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Abstract

I n danatrained experiment al domai ns such as nan
phar maceuti cal formul ati on, r e smeoadrecl hi enrgs sfyrset geuresn t d ¢
complex and highly nonlinear relationships among Vv
due to the cost, time, and resource demaamdar rodfr ger
approiacdédfefsicient. As a resultdrivaeaeremet bodolgo@piwve 19t

predict product behavior and gui de Trheicsi pteh edse ssi gpnr €
series of strategiesamd erhambeée I prtegdi ot isonal dcdat ac
guantitative model reliability assessment, and gui

i nvolves coupling Latent Variabl ePdotehl nbebYMBqgqw

models tailored to subsets of similar sampl es. Th
reducing multicollinearity via projection into | a
i mproviedg cpion fidelity. The framework was valide

Transition Tempetrratsyroen s(i Weed Thpircarpoegretl sl i nf |l uenced by
var idawiltels resul ts that showetd osni gdaidfdirdtaasmg.l ¢yn i tmpe D&

the second contribution focuses on &ddet émmiemisreg pir

configurations that are most li kely to yield desi
Reliability Enhancing Parmanedler mgtPrRIECP)t Hhat iwnnirfoidaux
di agnostics including Hotelling T], Squared Predic
predictive reliability-dscoespeRRER ci anadmiatledrtb gasntde ldeaicl

of candidate formulations by their expected predic
has demonstrated that PREP sn gwfi fdogtainmdly saalcetl iead ma
highly nonlinear condi t IPRESL avad Isiurhisteggdiedatla dep
experimental case studies involving the formulati o
with a tightly constrained particle size anhn+h@0 n
Si zesi9®f0, hmmd t h PREP dakrigeéeér snobudi m@ari o nmpierntii magl dietsd
approaches tfhaei | @pp hasinedde s . I n another case, PREP e
polyelectrolyte complexes with particle sizes bel
demonstrating superior efficiency @®wdratturabysrebd
a practical and scalable pathway for predictive m
scarcity and highl heex meertihnednodl podgri tebse tdleavrellyo ptehde i nt e g
model s an-tastdeds iPQREEPs pacdc dard elnag i Hri cadli yo raglpgloémad ntso ¢
requiring precision formulation and optimization s

devel opment .



Lay Abstract

I n mawprworrledala pdpfliriocna tpihoamrsmaceuti calsse¢ear enlaeres i mdse stc

of f
affe
one
sol u
c omb
prob
I nst
on t
ingr
when

expe

inding the right #Areciped to produce a product
cts the €@egaéeotubceomechbdtit ff er ednatn di chfpave gie s n i &
i ngnedr ddaet wert hi hagmre dofetnégrs unknown and difficul

tion Iis to try to |l earn these weatetrer n®eshy ngx pre
i nations i s wowmaslulmi ngx p eamdi wse,mettd maeass eervigeonu si mp ¢
l em of data scarcity. This thesis proposes a n
ead of relying on the global datasets, the met

heir ¢hminl amireifedsl] yltanal yzes each group to unc
edients and outcomes. Bue Wds aagr iomg t 1y st, e nhteh 4 th
the predictions radha MWwheaa mheegl caamolie Bryudtee

ri ments and making smarter suggestions for fut

e fcfiient product devel op mathr-acddhr rcoormpilse xn osty sat evnisab | e



|
To
h a

c
=]

- un O u

=]

an
cl
de

ev

Ne
h a
gr
ma
be
he

ACKNOWLEDGEMENTS

would Iike to begin by expr esbBri.ngPrnays hdaendip eMhta sgkraa
dd Hoar e, whopsreo fnoeunntdolrys hsihpa pheads not only the traj e

ve become over the past four 'Mvdaems .evkmromhti meg avars
familiar and | was prone HdAemakiomgilsitg,ntd omeotfif e

pport, and encouragement . Not once did they make
the | earning process. The environmeee;theyfacteta
obhbhde been sthel mpeni csd refs my | i fe became one of
I filling. Somehow, they each understood me bette
iet guidance, | experienced growthnnmy ooah¥i denao
dependence, and character. | will forever carry

ere |life takes me, they will always remain at th

would also |like to extend my sind®erePahbhnkseNtoho

ose critical insights have been an invaluable pa

i ewed my work through a fresh |l ens, offering pers

eded. Hpisn@mabint twealbnesses ocHt hbhgedl spbteni aomlyd
sl&lhfal | enged me to think more deeply asdrucigioveyus
d grounded in a desire to help me grow as a rese
arity to complex aspects of my work and hel ped n
cisions. His irremagltvheemedt trheet qaumlly tsyt of my t hesi

aluate my own work critically and thoughtfully.

Xt [ would |Ii ke to thank my wife, whose unwaver
ve accomplished. I could never begin to |ist eve
eatest hopes is thlae omel dayt Iparain ofeplgr eveuwnt |
de every chall enge mor ed ensapneacgieaalbllye ,d uarnidn gh etri nieesl i
|l i eveohas mpeseehfone of the greatest gihte bdbhemdaly

r, I can clearly see how my |life has steadily ev

hadbfy far. I know that no words wil/l ever be enoug!

k n

mo

pr

ows tyhati ngvegrood | 6ve built ils aldeoma wsve dfealrdarf ell dy
re members dbuoufl Famhgegadt dend Farrokh. Their cal

esence often hel ped medounn ttahneg I set rtihcet ntoosntd ictoinopn etx



t h

e r

ight way

anything el se

gr
me

gi
be
p a
de
e X
my
of

S i

ev

fr
ge

Fi
t h
w h
re
w h
pr
It

ro

—
— —
(¢}

_‘
® = ® @@ O

wo u
en

eed

nal
rou
om
sea
i ch
of e

op

O S o o o

ndl ess|
rything
ing for
g unl es
i bly th
me. The
ing. Th

g

of this
ned my |
ss my he
spédaari bhn
e main r
r tdro utgd

|l d al so
when t he

om and s

osity an

Iy, I W 0
ghout th
have off
rch expe
became

ssional

. They asked for nothing in return.

vaguely edible that they could persu

y grateful to my parents, Maryam and
I am. No matter where dla asmeardyhow | 6

ce in myheiPRiel.l datheyofarlei,f gqufidre me mpNy

s | kaeonnd it kKomrdw gtsh g yo yf deol tthlreem same w
ankful for my two beautiful sihatser s,
ir presence has always filled my worl
anks to them, |l 6ve never truly felt a

jouenedwpnysamwad Icodiea@plsy mpil ys bteht ogether
ove and appreciation for them, and |
artf-ehpgwtAmiwhe hasmgtlbpprede irndloi eav a d |
bi f poramdy hpaasr edhacnse s o with incredible
easons | can endure the distance, and
me t(hink we both | ucked out in the dee

I i kel dadochiamaeale by , t wapksmpponted me w
re was no expectation for them to do
ecur itoymettoh ipnugr stuhea tmywodurleda msot have be

d | ove.

uld I'i ke to thank the broader academi
i s Daour Mmdyw.s kiardmHgaor®dBACE@bgr anmp, t &dlel
ered thoughtful discussions, technica
ri ence.Drl. dfimmaeg 2 pnetcriocad CdRIiEmdhEBmekrftug r & oe
a turning point in my academi¢ path.

devel opmewit! dippertanligsittlsat amaskcapedr

ened wii nelwews Kndwrmdnexi sted and gave me the cl

admap towar

d the career | hope to build.



Table of Contents

1 |
1.
1.
1.

LT o U S S o 1 PSP PP PPPPPOPRTRE 1
1 Background and.. MOt i Vo8l Qe 1
2 The si S 0 Ul L B re e mnea 6
R = =T G- B o O o = PRSP PS 10

2 Predicting the Volume Phas-Re¥Ipansiwveon Tempe

Pol yseMpropyl-BasgtaMi dedbgel-BatyednBanmt Chlusteast

Model i NG AP PR L.0.A.Cohl e rrrr e e e e e e eees 14
P22 R T o 8 A o T o o O o 0 o O 15
2.2 EXPEr i MBI LA e rer e rmmmr e e e e e e e e e e e e aaaaaaaaaaeaaan 19
2.0 2 MA@ L@ S e e 19
2. 2. 10 Cr ogel . Sy Nl B S S e ———— 19
2.2.8wel ling Profiil.e...Me.a.s. Ul . e.Me Nl e 20
2.3 Model ling Fr.amewal.r.KsS. . 21
2.3.Rrincipal Component. .. .Anal.y.s.i.S. .. .(.PCA) . 21
2.3.Rarti al Leas.t..Sqguar.esS... . (RLS) e 2.2
2.3.CBlusteringmPaoce Alu.g.e.r.( .Khm) 22
2.4 Met hodol ogy Devel opment.,..Res.wul.t.s...and..Di.28ussi o
2.4 . DAt @P PO @ .88 0 23
2.4.Q1 ustBearsiendg PLS..Mo.d.el. .l iin.Qu e 24
2.4.8uggested Dat.a..Al.r.an.g.emMe L. S 27
2.4.8wel ling Profiild.e .  Pr.e.di Cl i Qi 3.0
A R N L N O = U O o A N o 1 o PP UURPP T 32
2.4.Bredicting the Pro.pe.r.t..es..of..New..Micr.ogel.s4.2
2.5 CONC I US.d0dS ettt mene e e B 4
A T = T B = = T I o= Y PP 45
2.7 Supporting .l.nfiormat. .l .o a0 49
2.7.Training Dataset Formulations, Summary oJf..4%he Mod
2.7.RCA and PLS Modelling .Sup.pl.emeun.t.ar.y..Di.s.c.uss2 on
2. 7.8et hods and lL.mpl.emeni.al. i Q. e, 6 2
2.7.8wel ling Profil.e..Rr.edi.ct.i.on. .. .Qu.a.l. .t Y. ... 65
3 Fadtracking Design Spad®e eldderntiiofni Reetl ii arb i wii ttty
Par amet el (R RE R e 69
X T S I o I S G o o o 0 S A o N o PSR P PP PPPPPPR 71
O e O < T (1O o = U O - = PRSP O PP PP PPPPPP 77
3.2.BRrincipal Component. .. Analy.s.i.S.. . (RPCA) e 77
3.2.Rartial tPeraog te cSgd wanr ¢ o L.a.t.e.n.t...St.r.uct.ur.e.. . (.RPLl7S)
3.2.Batent Variabl e Model..l.nver.s.i.on. . (LMYML). ... 78
3.3 Proposed Mel. ho 0ol 0.0y e 81
3.3.lnvol ved Model Alignment Pa.x.ame.t.er.s..and..l.ng2i al B |
3.3.Qptimizati on. . Fr.ameM.. K e 8.7
3.3.BREP I mpl ementation f o.ur. D.eSI. .g.n...Space..Candi8ldtes
3.3.Refinement of Des..g.n. Sp Can..d..l...d..a..t..e..s .................. 90
3.3.bterative Executi o.n..o.f. RE.P. ..... Me.t.h.o.d.a.l..o.g.y........9 1
3.4 Model AS S .S S.ME.IL e 9.2

i X



3.4.BHirst Si mu.d.ab. e . DAl a8 Bt 95

3.4.83econd Si mu..at.ed. . .Da.t.a.s. el ——— 100
K T T O o T o I o U 0~ o o PP PPPPPPP 106
K T = T B = T < B0 N o = 0 S, 108
3.7 Supporting .lL.nf . ormalt. i 0. 110
3.7.Third Simul.at.ed. . Dal.aS. e e, 110
3.7.Rourth Simul.at.ed. . Dat.a.s. €l cersrre e 112
3.7.Bi fth Simul.at.ed. . Dal.a.S .6l e 1.15
A Fifth Simulated Dat.as.et...Res.Ul.t.S..SUmma.r.Y........ 115
4 Datbhai ven Optimization of Nanoparticle Size
Par amet €l (B R E R e 118
O T O T o T o O o3 O o 1 O UUPPPPRPNS 120
O = O = Y N T 1 ¢ N O - U RO = T RO SO P PRSPPI 123
4.2. 0atent Variabl.e..Model.s.... .(.LMM). e 123
4. 2. Ratent Variable Moadel..l.nver.si.on..(LMY.ML). ... 125
4. 3 Proposed Met.hod0l. 0.g.y e 126
4. 4 Experiment al...Cas.e.. .Sl Udi. .S .  eeeereeeeeers 129
4.4. Case St ueRyeslp:onMulvtei..Mi.C.lr.0.g.€.0. .S e 1.2 9
4.4.Qase St ulltyalRl:e SRdIty el e.c.t.r.a.l.y.t.e...Comp.l.ex.es...138
4.5 Di S € LS. S0 re e s s s s ———— e e e e e e e e e e e aaaaaaaaaaaeeananres 149
4.6 CONC I U S S e rees s mmne e e e e e aaaaaaeaaaaaaaaeeesanans 151
O A = T T = T = T I o = S, 152
4.8 Supporting infor mat..aon..of..l.as.t..c.hapt.er.156
5 Conclusions and Recomme.nd.adt.i.ons..f.or...,.EL5&r e
ST S O o T o I o U < o T 1 U RUPURPPP 158
5. 2 FUL UT € (. MO K S ee e e mmne e e e e e e e e e e e eaaeaaaeaaaeaan 160

L

W



List of Figures
Fi g&k:e Data arrangements for PLS modelling of micr

model is applied on the whole observation set), (B
with one PLS model aohbpddrevdatpieorn sc laurset ecrl,u satnedr g dC)b a s
response), with one PRLS..model...appl.i.ed..per.c2hster
Figk2:e Data distribution among different clusters
swelling profiles (B). Organization of microgel ob

and (D) Summative SizeuBaramemeenbeval udheamoampeal lof

separate the observations in the |l atent var2@&bl e s
Fig3.e Five data arrangements used in this work fr
respectively (K represents the number of input var

using these different rmdbaitaas eadr rcaonngpeanei nstosn st ob egtewneeerna ti
o O O 0 I 0 T O O VA o T = T SRR 30

Figk4:e Experi mentaaxlilsy) ovbegpasrended dnto(@yed ) ( ¥ al ues of micr o
sizes actreommperadtilurped val ues tested for each observa
arrangements (rows) and di f f.er.ent...dat.a..cl.usd®2ring
Figa5:e Prediction error of the model for predictin
pH=4 for each individual mi crogel ihbasked)dat aseeriu
swel l-baged) clusternaed, clwnsit € D) ng .0 mipre rd aoami cngs & au =
arrangement for each clustering policy. Observatio
have or not have a discrete phase bmassiforomwhwicihl ¢
exi stence ofpr\eRT T twas nMNiIEs, F) comparison of VPTT pr
clusterinB pabedyonn(E) the percentage of microgel
predicted wi thhd na werAaCgeansdn dpAWyedtis¢ t i o.n...e.r.r.0.r.s340bser \
Fige6:e Recipe score plot for the prediction of the

pH/t empreesapaursei ve microgels at pH 4 using Combined



samples for which the VPTT was predicted within 3A
VPTT was either pproediyc.ipec.di.ct.ed. .. .or....mi.S........... 36

Fig&fe 1st (A) and 2nd (B) PCA Loading..v.ect.®@6s cor
Figa8:.e Prediction error of the model for the micro
(A) no clustebbangd) (B)usterpageé XX CJl swteedimg, (&nd
clustering, in eech odatiamgasiraggemenhbhesdior each cl us
highlighted in green are correctly predicted to ei
observations highlighted in red a4#pe edi(es efdFg)r whi ch
comparison of VPTT prediction accurbchasedcdhdneVE)XM
percentage of microgels for which the experimental
Prediction Parametemoresasdse (pF)ethet bu.p.r.ageoaaddbserv
Fig29:e Recipe score plot for the prediction of the
pH/ t empreegsapaursei ve microgel-BasaédpHclLlOsusi nhgg Xi frehbi
represent samples for whi6dAIC twhe | PThewa= dp rpeodindtse d
which VPTT was eit heprr epdoocrtleyd..p.r.ed.i.c.t.e.d...a.r...mé B

Figax®: (A,B) Microgel swelling and VPTT predictio
New Obs 2, B) u sirmg etshsd nagp taipmpalo adcahtess i denti fi ed at
combined clustering modlkeased ¢Byspeélri=End0 UG, Dy %ec
pH 10 (D) showing that Dbportenhdintitcerdo grtead ngg & hced tmwe it shto enrd t
correlation between actual..v.s.... me.a.s.u.r.e.d...s.i.z€4 and
Fig&k:e PCA (a) and PLS (.b)..bl.ocki.ng. . .conf.i.guiZ&8tions
Fig&#%2:e Schematic representation of the proposed PR
training/validation data for which the actual Y va
Orange boxes represent the kbWaotakgtXoValpoeenaial aca

candidates must be ranked, with the candi da82s sel



Fig&#3:e A schematic of an ideal PREP equation optim
optimization algori.t.hm..f.or..t.he..c.os.t.. . f.unct.i.oh8

Fig&#4:e Schematic representation of the simulated d
comparison of previously reporte.ed..optimi.z.at9dn tec
Fig&5:e Distributions of the first simulated datase

(T3) along with correspondi g AOHr éd or Tdi hor I 2fF ¢

the original spaklkkeTD$ ef)r ®motjlreetd emo nd...re@aw...i..0.60 t he
Fig&6:e Performance of different methods in reachin
dataset. The first row displays the results from t
results from the Tomba met hod, and the thir98row i

Fi g&%%f:e PREP iteration results from first to l|last i
outcome of the PREP optimization and its alignment
PDS into the PLS ltatoent fogaceé nignoemdghointeha first
is excluded for simplicity); (c) comparison of act
samples sorted by PREP scores: (dopctow) . Xc¥%@abuy
Fig&#8:e Comparison of the performance of different

PREP) in achieving t he3bs aimsd ntga rvgaerti so ussh ocvan iibrr aRiigounr
ST MU @t e A 8. S B e e 100

Fi g89:e Distributions of thergetsnd(a) mBéhéeetdedat as

3 (T3) along with correspondidphgTb8afestThe(bhboT?2

the original space; (e) Projection olf..each.lOO0S fro
Fi g&T@: Performance of different methods in reachi
simulated dataset. The first row displays the resu

di splays the results fromw Hd | Tusmbra tneest htchde, raensdu | tthe

00T A o R0 T o PR PTRTRT 1.03



Fi g8 l: PREP iteration results from first to | ast

the outcome of the PREP optimization and its align
PLS | atent space i nEPRaicther dteir@an iroesulftox ufsrn oirg fPIRr st
second simulated dataset: (a) the outcome of the P

the TDS and PDS into the PLS | atentfigmaceanidn seaaomc

(the third score is excluded for simplicity); (c)
values for all PDS samples sorted by PREP scores:
V B T S LS. 2 e e e s mmmr e e e e e e e e e e e e e e e e e e e e e e e e eaeerentreeeeneeeeenees 104

Fig&XY2: Comparison of the performance of different

PREP) in achieving t he39s aumsd ntga rvgaerti so ussh ocvan iibmr aRii gounr
ST MU @t el A 8. S B e mnee e 105

