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Abstract: The interaction between odor molecules and olfactory receptors is a crucial step in olfactory
perception and holds significant importance in unraveling the mechanism of olfactory perception. How-
ever, obtaining experimental results on the activation relationship between odor molecules and human
olfactory receptors is time-consuming and labor-intensive, and the available data on activation relation-
ships is currently insufficient to support intelligent olfactory perception research. Therefore, this study
constructed a network of olfactory receptor protein relationships and extracted features to train a model
for predicting the activation relationship between odor molecules and olfactory receptors. By integrating
the features of odor molecules and the simulated activation relationship of olfactory receptor proteins in
olfactory perception prediction, high-precision regression prediction of human olfactory perception
was achieved. Experimental results showed that the correlation coefficient of human olfactory percep-

tion prediction fused with odor molecule-olfactory receptor activation relationship reached 0.94, signifi-
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cantly outperforming existing olfactory perception prediction models. Additionally, the study summa-

rized the odor molecule-olfactory receptor activation-olfactory perception pattern, enriching our under-

standing of the mechanism of smell perception. This study introduced observable features of olfactory

receptor activation mechanisms into olfactory perception prediction, providing new insights for further

exploration and understanding of the mechanism of olfactory perception.

Key words : molecular feature extraction; protein feature extraction; olfactory receptor activation

prediction; olfactory perception prediction; graph convolution; machine learning
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Fig. 1 Olfactory perception prediction workflow diagram
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Table 2 Parameter adjustment range of XGBoost model
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Table 3 Parameter adjustment range of BP model
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network (Top 50%)
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Table 4 Network overview of olfactory receptor protein relationship
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Table 5 Accuracy, F,-score, and AUC of different feature extraction methods for database 1
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Table 6 Accuracy, F-score and AUC of olfactory receptor activation prediction models for different classifiers on database 1

plEE% S KEgE
AR A ‘ ‘

HETF /% F|-score AUC HETR/% F\-score AUC

XGBoost 100 1 1 77 0.78 0.77

ELM 58 0.67 0.57 51 0.57 0.55

SVM 70 0.72 0.7 48 0. 48 0. 49
Lor S5 LA T (U T4 T 45 M AT SR B T
ST 5% S U B AR AT SR B B I, S L
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Fig. 4 ROC curves and AUC values of olfactory receptor

activation prediction models for different classifiers
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ABIFGE [ 24320 T ) SMILES 437 2235 2R EE AR
FREON 3 FHF TS, Priias ny 4 SRxfk LUER B ]
b SRR A2 A — R BN AR =



Zefif, S BT WLSEAZ RS ¢ ZBUAY SO B 93

AR

Cluster 1

Cluster 3

Intensity
Pleasantness

Decayed
Wood

=

9ardo
Sardo
wvedo
EMTIO
IMTIO
PELTIO
0TLTIO
LINTIO
YINTIO
£LTI0
[iya:(0)
(4374 (0]
jlera:(¢]
[318: (0]
1OTI0
wanrgo
D140
[Aar:(e]
VIO

5
[©]
£
i
e
w

TUHRIE/%
5 WRUGEAZ A AR IR DTk EE
Fig. 5 Olfactory receptor contribution to olfactory perception

) Intensi
IORICI . Intensity I0R1c1 . "
. Pleasantness [l pieosenness
Chemical
I OR4D6 . o I = .
Sweet
Chemical
I orm . ORSBI7 B
. Musky :
[l orsie2 & B aci
weet
ORSIE2
i s
ORSP3 Garlic Cluster 2 B
= Acid
I orsBL7 s Decayed =
I oram4
W orsW2 OR2I3

” OR3A2
l OR52D1

OR52D1

I OR3A2

[ oroTs4
-t [ orot34
[ ORSILL m—
g - onic B
I ORID2
OR3IE2 [ or2M4 Pleasantness
Pleasantness
I OR2TI0
B cremical I oR2W3 . Chemical
[ OR4DG6
ORICI Sweet
Sieet Cluster 4 il
/ ) [ OR5P3 B
g W i I OR5W2 = Fruit
ORSBL7 f l o B OR10C1 = Flover
I OR10Z1 = Musky
l ORID2 I e I ORSIE2
= ORIA2
[ OR4F1S
l OR2W3 = ORGB2
[ OR3A2
l ORI3G1 17 OR6A2
I oreB2 [ OR6Y1
[ ORI0QL
l OR2T34 [0 ORI0R2
[ ORs2D1
! OR3A2 1 OR213
1 ORIIAL
o OR2T34
[ orsiL o ORSILI

Bl6 RIS MUHE 32 AT — AR X

Fig. 6 Odor molecule-olfactory receptor activation-olfactory pattern
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