%E A Fpython/E:

|. 4% Z&anaconda: hitps://www.anaconda.com/

conda create --name myenvname python

conda activate myenvname

> » N

pip install scikit-learn (44, ¥] conda install scikit-learn )

numpy#+ 5 1+ & B . pandas# I 447 E

matplotlib 7 AL . shap#l 25 2 3] & A 4 &

openbabel . rdkitft 1z B it &

deepchemfl T4 T HEE ML EF I R EF X E

torch# 2 W 44 fE 4 . torch-geometric [ 14 4 W 4% &

tensorflow 14 22 W 44 1E 22 | kerast# & W S AE . dglE M4 W 4 &



https://www.anaconda.com/

S R RN ’ P 3R
pip source:

v python -m pip install --upgrade pip
v pip config set global.index-url https://pypi.tuna.tsinghua.edu.cn/simple

Conda source:

v conda config --add channels https://mirrors.tuna.tsinghua.edu.cn/anaconda/pkgs/free/
v conda config --add channels https://mirrors.tuna.tsinghua.edu.cn/anaconda/pkgs/main/
v conda config --add channels https://mirrors.tuna.tsinghua.edu.cn/anaconda/cloud/conda-for

v conda config --add channels https://mirrors.tuna.tsinghua.edu.cn/anaconda/cloud/msys2/