Fi g#:e Gener al l atent vaur..abl.e..mo.de.l.i.ng...f.r.alnPedwor k.
Fig#42:e Schematic illustration of the proposed PREP
out put set. Bl ue boxes indicate the training and v

for optimizing the PREPI equtahé odhat Dsamngef bpatesnti a

values are available. Candidates selected through

Fi g#43:e Visualization of all available datapoints a
the input (a) and out peuetxi(sh)i nsgp adtde)sa.sdeetr..i(viead Bfér om t
Fig#44:e Results from iteration 1 of the -PRE®I i np) em
represents the visualization of the Potential Desi

of the PREP equationRepuil miszdtrioomni demanstomatli mdg t h

mi crogel opipiamiedat(iign.or ePpulesents the visuvalizati on
| atent space, (ii) shows the outcome obfgnmmbdert PREP e
validation data points along the optimized I|line (w
accuracy), and (iii) shows the ranked PDS sampl es



for synRREBighddt expect-RRERERPebhabt|l uhgeanhdi Aty use
mo de |l refinement.). .. . .hi.ghl.i.ght . ed . 136

Fi g#45.e Results from iteration 2 of the -PRE®I i np)em
represeingsaltihzati on of the Potenti al Design Space
of the PREP equationtoagetiami gatmean oémoemdsti dat i mg da
line (with higher PREP scores corresponding to | ow
samples based on their PREP scor eBRBEvRitghh etshte esxepleecctt:

reliabi-PRERighdedsH uncertainty used to.enhand8d mode

Fig#46:e Visualization of all available data points
i nput space (a) and output spaces showing all samp
the-episting dat aTsaebd3es.umma.r.i.z.e.d. ...l 0. ... 143

Fig#4fe Results from iteration 1 (a) and iteration
I n eapansiuup (i) represents the visualization of th

shows the outcomeRedultthe PRER etgamat omn 1 (a) and

i mpl ementation on PE®@amnptli,mi(29gt ircem.r elsre ndasch hrubri st

Design Space (PDS) in the |l atent spaciezat(iion shows
demonstrating the alignment of validation data poi
corresponding to |l ower prediction accuracy), and (

scores with the syntelcdRibddPc(glbhdstdaerpetoRBEPel i abili

hi ghest uncertainty used to..enhanc.e..model..rletf5i ne me
Fig#48.e Results from iteration 3 (a) and iteration
I'n sapanel, (i) represents the visualization of th

shows the outcomeomtfi mihzatPiReErr cdegmanstomati ng the al
along the optimized |ine (with higher PREP scores

shows the ranked PDS samples based onf athesyntPRERI s



PREPRIi ghest expect-PRRAERERebhabt|l uhgeahnhdi ity used to er
T o T o o o R Y = PSSP 146
Fi g#43:e Assessment of iteration results relative to

relative to (a) the actual output spac.e..and4®Ob) ¢t h



List of tables

Tab2lle Mol e fractions of al/|l reci pe c.omp.anenlt9s use-c
Tab2l2e VPTT predicti onrprageudailcitteyd wairtehai nf otrh.eb.ow.edl 2p H=4
Tab3tle R] values from PLS conducted on the entire ¢
corresponding to each taurs.get. .. flor..t.he. . flirst. %6 mul at
Tab32e R] values from PLS conducted on the entire ¢
corresponding to each tar.uget.. .f.ar. . t.he..s.e.c.ondO0sli mul a
Tabdle -xiesting microgel formulations and correspon
represent the data used as the input (MBA, VAA, SD
S T o = 1.31

Tabd2e Measured microgel particle sizes from opti mi
Optimization (1 bO) method and the PREP method rel a
= 100 nm). Bol ded colamntshe eipmpuesteng MBAe VAA,a arsdck dS
variables for the .RREPR..a.p.t.l.mi.z.at.l.onqn..pr.oc.e.s.s 38

Tabd43e I nitial dataset of PEC formulations. Bol ded
(assembly sol vewrstt reesnga hf rPaBcSt,i am tafl fpulelcur sor conc

DeGTAC: DOX ratio) 4dm®Bdzeutamwt PDar i abllés PBS) .for the

Tabdde PEC recipes and particle size results from t
names correspoRIER o BREdareflLt he®ampl es synthesized i
number) of the PREP alegporeistetinm. t hRolddhd dh awsledmms t he
solvent as atfeagthoPB&f totlhl precursor eoncentr a

GTAC: DOX ratio) and output variables (Size.ladnrd PDI



PhD Thesis Seyed Saeid Tayebi; McMaster Universi§hemical Engineering

Chapter 1

1 I ntdua@eti on

1.1 Background an

I n industrial pro

nanomater

and o

wi t h

par amet

f

a

t en

co

out come.

manua

such

A fun
deal i
| ar ge

such

I y.

i al s, an
compl ex

rrespond

erchi evehe

However,

Consequ

cloB} ext s

dament al i ss

n

r

f

0

n

g with new,

dat aset i s

ramewor k-snt

ency of dat

rat

egic exp

s predictiwv

S e

abl

cee

of

circumst

e | evel

d Motivati on

duct development, particularly i
d process optpirnoiczeastsi ocno,n dfiitnidoinn gi s
task. Typicall yantdatted so mtviaa d |l
ing response or outcome. The pri|
rptedat er mined response or to enl
these relationships are frequen:

e n tdlryi,v etnh emoadpepl b encga taigpepnr i ocatici hdepse a s a |

ue in this area iIs the uncertain:
unseen data points. I n most i ndi
uvsdeal l y Howevieredcoobl eeting addi
snefven Mbsouohaéel enge |l ies in fi
a utilization while minifmalzi ng 1t
ansion of the dataset to ensure

e power [ -Avil]t hout overburdening r ¢

ances, the first step Iis to deve

of accuracy. Even if the model ¢

d, it cawme shylduiodifrerg fsuitgmrid i €examer ivimaeé nt at

insight,

such model s must be refined to
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models are used in reverse to suggest the input c

properties, the reli abll24i tTyh eo fn etxhte sset enpo diesl st oi se nchra

ability to not only predict but to recommend opti:
It is common in many industrial applications that
exceeds the number of output variables. This disc|
and within the modplhadpiri@aaynweworvlen target in the
just one solution, but rather several potential s
The process of identifying this Desigmhpacéa5is c
18The ability to identify the most optimal sol uti c
savings in terms of ti me, materi al cost s, and ove

this mismatch betweenptuhe nesmbef soivihu lathisglee ainm wtu
configurations can |l ead to identical predictions
to explore a range of input combinatiohsobuthaétseo

solutions is the #®dd$it ci elnfit7a,bldla9datndiadeieaskoiunr cteo t he "

space"” concept, where the systembés complexity and
solutions that produce the same response. However
l evel of 28¢t8amaciynput configurations will have pr e
I't is crucial to identify these configurations, a.

help prioritize those froremuplaotriaotniso no.r lim ptuhti ss ectosnt

the uncertainty of model predictions and evaluate
paramount. A modelcotnHdtd ecmacre ipderdtiicftyi omisgh s essent
efficient experimental design and ensures that re

candi dat es.

Given the importanacmrfiodendenpgr ddiintgi dinghand ensuri

desi gn, it becomes evident that advanced modeling
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highmensional datasets. One such taepcphrnoiagruhde sias L at

Pr

t o

co

LV

t h

ca

De

da

pr

Thi

pr

i nci pal Component RBeattysbquaP€s)(BbS8B) Pawhiah off
handle the inherent22@Bwmpidentiyfynnghesdeslygt erq
fluence the system's behavior, LVMs reduce the
nageabl e pramewbdirndbaracteristic aligns particu
ace identification, as it enables the modeling
ctors that influence the outcomesansé¥Vbdsemiagithe:
om its original, highly correlated space into a
ocess simplifies the modeling task, allowing th
e (Xpuand output (Y) variables in thdi2rAlmore mart

tti
ny
war
per
sur
rge
ndi
Ms ,
em

ptu

spi
tas

edi

edi

ng back to the oridgiwvalin pnodgd s egoft ecdhinn gjueisg
patterns as possible from the data and t hen

d a predeter miineg thRhatyoedctomadir teido nwaolr tahp pmroo a ¢ h e

i ments (DOE), whKnow!|l aSdgeea( mWS) oaardpl deatt heg
e consistent product quas, tDOELWMES hotdseof & edi
numbers of experimental samples to account
tions, which can become i mpractica-LOespeé&tial

on the other hand, are dadengtnsatontmdndlpiarcge smu l

ideal for situations where the relationship
red by [s23Bhd]l er met hods

te their widespread use in var i eduismeinnsdiuosntarli e
ets, LVMs face a significant challenge: the |

ction uncertaimgythesgeamiodalel y wle7mead,.p uln3s,e e2nC
gap becomes even more pronounced in datasets

ction reliability is critical
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One major approach to addressing prediction relia!
prediction uncertainty. This |ine of research seel
i nt edrtvhael sr ange withioomdiich ehpeatcedat oofual | . Seve
to estimate prediction uncertainty by calculating
in regression coefficients, whi[c2h0,, i3m2]Jturn, aff ec:

Prediction uncertainty has traditi orndailhagrsybeen est

sguafOBllsased approximation technisqumpd,i nlgi rsearaitzatiie

b a

t h

sed

e ce

met hods estimate the predictiobsentvativahsbuwg

nter of the input space, with | arger distan

predicti pB0i nR2BAnwa@tBlrker common appriomcWwhherlwol ves | i

regression coeffici entosr derre Taapyplroorx isnearti eeds uesxipnagn sa o

anges in output affect the coefficients. This m
rough matri x [d2i0f,f e2r8e,n t3iNd H i3t4z la oBgbll|il g met hods | ik
otstrapping and jackknifing create new datasets
l owing researchers to asse[s¥6,t h®7]di stribution o0
obabilistic desimen hdgmksctei ocuhlaabadcst eed a gz@alst i @oanc h e s
ined considerable attention for their ability t
asi bil i t[y9,@rB¢8bTahbeislei tmeetshods are particularly val
mpl i anesee nasnd irviesikmp twhihecdhatit enj zing confidence in
it3¢al.44Howeéer, because their core focus is on
ace through probability estimation, they often
nservatism and exclude pr[odGi]nhnmdg ebetf fecdewveepmne
ese methods are not inherently designed to gui d
r efficient dataset expansion
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As an atbepnabibbel i st-boxf mathe lvd ssguscahp barsa akahues si an p
regression, neur amhamleitnvohlkesar ierg nwiedndll ¥ used for

opti m[ 2%X]i dhese models emphasize predictive fl exi

nonl i néaut puntpurteg 52t 1 FHdWeiveesr , t hey are typically di
the calibration dat asaerni anlde doi aagprto d teives aggec H ad £ nk
result, t-hmymeé alt&nibuumd tt o assess prrgedincta osnt rruedtiwarl
[ 54]This can | imit theciornsptrraacitniecda le xuptéimiiméyn cdnl rweosrc

interpretability and conbf5i,debnécle in predictions ar

Geometrical met hods represent another class of de:
feasible regions through const r[a%ent] Whiirlf e cteh ey pproc
a global view of where feasible solutions may res

within the feasible [&di]Dmi shaudendbe expdtoratde dii ¢

suitable for stepwise experimental design, especi .
tested. Further mor e, they often assume that t he t
knowl edge space, without offering mechanisms for t
This thesis addresses the challenge of predicting
and | imited sample datasets, focusing on enhancin

to assess the r eluinasbeielni tdya toaf pporiendtisc.t iTohnes cfoorre pr ob

i mpr ovidnrg vdeant anodel s appl i ed t o sucrhe fdiantea spertesd i cwhie
accuracy but also to identify which data points a!
optimization of the dataset is crucial, as it ens

dat amprboowteh t he model s precision and experimental
predictions,ceveginr ainne@so®mviceonments, i s essential
industrial applications, pearrtiitdacdadir éfyoirmvipea ddei da

The approacht bolbisitht sat dhesd st we key contributions:
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dataset manipulation and developing a metric to q
together forfmon hmorf @uefdfaitd ioennt and reliable desigr
systlepnar.t,j cuhar PREP hfat a meworelsents the central cont
specifically developed to prioritize efficient di
on prediction reliability rathewkEkthvgarnigeabnlpaersgt rtucet
embedded in the dataset to select samples most | i |
probabil-bskicprbbeoketrical approaches, PREP i s ni

region or maxi mi ze gilodtad adi,ncietrd agmdly ico viea aggeg el ¢

solutions and promote intelligent expansion of th
especially valuable in cases where datasamerlei mi t
critical than exhaustive design space coverage.
1.2Thesis outline

To address the problem outlined earlier, this the:
section builds on the previous wor k, beginning wi:
accufralclyowed by tools to assess and improve the r¢
sections provide a detailed exploration of the ke
validations that wunderpin this research

The first cont (ChbauRifeorousé&éstbnsi mpeevbsng predicti ol
combination of c¢clustering and Parti al Least Squar
in systems governed by highly complex fFutasedthe

when observed | ocally as opposed to globally. I n

di vi ded iammdor emmhhageabl e subsets or clusters, wi!i
i nput and output vari alplreée s,catptkeesd antpd et Te® Hieviedad
clusters and separate PLS mbdsel apareadbdvekdpedsf o

the calibration dataset while simultaceosslisy einhcr

6
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data points within each cluster, t hbey imroddégnitriifgs bet 1

the cluster itaplpBbhbegsot oeapsdoretchafg cc lmiosdteelr f or pr e

In the clustering process, two main approaches <ca
and clustering based on output (Y) simhlmseéeaery. Cl |
sample are always$ndvagl abheeaapdophiuate cluster is

clustering based on output similarity (Y) can pot
patterns of the system, as it groupsr$ogEhder sam
challenge with clusteunsneggerbys armplhewetvlee ,outsputhayY if

i mpossible to directly assign a cluster based on

To overcome this chall engei,ncaorniwatedt ¢cdl &1 sXveas ch gY neep
intraoduded method takes into account the relation
for the clustering pneseessdababpoiaappsi eByeveinl toi.
approach can identify similar patterns more effec:

outcomes with I imited dat a.

This method was tested in the -cesperbi wk mredbgel |

o

omplexiayshaméous parameters influenbaseéede final

approach demonstrated e n hsanecneadf iyor teildte rcnne vo@a laecdc usriatcu

n wthhe hmodel 6s coverage withinkraewltwadspepcalrusitceurlsary

valuable in prodadtei daegsiadbn eapmwl iidetnitordsg, clusters

—

lpgt entially inappropriate caOQdedalle, ftolmimaul @admtomi

demonstrates the effectiveness of combining clust

accuracy in complex systems with Iimited data. Th
predictive podneesr vbaultu aabllseo ipnrsoivgiht s into the model 6
experimental design and optimize resource allocat/!
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Building on the insights from t(@lka Bliagddtr ecscretsr it het |

need for a more nuanced evaluation of(desppeidtie th awmi n

hi gh coagr adqe | | provide poor predictions for some
chall enge of reliably assessing model perfor mance
resolve this issue, a neow gqnuuammetriifcyalt hnee trreilci awbai sl idtey
metric, called the Prediction Reliability Enhanci

from Latent Variable Modeling (dL\WM)i,ons Eah oas (HdtEe |

Al ignment, into a single composite score.

The advantage of PREP is that it addresses the is:
using individual metrics. For exampl e, one metric
indicate uncertainty, wmwmadkdegisi odsf baseldt ono modl ¢
resol peobliygimlsombi ning these parameters into a unif
evaluation of model performance. This comprehensi:
prematsmiesy samples that, despite performing wel.l
further exploration. Thus, PREP enhances the mode|

to contribute to the accamatwhidenomnds caneé omeod s sl

mo d e | performance.
To effectively i mplement PREP, the process begins
member s, which includes samples for which the mod

a predetermined output thar gnotdel Usisrsg gtnlse aPRBMpecU
me mber , with the coefficients and powers of the e
dataset. Once this list is established, all poten
Two distinct options emerge from this rhaassk hngh the
|l i kel i hood of wahcicluer atthee pw eetdh ecsRiRdoPp, @ic ®mwierdseisght i nt o

areas where the model "Isn ptrhe dsh ectoPiBt&Bxetth eetder af i we mp |
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designed to expand the dataset towar dtthloes ei nanlpwgi |
sets that reliably produce the desired output pro
predictive capabil it yasbeyt cwintthi nhuiag hllyy viiersfi @arpnmagtsiévhee

dataset tehkagapsi gni de the exploriatiieont lyf design sp

Comparative evaluations of PREPp mlgisgdntsthe toit d ed a tt & snd

varying complexity showed thatfPREPNis Bygndéntcahi

solutions with fewer iterations, PREP reduces the
optimal f or muulats omisghITihgetste PREP' s ability to stre
identificati on, making it an invaluable tool i n s
| itreid .

The final (€bagfsleiblut $ onhe focus from simulated dat :
this phase, PREP was i mplemented adrmposegitpwd ahii ghl

polymerization (to synt hesapmo lcyoevlael cetnrta lyy tcer ocsosnipilne

(tfaabriicemiteal 'y crosslinked nanoparticle coacervat
experimental, they posed fundamantheétl yidsffenent

was to achieve a particle size well outside the r
hard constraints on the formulation space. These |

renidner ot her methods inpapameeptafl gveeapirbpessampeE
was able to identify viable formulations and reac
robuslitmetstbe second case, constraints were again pr
optimizat iwars olojted tofi mexed etver get value but rather
coverage into previously unexplored regions. This
daaad iteratively direct sampling toward promisin
purposeftudowanachnachi eving previousTggenheaehjseviads e

studi éscvitalvitRERYER' s capac-wbyl 0o Hdelhwgrdaesligin probl e
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whidcadt a scarcity and ag¢ccourrfaicrymirnegq uiitrse nveanltuse cione xe xspt

identification.

