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ABSTRACT:	The	chemical	properties	of	copolymers	are	strongly	influenced	by	a	number	of	intrinsic	characteristics	such	as	
their	molecular	weight	and	their	monomer	composition	ratio.	Identifying	the	optimal	conditions	for	the	copolymerization	
process	that	results	 in	a	synthesized	copolymer	with	the	desired	characteristics	 is	a	major	challenge.	Optimization	of	 the	
copolymerization	process	has	traditionally	been	based	on	trial-and-error	approaches	by	humans	relying	on	empirical	rules.	
Thus,	the	design	space	that	can	be	explored	experimentally	is	severely	limited	under	time	and	economic	constraints.	In	ad-
dition,	solving	problems	such	as	nonuniformity	of	both	temperature	and	the	concentration	of	chemicals	in	the	reaction	field	
is	also	challenging.	In	this	study,	we	established	multi-objective	Bayesian	optimization	and	flow	copolymerization	systems	
to	 explore	 optimal	 copolymerization	 conditions	 for	 synthesizing	 copolymers	 that	 simultaneously	 exhibit	multiple	 target	
characteristics.	Finally,	we	visualized	Pareto	fronts	representing	trade-offs	between	polymer	characteristics	and	employed	
quantum	 chemical	 calculations	 to	 reveal	 chemical	 origins	 of	 the	 Pareto	 fronts.	

1. INTRODUCTION 
Polymers,	including	copolymers,	show	distinctive	chem-

ical	 properties	 that	 cannot	 be	 achieved	 with	 low-
molecular-weight	compounds.	They	are	used	as	important	
materials	 across	 various	 industrial	 fields,	 including	 the	
automotive,	medical,	 and	 food	 industries.	 These	 chemical	
properties	 emerge	 from	 aggregation	 states	 of	 polymer	
chains,	which	are	determined	by	molecular	conformations	
that	depend	on	the	characteristics	of	the	polymers,	such	as	
their	 molecular	 weight	 and	 their	 monomer	 composition	
ratio.1-7	To	achieve	desired	chemical	properties,	identifying	
the	 polymerization	 conditions	 that	 yield	 the	 appropriate	
polymer	 characteristics	 is	 critical,	 whereas	 relationships	
among	polymer	characteristics	are	complex	as	the	charac-
teristics	 are	 determined	 by	multiple	 experimental	 condi-
tions.	 This	 complexity	 makes	 it	 difficult	 to	 optimize	 the	
characteristics	simultaneously.	

The	 development	 of	 materials	 has	 traditionally	 been	
based	on	trial-and-error	approaches	by	humans	relying	on	
empirical	rules	at	each	stage	from	molecular	design	to	pro-
cess	optimization.	Thus,	this	approach	limits	the	number	of	
materials	 that	 can	 be	 investigated	 because	 of	 time	 and	
economic	 constraints.	 This	 is	 an	 important	 issue	 in	 in-
creasing	development	efficiency.	Materials	 scientists	have	
recently	 focused	 on	 efficient	 development	methods	 using	
machine	learning	with	data	obtained	from	both	theoretical	
calculations	 and	 experiments.8-12	 In	 polymer	 chemistry,	
polymer	databases	such	as	PoLyInfo,13	Polymer	Genome,14	
Khazana,15	 CoPolDB,16	 and	 CopDDB17	 have	 been	 estab-
lished;	machine	learning	using	these	databases	and	simula-
tions	has	advanced	the	featurization	and	property	predic-
tion	 of	 polymers.18-24	 Recently,	 Schneider	 et	 al.	 proposed	
extending	BigSMILES25	 to	Generative	BigSMILES,	which	 is	
expected	 to	 serve	 as	 a	 novel	 tool	 supporting	 the	 data-
driven	development	of	materials	by	enabling	the	systemat-
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Figure	1	Diagram	of	the	flow	copolymerization	system.	Each	of	the	two	bottles	contains	one	monomer,	initiator,	and	solvent.	These	
solutions	in	the	two	bottles	were	mixed	using	a	micromixer,	and	a	system	was	constructed	to	synthesize	copolymers	under	specific	
conditions.

ic	description	and	generation	of	polymer	ensemble	charac-
teristics.26	However,	 the	amount	of	available	data	 is	often	
limited	 when	 optimization	 of	 experimental	 conditions,	
such	 as	 the	 optimization	 of	 polymerization	 processes,	 is	
necessary.	Bayesian	optimization	is	a	method	for	effective-
ly	 using	 limited	datasets.27-32	 It	 is	 an	 experimental	 design	
method	 that	 enables	 efficient	 exploration	 by	 updating	
models	while	 collecting	 data	 incrementally	 using	 acquisi-
tion	functions.33	For	example,	Wang	et	al.	successfully	op-
timized	the	copolymerization	process	of	high-density	pol-
yethylene	 using	 Bayesian	 optimization,	which	 resulted	 in	
increased	productivity	and	profitability	compared	with	the	
traditional	 polymerization	 process.34	 Bayesian	 optimiza-
tion,	 which	 suggests	 experimental	 conditions	 instead	 of	
human	discretion,	plays	a	pivotal	role	in	the	automation35-
37	of	development	processes.	
Bayesian	optimization	requires	the	acquisition	of	highly	

reproducible	 data	 to	 construct	 surrogate	 functions	 based	
on	 the	 data.	 Flow	 synthesis,	 in	 which	 reactions	 are	 con-
ducted	continuously	in	tubes,	maintains	high	uniformity	of	
reaction	fields	through	efficient	heat	exchange	and	enables	
control	of	the	residence	time;	by	contrast,	batch	synthesis	
involves	 non-uniform	 reaction	 fields.38-39	 Therefore,	 flow	
synthesis	 is	 an	 effective	 method	 for	 obtaining	 highly	 re-
producible	experimental	data.	Coley	et	al.	developed	a	plat-
form	 integrating	 retrosynthesis	 prediction	 based	 on	 ma-
chine	learning	with	robot-controlled	flow	synthesis,	which	
resulted	in	the	successful	automated	synthesis	of	15	drug-
candidate	compounds.40	Such	integration	of	machine	learn-
ing	 and	 flow	 synthesis	 is	 gaining	 attention	 as	 a	 new	 ap-
proach	 to	 efficiently	 optimize	 synthesis	 conditions	 and	
explore	novel	compounds	for	not	only	small	molecules	but	
also	polymers.41-45		
We	have	been	establishing	polymer	synthesis	processes	

