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Abstract

With the advancement of drug research, there was significant achievement in
treating chronic diseases with chinese medicine. Chinese medicine has higher variety
and more complex composition and it is difficult to quantitatively analyze its
functions and toxicity. From now on, there is still a large number of Chinese medicine
waiting to excavated. Therefore, many countries had in-depth study on the functional
pharmacology of Chinese medicine, and drug safety. They built up databases of
Chinese herbal medicines, ingredients and compounds for enquiry. This study aims to
develop predict graph convolutional neural network method to predict the function
and the toxic effect of Chinese herbal medicine on human body parts. We provided
the basis for evaluating the health effects of Chinese herbal medicines for further

research and development.
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9.:z4k= ~ (chemical)
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herb name chemical English.name Latin.name properties merdians use.part effect
1|AWEI kamolonol CID046883037 | Asafetida Giantfennel Resin = Ferula assafoetida Warm,Pungent,Bitter Spleen balsam 4To!ranslcnnconcrmmnanddisperse
2| AWEI  kamolonol CID046883037 | Asafetida Giantfennel Resin | Ferula assafoetida Warm,Pungent,Bitter Stomach  balsam ‘)Tolrans.lmrml:m:retiunandd\sperse
3| AWEI kamolonol CID046883037 | Asafetida Giantfennel Resin | Ferula assafoetida Warm,Pungent Bitter Liver balsam ‘Tolranslcrmconcremonanddisperse
4 | AWEI  camphene CID000006616 | Asafetida Giantfennel Resin | Ferula assafoetida Warm,Pungent,Bitter Spleen balsam | To transform concretion and disperse
5| AWEI camphene CID000006616 = Asafetida Giantfennel Resin | Ferula assafoetida Warm,Pungent,Bitter Stomach  balsam | To transform concretion and disperse
6| AWEI camphene CID000006616 | Asafetida Giantfennel Resin | Ferula assafoetida  Warm,Pungent Bitter  Liver balsam  To transform concretion and disperse
7| AWEI  conferol CID011892267 ' Asafetida Giantfennel Resin = Ferula assafoetida Warm,Pungent,Bitter Spleen  balsam | To transform concretion and disperse
8| AWEI  conferol CID011892267 | Asafetida Giantfennel Resin = Ferula assafoetida Warm,Pungent Bitter Stomach balsam  To transform concretion and disperse
9| AWEI conferol CID011892267 ' Asafetida Giantfennel Resin | Ferula assafoetida  Warm,Pungent Bitter Liver balsam | To transform concretion and disperse
10| AWEI  confertifolin CID000442187 | Asafetida Giantfennel Resin = Ferula assafoetida  Warm,Pungent,Bitter Spleen balsam | To transform concretion and disperse
11| AWEI  confertifolin CID000442187 | Asafetida Giantfennel Resin = Ferula assafoetida Warm,Pungent,Bitter Stomach balsam  To transform concretion and disperse
12| AWEI  confertifolin CID000442187 | Asafetida Giantfennel Resin | Ferula assafoetida Warm,Pungent,Bitter Liver balsam  To transform concretion and disperse
13| AWEI | assafoetidnol b CID000636584 | Asafetida Giantfennel Resin | Ferula assafoetida Warm,Pungent,Bitter Spleen  balsam | To transform concretion and disperse
14| AWEI  assafoetidnol b CID000636584 ' Asafetida Giantfennel Resin | Ferula assafoetida Warm, Pungent Bitter Stomach  balsam | To transform concretion and disperse
15| AWEI  assafoetidnol b CID000636584 | Asafetida Giantfennel Resin | Ferula assafoetida Warm,Pungent Bitter Liver balsam | To transform concretion and disperse
16| AWEI | 6-0-e-feruloylajugol CID006325178 | Asafetida Giantfennel Resin  Ferula assafoetida  Warm,Pungent,Bitter Spleen balsam | To transform concretion and disperse
17 | AWEI | 6-0-e-feruloylajugol CID006325178 | Asafetida Giantfennel Resin | Ferula assafoetida Warm,Pungent,Bitter Stomach  balsam | To transform concretion and disperse
18| AWEI 6-0-e-feruloylajugol CID006325178 | Asafetida Giantfennel Resin | Ferula assafoetida Warm,PungentBitter = Liver balsam  To transform concretion and disperse
19| AWEI | beta-pinene CID000014896 | Asafetida Giantfennel Resin | Ferula assafoetida Warm,Pungent,Bitter Spleen balsam | To transform concretion and disperse
20| AWEI | beta-pinene CID000014896 | Asafetida Giantfennel Resin | Ferula assafoetida Warm,Pungent,Bitter Stomach  balsam | To transform concretion and disperse
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In [1): # import libraries
from rdkit import Chem
from rdkit.Chem import Draw
import matplotlib.pyplot as plt
tmatplotlib inline

# define molecule
penicillin_g_smiles = 'CC1([C@EH](N2[C@H](S1)[CE@H](C2=0)NC(=0)Cc3ccecec 3)c(=0)0)c"’
penicillin_g = Chem.MolFromSmiles(penicillin_g_smiles)

# draw molecule

Draw.MolToMPL(penicillin_g, size=(200, 200))

out[1]:
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