I n summary, this thesis presents a coherent frame
space identsstiacaeionohhidatba experimental systems
el ement toward addressi nmgt2irmps oveesr preldincd i oma lalce!
l ocalizing the calibr,.€fham@eatanzest tther cat@alhidli tyt @
l ocalized model s usamd GHcgmeans tsrcaotrd ngt Mmetpriact i ceé
met hods through complex experimental case studies
identified fpeadioblmé ngnd olhiudh ons withoutdaelying o
l i mitdaticoomptrtbami sed t he effectiveness of competing
of fer a robust and generalizable strategy for acc:

environments.
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Abstract

PLS Model
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PLS Model
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Despite the various potent iraels paopnpsliivceatmiocnrso goefl sd,u at

often interacting) physical and chemical factors
(VPTT) in such microagedisr amatkley ide scihganl | & nmii argo ge |
swelling response. Herein, we address-drhvencmaldlkté
that can predict a microgel swelling profpke And
cl ustbersiedg adaptation of partial | east squares (PL
to a data I|ibrary of pH 4 (fully protonated) ar
pH/ t e mpreesap aurr sei-iveo prodl payniNadcer)y mi cr ogel s functional i z
acidfunctionalized comono-mer $ orWe ndje md usttreat @@ gt lmant

strategies can predict the VPTT of the micaogel s
similar to the uncertainty estimates from the exp
2. 2AC at pH 10) . Such an approach thus paves the

profile as needed for a target application.
Keywor{eBmperature responsive microgelPLA, VPTT , |

2.11 ntroduction

Smart microgels have attracted increasdismwglilnt emr es:
response to multiple stimuli. including temperatur.
stimupaci fic swel |l itngmircersopgoens ei soft haussncaornsi der ed a

and dictates tbBeachmmhéementbasi on ofri ous applicati
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recovesreynsibng, separations, smpbH] HWiNhgows, cosmeti
i sopropyl acr ylbaansiedde )mi(cPNolgPRAIMS) have attracted part.i
exhabdt scontinuous volume phase transition temper
physiologiclaB, tEBmperaswlrtei ng deswelling/ swelling t
i ncreasing/decreasing the solution t etnrpaenrsaptaurreen, c yc,

pore size, and interfacial hydrophobicit[y8, do9] ect |

The incorporation of other functional -cesmpopsmievs

mi crogel in whswoalthegsweadahshgi des can be regul at
stimu0O,i Thl nature of the dual stimulus swelling
type/ amount of comonomer used, the distribution o

polymerizat[i bh14baAdit teir opacdl eylmye, r ipzoastti on modi fi cati on

mi crogel can be used to introduce a funkagecdcal gr
free radical process typiLballlg]l]used for microgel
Coupling temperat-uespeprgbsveéenegssyi wi mhcpeélgel s can |

[ 1,7]drug[d8datvekdis]i and ti ssue enginfnedrieng perciddlcl g
and magnitiddauacfedt g apmigi ti on can be controlled by
functional comondvmerskhi tH3Me VvV &€ ey eqitivnednu ctendat bot h
ionization -andutempeonphumeephase transitions alter
the microgel, the pH and temperature transitions

signi fccaasky the temperature at which the VPTT c.

significantly enhance the magnitude of pH swellin
compogi2édilom this context, wlislpontshe edwsavle!l pH/ntge mee!
mu Htuincti onal mi crogel can offer benefits in vario

tumors characterized by |l ower pH valluebamd ohi ghe!

i denti fd craft lutwint od nal mi crogel reci pe-stwredtl i magn pexoffi
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a specific VPTT is challenging since the swel

cts its respohdb6,ta2thedeése68phd stimulus

approach to predicting the fMRTST ipnp psnuocahp hneisc r o
|l everage existing thermodynamic and kinetic

rogenern dysliinnlbent hand functional monomer distri
ophase separation dependent on those | ocal di
ogel swelling responses muclhl [Mdr.e ¥X0Hnae tliecngi ng
|l 1ling approaches have been used to |ink radia
l ymerization kineti ¢ S3qdfwitthhe tchoen sltoictaule ncto ncpoonsoi
used i n coHyaguonicntsi oeng wiiltihb rFiluwom yswel | i ng theory
onsefsunomt inun 183 2mi cHMIpmgeM esr, t he i mpl ementati on

er measuring or estimating a wide range of pa
mer-si ckess used, parameters that can o0bf compl «
nomers in a microgel I s -riemsproenass eve, mMeE < riosg ed fst) e
ire dedicated exper]idne,ntAdikugHFHepghbeoaoedd orr emgaé

ophase separation and/ or t he -Hwa@gqitn & aparvaemetfdr

l enging to experimentally assess, both of whi
sition bgeehlasv.i ors i n micro

diversity of <chall epmmgiesmadgsesllosc i haa se dr anii stehd tihret e
I-¢r idwem model |l ing techniques for predicting mi
cipal component analysis (PCA) and partial I e
badkespti mi zati on probl ems. PCA arranges data i

ing a higher weight on variables witbhH oltcikgsher
prioritizes input variables that have a major

preevémuasgdpl i ed to a variety of materials desi
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bl own film resins Wi3dbhdewu@lop osofpterdomsnams et o pr e
pol ymeri zati o[n3,7 Jeaancdt oarlpépsibigm s4TgRUMe t hods t o esti mat e
pol ymer [s38l]€l oses to the context of smart microge
applied to optimize the c¢cloud point, molecul ar we
thermo/ phoporemeoneasi ket combsEpenstheenhempenbt PNEPAI
|l igretsponsi veness of c¢ [ 8.8 apNmacd @r dgdatrchaadedliead . dye weaulpsp e «

variation of PLS-bhmhod«&«l IPiLisg tdhalt|l ¢ d knmws! tpiar al | el bl o

synthesized recipes and the raw materi al properti
of new i ndustlrni ali gphrto doufc ttshe success of such previ
driven modelling can address the challenge of pre:

mu krteisponsi ve microgel s.

Herein, we develop and validate a method-to predi:
responsive microgels using a partial |l east squar e
in which the data i 9 tfhirest helrudt kreeg oil ytme@rgrzaup o n
responses before building the PLS model s. I n part
swelling profile to cluster recipes based on swel
clustering moded is developed. Using a validation
10) swelling profil es-ffunrct3d 2 ndil fbfaesrdedrPthl cPaArbllgexd ysl, i o
resulting model i s demdndtortdt eédhet a heoonad atphlayseprt &
well as the absolute microgel particle sizes as a
explicitly identify recipes that cannot be well p
design of microgel recipes that can achieve new t°
without requtiarni@mg olresgytinhyhetsreisalor any specific fun
insight into the dymiacmi accge losr, nhioctrho safr uxhtiucrhe boefc 0 me

when multiple functional comonomers are added to
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2.2Experiment al

2.2. Materials

N-i sopropyl acryl amAlder i(dNH ,PAMT %)Y Swagmapurified by r ec
toluene: hex-Béme tmiydtemnreg.bi)acryl amide (MBA) (Si gma
(Al drich, 99%), methyl acrylacefaice dac¢ iMAA() VAA)I d(rAlcdcr
fumari c aciAl drFiAg h,( S9 @%)a, maAledrci alc,i d9 9 MA) ¢ &digumm
sul fate (-SD&)i ¢®j gma%), potassium chloride (KCI) (
ammonium persul-Ahtdei ¢APSY8Wpi wmae agrla dues ewdd taesr r(e>l

resistance) was used for all experi ment s.

2.2. Microgel Synthesis

The raw recipes used to fabricate each microgel i
S1, while the resulting mole fractions of each mo
data used to abwi Isdiawlitei nMeomdye Igsi)ven recipe, the requ
NI PAM, MBA, SDS and functional mohomeomsf |l aske wa tl
mL of MilliQ water. The mixture was purged under i
being ttansheroed bath at 70AC, with continuous n

pol ymerization, 0.05 g APS was mixed with 10 mL of

syringe. The reaction was run magndt hsuze 4a¢myoaAC
Subsequently, the reaction mixture was cooled and
surfactant and any unreacted monomers. The result]|

and storedratur@eom tempe

Tab2tleMol e fractions of all recipe components used
SamID NIPAM MBA AA MAA FA MA VA SDS
1 0.870 0.064 0.055 0 0 0 0 0.012
2 0.875 0.064 0 0 0.049 0 0 0.012
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0 0.033 0.012
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mi crogels exhibited a unimodal particle size dist
temperatures were then used to calculate VPTT val |
fitting a sigmoidal dat ae -piwbitnhth eohfe xtpheed i cmernte 1 dent
phase transition temperature (see Figure S1 for a
calculated for one of the synthesizedr samepi € swer &
estimated by fitting sigmoidal curves to the top
particle size measurement and subtracting the max

these fits.

2.3 Model ling Framewor ks

The authors developed all model |l ing code and i mpl

2.3.Principal Component Analysis (PCA)

PCA works with only one block of data and thus do
di fferent blocks of data. Npnetbssesg,t ool i sncwowmm

correlati omr ebckitomecerns tehmong t he bl ock of data can &

variables can be reduced to fpé42]i#d4adale faster and
The directions in which the observations are dist
di mensionality reduction. These directions can be
of the original pr eddcoaetfofri cviaernitasb | (eis. ewi tFhC Awv eci ognhpt oende
combination of the original predictors indicates

directions are ordered based on the varisantceoof t
three or more directions that explain more varian:
correlation among the columns of the dataset and -

predictor variabl es.
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2.3.Partial Least Squares (PLS)

PLS is analogous to applying two PCA analyses on |

opposkRGA,toPLS aims to capture relationships betwee

PCA modelling, in which explaining the maximum val
model l ing instead aims to arr arnrgeel athieo nd abteat wene ma twh
scores i[M4iandtker words, instead of covering th
PLS instead aims to capture the maximum variance

in the[ X3pl 656k

2.3. Ll ustering -MeacedAlrg@or iKt hm)

Clusteri-sgpesviaseaoncl assification approach that u:

there iweaomtoorl adbrelr esponse matrix available. Cluste
applicabl erfodrescdcdtng mrse it does not requi[rde6,t rai ni
4 7]

I The member s of one cluster mu st be as similar t
600The members of one cluster mu st be as different
A wide range of procedures including partitioning

clustering meddmed h,odasndaygrei deen introduced to ide

among the observations and t hu[s43inabhe bipdy dnadl gadr

used in this work given that it is ampansition me
techpidqye whl ch invol ves otfhet hirteeer asttievpes aupnptliilc actoi novne
m®&Randomly initializing the center point of the ¢

H®i stributing sbhmptessampgngl ubeering each sampl €

o®pdating pdei tciecin ewsibng t he average values of e
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The | ast two steps are repeated wunt i[l554 eRieguarree n
S2 schematically il | usneraantsecsd ni-Bewas & dnpd aetnmeesnetta tti oo nd eot
right clustering index, showing how fast the repe

clustering of the data with high precision.

2.4 Met hodol ogy Devel opment, Results and Discus:s

2.4, Dat a-PPoeessing

Prior to analyzing the -glnd@agessded tavaidamtiief dao atslei
The wmeanered and scaled Vab2deer ef ft het daabhcubkpbed
are compiled in Table S2; a positive value for a
value of that variable among all observations whi
was dpmelnhi ed on the dataset to correlate the X (rec
di mens-redatbkdg blocks of data were used to estimat

prediction error (SPE) (the difference between ea

valwag compaoned hbeas®eRIE 95% confidence | imit of the
eq. (1):
YOO — ) Q&
a —ns
Here, m and v are the SPE mean and vari?ascéeheal cu

chsiguare dis&g)i bdueagfoemmesweieachonf and a s[i5gniObiseavad iloam
with highfeiqy8PEhehann the recipe space or in the
given that the covariance among the outlier sampl
significantly skew the predictwn ei rpoPfvegurod 33h)e weor
identified as outliers following this analysis an

Observations 31 and 32 are both | arge mitcobngel s p
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(observati omorcle n torrafaii dnk gahf (obeses vati on 32) . Both
previously noted to |l ead to an increased probabil
experimentally by the observatzieonatt hpaH 4t heex cseweod sl et
for both samples; such a trend is not physically |
key role of functional monomer i opilAlatteromatienl yd,ri v
observations 29 (prepared witliptrrereoahmhieghest hcandhe g

concentration of MAA) were both microgels contain!:

for which there are few observations in our datas:
relevant "l aeaacniragel gatpaefdocting the recipe for mu
unli ke with observations 31 and 32, adding more m

at higher concentrations may leesadwittoh itnh et huel tniondaetle,

that is outside of the scope of the curesrcarte nwargk .
test were thus used as the dataset for all subseq!
2.4. Clust-Basedg PLS Model ling

To account for potenti al di fferences in the swell.]
mol e fractions of functional comonomer-Base@ used

modeling is developead tappdlyisntgent htehdlLbamased . pMho

were evaluated:

a.No clustering, using the X block as the model
(Fi 92X &)).
b.Recibpeed clustering in which clustering was a|

PLS was then performed on each set of observa
simmiarogelFig&t(idpes (

c.Swellingbasesdoakestering in which <clustering
variables (Y) and PLS was then performed on e

cluster based on the microgelappwealalcihn ghapsr dafhiel «
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di sadvantage of requiring data specific to the
available to perform clustering, we will addre

the practical i mpl(Feineite&)t i on of this policy

To cluster either the X or YthbrgekgdabPGAkmodadel xit 4

trends in the dataset (includi ngmeuapn st ostfroautre gfyi rwsats
classify which observations should be in which cl
mo st
(A)
; : . | Model
No Clustering Applied X Y > PLS Model OUtEsITS
B
X —> Clustering | X (B)
Samples clustered based on X Y N/ — et Model
(Microgel Recipe) AR . PLS Model Outcome

(C)
Y — Clustering
Samples clustered based on Y Model
(Microgel Swelling) Outcome

Fi grata arrangements for PLS modelling (ofnemiPdrSo gnold ed

is applied on the whole observati ommiseato)g,el( B)e cadlpsedr, v anmi

mod el applied per cluster, and (C) observations are cl
mod e | applied per cluster

di scriminatory among the given blocks of data wer

appr cagh( & armsdhoB)ys that the 1st and 2nd score vect

separable dataset either in the recipe space ( X)

clusters; as such, only the ttwo bfei rusteds a mr & sn f forr anm
this worKk. Of nmoetaen,s gfiivneanl tchlauts ttehrei nkKg i ndex can be
the centers at the first stage, each clustering p!
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patterns occurring in at | east 85 percent of the
clusters resulting from this analysis was managed
policy but coding the modeludesclnt lyatonief sampl el ¢ $
omitted, the maxi mum number of -ncelaunsst esrhsa psphtioiubl dd rbee
on the targeted bl ock. By applying this condition
di fftesemn both the X and Y spacds gea(spA eagadadB)st o 3

the distribution of these clusters in the

corresponding score plot.

For the recipe based clustering policy, the presei
plays a pivot al role in determining the host c¢cl us:
classified). Clubsigh VYAArcomarehty mioatagalss whil e (

predominantly microgel s pr efiag2sf@®) wi Theubpapay eVAA y«

di fferent swel | i-cnogn tparionfiinlge smiocfr otgheel sVAa&Ar e consi st en
VAA among al l the comompomeaenasg itl gstasd.,a a&h aVAA trreaancstfs
comonomer and is thus |l ocalized primarily2d4f chai
However, while this correlation between VAA conter
reflect fundament al mi crogel properties (e.g. the

can change the opti mal plodstmenrg nolcu sotgeerl se v eprarft a rc u\/

contents are used. Thus, while clustering based o
used as a comonomer) would i mprove prediction qua
be drawn from the recipe score plot information t
di fferent recipe components on the swelling respo
bet ween sheeowvoér ahk microgel across the full rang

identified home clusterrépaebantmtcvegSlumMmapeawvief iS

computed according to eq. (2) bel ow:
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YOO A OOYRA®I Ga Q0 QD Qg

whehies the observed particle size for each sampl e
were the same for each observation to enable dire.
sorted into clusters bawleld sowe It IRiem gadmyt.d fcAldeessiczhe a
cluster into which each microgel is classified ca

(more rigorously) the size of the microgels acros:

2.4.Zuggested Data Arrangements

I n addition to clustering observations with Iike |
range of potential mi crogel recipes/swelling resp
investigated to fuedihetri o mp.r olvre tthe amoaiellalplre dat e
(recipe) block contains 8i csomrcemyliraci wyihnamwmiade a@NIleB/

temperatur e r es pommestihvyel emoen(obmiesr))a c rNy, INedbmi de ( MBA, t h

o
o

declyfifatse (SDS, the surfactant useée etsop ocnosntvreo | p ¢
functional monomers (acrylic acid (AA), met hacryl |
and vinylacetic acid (VAA)c kwhiinlcel utdhees Y1 2 sweell u & sn gc a
equilibrium ptaemped &t siees( 25A6,i x30AC, 35AC, 40AC
values (pH 4, the fully protonated state, and pH
(recipes) and output (swelling profile) Wiagurdl es

2-3(A) .
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(A) 3 (B)
® Cluster 1 . ® Cluster 1
® Cluster2 18 ® Cluster2
® Cluster3 ® Cluster 3 25
3
g 2
%
2
e P ! 2 % 1923
. .
% 1 . 14 g _g 27 . i 5
a i3 i B 024 g2l s
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So o« ¢ 28 5 23 ~ i 12
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1 o 3;2 2 s 25 ; S 140 &
i 19 .
1 32 2 .
51-6 17
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o
15
.
3 - bC. 3 18
3 2 1 0 1 2 3 4 4 2 0 2 4 6 8
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(C) (D)
025 g 9000 Cluster 3
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0.20 € 7000
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= 0.15 o
E ﬁ 5000 Cluster 2
= %)
= 4000
é 0.10 Cluster 1 o Cluster 1
= % 3000
€
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0.05 E 2000
LLELLE LEETS o |
0.00 0
Observations Observations

FigZRata distribution among different clusters based
profiles (B). Organization of microgel observations
Summative Size Parametserrvamemberamoidpeahlumber of <cl us

observations in the | atent variable space was det

Considering the Y data al/l i n R AP, e neliadler(a T\
temperature nor pH was explicitly included in the
making it impossible for the model to predict swe

those representceat asetectTy iwinddrn morditee these vari e

and permit the explicit -pesgibosi o civet Eempgr atof é
pH/ temperature value and/or i mprove the predictio
pH/ t emper aftourre adadiuteisonal data arrangement for mat s

wThe Type 2 data arrangement divides the Y Dbloc
values at which the swelling profiles were recc
on each section separately (8 inpFutg2:B) i abl es,

This data arrangement dir ecthblays eads sepsaegxattiben pdt
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on prediction accuracy but does not allow for t

di fferent pHs and temperatures

beyond those dir

wThe Type 3 data arrangement adds an extra <col

temperature at which eBicg23C).r t

holds only 2 wvalues represent.i

icltehiss zea wa,s tolhe

ng the particle

temperatur e, with the number of observations <co
for the sixempeasaudruegmentusted. Such a data arran
predict mi crogel particle size at any desired

temperatures) but cannot predi

wThe Type 4 data arrangement br

on the pH while keeffFigdg3dihel K

ct swelling at di

eaks the Y bl ock

bhoskat hangament,

includes 9 values (the 8 recipe variables plus

bl ock is only 1 (the particle

to cevehoth original observati

size at a speci fi

on space (i.e. b

potential benetbiatsse d( isfe paanrya)t ioofn tohfe tphHe Y Dbl oc k «

realized but cannot predictheH slwahl 4ngndedsPons

wThe Type 5 data arrangement ex

pands the input b

include the corresponding temperature and pH v

bl ock in this case thus isniczleu daets eoanchy someec ivfailcu

val égepgajB® . I n this case, the number of observart

t he entir e odbastearsieatt i(eia.cenh. ionnde v i

particle size was measured) . |
be possible to estimate microg

particle size was specifically

dual pH/temperat
n this arrangemen
el pareiat ewhiizle

measur ed.
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Note that while the Type 3, 4, and 5 data arrange.!
temperature and/or pH values other than those exp!
arrangements for i nmnprowei ng Idrddindtti onuracamuarlay si s o

measured pH and temperature values such that comp

can be unambiguously made. Refer to the SI secti o]
applied
Type 1 (A) | Type 2 = g B)
K=8 m=12
X | Yona
X Yen1o
32 Observations 32 Observations
Type 3 (C) | Type 4 — (D)
K=9 m=2 -

" amesadway

" amesadway

" amessdway

192 Observations 192 Observations

Type 5 K=10 m=I (E)

X Y

384 Observations

Fig23 e Five data arrangements used in this work from
respectively (K represents the number of input variabl
di fferent data arrlmgende ttomptas i goOmMasr dtee weem t he di ff e

2.4. 85wel ling Profile Prediction

The observed (experimental) ¥eépg&dasl Ifow tfeodr ptahret i c | |
guantitative assessment of the impacts of the dif:
accuracy of microgel swelling predictions. Each r

under the sementdapal iacy awlygi l e each column represer
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arrangement policies under theFisqp2zdee appbyiengngl psoi
significantly better concentrates the results ar o
particle size values were closer tmaddd elxypstrd rmemg
a slightdiycthiean eaof ppar tbhiacsleed scilzues treerliantgi vuen dteor X h e
format, as indicated bot hwarnyd vVNISH ad a rodrsestrevrag i fomr aa

tabul ated ioFeg3dHhesubpanel

No Clustering Recipe (X-Based) Clustering Swelling (Y-Based)vClusterir‘!g
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2.4.%"PTT Prediction

Foll owing the demonstrated potential of the model
conditions, the clustering policies and data arra
ability to predict mctrogedr avtodruene. pMatse tt hatn sti i |

and/ or data arrangements for the VPTT prediction |

size predictions given that not al |l nparrttiacnlite firz e
estimating the VPTT; in particular, the VPTT predi
Size measurements just above and just below the V!

i mportant to predet) &Bpe thesswempbrhgnmo I n this

di fferent shapes of the particle size versus temp:
at pH 4 (in which the microgels havandcocensi st éenat |
upper and | ower temperature range plateaus corres
and the fully ionized regime at pH 10 (in which s
what soever)pfthbecampdbil tobypredict the transition

for each pH value.