that	 integrate	 flow	 synthesis	 and	 machine	 learning.	 In	 a	
previous	 study,	 we	 developed	 a	 flow	 copolymerization	
system	 incorporating	 micromixers.46	 Using	 this	 flow	 co-
polymerization	 system,	 we	 demonstrated	 that	 electronic	

states	of	 transition	states	are	critical	 factors	 in	predicting	
reactivity	 for	 copolymerization	 with	 monomers	 not	 in-
cluded	in	training	data	(i.e.,	prediction	of	the	extrapolated	
region47)	 and	 established	 in	 situ	 prediction	 of	 residual	
monomer	concentrations	in	binary	copolymerization	reac-
tions	from	Fourier	transform	infrared	spectroscopy	(FTIR)	
spectra.48	In	a	recent	study,	we	conducted	process	optimi-
zation	 focused	 on	 monomer	 proportion	 in	 a	 polymer	 by	
combining	 Bayesian	 optimization	 with	 the	 flow	 copoly-
merization	 system.	 The	 previous	 study	 demonstrated	 the	
effectiveness	 of	 integrating	 flow	 synthesis	 and	 machine	
learning	 approaches.27	 However,	 even	 when	 the	 desired	
monomer	 proportion	 in	 a	 polymer	 was	 achieved,	 other	
polymer	 characteristics	 exhibited	a	 range	of	 values.	Since	
these	characteristics	directly	 influence	the	chemical	prop-
erties	 of	 the	 resultant	 polymers,	 simultaneous	 optimiza-
tion	of	multiple	polymer	characteristics	is	necessary.	
The	aim	of	the	present	study	is	to	establish	a	methodol-

ogy	for	simultaneously	optimizing	multiple	polymer	char-
acteristics	by	 integrating	multi-objective	Bayesian	optimi-
zation	with	a	 flow	copolymerization	system	and	to	reveal	
the	chemical	 factors	contributing	to	Pareto	fronts	that	ex-
ists	between	polymer	characteristics.	The	establishment	of	
the	present	method	is	expected	to	lead	to	efficient	optimi-
zation	 of	 copolymerization	 processes,	 which	 should,	 in	
turn,	lead	to	the	creation	of	new	guidelines	of	material	de-
sign	 through	 the	 integration	 of	machine	 learning	 and	do-
main	expertise.	

2. MATERIALS AND METHODS 
2.1	 Materials.	 Styrene	 (St,	 FUJIFILM	 Wako,	 special	

grade)	 and	 methyl	 methacrylate	 (MMA,	 FUJIFILM	 Wako,	
special	 grade)	 were	 used	 as	 monomers.	 Both	 monomers	
were	used	as	received	without	removal	of	stabilizers.	Pro-
pylene	glycol	monomethyl	 ether	 (PGME)	was	used	as	 the	
solvent,	and	2,2'-azobis(2,4-dimethylvaleronitrile)	 (ADVN,	
FUJIFILM	Wako,	1st	grade)	was	used	as	the	thermal	initia-
tor.		
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2.2	 Characterization.	 Ultra-high-performance	 liquid	
chromatography	(UHPLC)	was	carried	out	using	a	Shimad-
zu	 Nexera	 XS	 system	 (DGU-403,	 LC-40D	 XS,	 SIL-40C	 XS,	
CBM-40,	 RID-20A,	 SPD-M40,	 CTO-40C)	 equipped	 with	 a	
separation	column	(GL	Science,	ODS-3	2	µm,	3.0	×	50	mm2).	
Gel	 permeation	 chromatography	 (GPC)	 was	 performed	
using	 a	 JASCO	 system	 (LC-NetII/ADC,	 AS-2055,	 PU-2080,	
CO-2065,	UV-2075,	RI-2031)	equipped	with	columns	(To-
soh,	TSKGel	SuperH3000,	GMHR-L).		
2.3	Flow	synthesis	system.	 A	 copolymer	 consisting	 of	

St	and	MMA	was	synthesized	using	the	flow	copolymeriza-
tion	system	shown	in	Figure	1.	This	system	demonstrates	
high	 experimental	 reproducibility	 because	of	 the	uniform	
mixing	achieved	by	a	micromixer	and	homogeneous	heat-
ing	with	a	tube.46	Accordingly,	the	data	obtained	from	this	
system	 are	 suitable	 for	 use	 as	 training	 data	 in	 machine	
learning	 applications.	 In	 preparation	 for	 the	 experiment,	
Bottle	 A	 contained	 a	 mixture	 of	 St,	 initiator,	 and	 solvent	
and	 Bottle	 B	 contained	 a	 mixture	 of	 MMA,	 initiator,	 and	
solvent.	During	the	reaction,	the	bottles	were	cooled	in	ice	
water	to	prevent	unintended	polymerization.	
In	the	present	study,	we	classified	five	copolymerization	

conditions	into	two	categories:	soft	copolymerization	con-
ditions	 and	 hard	 copolymerization	 conditions.	 Residence	
time	 and	 St	 proportion	 are	 defined	 as	 soft	 copolymeriza-
tion	conditions	because	these	two	copolymerization	condi-
tions	can	be	easily	changed	by	adjusting	pump	flow	rates.	
By	 contrast,	 the	 Solvent/Monomer	 (SM)	 ratio,	 Initiator	
concentration,	 and	 Reaction	 temperature	 are	 defined	 as	
hard	copolymerization	conditions.	These	copolymerization	
conditions	are	difficult	 to	adjust	 in	 real	 time.	The	SM	and	
initiator	 concentration	 are	 determined	 by	 composition	 of	
solutions	 prepared	 in	 the	 bottles	 before	 the	 reaction.	
Therefore,	once	the	bottles	are	set,	these	values	cannot	be	
altered	 by	 adjusting	 the	 pump	 flow	 rates.	 The	 Reaction	
temperature	requires	a	certain	time	to	reach	and	stabilize	
at	 new	 setpoints.	 Consequently,	 rapid	 temperature	 ad-
justments	are	difficult	to	implement	during	the	reaction.	
The	St	proportion	in	a	polymer,	𝑪𝑹𝑺𝒕,	and	the	Sum	con-

version,	𝑪𝐬𝐮𝐦,	 were	 determined	 from	 the	 changes	 in	 the	
monomer	 concentrations	 before	 and	 after	 copolymeriza-
tion,	 as	 evaluated	 using	 reverse-phase	 UHPLC.	𝑪𝑹𝐒𝐭	and	
𝑪𝐬𝐮𝐦	were	calculated	using	the	following	equations:	

