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Abstract

Our	model	utilizes	random	forest	for	predicting	the	pKd	by	Circular	Fingerprints	of	SMILES	of	drugs	and	inhibition	data
of	proteins.

Introduction

Previous	studies	of	prediction	of	pKd	usually	used	structure	or	sequence	data	of	protein.	However,	these	methods	cost
lots	of	time	to	predict;	furthermore,	some	of	proteins	do	not	have	structure	data.	Experiments	of	measure	pKd	are
hard,	but	to	measure	inhibition	data	of	a	protein	and	a	drug	is	much	more	easier	and	faster.	Here,	we	developed	novel
method	to	predict	the	pKd	by	Circular	Fingerprints	of	SMILES	of	drugs	and	inhibition	data	of	proteins.

Methods

Our	model	utilizes	random	forest	for	predicting	the	pKd	by	Circular	Fingerprints	of	SMILES	of	drugs	and	inhibition	data
of	proteinÂ˜s.

pKds	,	SMILES	of	drugs,	proteins	were	obtained	on	Drug	Target	Commons	[1].	Circular	Fingerprints	(Morgan
Fingerprints)	were	achieved	from	SMILES	of	drugs	by	RDKit	[2,	3].	Inhibition	data	of	proteins	was	obtained	from	Jing
Tang	et	al.	and	David	H.	Drewry	et	al.	[1,	4].	Inhibition	data	of	the	specific	protein	and	the	specific	drug	and	circular
Fingerprint	of	the	specific	drug	as	feature	for	following	training.	Training	set	and	testing	set	were	randomly	split	as	70%
and	30%	Random	forest	was	used	to	predicting	the	pKd	using	inhibition	data	of	the	specific	protein	and	the	specific
drug	and	circular	Fingerprint	of	the	specific	drug	as	feature.	Training	set	was	used	for	building	model,	and	testing	set
was	used	for	testing	the	model.	AUC,	F1,	RMSE,	pearson	correlation	coefficient,	spearman	correlation	coefficient
were	used	for	evaluating	the	model	performance.

Result

Performance	of	testing	set	was	following:	AUC	0.98,	F1	0.92,	RMSE	0.47,	pearson	correlation	coefficient	0.95,
spearman	correlation	coefficient	0.95.	Fig.	1	was	the	plot	of	predicted	pKd	and	reference	pKd.	Table	1	was	result	of
round	1b,	and	Table	2	was	result	of	round	2.
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Fig.	1	plot	of	predicted	pKd	and	reference	pKd

Table	1	Result	of	round	1b

Table	2	Result	of	round	2

Usage	of	code

A.	Following	is	demo	of	constructing	docker	of	N121	and	run	docker	of	N121

(A)	Download	"data"	folder	(let	the	location	be	C:\idg\data)

(B)	In	cmd

cd	C:\idg\data
docker	build	-t		docker.synapse.org/syn18507261/n121_idg:9686281	.
docker	login	-u	<user_ID>	-p	<password>	docker.synapse.org
docker	push	docker.synapse.org/syn18507261/n121_idg:9686281
docker	run	-it	--rm	-v	C:/idg/data/io:/output	
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docker.synapse.org/syn18507261/n121_idg:9686281

(C)	local	directory	io	has	template.csv	and	after	running	will	contain	predictions.csv
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