A Transition Temperature Prediction at pH=4

Figas& tsohow the VPTT prediction error stemming fr
mi crogels in the dataset at pH=4, wusing the best
policies as identified i n cltaibdre [Badbr anmédteenr & piorm tTealb |
percentage of observations for which the model ca
transition temperature r&2xxhestenhanranmonr e ono wt it u.
temperature range. Good estimates of-btakedVPTT of
Clustering strategy, enabling a 96 percent accur a:t

transition and an aver age uMPRThTe rpmderdeifc tbihokny 2e8r rtoort aol!
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microgels in the dat asebte thwaede na tnhoerier tahcatnu a4l A Ca nddi fpfr

temperature val ues.

While Y (swbhbedgcpustéetiehg provided the best pref
i mpl ementation requires knowledge of the ac<tual s
information that i s ntohowatvaaddtabdlel ¥ ogy mt meswi zierrd pe
mi crogel .apfaporeiii eveons of VPTT without requiring

combination betwebasedccpesbabedi swehadimad Combined |

Usihigststrategy, the swelling profilebated new mi
clustering approach, enabling the initial identi f
observation. Subsequemnst py,eda cnew aswdlnigil mguegern a fnigl e

hosting clusters for the already predicted swelli
hosting cluster for the predicted swiett vnebbépagfil
profile. I f the host clusters match, the value is
profile is predicted using -haheed uPl £ nmo cheolse i amrgd ctl t
iterated wuntirls tmmad chhas tFiimggreel WAt eor ovi des a schema
approach can p-badéedtfcotrbeat encerww entitc rYogel observation

actual swelling data for a given observation.
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FigadgRrediction error of the model for predicting the
for each individual mi crogel i n tbhaes edda)t acsleuts tuesriinngg ,( A()C)
based) c¢cl usacemhbinmged amldu gtber i n g ,-p & rnf ocerantihn gc adsaet au sai rnrga nt ghee
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phase transition whil earodssefre/ratwhoincsh htihgeh | & xgihsteteincdtae do;fe d

( E, F) comparison of VPTT prediction &c cdhuarseadi eosn g EHi

percentage of microgels for which the exwpearaigne-rmtnadl WORT
case prediction errors observed.

Fi ga5®shows the prediction accuracy using Combi nec«
pH 4. As shown, wusing this approach allows for si
transition temperature thanhacdnrkbetdghueved bhecsk
average error per observation using CmOnBi ned CIl usH

experimental error associated with estimating the
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percent of the microgels in the dataset having VP

indeed, the wovaltue@riesli<35Ad &¥WaY from the experi me

To summari ze tthg(@Bsbhowg tesuhespercentage of obsi
VPTT is predicted as close as 3AC usiFig28@ch of t
provides a visual comparison of the average VPTT
error achieved with each clustering policy used.
and warset prediction ereposteéedl atuseetonghepoi bes;

approach cannot accurately predict VPTT values f ol

prediction error is >3A@roerditchtee de)x.i sAtse nscuec ho f fao rV Pp
model , it woul d be beneficial i f we coul d at | eas:
be possible or not with a given microgel recipe.

dataset indicatedoottaVYPSampltedi ¢tchiaongi WEPTFGTepr edi «

green dots) can be spatially disti Fgg#i6rieeedd dfortosn) .s

In this context, we can (based only on the microg!
fall wit kirredtica e'dwealrlea”, i n which the average and
respectivelycezndat@O0iperxprictad in the Transition
predicted area", in which the model cannot be exp
every microgel VPTT can be prediewedeacper aseltyp d
the existing dataset, we can predict with high <co
mode3 ELISOd SiRe accurate based on the | ocation of a
Note that swobl dnberwmatiyobeneficial for the next
determined to yield a particular target profile.
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Referring toFitgh26 esmbceropgpkbs wnth a high 1st score
significantly more |likely to have poorly predicte:

Based on the first and second | oadFing2ie atniglr B)o f

these ranges correspond to samples with | ow VAA cc¢
VAA in the first | oading vector and the | arge posi
Correspondingly, | oorkvatgi cants tihre Tha bglhd a &g acihdd bok bbseei r

S1 or Table S2, each sample that acsi doas lay cpanman ccn
such, the score plot analysis and the qualitative
conclusions about what types of m@predogéldswsli higng

mod el

ATr an sTietmipemr at ure Prediction at pH=10

Due to the i ofwwiondtaiiamese@foptsth & eagmocdhomer residues at
phase transition temperature is at minimum increa
functional monomers presermtt, ofndlyl ypreuwdmrrtd mige d .h eA ar
but also whether or not a sample will show a disc
this work, from 25AC to 50AC) is important for pr.

Fi ga8&Band Table S5, unlike at pH 4, the Transition
best <cabasécdleussitpeer i ng) the presence or absence of

percearmte dafi me; however, among the 12 samples that

and 50AC (as per Table S5), 11 of them were corre:ct
11 microgels had estimated VFPTTvaNaoes whahjnd6édaACcCi
hi gher uncertainty associated with VPTRE./JRXperi men:
owi ng t o tdhies cmuecthe Ineastsur e of the transitions in th
pH 4, pradtcotaoies within 6AC are practically use:

Ybased clustering approach predicts no transition
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Detection column) and fewer F& g 23f B9 sc owiptak aseA® pX e
clustering, even when the Combined Clustering app!
di fferent variance structure in the pH 10 dataset
of considenlngl abbepangethend approaches to ensure

each condition.

Similar to pH=4, in this case (pH=10), there are
transition tempepradirce eedi ohemnwastmias VPTT was po
prediction error waseime64dCyl usi-bgsbppbE6tygs §Xss i
sampcloeusl d be explicitly identified by the model , t
showhi g9, e properly predicted samples are highligh

are highlighted in red.
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Fi g8 Rrediction erromi ofodédle moldeme fphadsdetransition t e
clusteringpaeBd)retiupeet-aged) CoIl swteediimg, (and (D) com
case ubepgr ftdemi ng data arrangement for each clusterin
correctly predicted to either have or not have a disc]
ones for which theni-pxedtenhed; of EVPFYT wampacieen of V|
achieved using eaédh balskedt eemi M gE)p dlhiecypeirmemt age of mici
VPTT is predicted within <6AC and the Tr awmsistei on Pr e
prediction errors observed.

Al t hough the spabased whushethegrmodek i s expect e
transition temperature is quite wide, microgel re

scores tend to be

parameters for NI PAM,

AA, and SDS are al

bot h

mor é ep d wraldy npr Fei dgi@dfites d N, Bt8leesd i oin

ne
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swelling properties of | ess functionalized and sm

Correspondingly, the majority of the phiogHy predi

functional monomer conteonseptepaiedsushnayg heghet
small er particle sizes. Note that the SDS content
example, despite having the exact high identical

all showed good VPTT predictions cprracdcismtoend irnegyg iwan F
score plot. The relatively |l ow number of microgel:
cause of the | essuabcmrategpredancdi oos!| d obe sresol
training data set using more recipes -prefdistmdl ar
samples are in one quadparedianedalslampawead aafty J nt &
Transition Prediction Par ametcers eo fVPITOTO pp erdd eertti oann |
to 2.3AC and 5.8AC respect-pvetiyctad bangehikrnmetdhiw:
the statistitcadnlapmailkiidits tdhhen ViPdA@ T behavior of most

unambiguously identify whetitserl i&krelrnyott oa breo caeclc UV RT

Overall, the performance of the model in predicti
pH/ temperature micTalpled sWhisl edutihhesend azhend eil d i ng appr
devel oped herein cannot unambiguously predict the
tested, the existence of a discrete phase transit
pH 10) and the resulting volume phase transition =
percent within 6AC at pH 10) can be accurately pr
Moreover, if the ptpedioctmi ng powed sof( Comd i megslit Cl us
recheoeed clustering for pH 1606p)r eadriec tceodn sairdeearse da so nildy
PLS analysis, the existence of a discretd® phase t
percent accuracy at both pH values and VPTT predi

be achieved. As such, evpepmefioct esdmpPEA dsdhatecphot:
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explicitly categorize whether or not a reliable V!
mi crogel recipe, allowing for immediate flagging
within the context ofExapamdirmgett helest gai irmgnesvetr 'k
data in areas in which few observations were pres
of MAA, MA, or FA and/ or hi ghienrc rSDaSs ec otnhtee artast)i ow ooufl

appear ipnr etdhiec twedl larea relative to the poorly pred

requiring significant additional mi crogel synthes
approaches | i ke thie ctayppaicciatlyl yofaitnh et omoadveoli dp.r e€Tshe nt
predictions as well as flag potenti al poor predic
should also in principle (upon inversa oanpeinfaibd e
targeted swelling profil e apsredoincgt eads" tshoaltu tpiroonf islpea
This capacity offers the potential to significant
applicationscitdeatamae qgupecci fpirc swelling/ deswelling
4 18
]
3t 3
il
2R
4
) 4 14 #
2l 13 1 23
< " e %1 25 4
2 ok 9 5 20
(% 0 1.1 1-0 = .6 22-; 2.6 19 1I“’_ a
B 245’5 04 ¥
1k ‘D Mo o 1.
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2F 1
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=
8.35
4 1 1 L ]
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Fi g% e Reci pe score plot fmphaddet parediitcitormnt ermpdmat wrod u

responsive microgel-sasédpHthOwttead hggrgeXe ( reaii rptes r epr e s e

which the VPTT was predicted within 6AC while the red
predict-pde @irc tmé &
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Tab2l2e/ PTT predicti on eueeldiitcyt ewdi tahriena tfhoer wbeoltlh pH=4

Clusterinec Typ(Transition [BError InteAver: The Wo

* Paramete [®] Error I n Erro Error

pH ¢ Combined Clus Type 100% 100% 1.0 2.9
pH 1 Recipe CluiType 100% 100% 2.4 5.8

2.4. Predicting the Properties of New Microgel s

Finally, to assess whether the model can predict 1
seen, we synthesized two new microgels (New Obs 1
high mole fractions of, tRAegeafmdn¥¢AA) niant anoa ogniermr gl ¢
had not been trained with any microgels prepared
the new microgelFirgedi@®p ea nisrhf@om matei wrb)s.er ved versus
size versus temperature plots at both pH 4 and pH

data arrangement policies identified &dtastkeadth pH v,

cl uishgrat pH 10). The high correlation between the
the model <can accurately predict the swelling res
the model . Corr esphingd2inggC varsdt dbe tstcaotr eb ptiltotrsew mi cr

within-ptrleadivweleld range that would suggest a good p
exhibit any VPTT at pH 10 in the temperature rang:
pH 4, thedpWP®T values |ied within 0.6 AC and 0. 4

New Obs 1 and New Obs 2 respectively. As such, the

profile awnal adheofVPadaThew microgel not used to der i\
Whil e we demonsdrriavteen ttheacth moiuguedactaan predi ct t he pa
swelling responses of a diverse range of microgel

|l i kely to be poor), htatse sdheneellopné d att ¢ omsi. qu & Plag d i
any -dlraitvmaen model are only as good as the data usec

be included in the model 6s training daianiarget (as wi
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approach); only after this requirement is satisfi:
pl ot be confidently interpreted as a measure of p
synthesized to testnoourprnoocdeesls epdr e dni ctthiiosn waeyr eand s
which would be expected provided the recipes were
training set. Expanding the training seni déd\hemgha b
AA content/ high SDS content microgels that were p:i
performrsaiicrhi teg for each gampglieterdd raxmaend |tnh e dwda |
current methodol ogy ccraong eble duasteads eotn tahnayt nrheaws nbieen s
reaction conditions, the model will not necessari
di fferent reaction conditions beyond the base tem,
constently across our training data set. Although
|l i ke temperature and mpxrnametasr adda ts wifailciXerftprmowr

synthesised under various conditions to allow the
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Figa® (A,B) Microgel swelling and VPTT prediction qua
Obs 2, B) using the optimal data processing approache
clustering mode andbg®Bldupiexr i h@;,ugiChd)r Sciope pl ot s fc
showing that both mipcrdgelted rangiet tiomst ls¢ ewel Iwi t h t he
vs. measured sizes and VPTT values.
2.5Conclusions
I n this work, a coupling of partial |l east squares
and developed to predict the swelling responses a
pH/ t empreegsapaursei ve mi cr oyedrsotadn btod ch PptHatde )( faudd a't
state). By first clustering data either in the re
devel oping PLS based models for each individual c!
achddkev Specifically, clustering based on the swel/l
temperatures at pH 4 while clustering based on th

new versiobhasédswkdlsCioandpii me dc LIl luesd ering was al so d

i mpl ementati on-bafsedwell luisngrpmagf iwliée hout the prior
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of the microgel, |l eading to improvedbaopsopeRPlty pr e
techniqgue developed successfully predicts the mic
error of 1.0AC at pH=Waandré.8AGCsattpHEHNO®, evabueb.
measured transition temperatures (0.6AC and 2.2AC
although not every microgel swelling response in

FLINJp2ZMMi ct whet her an accurate VPTT prediction ca

score plot analysis. This ability to predict micr.
prediction is I|likely to rbegd hfaocsr tuihsei-anpgettelna isallow ot r
approach now used to design a microgel with a spe:

accelerating the desiegpoalsi vewmiemotgied salwiomml| ttiar g

specific applications.

Supporting I nformation

"Training dataset recipes and summary of the model

supplementary discussi on, Met hods and i mpl ementat
guality for all dataset
(PDF) o
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analysis described io 3he Mmalmlus c$4 pdl s
ides quality of VPTT prediction at pH 4 (High
or = >3AC error) and pH 10 (High = <3AC error.
r)y ashowetlilnersclitahseeidd on ei ther their recipes or
iction quality at both pH values among all p o
rforming data arrangements Theetrreacthecéasien,
e S5, refers to the portion of observations f
ectly guessed identified such (this value doe
e wasl ngPTAnamdtulmae model correctly guessed t|
al representation into how the VPTT was cal cul
esponding error estimates nmade pfarrdamctl lee sureecer
ur ement s. Figure S2pr eavigde es E@pomamnidndgiignfrer 8at
ion 3. 3, section 4.1, and section 4.5.1 respe

Table S1: Raw formul ation ( ipnr ogcreasnssiy)ngof all rec
Sam ID NIPAM MBA AA MAA FA MA VAA SDS
1 1.600 0.160 0.064 0 0 0 0 0.056
2 1.600 0.159 0 0 0.092 O 0 0.056
3 1.600 0.161 0 0 0 0 0.343 0.056
4 1.600 0.161 0 0 0 0 0.228 0.057
5 1.600 0.160 0 0 0 0 0.114 0.058
6 1.600 0.161 0 0 0 0 0.080 0.056
7 1.600 0.159 0 0 0 0 0.045 0.055
8 1.600 0204 O 0 0 0 0.114 0.059
9 1.600 0114 O 0 0 0 0.114 0.057
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10 1.600 0.080 0 0 0 0 0.114 0.056
11 1.600 0.047 0 0 0 0 0.114 0.055
12 1.600 0.159 0 0 0 0 0.114 0.034
13 1.600 0.161 0 0 0 0 0.114 0.024
14 1.600 0.160 0 0 0 0 0.114 0
15 1.600 0.159 0.114 0 0 0 0 0.059
16 1.600 0.159 0 0 0114 O 0 0.057
17 1.600 0.160 0 0.114 0 0 0 0
18 1.600 0.160 0 0 0 0 0.343 0
19 1.600 0.176 0 0 0.112 O 0 0.024
20 1.600 0.261 0 0 0320 O 0 0.060
21 1.600 0.217 0 0 0.049 0.006 0.069 0.039
22 1.600 0.163 0 0 0 0 0.041 0.023
23 1.600 0.247 0 0.079 0.149 O 0 0.026
24 1.600 0.166 0 0 0 0 0.042 0.046
25 1.600 0.245 0 0 0253 O 0 0.036
26 1.600 0.174 0 0.011 0 0 0.034 0.023
27 1.600 0.172 0 0 0 0 0.045 0.041
28 1.600 0.245 0 0 0 0 0.175 0.026
29 1.600 0.161 0 0 0 0.457 0 0.056
30 1.600 0.159 0 0.109 0 0 0 0.058
31 1.600 0.159 0 0 0 0 0 0
32 1.600 0.259 0 0 0248 O 0.058 0.025
Tabl e SentMerasmd and scal ed walmpdse so fprtphoep cdkastsansnegt
Sam ID NIPAM MBA AA MAA FA MA VAA  SDS
1 0.587 -0.074 2.450 -0.281 -0.486 -0.189 -0.956 0.916
2 0.698 -0.049 -0.263 -0.281 0.759 -0.189 -0.956 0.933
3 -2.273 -0.711 -0.263 -0.281 -0.486 -0.189 2.538 0.444
4 -1.166 -0.464 -0.263 -0.281 -0.486 -0.189 1544 0.627
5 0.116  -0.179 -0.263 -0.281 -0.486 -0.189 0.393 0.838
6 0.542  -0.084 -0.263 -0.281 -0.486 -0.189 0.011 0.909
7 0.988 0.015 -0.263 -0.281 -0.486 -0.189 -0.389 0.982
8 -0.187 0.843 -0.263 -0.281 -0.486 -0.189 0.370 0.787
9 0.431 -1.238 -0.263 -0.281 -0.486 -0.189 0.418 0.889
10 0.675 -2.058 -0.263 -0.281 -0.486 -0.189 0.437 0.931
11 0.925 -2.901 -0.263 -0.281 -0.486 -0.189 0.456 0.972
12 0.199 -0.160 -0.263 -0.281 -0.486 -0.189 0.400 0.307
13 0.241 -0.151 -0.263 -0.281 -0.486 -0.189 0.403 0.883
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14