𝐶𝑅() =	
(𝐹𝑅() 	×	𝐶())

(𝐹𝑅() 	×	𝐶()) +	(𝐹𝑅**+ 	×	𝐶**+)
	× 	100, (1) 

𝐶,-. = 𝐶() 	+ 𝐶**+, (2) 

𝐶() = +1 −	
𝑅)
𝑅/
/	× 	100, (3) 

𝐶**+ = +1 −	
𝑅)
𝑅/
/	× 	100, (4) 

where	𝑹𝟎	is	 the	mass	 fraction	 of	 each	monomer	 before	
the	reaction	and	𝑹𝒕	is	 the	mass	 fraction	of	each	monomer	

at	residence	time	t.	𝑭𝑹𝐒𝐭	and	𝑭𝑹𝐌𝐌𝐀	are	the	proportions	of	
each	monomer	 used	 in	 the	 raw	materials	mixture	 in	 the	
synthesis	procedure,	 and	𝑪𝐒𝐭	and	𝑪𝐌𝐌𝐀	are	 the	 conversion	
rates	of	St	and	MMA,	respectively.	Sum	conversion	repre-
sents	 the	 sum	 of	 the	 St	 and	MMA	 conversion	 rates,	 with	
values	ranging	from	0	to	200.	The	weight-average	molecu-
lar	weight,	Mw,	and	number-average	molecular	weight,	Mn,	
were	obtained	from	GPC	results.	
Table	 1	 Design	 space	 of	 Latin	 hypercube	 sampling	
(LHS)	 and	 the	 multi-objective	 Bayesian	 optimization	
(MOBO)	algorithm	

Copolymerization	conditions	 Unit	 Range	

Initiator	concentration	 mol%	 1–10	

Solvent/Monomer	(SM)	ratio	 	 1–10	
St	proportion	 mol%	 0–100	

Reaction	temperature	 °C	 50–90	

Residence	time	 min	 2–30	
Table	2	Two	target	values	considered	to	represent	the	
difference	in	the	degree	of	copolymerization	progress	

	 St	proportion	
in	polymer	[%]	

Sum	
conversion	[%]	

Mw	 Mn	

Target	1	 50	 100	 8000	 4000	
Target	2	 50	 20	 5000	 2500	
2.4	 Multi-Objective	 Bayesian	 Optimization	 (MOBO)	

Algorithm.	In	this	study,	we	used	a	multi-objective	Bayes-
ian	optimization	(MOBO)	algorithm	to	optimize	the	copol-
ymerization	conditions	for	St−MMA	copolymers.	This	algo-
rithm	is	used	to	efficiently	explore	combinations	of	explan-
atory	 variables	 that	 simultaneously	minimize	 (or	maxim-
ize)	 all	 objective	 functions.	 Five	 copolymerization	 condi-
tions	(Initiator	concentration,	SM	ratio,	St	proportion,	Re-
action	temperature,	and	Residence	time)	were	selected	as	
explanatory	variables,	and	four	polymer	characteristics	(St	
proportion	in	polymer,	Sum	conversion,	Mw,	and	Mn)	were	
targeted	 for	 optimization.	 Although	 Sum	 conversion	 does	
not	directly	affect	polymer	chemical	properties,	 it	was	 in-
cluded	as	an	optimization	target	because	of	its	importance	
for	preventing	blockage	of	the	flow	tube	and	for	the	indus-
trial	productivity.	The	design	space	of	the	MOBO	algorithm	
is	shown	in	Table	1.	
On	the	basis	of	our	previous	study,27	when	St	proportion	

in	 polymer	 is	 approximately	 50	mol%,	 the	 range	 of	 Sum	
conversion	is	from	10	to	100%	and	the	range	of	Mw	is	from	
1000	 to	5000.	An	Mw	 exceeding	5000	was	expected	 to	be	
challenging	to	achieve.27	Taking	these	insights	into	account,	
we	set	 two	different	 target	values	 considering	 the	degree	
of	copolymerization	progress	shown	in	Table	2.	This	study	
identified	 optimal	 copolymerization	 conditions	 for	 simul-
taneously	achieving	these	target	values	in	copolymer	syn-
thesis.	
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Figure	2	Multi-objective	 Bayesian	 optimization	 (MOBO)	 results	 for	 Target	 1:	 (a)	 Probability	 of	 achievement	 (PA)	 of	 candidate	
points	at	the	n-th	cycle	calculated	by	Gaussian	process	regression	(GPR)	trained	on	the	initial	points	and	all	points	up	to	the	(n	–	
1)-th	cycle;	(b)	distribution	comparison	of	Sum	error	between	experimental	points	selected	by	MOBO	and	Latin	hypercube	sam-
pling	(LHS);	and	(c)	the	parallel	coordinates	plot	showing	the	proposed	copolymerization	conditions	and	resultant	polymer	char-
acteristics	for	each	optimization	iteration.	Each	experimental	point	is	shown	in	a	different	color.	

This	study	adopted	an	approach	that	minimizes	devia-
tions	between	target	and	measured	values.	To	treat	both	
positive	and	negative	deviations	equally,	the	objective	
function	was	defined	as	

𝑦 = 	 (𝑇	– 	𝐴)3, (5)	

where	𝑇	represents	 the	 target	 value	 and	𝐴	represents	 the	
actual	 value.	 Four	 Gaussian	 process	 regression	 (GPR)	
models	for	the	four	objectives	were	updated	with	new	data	
obtained	 from	 evaluated	 experiments	 at	 each	 iteration.	
The	Matérn	5/2	kernel	 function	was	 used	 for	 the	 regres-
sion.	Probability	of	 achievement	 (PA)	was	adopted	as	 the	
acquisition	 function	 and	 the	 PA	 was	 calculated	 as	 joint	
probability	of	the	probability	of	improvement	(PI)	for	each	
objective	variable32	as	follows:		

𝑃𝐼4(𝒙) = 	5
1

62𝜋𝜎43(𝒙)
𝑒𝑥𝑝=−

?𝑦4	– 	𝜇4(𝒙)A
3

2𝜎43(𝒙)
B𝑑𝑦4 ,

5!
∗

67
(6)	

𝑃𝐴(𝒙) = 	E𝑃𝐼4(𝒙),
8

49:

(7)	

where	𝑦∗	represents	 the	optimal	point	among	the	existing	
data,	and	𝑖	takes	values	ranging	from	1	to	4,	corresponding	
to	the	four	polymer	characteristics	(St	proportion	in	poly-
mer,	 Sum	 conversion,	 Mw,	 and	 Mn);	 𝒙 	is	 the	 five-
dimensional	vector	representing	the	five	copolymerization	
conditions;	𝜇(𝒙)		is	 the	predictive	mean	 for	𝒙	by	GPR;	 and	
𝜎(𝒙)	is	the	predictive	standard	deviation	for	𝒙	by	GPR.	The	
candidate	 of	 copolymerization	 conditions,	𝒙<=> ,	 for	 the	
subsequent	experiment	were	 identified	as	variables	at	which	
the	probability	of	achievement	was	maximized	as	follows:	

𝒙<=> = argmax
𝒙

𝑃𝐴(𝒙) . (8)	
To	 calculate	 the	 first	 candidate	 points	 in	MOBO,	we	used	
the	 same	 initial	 points	 employed	 in	 our	 previous	 single-
objective	Bayesian	optimization	study.27	To	make	 this	pa-
per	 self-contained,	 the	 preparation	 of	 the	 initial	 points	 is	
briefly	 described.	 The	 Latin	 hypercube	 sampling	 (LHS)	
method	was	employed	hierarchically,	 and	50	points	were	

Initial points
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[mol%] SM

St
proportion

[%]

Reaction
temperature
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[%] Mw Mn

Target 1-1 Target 1-2 Target 1-3 Target 1-4 Target 1-5 Target 1-6

Target 1-7 Target 1-8 Target 1-9 Target 1-10 Target 1-11 Target 1-12

(c)
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Figure	3	Visualization	of	 the	partial	dependence	of	 the	PI	of	St	proportion	 in	polymer	on	 the	copolymerization	conditions.	The	
color-coded	background	is	calculated	from	the	PI	values	obtained	using	GPR	trained	on	data	from	the	initial	points	to	12	cycles	for	
Target	 1.	 Red	 indicates	 high	 PI	 values,	 and	 blue	 indicates	 low	 PI	 values.	 Stars	 represent	 the	 experimental	 points	 proposed	 by	
MOBO,	and	white	circles	indicate	initial	points.	

selected	on	the	basis	of	the	maximin	criterion.	The	explora-
tion	ranges	in	the	design	space	for	LHS	are	shown	in	Table	
1.	We	initially	conducted	LHS	in	the	hard	copolymerization	
conditions	 space	 to	 enhance	 efficiency	 and	 obtained	 five	
points.	We	subsequently	performed	additional	LHS	 in	 the	
soft	 copolymerization	 conditions	 space	 on	 the	 basis	 of	
these	five	points	and	obtained	10	points	for	each	hard	co-
polymerization	condition,	resulting	in	50	initial	points.	The	
MOBO	implementation	was	primarily	conducted	using	the	
BoTorch	library	in	a	Python	3.8	environment	(Python	=	3.8	
series,	 BoTorch	 =	 0.6.2,	 GPyTorch	 =	 1.6.0,	 SciPy	 =	 1.10.1,	
scikit-learn	=	1.2.2).	

3. RESULTS AND DISCUSSION 
3.1	MOBO	for	Target	1.	Initially,	MOBO	was	conducted	

for	Target	1.	Figure	2a	shows	the	PA	of	candidate	points	at	

the	n-th	cycle	by	GPR	 trained	on	 the	 initial	and	all	points	
up	 to	 the	 (n	 −	 1)-th	 cycle.	 As	 the	 number	 of	 cycles	 in-
creased,	 the	 PA	 converged	 to	 0.	 Therefore,	we	 concluded	
that	 further	 improvements	 would	 unlikely	 be	 achieved	
through	continued	exploration.	Figure	2b	shows	the	distri-
bution	of	sum	of	relative	errors	of	the	experimental	points	
obtained	through	LHS	and	MOBO	(hereafter	referred	to	as	
"Sum	error").	Sum	error	was	defined	as	

Sum	error = 	cd
(𝑇4 − 𝐴4)

𝑇4
d

8

49:

, (9)	

where	𝑖	takes	values	ranging	from	1	to	4,	corresponding	to	
the	four	polymer	characteristics	(St	proportion	in	polymer,	
Sum	conversion,	Mw,	and	Mn).	A	comparison	of	both	distri-
butions,	 by	 LHS	 and	MOBO,	 in	 Figure	 2b	 reveals	 that	 the	
experiments	conducted	through	MOBO	led	to	more	results	

St proportion in polymer [%](a)

(g) (h) (i) (j)

(d) (e) (f)

(b) (c)
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Figure	4	Visualization	of	the	partial	dependence	of	the	PI	of	Sum	conversion	on	the	copolymerization	conditions.	The	color-coded	
background	is	calculated	from	the	PI	obtained	using	GPR	trained	on	data	from	the	initial	points	to	12	cycles	for	Target	1.	Red	indi-
cates	high	PI	values,	and	blue	indicates	low	PI	values.	Stars	represent	the	experimental	points	proposed	by	MOBO,	and	white	cir-
cles	 indicate	 initial	 points.