0.325

-0.133

-0.263

-0.281

-0.486

-0.189

0.410

2.043

15 -0.149 -0.238 4.382 -0.281 -0.486 -0.189 -0.956 0.795
16 0.481 -0.098 -0.263 -0.281 1.051 -0.189 -0.956 0.899
17 0.325 -0.133 -0.263 4.272 -0.486 -0.189 -0.956 2043
18 -2.117 -0.676 -0.263 -0.281 -0.486 -0.189 2.574 2043
19 0.515 0.293 -0.263 -0.281 1.028 -0.189 -0.956 0 é04
20 -1.816 1556 -0.263 -0.281 3.269 -0.189 -0.956 0.516
21 -0.172  1.151 -0.263 -0.281 0.164 5.103 -0.149 0 i61
22 1.163 0.115 -0.263 -0.281 -0.486 -0.189 -0.439 0.764
23 -1.172 1488 -0.263 2.600 1.332 -0.189 -0.956 0 %76
24 1.026 0.208 -0.263 -0.281 -0.486 -0.189 -0.434 0.419
25 -1.180 1.464 -0.263 -0.281 2.610 -0.189 -0.956 0 é72
26 1.039 0.378 -0.263 0.146 -0.486 -0.189 -0.525 0 9-)19
27 0.962 0.343 -0.263 -0.281 -0.486 -0.189 -0.400 0.170
28 -1.007 1491 -0.263 -0.281 -0.486 -0.189 0.989 0 5_311
29 -2.239 -0.703 -0.263 -0.281 -0.486 321.782 -0.956 0.449
30 0.171  -0.166 -0.263 4.052 -0.486 -0.189 -0.956 0.848
31 1.867 0.211 -0.263 -0.281 -0.486 -0.189 -0.956 2043
32 -1.761 1550 -0.263 -0.281 2.439 -0.189 -0.348 0 é12
Tabl e S3: New (test) microgel recipes
Sam | NIPAM MBA AA MAA FA MA VAA SDS
New Ob 0. 790.040. 05 O 0.01 0 0. 070. 01
Mol e Fr .
New Ob 0.840.060.03 O 0.04 0 0.000. O
New Ob 1.6 0.1:0.0" O 0.0.0 0.1:0.0
i n gr a
New Ob 1.6 0.1¢t0.0. O 0.0"0 0.0:0.0
New Ob 0.09-0.0¢t1. 2¢0.2¢0. 7¢0. 1-0.8¢0.1
Cent-8Bced
New Ob -0.92-1.02.3:0.2¢0.1-0.2120.3¢€1.0
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2.7.PCA and PLS Modelling Supplementary Discussion
APCA

PCA aims to identify the directions in which the
based on the variance of the original bl ock of da
can be explained usefingha oi ingiamalowmbéi nabli esm with
directions are referred to as the PCA components

coefficients used to calculated them are 5r)eferred

I n PCA, if only the first direction (which expl ai
for di mensionality reducti on, it means t hat i n th
observation (i.e. d¢ddlecdlsat sdotrenouvudated.as( Pre;n if
hi ghest variance are chosen, there are two variahb
the 1st and 2nd geoeeresal (anduscsbuwoa)of RAEA B&del | i ng

Thecor es araes cfoorhp utwesd
0 ® N QB
wh e-naenldkt e pr e skprmbts etrbveat i on and the first direction

Moving backward from score €pdeeg.t d S2h9§ avhii gihnanlay
origimnat he number of selected directions is | ess
di stance between the actual and the estimated val
eq. (S2), T and P arge amsle d ctoo er emmallixt esgh acSGudih ,

represent

Table S4:Quality of VPTT prediction at ’pH:34AC(I?1cicgm = <1
>3AC errporedorctneidss and pH 10 ( HigWPT=T <e3rArCo PeoreroA€ >M0ADQE rea
or miesdi cted) as well as their-bhestd)ngrchNubswewel basgdpo

policies
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Sam ID VPTT Prediction Quality] VPTT Prediction Quality Hosti_ng Cluster Hosting Cluster,
[PH4] [pPH10] RecipeBased | Swelling-Based
1 High Poor 1 2
2 High Poor 1 1
3 High High 3 2
4 High High 3 1
5 High High 1 1
6 Moderate Moderate 1 1
7 High High 1 1
8 High High 1 1
9 High High 1 1
10 High Poor 1 1
11 High Poor 1 1
12 Moderate High 1 2
13 High High 1 2
14 High High 3 3
15 Poor Poor 1 2
16 High Poor 1 2
17 Poor High 2 3
18 High High 3 3
19 Poor High 2 3
20 Poor Moderate 2 2
21 Moderate High 2 2
22 Moderate High 1 1
23 High Moderate 2 3
24 High High 1 1
25 High Moderate 2 3
26 Moderate High 1 2
27 High High 1 1
28 Moderate High 3 2
New Obs 1 High High 1 1
New Obs 2 High High 1 1

Tabl Sud,tar yWRTT tfhreedi cti on quality using different
strategies
" I The
Type Transition Prediction | [0-3] Interval Error pH4 True_ R? Average Worst
Parameter [0-6] Interval Error pH10 | detection Error Error
Ha No 96% 71% 96% 93% 1.9 6.1
P Clustering 100% 70% 100% | 92% 2.2 6.2
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3 75% 64% 75% 96% 1.3 3.6

4 75% 64% 75% 96% 1.3 3.7

5 43% 32% 43% 95% 1.6 4.3

1 96% 68% 96% 94% 2.0 6.1

. 2 96% 71% 96% 94% 1.9 5.7

Recipe 3 71% 54% 71% | 94%| 2.1 5.2
Clustering

4 75% 54% 75% 94% 2.1 5.2

5 43% 32% 43% 95% 1.6 3.7

1 89% 71% 89% 95% 15 6.1

_ 2 96% 68% 96% 95% 1.8 6.4

Swelling ™3 89% 57% 89% | 92%| 28 91
Clustering

4 71% 54% 71% 93% 2.4 8.4

5 50% 32% 50% 93% 2.5 7.2

1 96% 86% 96% 96% 1.4 5.0

Combined! 2 100% 75% 100% | 95% 1.8 5.3

Clustering 3 75% 46% 75% 90% 3.3 10.3

Mode 4 71% 29% 71% 89% 3.8 9.9

5 36% 11% 36% 89% 35 10.0

1 64% 64% 75% 94% 2.3 5.9

2 71% 64% 75% 92% 2.70 7.1

No 3 57% 0% 0.0 0.0
Clustering

4 57% 0% 0.0 0.0

5 57% 0% 0.0 0.0

1 82% 79% 92% 93% 2.80 8.4

. 2 71% 68% 83% 92% 3.1 8.3

Recipe 3 54% 54% 0% 0.0 0.0
Clustering

4 57% 57% 0% 0.0 0.0

5 54% 54% 0% 0.0 0.0

pH 10

1 61% 61% 67% 96% 1.7 6.0

_ 2 64% 64% 67% 97% 1.1 4.7

Swelling ™3 54% 43% 50% | 85% | 5.7 10.9
Clustering

4 75% 71% 50% 91% 3.2 10.1

5 71% 67% 50% 96% 3.1 10.2

1 57% 50% 58% 95% 1.9 6.0

Combinedl 2 61% 53% 67% 95% 1.8 6.1

Clustering 3 46% 35% 25% 81% 7.2 6.9

Mode 4 53% 39% 42% 81% 6.9 11.1

5 71% 57% 83% 87% 4.8 10.6
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FigurMetSlood for estimating VPTT v al5&’swhferroem [ xdpeernra timeesn t
measuaedrage microgel diameter &tmenlhe espebiefiparteémper a
25AC (fully swollen state), by fitting a sigmoidal ct
VPTT data were estimated based on he differ(efnicte in t
based on the upper boundary of error bars of each obs
boundary of the revatoiramaepsi mtf each obse

Aeolumns of the corresponding matrices.

® Y0 QB¢

0O & & QBY

Thwcoverage of an applied PCA is calculated throuct

more directions (components) wil promote broader

timacreasing t-hetthagcehef davar
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First Iteration (A) ©)

©) ’ (€)| Last teration _ )

Fi gurAe -K®2asns clustering example spanning from the firs
last iteration (F) (fully clustered da
1O(A) T T 2‘9
x .
no5 =
U) " J
0 PP R - ST .. . 0.9 | o O & O P oo poE oy L ° o
0 5 10 15 20 25 30
Observations
2
(B) ' 31
w S .
o o ° o 2
(D o) o D )
O il ¢ © 9 O o o ° - 1 | & O 0
0 5 10 15 20 25 30
Observations
FigurSequ>3:ed prediction error (SPE) for all observa
(swelling) space. The{ s®8+tihd ebslhaod kd )| ii me ecaecphs sbd eorcsks mpah e

showing the excluded obsemeariimg salagorai trlkem.ul t

WO
VEARA

QBY

APCA NI PALS Algorithm
No-hi near | terative PArtial Least Squares f(oNlI PALS)

calculating the PCA |l oading (P) and score (T) mat |
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one by one basedr remprtelseinrt iinmgpthleamd@p gimladul at e ea:
component, only the part of data that has not bee
NI PALS algorithm is quite flexible and also easy |
the measur emdgrmrt.s Jgries nmailsgsoirnigt hm i ncludes thHe foll o
4]

I OMe acnent er i nsgc aalnidn gu ntinte data i n each column (bas

60Choosing an arbisticareg ¢ohumnrfaodomhe sel ected
at | east one el ement of this vector needs to b

this step is a raXgoml y selected column of

ORegressing &@cehntcaml umn of

ROAssi gni nfgi tt hel de& earsepnttsh e f

SONor mal igitnwmguinhe value

FTURegressi nXapdhparowspadfat e etageh el ement of
J0Repeating steps 3 to 6 until thére are no subs:
KORe c o rpda.miayinn ittbkel umn of the P and T matrices res

AoDef | atdgprgnat hé x (i .e. the E calculXaghed tiheouweghv

components are calculated for the new X)

Step (i) prac®©tocmakebpomdansothhe variance that has

calculated components, such that for the foll owin;
A general summary of regressions agd!| bawi hige aNIdPAI
vectors is depicted in Figure S6. A note should be

tafks performed after part (A) and prior to part (B
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New Observation (Only Recipe) ==

Recipe Clustering [ |
1 Swelling Clustering D
| Which Cluster? |

| PLS Model |<—

Predicted Swelling Profile

!

Which Cluster? (C1) l

> { PLS Model |<—

Predicted Swelling Profile

l

Which Cluster? (C2)

Use C2 and Predicta New Swelling
Profile

Yes

Report the Predicted Swelling Profile

FigurSec h4mati c of the heuristic used to classify a
Ybased swelling cluster based only on the microgel r
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The general cadrecept befd PInS swadi on 3.2. The NI PALS
practical optiopsS,ahétcakcblobaminmng PLS al l bl ocks. |

scheme of-PlaS NdtPALSt ur e Akompoalaw!l avthiemge theand u ar

and p are the |l oading vectors corresponding to th
mentioned vector s, PLS includes another vector (d
bl ock variance to that of X block. The advantages

those discussed for PCA; however , [ IThhddl PAEBs t hr ou

algorithm fori mplSemodteed iaag ficl | ows:

I OMe acnent er i nsgc aalnidngundiatt a i n both the X and Y bl o

tChoosing an arbitrary column for u or simply st

(@]}

ORegressing columns of X onto u and assigning t|I
RONor mal i zing thsecaw evector to uni-t

SORegressing rows of X onto w to update the el emi
TORegressing columns of Y onto t and assigning ¢t
JoUpdating the u vector by regressing rows of Y ¢

KoChecking if convergence (i.e. no changes in the

iteration) is reached. I f yes, proceed to step

AuCal cul ating the | oading vector of X (p) by regi

2ubefl ating the already described parts of both

O ® o QBY
0 b o0 O QB/Y

1{0Recording the t, wu, ¢, wW, p vectors as the cor:
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foSetting the new X and Y equal to E and F and r

(this process should be iterated as many as t h
I n PLS, Dblocks of data are assigned to either the
available (or more |ikely to be available in the

futfu#llem addi ttihen ,X wWwHiolc&k has two | oading vectors (¢
calculate the corresponding t Jeotadr iwhi(lfeort meorpe

i nf or mattipdn),. 8rlef er

PLS and PCA both need to be trained using an avail
For PLS, once it is trained, these matrices are u.
observation. To do soirdgthebaapmesmscadaetdu misti ilgo o he
bl oak@&s age and standard deviation (Std) values; f
t he cor réegysaplomnedsi.ngTé&e abpuoedi muento rtnhael ni zbeedi duésri ga gY t he

bl ockds aver alge, athld St d values
0 @ ®w° Q/Y
) 0 0 QY
whezrze s :

&)
0

QHY

A schematic of how the PLS model was applied in t|
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U,— Y_1

Fi gurPeL SS7Tmod el components showing two PCA applied

2. 7. Met hods and | mpl ementation

Based on the provided information, there were 15
arrangements under three possible clustering pol i

approachi eve the maximum predictive power for the

I n this woirkeat hlet &dloastqgiuvagrNePBA L $lal allga@arsitt hm was e mp

PLS on all introduced datasets. The NIPALS algor i
applying PLS, as it calculates the PLS components
number of required compormanti ab(ies¢. tbi coeaercomei m

during t hpr aomoaedsd .l i ng

The number of compone~rdtest eirmmitnheids bpuap era tvhaess nmwats pird
NI PALS algorithm for each case analyzed, all owing
number of wvariables wasmermtasnngaendd uslimgt driifrigreanlti ai
minimizing the riskithhh dhef emndrt waenawios. Sin
calcul ates the <c¢ompo ngernetésh-ame ¢rovless,e dt e @& ingerewsleu
number of components considered only if the varia

than one; as such, if a specific component does n:
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this context, comparisons of the outcomes$iotidgf f.

of the moédelos died eoirtler | east much significantly

To be able to rigorously compare the output resul

procedure unbiased by the clustering policies,

training and testing observations was required.

through wWvaNM3E@,t iomrg ot her error parameters are high

i nput variables; as such, the modelling outputs

pol imeires unf ol ded to the original format (8 inputs
accordingly. I n addition, considering the | imited
in the dataset, comparni sdnustefri mgs plotl s curdermandi fofr

affected by how the observations were grouped i
if a certain group of observations ibegkohudegd

final comparison between different arrangements

observati oncsovnearye do eb yweclelr t ai n arrangement for mats

others; in suchah caser ath erwenabltiessthiscwfparninvoinl ege f
arrangements over the others. To further avoid
frameworks, we employed a Jackknife approach in
modes on the training data (and its evalwuation)
case. |In each iteration, one observation from t
as a fAtesitad dadteapmac ofs,t heach individual mi crogel
at | east once. This approach all ows all the micro

the corresponding model s without s eaeidnegs atghheg coabls er

representation of owureppmr oveeadurceo nesn shtew ttltye sues e d

FdTaking the original dataset in its original
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0dAppl yi-mgopassing on the data to exclude sampl ec
t he

heuristics described in the manuscript)

Oetermining the applied -bhasteclinbBapetinghudnelrt

RdEExcluding observation 1 as the testing observat

training dataset

SdaCreating all 5 introduced data arrangement type

PLS modelling.

TAppl yimegnk <cl ustering on the right block of da:

JApplying the PLS model (or models, depending on

ments and recording the model predictions for t

KApplying the corresponding testing dataset to
recording the model predictions for the testing
Addnf ol ding tdleups efdorcttede out put to the original
and calculating the model predi Rt i WESEp o were dfi att

values, etc.) for both the training dataset an«
edReturning to step (d), choosing the next obser\
the observations to the training dataset), and

19Returning to step (c) to change the clustering

f /i sualizing the model sé6 outcomes for al | case
performance

of the different modelling approaches.
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2.7.8wel ling Profile Prediction Quality

Figure S9, depicts the amMmsdeurcveedd dweesrwsed d iancgt walo ftid e
protonated state) and pH 10 (fully ionized state)
relevant quality omodélt meedictsalbiofi theofoveaah |l of
beftt curves shown are calcul ated based on the be:
data arrangements tested. Figure S10 dawavs t he fr

arrangement policy (B) yields the best fit to the
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FigurSeunBBary of the heuristic used in this work to eva
di fferent data arrangement and clusteri ng
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Abstract

| . o Validation Data bl
™ Itr2

I 2 e . o s I
I = Itre I
I .l Input1 i Itr3 irt Eaégglt'\mark I

- - PREPS Itr2 PREP Method
I Potential Design Space eore Itr4 I

(Ypre=Ydes)
S
In industri al product devel opment, latent variabl e
mul ticollinearity and small samptensl zembt edolwvg v g
uncertainty, particularly when identifying opti ma
product characteristics. This study introduces a
alignmenhcmaedrngspartial | east squares and princi

Squared Prediction Errors (pS®EPs)Ah and sgeucarne i dlyi gannn

prediction reliability. Theovem MRetliiabs | atg Enbhagc
(PREP) , a quantitative measure designed to ident.i
mod el uncertainty. Us i-bnags ealn ail geor a t ihwe o i tei nmeztaht oi

Knowl edg&SPSpaoeef{ficiently determine the True Des
outside the KS. Validation with simulated nonlinea
desired targets with signifinctanotnlayl frneewehro dist,e rpaatritoi

in which the datnmaaare ThegPREPnapproach thus provi

for improving predicti-drni vreenl ipprbdad u dty des icgonmp | cefxf, e
antleki bility in identifying optimal formulations
KeywoDasi gn space identificati on, Accel erated pro
assessment, Model wvalidation, Latent wvariable mod:
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3.1l ntroduction

Predicting reliable outcomes in product devel opme
especially pertinent for most cases in which a fi/
mai nt ai rdrainvde nd atoadel i nggappedacRhAemapoer i ssue in su
uncertainty in predictions for new unseen data po
solutions and design spaces. I n particular, stand:

(BP) and Standard Error of Calibration (SEC) oft el

as they are calculated based o 19 alrhdlse d atctke orio d esll

assessment makes it difficult to confidently trus!
design spaces for desired outputs e.g. the region:
consistentfigmuall ipyoduct hgpr operties. This concept i

Design (QbD) framework, as[ batidetli bgstitthel GElsQ§
mul ti di mensi onal combination and interaction of i

parameters that have been demdms.tr3gted to provide

The fundamental principle of | atent variable mode
(PCA) and Parti adt Hetastthe& quuamleesr (dPfLSUnder |l yi ng f ac
much smaller than the dalnibgris owietnhe a shuer egnoean tss otfa kdee
determination and has |l ed to the widespread appl i

Experi ments (DOE) methods that can also be useful

ensure desbnedofualLVMy avoid the | imitations of DI
number of input variables or process conditions t
number of expgdgrlibne83Htoavle veampldeespi te the use of | at
in a range of industries based on their ability t
validated method for assessing prediactteinotn vuanrciearhbtlae

model ing [f¥X,amwo& k 7]
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One major approach to addressing prediction relia
estimating model prediction uncertainty. Resear chi
i mprove model precisiemvahd,deé¢hieneangepmwediheini ovini
expected to fall. Equation 1 shows the gener al fo
prediction uncertainty estimation ackitrhedtsl yatdre mph e

variance in the brehgatssubseqguouentfliwilemads (to a var.
w T8 Qp

whetlr €0 07ishe regressionTdacse ft fhiec iparetds o xor "ivsa rtihaeb | e,
response paetdncthos hotation, N refers to the num
of predictor variables, and KAilndhiouagthes tt hes memkee.
that the variance i n prescitattiicsn iaccuwar aaay tiis ad fawsm
involves estimating the standard deviation of the

Equa2i on

00 w 0, 8YQR

whebes the prediction for a new observation, N is
df is the degrees of Uireetdloen sisendi fbiyc @ hee moa\wed |, fac

U)yws the confl[iden&le interval)

Estimations of this prediction error are typicall:
approximation technigues based on Ordinary Least

l i near i zestaimpd,i ngl EinGhySeei espressions primarily re

observation from the center of the input space us:
prediction interval; the greater tdhitshediwsitdaerrc &,h et
prediction interval. Prediction uncertainty has a
the estimated model parameters, the unexplained v
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the measurements off 9, hEOi]nreehda iscetaa rimeviahr o dasb,l eisn contr
that the regredependconenhfiocéeantygy ¢én t-bedeut paylsor
series eflwiatnlsiroenspeoct to y araound@dheheesuttéeng mpgde
f 1 w VW W , where J is the Jacobian mabTfFhe that ca
variance of the model parameters can then be esti:
di fferential <cal cull sl 4bi-Ra mpluicng vme taH g ,i twimish b o c
jackkni fing being the most common, invol ve creat.
perturbations to either the samples or their resi:
di suttriioon of the prediction interval across the inp
been developed to assess uncertainty in the model

i nt grlvbal 16]

Probabilistic design pplax]lesocbhr atsat Beady eaafi fhpealcreast sh 0
of fer a structured strategy to quantify wuncertain
probability, making them particularly valuabl e in
compliance are key cehbsbderbaaavensdsemWhisteatkdsstmo

(especi alilnye nisni olnbaw pr obl ems) and have beaaedhown

optimization techniques, they typically rely on e
met hodda;i osmdad 'y, whil e probabilistic approaches pr
under wuncertainty, their reliance on feasibility |
potentially |l imiting opeersat ilanmalt aftleesxnisbtiilnigtnye. o0Afs t:
probabilistic design space characterization metho
of i rft7/grheisgthl i ghting the need for alternative stra

identification.