with	lower	Sum	error	than	the	initial	points.	These	results	
demonstrate	that	MOBO	can	efficiently	explore	the	vicinity	
of	 optimal	 solutions	 and	 identify	 copolymerization	 condi-
tions	that	closely	approach	the	target	values.	
Figure	2c	shows	a	parallel	plot	with	connected	lines	in-

dicating	 the	 copolymerization	 conditions	 proposed	 by	
MOBO	and	 the	corresponding	polymer	characteristics	ob-
tained	under	these	conditions.	Samples	are	named	accord-
ing	to	the	formula	"Target	1-cycle	no."	for	MOBO	for	Target	
1.	 For	 example,	 "Target	 1-5"	 represents	 the	 5th	 cycle	 of	
MOBO	for	Target	1.	The	copolymerization	conditions	pro-
posed	by	MOBO	show	consistent	trends	(Figure	2c).	These	
trends	differ	 from	our	previous	results	of	single-objective	
Bayesian	 optimization	 for	 St	 proportion	 in	 polymer.27	 In	
the	 single-objective	 optimization,	 even	 when	 the	 target	
composition	 was	 achieved,	 copolymerization	 conditions	
indicated	 a	 range	 of	 values.	 This	 difference	 in	 the	 trends	

confirms	 the	 effectiveness	 of	 the	 proposed	 method	 for	
multi-objective	 optimization	 problems.	 However,	 the	 re-
sultant	 polymer	 characteristics	 did	 not	 achieve	 Target	 1.	
All	experimental	results	obtained	using	MOBO	for	Target	1	
are	presented	in	Table	S1.	A	detailed	analysis	of	Figure	2c	
reveals	 that	both	 the	 initiator	concentration	and	SM	ratio	
converged	to	their	 lower	boundary	value	of	1.0	after	Tar-
get	1-9.	This	result	indicates	that	Target	1	is	challenging	to	
achieve	within	the	current	exploration	range.	However,	the	
exploration	 ranges	 for	 the	 Initiator	 concentration	and	SM	
ratio	were	not	set	 lower	than	these	values	because	of	 the	
possibility	 that	 the	reaction	may	become	too	slow	or	 that	
the	solvents	may	be	ineffective.	
To	gain	further	insight	into	these	results,	we	conducted	

an	analysis	of	the	partial	dependence	of	PI	on	copolymeri-
zation	 conditions	 for	each	polymer	 characteristic	 (St	pro-
portion	in	polymer,	Sum	conversion,	Mw,	and	Mn).49	Partial	

Sum conversion [%](a)

(g) (h) (i) (j)

(d) (e) (f)

(b) (c)
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Figure	5	Visualization	of	 the	partial	dependence	of	 the	PA	on	 the	copolymerization	 conditions.	The	 color-coded	background	 is	
calculated	from	the	PA	values	obtained	using	GPR	trained	on	data	from	the	initial	points	to	12	cycles	for	Target	1.	Red	indicates	
high	PA	values,	and	blue	indicates	low	PA	values.	Stars	represent	the	experimental	points	proposed	by	MOBO,	and	white	circles	
indicate	 initial	 points.

dependence	plots	 (PDPs)	of	 the	St	proportion	 in	polymer	
and	Sum	conversion	are	shown	in	Figure	3	and	4,	respec-
tively.	PDPs	of	the	remaining	two	polymer	characteristics,	
Mw	and	Mn,	are	shown	 in	Figure	S1	and	Figure	S2	 in	 the	
Supporting	 Information,	 respectively.	 In	 the	PDPs,	 the	av-
erage	of	PI	values	is	plotted	as	the	Monte	Carlo	average	for	
each	 coordinate	 point	 by	 keeping	 the	 two	 copolymeriza-
tion	 conditions	 corresponding	 to	 the	 axes	 constant	 and	
varying	the	remaining	conditions.	The	PI	values	were	cal-
culated	 from	 the	 GPR	 model	 constructed	 using	 the	 data	
from	the	initial	points	and	12	optimization	cycles.	The	par-
tial	dependences	are	shown	as	color	maps,	where	red	and	
blue	 indicate	 high	 and	 low	 PI	 values,	 respectively.	 The	
higher	PI	values	suggest	a	greater	probability	of	 improve-
ment	 over	 the	 current	 best	 value	 by	 conducting	 experi-
ments	 under	 the	 corresponding	 copolymerization	 condi-

tions.	 Two	 types	 of	 data	 points	 are	 shown	 on	 the	 plots:	
stars	 represent	 the	 experimental	 points	 proposed	 by	
MOBO,	 and	 white	 circles	 indicate	 initial	 points.	 A	 crucial	
insight	obtained	from	the	PDPs	is	that	regions	showing	the	
highest	PI	for	one	objective	characteristic	do	not	necessari-
ly	 correspond	 to	 regions	 where	 high	 PI	 values	 for	 other	
characteristics	are	expected.	This	result	indicates	extreme	
difficulty	in	simultaneously	achieving	all	four	target	values.	
Specifically,	a	comparison	of	Figure	3c	and	4c	reveals	that,	
although	 the	St	proportion	 in	polymer	shows	 the	optimal	
PI	 in	 the	 regions	 corresponding	 to	 an	 St	 proportion	 of	
about	 40%,	 Sum	 conversion	 shows	 the	 optimal	 PI	 in	 the	
regions	corresponding	to	about	10%.	This	conflicting	ten-
dency	 demonstrates	 the	 challenges	 of	 simultaneously	 op-
timizing	multiple	polymer	characteristics.	These	analytical	
results	highlight	 the	complexity	of	multi-objective	optimi-

(a)

(g) (h) (i) (j)

(d) (e) (f)

(b) (c)
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Figure	6	MOBO	results	 for	Target	2:	(a)	PA	of	candidate	points	at	the	n-th	cycle	calculated	by	GPR	trained	on	the	initial	and	all	
points	up	to	the	(n	–	1)-th	cycle;	(b)	distribution	comparison	of	Sum	error	between	experimental	points	selected	by	MOBO	and	
LHS;	and	 (c)	parallel	 coordinates	plot	 showing	proposed	copolymerization	conditions	and	 resultant	polymer	characteristics	 for	
each	 optimization	 iteration.	 Each	 experimental	 point	 is	 shown	 in	 a	 different	 color.

zation	problems	and	 the	existence	of	 the	Pareto	 front	be-
tween	 different	 polymer	 characteristics.	 Figure	 5	 shows	
the	PDP	of	the	PA	for	all	combination	of	the	copolymeriza-
tion	conditions.	The	partial	dependencies	of	PA	were	calcu-
lated	from	the	GPR	model	constructed	with	data	from	the	
initial	points	and	12	optimization	cycles.	Similarly,	Figure	
5	demonstrates	the	significant	challenge	in	simultaneously	
achieving	Target	1,	as	evidenced	by	the	minimal	presence	
of	red	regions	indicating	high	PA	values.	
This	design	space	did	not	achieve	the	Target	1	polymer	

characteristics.	However,	 this	result	should	be	seen	as	re-
vealing	 that	 Target	 1	 is	 realistically	 unattainable	 rather	
than	 invalidating	 the	 proposed	 method	 as	 an	 effective	
method	 for	multi-objective	optimization.	A	 significant	 ad-
vantage	of	this	method	is	its	capacity	to	facilitate	decision-
making	regarding	research	directions	through	the	visuali-
zation	 of	 PDPs,	 even	 when	 confronted	 with	 challenging	
target	values.	PDPs	effectively	 illustrate	 the	 trade-offs	be-
tween	 polymer	 characteristics	 and	 visually	 represent	 the	
limitations	of	optimization	within	the	current	design	space.	

Such	 visual	 representation	 enables	 researchers	 to	 make	
more	objective	and	rapid	decisions	about	whether	to	con-
tinue	experiments	or	reconsider	the	target	values	and	de-
sign	space.	 
3.2	MOBO	for	Target	2.	 In	 this	 subsection,	MOBO	was	

conducted	 for	Target	2.	Figure	6a	shows	 the	PA	of	 candi-
date	points	at	 the	n-th	cycle	by	GPR	trained	on	 the	 initial	
points	and	all	points	up	to	the	(n	–	1)-th	cycle.	The	PA	val-
ues	 show	 a	 steady	 decrease	 with	 increasing	 number	 of	
cycles.	However,	PA	values	 increased	 in	 the	8th	and	15th	
cycles.	These	increases	can	be	attributed	to	changes	in	the	
GPR	model	following	the	experiments	conducted	in	the	7th	
and	 14th	 cycles.	 Table	 S2	 shows	 PA	 values	 for	 experi-
mental	 points	 at	 the	 j-th	 cycle,	 as	 calculated	 by	 the	 GPR	
model	 after	 completion	 of	 the	 i-th	 cycle.	 Comparing	 PA	
values	 for	experimental	points	at	 the	8th	 cycle	 calculated	
by	models	after	the	6th	and	7th	cycles	shows	an	improve-
ment	from	0.02	to	0.047.	This	improvement	indicates	that	
the	addition	of	the	experimental	point	at	the	7th	cycle	re-
sulted	 in	 a	 substantial	 change	 in	 the	 GPR	 model	 for	 the	
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Figure	7	Visualization	of	 the	partial	dependence	of	PI	on	St	proportion	and	Reaction	temperature	showing	(a)	St	proportion	 in	
polymer	and	(b)	Sum	conversion.	The	color-coded	background	is	calculated	from	the	PI	values	obtained	using	GPR	trained	on	data	
from	the	initial	points	to	15	cycles	for	Target	2.	Red	indicates	high	PI	values,	and	blue	indicates	low	PI	values.	Stars	represent	the	
experimental	 points	 proposed	 by	 MOBO,	 and	 white	 circles	 indicate	 initial	 points.

selection	of	a	candidate	point	at	the	8th	cycle.	Similar	 im-
provements	 were	 observed	 between	 cycles	 14	 and	 15.	
These	 improvements	 indicate	 that	 the	 proposed	 method	
not	 only	 exploits	 known	 promising	 regions	 but	 also	 ex-
plores	new	domains,	thereby	demonstrating	global	optimi-
zation	 progress	 through	 model	 refinement.	 Specifically,	
Table	 S3	 presents	 all	 experimental	 results	 for	 Target	 2,	
showing	that	experimental	points	at	the	8th	cycle	explored	
a	new	region	in	terms	of	Initiator	concentration.	
Figure	6b	shows	the	distribution	of	Sum	error	of	the	ex-

perimental	 points	 obtained	 through	 LHS	 and	 MOBO.	 A	
comparison	of	 these	distributions	reveals	 that	 the	experi-
ments	conducted	through	MOBO	yielded	more	results	with	
lower	Sum	error	than	experiments	conducted	through	LHS,	
which	is	consistent	with	the	results	in	Section	3.1.	
Figure	 6c	 shows	 a	 parallel	 plot	 with	 connected	 lines	

showing	 the	 copolymerization	 conditions	 proposed	 by	
MOBO	and	 the	corresponding	polymer	characteristics	ob-
tained	 under	 these	 conditions.	 Samples	 are	 named	 using	
the	 formula	 “Target	 2-cycle	 no.”	 for	 MOBO	 for	 Target	 2.	
Analysis	of	Figure	6c	reveals	that	copolymerization	condi-
tions	 of	 high	 Reaction	 temperature	 and	 short	 Residence	
time	were	initially	proposed.	Following	the	discovery	of	a	
promising	 sample	 at	 Target	 2-5,	 the	 proposed	 conditions	
gradually	 shifted	 to	 copolymerization	 conditions	 of	 low	
Reaction	temperature	and	long	Residence	time,	ultimately	
leading	to	the	discovery	of	a	sample	with	polymer	proper-
ties	 closer	 to	Target	 2	 at	 Target	 2-15.	 These	 results	 indi-
cate	 that	 MOBO	 has	 effectively	 used	 the	 information	 ob-
tained	during	the	exploration	process	and	shifted	its	strat-
egy	 from	 local	 to	 global	 optimization.	 The	 experimental	
results	for	Target	2-5	and	Target	2-15	are	shown	in	Table	
3.	