A common scennasrpiacc ei nd edteesringi nati on arises when the

number of output variables that must be kept with
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regi
or n
find
val u
and
resu
Desi

prio

on within the input space, known as the null

o impact on[ 1 ,ReloTuhegupgr ivmarivabdlejsecti ve in desi
this null space, which provides the flexibil:
es. Numerous studies have sought ti oncahcelrdatae
propagating these unckrt&pPAal Des2ph a ek tthe steh e fif
It has typically been the identification of a
gn Space (TDS). However, even within this regi

ritizatitoneifd imeaedt!| vy pinpoint the exact desi

Tombdlntroduced a framework comprising four major

addr
unco
valu
t hen
(Squ
chal
dat a
t he

whi c

essing different situations: (1) wunconstraine
nstrained inputs withinettargptued wut puspeanfe:
es; and (4) constrained inputs with a targete
tailored to each case that emphasized the i m
ag cidc tPron Error) for all potential formulati or
l enges around design space determination when
set or closely r esehmbyl easl stch eh acvae icherattaiiom Idiantiat
algorithms often make it challenging to devi a

h can slow or hinder the effective expansion

wei ghtsobt and hard constraints to ensure that sul

prev
Furt
mu st

degr

ious ones or from existing obseregtessnison nmo de
her more, the valitdhd yasdumptiiso m ptphrata cthh @ ed d seisg
resemble the calibration data points, despit

ee of similarity required to juxntitfhye ismimei at i

Knowl edglel , Sp2éc, @ &2/71ly, none of these methods addres

Desi

gn Space is entirely separate from and does n
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present manuscript presvontld @& xtpeahmeqpuelt ¢ caddrrd o
often begin with an existing dataset of randomly

the KS is typicall yngdaedfaitraescetb aasnedd i sn dtelt ee ram insetdi u s

around the variation of the original data points

the observed data, but it does not Innrecseosnsearcia sye se,n:
true Design Space |ies beyond this predefined KS,
remain valid only within the KS and may not relia
cases, it i shessxmamnsailonoofguti dle KS in the correct
includes the true DS. Il mportantly, this expansion

optimize resource efficiency and minimize experim

OQur proposed method to address this challenge ai m
modeling via a more efficient identification of t

use by minimizing thet omurmbeaeah otf h es atngrl geest .r eRJRIE A eidt e

dataset in a rational manner, significantly reduci
conventional met hods and ulti matRdtyhdéowtehmhamgdaenae rec
solly on individual LVM alignment metrics (e.g., Ho
parameter referred to as the Prediction Reliabili-
monitoring metrics includingah®se onhgr HoeleéVamig {J:
covariance similarity between these metrics in th
serves as a robust indicator for accepting or rej.

t hee Ptoit a | Design Space (PDS) by focusing on subset
that <cl osel-pyr eadisetmdbd esavmplles to ensure higher prec
performance over time tonobfepradmoteooonstcetéentn
observations. The proposed method is illustrated

datasets, showing superior performance and fewer
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I't should be noted that the choice of Tombads fr at
this work was made based on the similarity of Toml
first identifying a memdetrherd dxpea rDekisn g nuBSepm cteh gtD
the region spanned by the DS. We acknowledge that
met hods that explicitly define the entire DS regi
met hods that determine DS feasibility by estimati
bl abcokx met hods that identify the DS through iterat
oncgea@ametri cal or pfobebi thet DS meghod,dan additi
teelect specific candidates for synthesis. PREP c
based on prediction -bekxiapptoaghe€od-inchreatelnfbevblragl

structure and often rely on gl obal-vdwuirdarhiliveen opt i mi

exploration, in contrast to our (and Tombads) met!l
approaches t hadripwimnmbdreiasiez ecdawoasaind refinement, w
against Tomba et al . ' sdrirwawere wophikl d dr@apg hyy,hagresurtihn ¢

relevant compari son.

The remainder of this article is organized as foll
This includes an overview of the PLS (Partial Lea
framewor ks, as wel | he modebcabsgomenf mbeerbavail il
(Squared Prediction Error), amdseldlat eandvtalmeiab | reelse
assessing model prediction reliability.hd®dwctthheon 3
Prediction Reliability Enhancing Parameter (PREP)
predictions are expected to be more reliable. 1In

dataset and the asseozamenty,of oi it 9oweegbge aonf exami in

datasets with four different target omewcbobimesedo b
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scenarios using Tomba's work. Section 5 presents |
met hods, and finally, Section 6 draws the concl us|
3.2Preliminaries

3.2.Principal Component Analysis (PCA)

Principal Component Analysis (PCA) reduces a dat a!
compodleinnsar combinations "@®6 ")t hHe roer,i gA mnraelp rveasreinatbsl
principal components or the dimensional-ity of the
di mensi odnalats rcaacpga ure key variance in the data. Th
enablinga¢fyfsiici ot i anerdependent data while retai
reduced repiesd@ntsaitmpolni f(iTes the dataset and preser
the most critical variance. The nEag una Bnjactwhhe nhaet iictasl

data Dblocking confHRiggwik(aet)i.on is il lustrated in
8 oEcET ATTMLAGR QD
where 0t KGBi € the residual bet ween X and its repres:

3.2.Partial LPaojeSgqguamet o Latent Structure (PLS)

Parti al Least Squares (PLS) is a predictive model |
data blocks, typically input (X) and output (YY),
components derived fromabaotah i minsc K :1 tRd. &h isg/ telait gtath g
generate T scores forotdeornepuftordatt me (Xyt mintd dlat a
coefficients P, the data can be projected from t he
Oo6"coefficients allow the data to be projected be

effectively capturing and reconstructing the key |
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and out ppuB8Pd]laTheeksy equations used to describe a

with the schematic of a PLS modRilgd8i{dh. i ts bl ocki:

@ oecel ATTEAAOR

@ oEcEl AITBRAGO

YO8’ Q&
G Ax QAR O G ax g

Tpi o0 @ NG aAx @ ABpi o

(a) |Principle Component Analysis (PCA) (b) Partial Least Square (PLS)
Data {’XJ - InPUt (X) TPLS - OUtpLIt (Y)
I — LS
Pois

Fi g83rRCA (a) and RLS f(ibg)urhbalta coknisn g
3.2.Ldatent Variable Model Il nversion (LVMI)
PCA or PLS models are predictive tools that use i
the inverse use of these models is often needed,
oOut pdeti)brddnd would seek to determine the input val

based on the number of components (A) and the num

1.1 f A < K: No exds@a¢€ikashbaaputhermddeksi NVagresicodu f in

i's cl ogs&eisdoi et O Y

2.1 f A = K: There i Spradesudadisad Nad !l «wtainorm ewh @reentY f i

mod e |l i nver si on.

3.1 f A > K (most commogrkdre Ml tadwp Itéh itrhputNulyi &lpdc

of fering infinite input solutions without alte

Equations 5 to 7 outline how potenti al i nput sol u

model [bl,2c3Kls 2 6]
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! Blzi 2 0 148 Pasgfrrio ARN8 U
| HEgaaol'@fhO AN g
| Bgiao 18148 P&PAC 3z , ANBY

whefrep 07repres@&nts otfhd he potentiYadsidppRpUandet vyi el

3t a 0%"represents an infinite -snpuanberwldr d tplod nuar iw

| atent spaceYphaistenno effect on

To proceed, it is essential to distinguish betweel
Null Space (NS). The KS represents the portion of
model devel opment, whddmbitrhat iDBn < otnlsdtstysi elfd i ampad |
based on predefined quality criteria. Il n some cas
|l ocated entirely or partially outside theaKBtduye

requiring rational KS expansion to ensure the DS
variations that do not affect the output, providi!

system [ @38pobSecan exist without NS if there is a

encompassing inputs that meet this range. However
present, DS becomes multidimensionalvalnudgshatl nt i
manufacturing, aligning calculated NS with actual
without changing product properties. This alignme

iterative expansitmn cionvemro mrleign eanrs dy ktedms cont ai nin

NS matches the actual DS. Direct model i nver sion
particularly with constraints on inputso(M)ionsth
achieve the same Y target. Exploring solutions al ¢
Tombadés framework introduced four[ 1sjcTemerfiiorss tf ogc @ n
assumes no constraints on the X variabl es, with t|
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scenar

i terat

f ou
high
to

add

inversion being appropriate. In the second
acceptable within a range, requiring exploration
constraints on some Yofi stleetXevardfiudbblyesri mpawhiiah I vy
inversion | ess practical and necessitating
constrained design space. We specifie®dldl y hffobesto!
result when there are no constraints, and the
this fourth scenari o, once the region with a
optimi zati oens cfrriabneedwoirnk Edguati on 8 i s suggested
existing data to be experimentally tested and
target has not already been achieved).

LEIG UAZRAG U ALAAS ¢ (1 OAISELG O0g6- G AR AR8 Y
0808
UAXﬂ4
dAX@LL
z @Rhge
i p i L
A4k T BTz "adezz #1106 Phehshl
whexies bav?di agonal matrix containing

(emphasizing th

ei rgreprad d esret 9§ mploe tvaeiceht

t he

wei ghts

anfd each

a

t

any hard constraints oan bésapgphbiredpooidti mgcablggkart
SPE and Hotelling T], allowh nfyr 6mrtheceptaeace ©he
Equation 8 introduces a penalty if the new iterat:
member or a previously suggested soluti[fe2@@]BAr mm e a
to prevent the optimization process from becoming
solutions similar to prior iterations or existing
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dynamically adjusted based on the proximity of th
suggestion approaches the target the importance o0
goal is to find cayndtildemtdekessitrhead owttp wtnlwalswmadsd s(ft he

also minimize the expected prediction uncertainty

Hotelling T] and PLS SPE (Squared Preadtircaiimend Ema doe
for new input data. PLS Hotelling T] (Equation 9)
within the statistical boundaries of the original
how '"in lIlineitbhheherewmodeaet asi sexwsting data structu
calculates the residual error of a new observati o

point can be repies€&€guadi mpiss BESeandaed Ov)all"ue of t he
observaYiont aemdst andatrWolden¥i .adAsons wdh,t hleovaer val ue

T] and SPE indicate that the new data align well

l i kely to be more reliahble.

30g06rBQUMIMW w T8 QK

(1 OAISES ¢ BLOFARS

3.3 Propdaveedhodol ogy

While PLS Hotelling T] and SPE provide wuseful ins|
model, they focus more on the compatibility of th
pat hway for optimizingute®owaTasadpreesd itchidse sliirmidt at
met hodol ogy that not only considers prediction al
refining the design space and enhancing the predi
met hod, we define an experimental space where the

with predicted outputs matching the desired targe:
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recipes are most I|likely to expand the dataset tow

Fi g&2 e

___________________________________________________ ]
Training/vall - Il Validation/Training Dataset [l Potential Candidates Dataset ||
e
Dataset oD H-PREP :
PLS Model Equation PREPFiered samples

Potential X Optimization |
Candidates Monitoring L-PREP |
(Theoretical MetricS rainig I
|

|

-

Centered and Scaled
PCAMDHI'GHH; Metrix data Absolute SPE of X
Candidates

Monitoring
MetricScangidats

Data Filtering Based on:
|SPE of potential CandidatersScentred scatedl < 1

Fi g8Z e Schemati c r epprroepsoesretda tPiRoENP onfe tthhoed . Bl ue boxes den
for which the actual Y values are known and used for ¢
dataset of potential candidates fcarndwhiadh sonmuy tX bwa Ir ae

candidates selected via the PREP method to be

This process is repeated iteratively to refine th
|l evel of accuracy. Our approach keeps the rules u:
Hotelling's T] andl|l $PBemvelaesnghnkew daeanpbdbimnes by

similarity between differeptrenmodeledalsiagnpimenst amonig |
(or validation) dataset and that of potential fut
3.3.1 nvoMeddlli gnPernamet emistBaaldck € at i on

To i mplement this process, a standardsPLBeimgtdbbr s:

calibration dataset aQoq&f(aRtsp®ingdhey Tbi sheppaongehed

dataset size while increasing the I|Iikelihood of «c¢
near the area of interest. Typically, k is set bet
of ivmputabl es, selecting more neighbors may be nec

the number of nearest neighbors chosen should not
adequately explain the mofdetti wahedsisf chegenebati
is particularly crucial since the model will be i

out pudt s 2Ngxt, two additional pieces of informatiol
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alignment parameters (calculated using only the X
validation dataset that we call the Monitoring Me:
accuracy of t he nsadeeplF i2g@iahteh el sne oduart anseetthso d(, we ut i |

mod el alignment parameters, al/|l of which assess m

APLS Hot?el ling T

T ConcepAts previously mentdonrea ,i ¢ hae MRWLISt iHoa reil d ti e

assesses how far a new data point is from the
data in the | atent space.
T | mpor:t alntcecaptures whether a new data point 1is
training set in terms of its position in the |

APLS SPE

T Concepithe PLS SPE score measures how much vari a

by the PLS model. While PLS seeks to explain t

guantifies how much of the original X data is

T I mportanscsédows how well the PLS model represent
APCA Hot%el ling T

T Concepti ke PLS Hotelling T], PCA Hotelling T|] n

center of the datads distribution in the PCA s

relationship between X and Y butvasriinpnlicye riend uxc e

(Equation 11).
(1 0AIsEL ¢ B4 g

whed gri s 'tshceorae v a'lbbes eafv atvlie nit medst andair™ devi at

col urmfzgsof
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T I mpor:t alntcehel ps assess whether the new data poi

found in the training X data.

APCA SPE

T Concepti ke PLS SPE, PCA SPE is the squared erro
in the PCA model |, measuring how much of the va

by the principal components found in the train

YOO, QQUMI® & T p8bad Wi Qra OSZAQH C

T I mportdn®dB&E is high, it suggests that the new

training data in terms of its X features, pote

APLS Alignme}@t Score (h

T Concepithhetlati stic is a quadraticpiEnedmr @ahfsft dremead
by the PLS score covariance matrix. This metr.i

variables fit within the structure of the exi s
Bo.an. @ippaY Y  Q@igpsk QPO

T I mpor:t alntcecaptures the alignment between the n
A hipghhahue suggests that the new data are unus

model, signaling a potenti al reliability issue

APCA Al i gnmeht Score (h
T Concepdtekbeuth cal cul ated idw a@lhwee PrCeAf Isgpatce , h d v ewel
fits the principal components found in the tra

principal subspace of the training data) (Equa

Bowah., Qihrdoidba® Qi QP T
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T I mporthexphoa@i cates whether the new data align wi
hel ping to identify -oeplreeestetdabymtpbt PCAt mbd

The_ghar ameter thus evaluates new data based on t he

new data align with the model 6s explepapmat yohookst A
the structure in X without any regard to the resp:
alignment metrics?c@iptuamrddtiid eemne¢l laispgcTs relate

particular dataset. f Hohteelploiimmg T |s ffo cougshetfeycpo sc ablo wd a t
t hael i grorhenthe new sample with the | atent structure;
as a geometric measure akip.athnagcthhal Mabhel ahebf st dga:
projection consistency within the model 6s | atent
from a different perspective: PLS Hotelling T] ani
relationship, BCA HdAhtelkl itrhgeg WV]jard mdamaecqgt owmwctdere of
more detailed assessment of fit within the define
comprehensive evaluation to ensure all aspects of

predicted samples and for a new unseen observati o

The final step in preparing this block of model a
subsequent steps are not influenced by difference:
the 95% confidence d iPfGA sSFEoranbdo ttho ttehlel iPnLgS Tajn ar e
columns of data. The data are then divided by the:

considered with a higher €Ebantbaeohl | geamgpghr €dict dbr |

each column's maximum value is deter mined, and al
them by this maximum. This normalizati At @mr epar es
preparing the initial data as described above, a
accuracy for each member of the validation datase:

recipe. To achbeve wuhibkiz&duation 1
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R B ui
DI QU E WWwW
‘ Q Wp @ .
L P TTOTAl BUAGED Qp v
0
Here, L represents the number of output variables
dataset, lbestpontfvesiedkebea|t pbrudnheofF the output

training. The;andiogmst ifrog ftahcet oprr ivor i ti zation of

I nstead of normalizing the Y values initially,

accuracy is minimallyftalueated Ny Thiessappeoatht al
bet ween the actual and predicted values to be rep
inntbpast, normalizing the data wupfront could intr

di sproportionately higher compared to those near

value for Y data withdmuégatilwvecwdlumas faod gaonr ypn

of the prediction acdb(rpaooy emdt rpirce ds pcan minng tfor dm ( p

To gather these required blocks of data, there

1. When the dataset lis tshiff i caseatltyhe adgtta can

for developing the PLS model and the other

aforementioned model alignment parameters ar
accuusicyg the actual Y values and Equation (15

2. When the datddet hies damalslet i s too small to
outset, the final results can be highly sensit
jackknife approach is recommendenkt,i n hwehitaohi mred
mo de |l is used to predict its Y valwue, and t
model trained on-ntelag efsul In ed agthabsoets ) ( wiotuH dk b e
potenti al candidates.
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3.3.0ptimization Framewor k

Next, a correlation structure must be developed 1t
values and their respecthkiveddpe elldeni ohybnguthicses!

the use of an optimization algorithm to deter mine

specified in Equation 16. The objective is to con
predi ctaicoyn aacecuarssi gned | ower PREP scores whereas

assigned higher PREP scores. The optimization fral
schematic for thEi g8*al case depicted in

0'YOUAET OAI F GO A& T OAT BRIABOIE A &Eois Q8 ¢
i ETOMOME QOIQU i QOD 0 BB YO Hhe 0O i (:)'Q‘I'Qﬂ) X

L
oNv ™ p

ny m p

I n Equation 17, the cost function of the optimiza

be groupedtiemgtoa i tevwgo

1.Data Linear Distribution Forcers:
These terms aim to align the PREP scores with
ensure that samples with higher predictive rel
assigned | ower PREP scoresewhiel @ilgbes PREPabke
alignment ensures that PREP scores reflect how

reinforcing the correlation between the PREP ¢

2.PREP Range Forcers:
These components ensure that the PREP scores r

the dataset, maintaining consistency between t
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comparability of PREP scores across different
should have a PREP score near 0 (indicating hi

uncertainty should have PREP scores closer to

The ranges for the parameters ¢ and p are defined

they are selected in the range of 0 to 1), aligni/
alignment metrics ctoiroFnesg.pdpea do vtiod epso car esrc hpermeadtiicc r e p
i deal results from the optimized PREP equation, i

optimization process.