Table	 3	 Results	 for	 Target	 2-5	 and	 Target	 2-15	 with	
values	close	to	Target	2	

Copolymerization	condi-
tions	and	polymer	char-
acteristic	

Unit	 Target	
2-5	

Target	
2-15	

Initiator	concentration	 mol%	 1.0	 1.87	
SM	ratio	 	 3.0	 5.71	

St	proportion	 mol%	 42.64	 45.88	

Reaction	temperature	 °C	 84.56	 65.28	

Residence	time	 min	 5.57	 22.76	
St	proportion		
in	polymer	

%	 49.49	 50.52	

Sum	conversion	 %	 26.48	 23.81	
Mw	 	 4799.0	 4961.0	

Mn	 	 2109.0	 2139.0	
Figure	7	shows	the	PDPs	of	PI	to	St	proportion	and	Reac-

tion	 temperature	 for	 St	 proportion	 in	 polymer	 and	 Sum	
conversion.	 All	 PDPs	 are	 provided	 in	 the	 Supporting	 In-
formation	as	Figure	S3,	S4,	S5,	and	S6.	The	PI	shown	in	the	
plots	was	calculated	 from	a	GPR	model	constructed	using	
data	from	the	initial	points	and	15	optimization	cycles.	The	
PDPs	 shown	 in	 Figure	 7	 indicate	 that	 Target	 2	 is	 more	
achievable	 than	Target	 1.	 A	 comparison	 of	 Figure	 7a	 and	
Figure	7b	reveals	overlapping	regions	of	high	PI	indicated	
by	 red	 areas.	 This	 overlap	 suggests	 a	 high	 probability	 of	
simultaneously	 achieving	 the	 target	 values	 for	 St	 propor-
tion	in	polymer	and	Sum	conversion.	This	result	contrasts	
with	 the	 mutually	 exclusive	 tendencies	 observed	 when	
comparing	 PDPs	 focused	 on	 the	 same	 copolymerization	
conditions	in	Figure	3c	and	4c.	Figure	8	shows	the	PDP	of	

(a) (b)
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Figure	8	 Visualization	of	 the	partial	dependence	of	 the	PA	on	 the	 copolymerization	 conditions.	The	 color-coded	background	 is	
calculated	from	the	PA	values	obtained	using	GPR	trained	on	data	from	the	initial	points	to	15	cycles	for	Target	2.	Red	indicates	
high	PA	values,	and	blue	indicates	low	PA	values.	Stars	represent	the	experimental	points	proposed	by	MOBO,	and	white	circles	
indicate	 initial	 points.		

 
Figure	9	Visualization	of	the	partial	dependence	of	the	PA	on	
Reaction	 temperature	 and	 Residence	 time.	 The	 color-coded	
background	 is	 calculated	 from	 the	 PA	 values	 obtained	 using	
GPR	 trained	 on	 the	 initial	 points.	 As	with	 Figure	 3	 to	 8,	 red	
indicates	 high	 PA	 values,	 and	 blue	 indicates	 low	 PA	 values.	
White	circles	indicate	initial	points.	

the	PA	to	copolymerization	conditions.	PA	values	shown	in	
the	plots	were	calculated	from	the	GPR	model	constructed	
with	data	from	the	initial	points	and	15	optimization	cycles.	
Similarly,	Figure	8	reveals	regions	of	high	PA	indicated	by	
red	areas,	suggesting	that	Target	2	is	more	achievable	than	
Target	1.	Figure	9	shows	the	PDPs	of	PA	to	Reaction	tem-
perature	 and	Residence	 time,	where	 the	PA	values	 in	 the	
plots	 were	 calculated	 from	 the	 GPR	 model	 constructed	
using	only	initial	points	(pre-MOBO	implementation).	PDPs	
for	other	combinations	of	copolymerization	conditions	are	
provided	 in	 the	 Supporting	 Information	 as	 Figure	 S7.	 A	
comparison	 of	 Figure	 8i	 and	 Figure	 9	 demonstrates	 that	
the	 optimal	 region	 transitioned	 from	 high	 Reaction	 tem-
perature	 and	 short	 Residence	 time	 before	 MOBO	 to	 low	
Reaction	temperature	and	long	Residence	time	after	MOBO.	
The	transition	in	the	optimal	regions	is	consistent	with	the	
changes	 in	 the	 copolymerization	 conditions	 proposed	 by	
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Figure	10	Two-dimensional	scatter	plots	for	all	combinations	of	polymer	characteristics.	Blue	circles	represent	initial	points	and	
MOBO	experimental	points	for	Target	1	and	Target	2.	Red	stars	and	green	triangles	represent	Target	1	and	Target	2,	respectively.

MOBO.	This	correspondence	observed	through	analysis	of	
PDPs	 indicates	 that	 MOBO	 successfully	 transitioned	 its	
strategy	from	local	to	global	optimization. 
The	accuracy	of	the	GPR	model	constructed	through	15	

optimization	 cycles	 was	 evaluated	 by	 cross-validation.	
Figure	 S8a,	 Figure	 S8b,	 Figure	 S8c,	 and	 Figure	 S8d	 show	
results	of	cross-validation	 for	each	polymer	characteristic	
(St	 proportion	 in	 polymer,	 Sum	 conversion,	Mw,	 and	Mn,	
respectively).	 In	 Figure	 S8d,	 the	 coefficient	 of	 determina-
tion	for	Mw	is	low:	−0.076.	This	low	accuracy	is	attributable	
to	the	influence	of	outliers	in	the	initial	points.	These	outli-
ers	are	copolymerization	conditions	under	which	the	reac-
tion	was	 assumed	 to	have	not	 sufficiently	progressed	be-
cause	 of	 low	 reaction	 temperatures	 or	 a	 short	 residence	
time.	Details	of	outliers	are	described	in	Table	S4.	The	re-
sults	 of	 cross-validation	 performed	 after	 these	 outliers	
were	 excluded	 are	 shown	 in	 Figure	 S9a–d.	 Figure	 S9d	
shows	that	the	coefficient	of	determination	for	Mw	substan-
tially	improved	to	0.85,	indicating	that	the	outliers	signifi-
cantly	 reduce	 the	 prediction	 accuracy.	 However,	 in	 the	

present	study,	we	prioritized	the	automated	progression	of	
optimization.	 Therefore,	 we	 did	 not	 remove	 the	 outliers.	
Moreover,	the	primary	objective	of	MOBO	was	not	to	con-
struct	a	high-accuracy	prediction	model	but	rather	to	dis-
cover	combinations	of	explanatory	variables	 that	simulta-
neously	optimize	 all	 objective	 functions	with	minimal	 ex-
perimental	 iterations.	 Because	Target	 2	 achieved	 this	 ob-
jective,	we	did	not	pursue	further	improvements	in	predic-
tion	accuracy.	
3.3	Analysis	of	Pareto	Fronts	by	Quantum	Chemical	