Prediction Accuracy (PA)

PREP Score

Fi g83%A& schematic of an ideal PREP equation optimizati o
algorithm for the cost function

Considering the nature of -bheedptlmbrzat hmnwpsoaés:
gener atebepltiignti zefd tpar ameters and mani pul ate them
possible values. Amonagl tahleg otrwot hoBie ntehne ¢tnhohdstg Opi rieal datm
and Particle SwarwmeOphomezanbdbioge(PBO)PSO approach
comparable to GA but was simpler and significant])
"paeti €ECpotenti al solution) adjusts its position wi

the best position it has ever been (its personal

been (the gl obal best})joandf (&bviementur Wenhh dach |
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its velocity and position based on these three

cr

the search space) with exploitation (refining kno:

solution space andtcealvetgentowasdmihg bbhat their

an optimadt iomalneragsul t .

For new candidate samples, PREP scores may someti |

as Hotelling T]) can be significantly higher fo

established during theeintiitaillalt omed@lhatsn aienitma@.t

r

It th

intenti onavbbhmpbebeat seach iterati onPRBmM)e awid hone e

with the hi ghPREPPREPhssesodaall Hsel ecti ofPREPr vess ¢ o
choses &rpected high prediction accuracy, as it cl
cont rr-RRER @M ays a cruci al role in expanding the Kr
conditions it has yet to enhcoaanhiceeveimpeovanget he!t
in cerdvpiantcaséarly when the target | ies far outs
closeswPd&®&mmloel®l s may struggle to achieve reliabl
accuameryg the validation dataset being | ow. I n suc

making it even m&PREPcesampbhkestbosplrembtBE KS expans

|l i keli hood of reaching or mdvindeclPREPr atpprtolae ht a

enhance the model 6s generalization and adaptabi

(.

achieve a faster identification of the design spa:

3.3. PREP I mplementation for Design Space Candidat e

Foll owing the optimization step, a PREP equation
specifically tailored to the dataset of interest.
process, using val i dnaitnigo nd adtaatsaepto.i nAtss af rroens utlhte, ttrhae
reliable indication of the expected accuracy for
modéeh.the subsequent step, it is necedDsSagr whtiaew hdef
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can be represented as pledFdE0ERCll €Il NQuahy spraeedi ovti
(Stepi 4¢48)e When such a null space exists, it theo
infinite number of samples depending on the step

make this step practical, weitghendrsadte tao |1 20n0 twide n |
|l ies within the bounds of the X data and to 20 wh
optimization to generate feasible cangdicdiageaads The
close as gqoshidlee maonYaining sufficient different
region or | i st of candi dates is established, t he

model alignment met rnieqpsF3fgdsil) et hidsien ¢ atnlde dap teismi( Se d
the PREP scores for each candidate are calcul ated
candidate recipesPREPraPfRgEPHdicog etso arlrethbhen sel ect

initietatikhe proceds gtHteeps 7 and 8 in

3.3.Refinement of Design Space Candidates

I n our methodol ogy, we ensure that the model al i gl
those of the validation dataset. While previously
same structure akadgheesyxndd dlay | SMEVearipde sHEdotrent [Frnign cTi)
Component Analysis (PCA) on the various model al i
and use the resulting model to calcul ate tlhe SPE
alignment meRirg3lse (\8d egpp®l i nabsol ute center scalir

candidates and retain only those with a scaled SP

candidates to be filtered out while ensuwihd that
of the validation dataset. Candidate recipes with
nor mal X candidates for the given target, reduci n

mi sl eading PREP sw®woridsertalhdtv ec pulodt esksew nt mn undesi

90



PhD Thesis Seyed Saeid Tayebi; McMaster UniversiGhemical Engineering

3.3.4terative Execution of PREP Methodol ogy

To summarize the proposed PREP methodol ogy, the fc¢

achieve optimized model alignment and accurate pr.

1.Sel encetarkest neighbors to the target and train
2.Calculate monitoring metrics and prediction ac
3.0ptimize PREP equations using alignment metric
4. Generate Potential Design Space (PDS) candidat
Ypredi@ch diesYorabl e
5.Calcul ate Monitoring Metrics for all PDS candi
6. Refine PDS based on the metric alignment.
7.Rank the refined PDS candidates based on PREP
8.Sel eRREM &REPL samples corresponding to the hig
the ranking.
9.Synthesize and characterize the selected sampl
10l.f the target -nsauprpmét neupgptbhbesthaedkiterate un
The authors developed and i mplemented all model i ni
were executed on a system wiltll65&6w 1al t2h 8@e&rHz I mptr @lc(e

GB RAM. Each it er ataisoend, oipntviaiiveianagi bao nBEHA D00 i ni ti a

repeated five times), required ~30 seconds; as su
consistent with its primary objective being exper
speed. Whitlae dh imghmer odhal ity may require more neare
the number of decision variables in the PREP equai

in higher di mensions.

91



PhD Thesis Seyed Saeid Tayebi; McMaster UniversiGhemical Engineering

3.4 Model Assessment

To robustly evaluate the effectiveness of our met|
tunabl e | evel of nonlinearity in which the under|
towards a predeter mimedf camgredce whSpecimbinc alolry ngsir
dataset analysis was to assess how quickly our me
a relatively complex dataset and the equhéion tha
complete set of potenti al process outputs, establ|

actual outcomes of the methodbs suggestions, gui di

Five datasets of varying complexities were gener a
presented in the main body of the paper were chos
first dataset exhibinttiamgty Igewenmr alt edelusafmgnami gon

i nput variables, and the second dataset introduci

o
-
—
-

igonometric fuhatwi erprasdi compteaxpoiwegtisnt &

remaining datasets, discussed in the Supplementar
nest ed gpwwear ms -dve pdndant adxXponents, resulting in
nonlinearity; taihoorpbrdatetaseti gbadmem rfiumn,ctdaxmasne

adding periodicity, oscillations, and greater co0mj
vari abl es; and a fifth dataset t-rhadt ctoembmsn@du sii magl
moderate nonlinearity while maintaining a simpler
these datasets ensure a comprehensive representat

of complexities.

For dataset creation, we imposedwdrimdtacemasi on a-i
provide a realistic range for system outputs. The
2, respectively, tofemmohlled \piegd alr maemgree daumti antgi @®@ra c

demonstrate the method's ability to handle the mu
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i nputs than outputs) increase the |ikelihood of a
theoretical design space that can be rationally a:

candi dat es.

It is worth noting that, although the entire dat a:
were randomly generataorilnd saemacavs o weilcdcitsam
either exp-eanBsumitohge. tpFroeesent case, the number of i
maxi mum number of PLS components to 3. To allow f

|l eaving out one data point for wvalitdaasi omear eastt | e

nei ghbor s. From the initial 30 samples, we there
for model development and identifying the design

i teration, trheei ghebtorosf i5s nwepadreetseed. | f the newly syn
neighbors, it is automatically selected for the n

the new sample is added t o tshemebmbneerisg hibsorr asnedto na nyd
This approach ensures that iterations do not get
if the previous sUd@gé&dpe oni dvas @ udolpe mantail c over vi e

simulated dataset was wutilized during the iterati

'. s -, Bin & 2 De ks ‘. ‘m Suggested Recipes(Xi)
PREP method

| Adding X; and Y; to the Training Dataset |
tNo
Calculated Y; |—>| Yi=Ypes } Yoo >} Target Acheived

Dataset

equations

Fi g84a®chematic representation of the simulated dataset
of previously reported optimization techniqu
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I't is important to note that interactions between
modeling framework, which identifies |l atent varia
and Y data. As PREP i s ntmprdwanesitye dr e ftiereast itvhed yma P
output variabl es, effectively adapting to variabl
capture complex nonlinear relationships wiltfkiin th

i nteraction ter ms.

To comprehensively assess the performance of the |

di fferent targets are selected for each dataset;

conventional mo d e | invedsiepo(Meéd byg WembaaGsdcdmrar
evaluated based on the number of iterations each
herein as PA > 95%. I't i s important to note that

wiitdh the range of 0 to 2, making the direct applic
however, to maintain the wutility of this method f

suggested X value beltowb®vies 2séts setOtan@.any val

It is important to emphasize that, unlike the MI
sampl es at €eREP i(twehri a&thi ars: alssoci ated with- high ex
PREP (which presents a isni gomiofxiiamanty Iteov élh eo ft aumgedr)!
facilitate the model's ability to identify critic,
arises if, duringPRBER dPiRdEPXH siatmpl &tsi adre molmstth alt e co
accuracy, an outcome that could signify that the

the final iteration. Such a scenario would not on!
relation to the tapoetuoiatpets WHotr d&dluso hereadpe i onp z
incorporating secondary c onsdfdfeercattiivoennse sssu cihn taos tthie
identification process. However, to ascertain tha

synthesize samples with PREP scores that more cl o
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supplementary step would serve to validate whet he!
entire design space or if additional exploration |
3.4. First Simulated Dataset
The first dataset used in this study was generate
For X data:
8oax | GElMO o o R
For Y data:
& OEL®d zOEL®D zOE+L®

@ ¢ @
® Al 66 zAT 6d zAT 6k

Q @ @
From this function, a training dataset of 30 rand
target points were selected with a focus on regi o]
completely out &ii g&5(@h. e Trhaensgee s(pTexx)i f(i ¢ areas are of
they align with the primary objective of he PREP
coverage by |l everaging covariance si mi aarnidt itense b e
calibration dataset. To ensure consistency and el |
and target points were used across all three met h
PREP) .
Tab3ler esent sg?ldrmd®vBLE8eX for the entire dataset tog
separate PLS models developed using the five near
Yr’i's observed when using the five nearest sampl es
30 sampl es, consi stent with a smaller number of S
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describe with a Iinear model
Fi g&5bd dpresent the TDS (all
within a 95% accuracy range

of

compared

combi

to the enti
nations of X dat
he targeted Y) 1in

of how closely each target 6anTDS8 heael iagrcse pwiatbH et hXe s«
(bet weenFiOg8atetli Z)p;l ays the projection of this TDS
entire dataset to more clearly ndicate that T2 a
or entirely out Fi d&5bdafe)sihtow Cdlalte dathievdaliys,tri buti on
projection resemble a curve rather than a straigh
- Possible Y
© Training Dataset
*T1
2 T1 Neighbors
o = T2
” O T2 Neighbors
T3
T3 Neighbors
?| Y1
m' oooouo o0 Dao- o] ODO m*o ' o :;Om °, ooo
> w0, © OSSO ° x 00, © 940 se ° x 0, O ©g° ee °
w o o o o o o o0
T| X2 X1 c X2 X1 d X2 X1
o oy -~ ° |+ T1TDS
g . - . 5o % * T21DS
2 - o °0° & o T3 TDS
= T -’ --|----Confidence Limit
e T, score
Fi g85Ri stributions of the first simulated dataset and
along with corresponding WgamM®sSt fowei gAbe¢bs ,f a2 €agh ta
space; (e)f Peraocjhe cTtDSonfrom the second row into t
Tab3lekR] values from PLS conducted on the entire dat as
corresponding to each target for the first
PLS Nu Entire D T1 Neiglr T2 Neigl T3 Neigt
Compon RX ( R¥Y¥ ( RX RZY ( ( RY ( RX ( R (
1 26 82 20 85 49 40 49 40
2 58 8 6 53 914 95 54 95 54
3 10 88 100 95 100 99 100 99
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The results for all tar geFtisgdd.cerFocsrs

anticipated to be the easiest among t

space, the Original MI and Tomba

iterationswhréspebei PREY met hod al

However, for targets T2 and T3 that

he

t

met hods

so achi e

wer e

hr ee

reached

ved t

he

expected

considering the projection of tileigioatr Mspdbdbadied

approach the target and Tomba met hod

for T2 and 17 iterations for T3.

on the calt bamd itomedatmcetkel sd6 mor e

Thi s

mad e

S

onl vy

conservative

mi

contrast, the PREP method effectively -groem&kii dteea ¢k d

validation samples, enabling iand ot hgws chkilty

formulations in 4 steps for T2 and 2

target even faster than T2; we attri

val ueshaitn cTa2usted t he generated PDS to

steps for

be

bias in the | ower PREP scores assigned

present in T3 given i tgs ddatsatsaentc.e

97

from

t

but e

this

mor e

t o

he

S

tad rl g arte t 1h,0 dveh iaa

tar

!

OwW progr e:

ar

1

tmoev et ar

T3

i mi

sampl es

ent i

re

res.
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ﬂ Original MI (5itr, 97 % Accuracy) b Original M| (51itr, 85 % Accuracy) ﬂ Original Ml (51itr, -2.3 % Accuracy)

itr 1 itr 2 itr 3 itr 4 itr 5

Tomba (4itr, 96 % Accuracy)

50

Yacma\ Vs Ydes
Yacwa V8 Y

0
itr 1 itr 2 itr 3 itr 4

=_JH-PREP| pREP (itr, 99 % Accuracy)

100

LSS S
&

NS B A N O A DN D LA DN DA
ST T A TS N NN AN Y Y
SR Y SRR R R Y & &

%
%
A
p

b
%

R

100 PREP (4itr, 98 % Accuracy) 100 PREP (2itr, 97 % Accuracy)

des
S
S

50 50

Yaclual VsY
Yaclual Vs Yde
YaCI\Jal Vs YUC‘

itr 1 itr 2 itr 3 itr 4 itr 1 itr 2 itr 3 itr 4 itr 1 itr 2
lterations Iterations Iterations

Fi g&GRer formance of different methods in reaching (a)
The first row displays the results from the Original I
Tomba methodrownidl thettatied the results from the

Fi g8#%per ovi des more insight into how the PREP metho
row shows how well the validation dataset aligns
T2 coupled with the rangeeclfi tPRrEaPt iscro,r eveh if log tthe 9

the projections of the PDS and TDS into the | aten:

the iterations (only the first and second hRiLrSd s c o
score omitted for simplicity). Note that while th
the iterations, the occupied area of these sampl e

is far from accua agenpyl ase;prewernttilmeg ddwrsse of the
the TDS samples in the |l atent space is significani
systematically approaching Fhig8&#fperpeasceent Tthhee tahc truda I
of the PDS plotted against their prediction accur
the actual Y values of the PDS versus T2 sorted b:

objectiveoodchWiREPeigodbd perfor madsuwgSsecdenx ptelte etdh it rod cr
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mat Gchevil N cases in which there is a null space, t|
for all capdimdBdi.e sHowever Y in sityattF.dusdwherote san
satisfy the constraints on X, t he PDS consists of
YpredVcadaues are as close as possible to T2, a direc

the cost function i §rebtaeeeTd2 otno tt thees o bowtima tt sy oif f fyer

already suggested.

As shown in the first iteration, the plassimoeidel i
with an.aver ags a¥ceuracy being |l ess than 0. 4. Howe
al | PDS samples fall within the TDS of the target

expansion enabled by PREP and i ttsr eemad iidn ttyha nf d thret
demonstrates a decrease i n prediccotnifam ma cncgu rt ehcayt (PR
effectively captures the underlying characteristi.

on their prediction accuracy.

3" [teration 4 |teration
.‘—'—'""—'-—o--_.
b o |

1

e Training/Validation dataset
s Potential DS (all)

L
\ \ s + Potential DS (fitered)

* Picked Sample(L-PREP)
- PREP Score - Picked Sample(H-PREP)
—PREP Fitted Line

/

© Training/Validation dataset
- ---95% Confidence limit
| = TDS

T, Score

\-

'\-

PDS Candidates

i

0

)

J
)

LI Yar.‘.t Vs Ydas Yacl Vs Ypre il T1 Score LI PA

Fi gBtRREP iteration results fromifsetssimolbaed daemnaei
of the PREP optimization and its alignment in each ite
| atentnspach iteration, focusing only on the first and
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(c) comparison of actual Y values, predict
dict

c d Y values,
(top row) actual Y wvs. pre ed (

e
Y; bottom r
To assess the robustness of our method against val
30 times, aiming to reach the same targets. For e,
for each met hod t ol 2ac Hli3de v efr $tg8ch) @way Bt e semMls a

comparison of the number of iterations taken by e
strong robustness of the PREP method with differi|

T
Il Original M|
Il Tomba
I [EEPREP

50

=~
o

w
o
T

18]
o
T

Number of Iterations

-
o
T

T T2 T3
Target

Fi g3#& @omparison of the performance of di
b

ferent method
achieving the sRME}TUsI gt yashows icmal i t

ion datasets

3.4. 85econd Simul ated Dataset

For the second dataset, which introduces slightly
with the following equation for Y data generation:
PAPOOELD 20ELD 20ELG

¢ ¢ ¢
DAOOAT ©® zAT 6& zAT 6

¢ ¢
nNoi oM ™Y L T L oBW Qg
nNoi ooy T O T8 08w  ¢RW
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nwio

hd)ila) ENAE TS A
nwid@pul o

wher=e 47Ta&nd®d. 2.

For this dataset, which was designed to exhibit a
highly compl ex mathematical relationships-such as
|l aw expressions with iamrt eredseud & mdrevmetBr@eckobmsree rveesde s st
three targets along with their TDS and projection:
associated with each target and (based on the di s
nonlinearitValBRagaendahawett he benefit of consi del
neighbors for each target rather than the full da
capturing the variance of the data in the vicinit:
- Possible Y
o Training Dataset —
+ T1 L
2 T1 Neighbors (“L
- * T2
> O T2 Neighbors
T3
T3 Neighbors
TI Y1
ooC’BD'~ DC.OODO - D:’OOO
Q’OSOOQW%~‘ 2 o ©0° 9 ‘::ﬁ;o 2 000 00 ‘;:%}%D
V o °© o o
?] X2 X1 T| X2 X1 d X2 X1
* T1 TDS

T, score

* T2TDS °%y 0 o \ ) N
o -

.
e

T3 TDS ° o o 4 0

-~ Confidence Limit] "~~~ ° o do"

e T, score

Fi g&%%Ri stributions of the second simulated dataset and
along with corresponding WgaM®dSt fovei gAhbg¢by ,f a2 €adh ta
space; (e)f Peraocjhe cTtDhSonf r om t he second row into t
Tab3d2zeR] valroemsPLS conducted on the entire dataset cor
corresponding to each target for the second
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PLS Nu Entire C T1 Neiglt T2 Neiglt T3 Neigt
Compon¢RX ( R¥Y ( RX ( R2Y R2X R2Y RX  ( R2Y

The

r

e

To

Or i

e X

c

0

ac

( %) ( %) ( %)
40.( 61. 78.( 35. 71.: 66. 51.. 69.°
72.! 62.1 93.1 79. 99.1 90. 94.: 89.