Calculations.	 The	 results	 in	 Sections	 3.1	 and	 3.2	 reveal	
that	the	existence	of	a	Pareto	front	between	polymer	char-
acteristics	makes	 the	 simultaneous	 achievement	 of	 target	
values	 possible	 or	 impossible	 in	 some	 cases.	 This	 section	
examines	the	chemical	factors	that	lead	to	the	existence	of	
Pareto	 fronts.	Figure	10	shows	a	 two-dimensional	 scatter	
plot	of	polymer	characteristics	 for	all	combinations	of	 the	
polymer	 characteristics.	The	 scatter	plots	 confirm	 the	 ex-
istence	 of	 Pareto	 fronts	 among	 the	 properties	 except	 for	
Figure	10f.	Target	1	was	 clearly	 confirmed	 to	be	 situated	
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outside	the	Pareto	front	in	the	relationship	between	the	St	
proportion	in	the	copolymer	and	Mn.	For	all	other	property	
combinations,	 Target	 1	 was	 situated	 on	 Pareto	 front	
boundaries.	These	results	suggest	 that	achieving	Target	1	
presents	 greater	 challenges	 than	 achieving	 Target	 2.	 In	
addition,	 from	 the	 analysis	 of	 Figure	 10a	 and	 10b,	 we	
found	 that	 Sum	conversion	and	Mn	 tend	 to	decrease	with	
increasing	 St	 proportion	 in	 polymer.	 This	 observation	
means	 that	 the	 increase	 in	 St	 proportion	 is	 a	 factor	 that	
prevents	 the	copolymerization	reaction	 from	progressing.	
To	 clarify	 the	 chemical	 factors	 responsible	 for	 this	 phe-
nomenon,	 we	 conducted	 an	 analysis	 using	 the	 results	 of	
quantum	chemical	 calculations.	Table	4	 shows	 the	activa-
tion	barriers	during	the	approach	of	St	or	MMA	monomers	
to	St	or	MMA	radicals.	Table	4	quotes	the	values	from	Ta-
ble	 S2	 in	 Ref.	 17.	 These	 values	 show	 that	 the	 activation	
barrier	 for	 the	monomer	reactive	with	the	St	radical	 is	as	
much	 as	 ~10	 kJ/mol	 higher	 than	 that	 for	 the	 monomer	
reacting	 with	 the	 MMA	 radical.	 Applying	 the	 Arrhenius	
equation,	this	difference	in	activation	barriers	corresponds	
to	 an	 approximately	 31-fold	 difference	 in	 reaction	 rate	
constant	at	350	K.	This	difference	is	considered	significant.	
From	 these	 results,	we	 concluded	 that	 the	 existence	 of	

Pareto	fronts	among	polymer	characteristics	 is	due	to	the	
higher	activation	energy	in	the	propagation	reaction	when	
the	polymer	end	is	St	compared	to	when	the	polymer	end	
is	MMA.	
Table	4	Dependence	of	activation	energies	on	the	radi-
cal	 species	 at	polymer	ends	and	on	 the	monomer	ap-
proaching	 the	 radical.	 The	 values	 of	 activation	 ener-
gies	are	extracted	from	Ref.	17.	

Radical	species	 Monomer	 Activation	
energy	
[kJ/mol]	a)	

Average	of		
activation	energy	
[kJ/mol]	

Me-MMA·	 MMA	 53.2	

51.63	Me-MMA-MMA·	 MMA	 52.5	
Me-St-MMA·	 MMA	 49.2	

Me-MMA·	 St	 52.1	

52.73	Me-MMA-MMA·	 St	 52.5	

Me-St-MMA·	 St	 53.6	

Me-St	·	 MMA	 60.5	
56.77	Me-MMA-St·	 MMA	 55.6	

Me-St-St·	 MMA	 54.2	

Me-St	·	 St	 63.9	

60.83	Me-MMA-St·	 St	 61.0	

Me-St-St·	 St	 57.6	
a) All the calculations were at the B3LYP-D3/def2-SVP level 
of theory. 
 

4. CONCLUSIONS 

In	this	study,	we	established	a	method	to	search	for	copol-
ymerization	conditions	that	simultaneously	optimize	mul-
tiple	 polymer	 characteristics	 by	 combining	 MOBO	 and	 a	
flow	copolymerization	system.	 In	addition,	 the	analysis	of	
multidimensional	 data	 by	 PDP	 revealed	 the	 existence	 of	
the	 Pareto	 front	 between	 polymer	 characteristics	 and	
quantum	 chemical	 calculations	 demonstrated	 that	 this	
Pareto	 front	 is	 due	 to	 the	 high	 activation	 energy	 of	 the	
propagation	reaction	at	the	St-terminus.	The	advantage	of	
the	proposed	method	is	that	it	does	not	simply	search	for	
the	optimal	solution	but	objectively	evaluates	 the	validity	
of	the	problem	setting	itself	through	visualization	by	PDP.	
It	 can	 therefore	 function	 as	 a	 powerful	 tool	 to	 promote	
appropriate	modification	of	a	research	strategy.	
On	 the	 other	 hand,	 in	 the	 present	 study,	 initial	 points	

were	obtained	for	copolymers	of	St	and	MMA.	However,	if	
other	monomers	are	used,	new	 initial	points	will	 need	 to	
be	obtained.	This	experimental	burden	 is	 a	barrier	 to	 the	
practical	 application	 of	 the	 proposed	method	 in	 terms	 of	
time	and	economic	costs.	To	address	this	issue,	it	is	neces-
sary	to	establish	a	MOBO	method	that	eliminates	the	need	
to	reacquire	initial	points	by	effectively	using	past	experi-
mental	data.	Another	important	issue	is	to	expand	the	de-
sign	space	to	increase	the	number	of	copolymers	that	can	
be	 synthesized.	 Specifically,	 the	 design	 space	 can	 be	 ex-
panded	 by	 introducing	 new	 copolymerization	 conditions	
such	 as	 solvent	 species.	 Controlling	 activation	 energy	
through	solvent	effects	is	expected	to	increase	the	flexibil-
ity	of	copolymerization	reactions	and	enable	the	synthesis	
of	 various	 copolymers.	 In	 the	 future,	 our	 goal	 is	 to	 solve	
these	problems	and	establish	a	new	polymer	design	meth-
od	that	is	both	practical	and	efficient.	
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