100. 62. 100. 99.. 100. 96. 100. 99.

results for each ofFitg&®t Asewi thr gbesfarstpda:

hes each target within half or | ess of the nu

mba met hods. Of particul ar not e, for T2 the PREI

ns

TDS

f ast

met h

of fe

i nak eMl 10equierations and the Tomba method req
rvations can however be made about the differ.
nd simulated dataset compared that hwadisisgnisf i
ide the range of the original training datase
target in 10 iterations even though it failed
| isneddrs.crTehpiancy arises because the average va
set were [1.75), 1.75, 1.75] whil e the same va
, 2] . We manually set(@&)heb dunddrmiads MIh esrueg\gesrs t ti
eded those | imits, as we wanted to keep this
traints on X. This manual adjustment wulti mat e
afhperdodacthe boundaries, enabling the Original M
er based on its ability to reset suggestions
ods (Tomba and PREP) aree RDS swirtahiinne dt hteo rsaenagrec |

ring them no guidance or bias toward the edge:

Tombads method exhibits a more conservative trajecf

consistenal wet hi hbeememnts in prediction accuracy |

t

o

PREP. This fundament al di fference all ows PREP t

progress toward the target at a faster pace.
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- b .
il 100 Original Ml (6itr, 96 % Accuracy) 100 Original MI (10itr, 97 % Accuracy) d 100 0riginal MI (10itr, 85 % Accuracy)
"
>-g >-% N I
I o
= 50 = 0 —
] ]
= =
g g -50 I
> >
. . 0 -100
itr 1 itr2 itr3 itrd itr5 itr6 _\\\'\ _éﬂ,_{s"b \\\b- .\\“’J \56 \\’\ \‘% \\D: 2 \\ \\"I. \\“: \kh \“o \\ \\ ‘:‘ ‘5 \

100 Tomba (8itr, 96 % Accuracy) 100 Tomba (15itr, 97 % Accuracy) 100 Tomha (10itr, 96 % Ancura':y)
2 2 4 2 ol | |
E g 2 -50
- > =
0 -100
itr1 itr2 itr3 itrd itrS itr6 itr7 itr8 _\\&'\\\‘q,\\\'h b&%$b\\‘“\\\(ﬁ $1\’;‘.&$.@$\;@ _&N _\\\'L \\(’5 \\xt‘ Ry .\\x% _\\‘Q\\‘.\Q
[ L-PREP
I:mIUH -PREF| PREP (3itr, 97 % Accuracy) 100 PREP (5itr, 99 % Accuracy) 100 PREP (ditr, 99 % Accuracy)
2 . I I 2« s o g
3 3 3 H
8 g 8 -50
> > >
0 0 100
itr 1 itr 2 itr 3 itr 1 itr 2 itr 3 itr 4 itr 5 itr 1 itr 2 itr 3 itr 4
Iterations Iterations Iterations
Fi g8r@®erformance of different methods in reaching (a)
dataset. The first row displays the results from the
from the Tomba nreotvh oidl,| uasntdr atthees tthhier dr esul t s from th

Fig8&X¥rovides an overview of how the suggestions 1
facilitated the expansion of the dataset from the
| argely invalid aroundibhe déeswhedhapeanttal mbset]|l
of the TDS; achieving sdicheper modmanece pwietskens scla
the PREP met hod. Anot her noteworthy point is that
organng PDS samples by their PREP scomé¢sceialclhustr a
iteration, the method suggests samples that are e
t he model accuracy. | nn ss oinret @ mdset da ntcae si, mprheev esdu gngoeds ©
moving closer to the desired target. For exampl e,
demonstrated the expected trend of declining PA wi
acaluly i mproved with higher PRREPsemeegelDhas, tihre Ik
choice, underscoring the advantages of considerin;

for future 1 terations.
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18t [teration 2" [teration 3 |teration 4t [teration 5% [teration
«3

% ee o | © Training/Validation dataset
< - 3 = Potential DS (all)
o w——— > Potential DS (filtered)
* Picked Sample(L-PREP)
?| PREP Score R Picked Sample(H-PREP)
—PREP Fitted Line
% *p°° T bmg o \u)’ o u‘Qﬂ R %, © Training/Validation dataset
- ° o R S % 7 ||---95% Confidence limit
- - L/ L + TDS
ﬂ T, Score
‘- hm
>
ﬁlm _____________ “ _________________________ l “ _ ______ | -
w
>
B PDS Candidates
Fi g8l PREP iteration results from first to | ast iter:
out comé R&fP tolpe i mi zati on and its alignment; (b) the pr
space in each iteration, focusing PREP iteration resul
dataset: (a) theiontzadme nofantdhe tBREP igmtment ; (b) the p
PLS | atent space in each iteration, focusing only on
simplicity); (c) comparisos, odnacT2avalNuesl es, ablFeBD
PREP scores: (top row) actwual Y vs. predicted Y,;
To assess the robustness of the PREP approach, we
the second si murlaant eeda cdha tnaestehto da ntdo raessess how many
achieve the desired tamRrgegdr2wThd PREPrmestuliacd ag&ist
demonstrated greater robustness and a faster iden:
met hods with all three targets, again confirming =
identificatéeafondiofvfeer entr ainmgiet i al datasets.
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25 T T T

Il Criginal MI
Il Tomba
[IPREP

L
o
T

-
w

—_
o

Number of Iterations

9]

T T2 T3
Target

Fig83r2€tompari son of the performance of diffameénPRER)Y hion
achieving the sRmME}Iueal ggt yvashows icmali bration datasets

The Supplementary I nformation highlights the si mi/
across three additional simul ated datasets design
complexity and thus challgeghgeathieghlopusdomleisse adrf d:
nested gpwwear ms with interdependeiiS3)e;x p(on)e na sd g tEagu
combining trigonometdiaow, texmenent hali htamndepewernc
(Equatiors iSA) ; Fagdr (3) a moderately complex dat a:
and srqaatr ef uncti ons (EU)ati PREP SBqgn Fii gtue retsl yS8r equi

iterations compared to Ori gi naavle rMlg ea nodf T30 nmboa,1 la cihti

whereas Tomba required 10 to 25 iterations and Or |
PREP demonstrated greater robustness, as evidence
anal yserse.s ullhtessehi ghl i ght the efficiency and reliab

datasets with diverse complexities.

Coll ectively, the results from all simulations suq
compared to previously reported methods due to it:
closely with the desiaepotamnpgical pdopesitdesof Holwe v
aggressive approach is that there is a |l arger ri s|

solution |Iies close to existing datapointesg While
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those with datapoints near the target) showed red!
remain a consideration for future applications. |-
making twoPRBEBMpdPREPH L penr wihteareaatsi ¢ he ot her met hods
sample be made per iteration. However, i n most ca:

faster than performing multiple imoa@rdt nge s¢ eplses

further mowren if the performance of PREP was assess
the number of c¢cycles, it would still significantl:
I n practical applicativansu,abPRERP ocdodulnd ulsda rp arlt ichuwall

formul ation optimization and pr oduc tphdaersmagene urtei gcuail:
devel opment, drug f ermmuwladt iparo,c easrsukosk laimmp énwahni crchd | hai t gi he
and | imited fundament al understanding make tradit
dat aset expansion toward capt-aeffhgi ehe drReEPaatolées!
enhaexpseri mental efficiency while ensuring reliabl

The number of input dimensions that PREPeicambddrand|

selection is basdd varmr itatbd ersu mpbd aurs d fwol; athemwever, t h
higdhmensional datasets remains an open area for f
especially valuable in scenarios i-aiosmhmi aly sardp It é e
number of available datapoints is thus very | imit
dataset iteratively starting with as few as five
paper) with @ of na dméil t ineaméble samples, guiding the |

o

esign space that encompass the desired target pr .

3.5Concl usi on

The proposed PREP method represents a new approac|
are expected to be more reliable than those of al

identification of theriBesaippmr odmxaca .t eByata wrell wi,ngve
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convergence to the actual solution compared to ex
particularly advantageous in scenarios in which r

preparation incurs signifipogdmarcgodtenaerfd/toroft iPRe Pc

optimize the use of experimental resources by red
minimizing material and operational costs. The me"
number mefisidons,-nasghbsesrneatestion is based on the
t wo. However, further ed&ipragnameannal ws@mddaatwiolnl ime |
assess iIits scalability. cltn vpedryt itcualcekre,d tthhee PIRDESP wai |
effectively identifying relevant samples within f
for discerning whether all/l potenti al DS (PDS) can

analyzing-sbotrl kheasdeotriecg PREtP parameter samples, ena
how close the process is to identifying actual de
nonlinear datasets, our eneétdbhtompetuimperdppmeachee, w:
results across each dataset/targ®@atc he valeudtaedeitrs, f
half or | ess the number of iterations the other m
mehtodés potenti al as a rwdrilad |aep palnidc aetfifad ncsi ewitt ht ocod

data structures.
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3.7Supporting Information
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3.7.1Thi

This d
creat.i
wei ght

chall.e

AThird
PREP o
i terat

demons

sampl e

ition to the dataset discussed in the main
ts were generated to further evaluate the r
we provide tshe aemmgu astuimorags ,i zteadr geetsuMalsud or e
elected to introduce varying mat hemati cal C
form effectively under a range ofecpmnesemnmbaeard

main text, only key findings are discussed

rd Simul ated Dataset

ataset indawdteesmsnaadi dadamotiveda mmdm=nle. n2t)s, (
ng a highly nonlinear relationship between

ed combinations ofl avhet @rnmsu,t makiind |ltehsi si nd at
nging

T®Q O T ¢  oBW QBip

TR O T8RO o8 c&W

Simul ated Dataset Results Summary

ut performed both Tomba and Original MI met h
i ons acr ossle afrogre tGr,i Y6ionBaplh oMid Tabnob 451 P REP al

trated greater robustabsgbjtgsiavitdenatdohbhyc

set s.
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- Possible Y
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* T2
O T2 Neighbors
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dat as
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Figure S1. Distributions of the third simulated
along with corresponding WgamM®sSt foei ghbe¢by ,f ar ¢
space; (e)f Peraocjhe cTtDiSonfrom the second row
Tabl.®&) SYalues from PLS conducted on the entir
corresponding to each target for the
Entir C T1 Nei F T2 Nei FT Nei F
PLS Nu ti e eR|2Yg ei g 3 eR;Yg
Compon¢RX R2Y R2X R2X R2Y R2X
p ( ( C (%) ( ( AR
1 4 2 . 7 4. 37. ¢ 75. 64.( T7TT7T. 53. 77 . .
2 71. 78.. 97. . 83.. 95..: 86.:. 82.° 92..
3 100. 78.. 100. 84. 100. 100. 100. 99."
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dataset. The first row displays the results from the
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Figure S3. Comparison of the performance of different
achieving the same targets shown in Figure S1 using Vv

3.7.Fourth Simul ated Dataset

This dataset incorporates a milxaw ff utnrcitg oonnosme tirniccr,e
complexity by introducing periodicity, rapid osci |

i nput variables adds another | ayer of difficulty.
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was al so again evideinh frematihen| owemt yaohsadi Vedy.
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Figure S4. Distributions of the fourth simulate
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Tabl.®&) S2alues from PLS conducted on the entire dat as
corresponding to each target for the fourth
PLS Nu Entire C T1 Neiglt T2 Neiglt T3 Neigt

Compon¢RX ( RY ( RX ( RY RX ( RY RX ( R¥
( %) ( %) ( %)

1 37.: 26.. 79. 53. 44.'! 46. 52.! 62..I

2 69.. 32.. 99.! 62. 72.! 92. 68.:. 85..

3 100. 35.: 100. 64. 100. 95. 100. 86.

a 100 Original Ml (31itr, 85 % Accuracy) b 100 Original MI (12itr, 96 % Accuracy) c 100 Original M1 (21itr, 98 % Accuracy)
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Figure S5. Performance of different methods in reachi
dataset. The first row displays the results from the
from the Tomba hmetdh odo,w andd utsher ates the results fro
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Figure S6. Comparison of the performance of different

achieving the same tar getcsalsihborwant iionn Fdiagtuarsee tSs4 fuosri ntgh ev

3.7.Fi fth Simul ated Dataset

This dataset combi nes s irnouosto itdearlms ,| ocgraeraitti hnngi cmo daenr

whil e maintaining a simpler structure compared to
evaluate the met hodOodex pseadmarmaonsc.e in | ess compl
o OEif®d 11®&@ p ® Qfo

o
b o o ° Ags

AFifth Simulated Dataset Results Summary
PREP again demonstrated superior performance, achi
comparied ttweor5 Or i plionalorMIToanmbda .5 It s robustness was

| owe st standard deviations in iteration counts.
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Figure ST7. Distributions of the fifth simulated
along with corresponding WgaM®St foéei gAhbg¢by ,f a2 ¢
space; (eo)f FPReraocjhe cTtDhSonf rom t he second
Tabl.®&) S8alues from PLS conducted on the entire
corresponding to each target for

T3 Neigt

PLS Nu Entire L T1 Neiglt T2 Neigt
Compon¢RX ( R¥Y ( RX ( R2Y RX  ( R2Y RX  ( R2Y
( %) ( %) ( %)
1 8. 3 50. 65.:. 85. 53.1 42. 45. . 57.
2 67.( 82. 96. ( 91. 94.:. 76.. 93.¢' 72.
3 100. 83. 100. 93.. 100. 81. 100. 88.
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Figure S8. Performance of different methods in reachi
The first row displays the results from the Original
Tomba methbdrdandwt hel ustrates the results from
» I I (I Criginal M|
[l Tomba
[ESlPREP
,‘E
£
=
T T2 T3
Target
Figure S9. Comparison of the performance of different
achieving the same targets shown in Figure S7 wusing
These results emphasize the robustness and effici
l evels of complexity and nonlinearity, making it
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Chapt er

4 Datbhai ven Opt  NminoptaroWsidfeg St ze
Prediction Reliability Enhancing Par a

The contents of this chapteave beempublished in Nanoscale Journal

Seyed Saeid Tayebi, Nate Dowdall, Todd Hoare*, an:d

Department of Chemical Engineering, Mc Master Uni v

Canada L8S 4L7
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and addressed comments during the revision proces:

for the polyel ectutoedy tteo ctahsee nsatnuudsyc, r icpotntwriibt i ng, p

describing the experimental setup and results for
to the conceptualization of the experciometnrtiabl utaepdp rt
the writing of the manuscript, and managed projec
Contributed to the conceptualization of the model

contributed to theawdi manggel phej emanuadmi pitstrat|
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Abstract

Update model with new data

Historical Data Potential Solutions Updated Data

. . -
.o.-. LI -

I PREP Score
b

Polydispersity Index (PDI)

‘Ta rget )
Particle Size (nm)

Polydispersity Index (PDI)
L]
L]

@~

Particle Size (nm)

H-PREP

The particle size of a nanoparticle plays a cruci

transport mechanisms and thus its therapeutic
desired nanopartibalted oni zoef t@®@md reique r di NtumMmie F ou s

consuming and costly. I n this study, we address

eff

it

tF

by i mplementing the Prediction Rel iwadlidpaddy i datma nc i

mode-biasgd product design approach that significan

needed to meet specific design goals. We applied

two distinctypneasnowiatrh i cli é ferent target particle

covalcernotslsyl i nked microgels fabricated via preci

pi

dependent size properties and ( 2)d pvhiyaslircchede mpesley & |

assembly with particle sizes and coll oidal stabil

enabled efficient and precise size control Wl achie

These results provide motivation to further uti

bi omaterials optimization challenges.

Keywomasoparticl esa,s smimbd @gle Insa,noyalrftidcli een madte

PREP met hod
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4. 11 ntroducti on

Pol yvbmegsed nanoparticles have attracted increasing
applications due to their capacityetm encapbataba
traverse tissue bareieecepioteyaandwi abi cet &t surt hi
i nto t drlgefthecsed Ifseatures have been | everaged for a
transporting chemotherapeutics [2q RBdetlh vperrii magr yi mearg
agents specifically to cells 68 ,tBRscuds ttad i anigd giem

[ 4, @&@hd providing preventative 8B8leatments for inf

The success of each of these applicafDbmwhiddpends

regul ates both the convective transport of nanopa

pressure as well as the potential for nanoparticl
that enable inhtaadéblrutaanspanspacr ossbrbdaiod ogi cal
barfp 6elr@]l0l n response, significant effort has been

nanoparticles with precise and uniform sizes acro
bi omedical [tXranzpold, s kskE7Tfoit8k can be broadly
categories: (l¥athecasedadmiploy yonergreénto particles
nanoparticles from monomeric buil di ngasbsleontbklsy.,, | n
tggered precipi-aasieshedasdgnt bmpl atare commonly emj
produce nanopdaefialdas clid®OR wweddfesmblcys, f or i nstance
spontaneous organization of polymeric building bl

hydrophobic interactions, hydfotgaeankiboaga,diwigt h ep &rctti

con ol enabled by rational tuning of the compositi
usge¢d9, HoOwever, the inherent dispersity in size a
buil ding bdox&mblfeod merddparticles can | ead to broa
particle populations, and/eorl atthtee rp octaesnet,i aelmufl osri oang,
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suspension polymerization methods can all be appl
combination of such templating methods with contr
transfer radical pol ymédroind atpiaagrn iicrulemdlys ibem ed a lcy mi
nanoparticles|[ Wit hHdweakrlre $iazeé®rs such as the va
variable particle aggregation/ nucleation, wvariahbi
under different environmental/ sodwvaditemntonndddn omes L
poor control over nanoparticle size and polydispe

complex polymerization pathways and are thus more

Solving these size and stability challenges is <c¢h,
key factors that regulate such properties; for ex
concentration, surfactantempeedtconeenaanadioact opol
assembly kinetics, the stability of the nanoparti
someti mes unanticipated ways. This intercoeasmected,]
for nanoparticle scaesomingli amadi oonstbloyh de¢smeci al | )
framewor k to [g2aA7de tththd sprcoomd sesxt-haded od@mir@r i thegc hmo
can capture underlying patterns and relationships
accelerate nanoparticibasckasicepmp uB e alir @vherrr asg icradn s npd da
experimental iterations more efficiently, reducin

of nanoparticles with desired characteristics.

Modeling approaches for optimizing nanoparticle s
dattai ven model s. Deterministic models | everage fu
of fering detail ed i nsiicglhet sgrionwtoh mnmencdh amnu cslnmesa tlii ckne. pS
the utility of det er mi-diifsftusci omo deedq usa tiino nsso |l avn dh gp rreed

under varyirgidfowa\veli ontshese model s require extens:t

detailed mechanistic knowl edge (ti-med uuwr @ go meeaastuir me
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or interaction parameters), and costly val idation
contr adkrti,valmtmodel s bypass the need for detail ed n
patterns directly from experimental data. These m

properties such as sizeeainpe mpapamédelids byRidaibo r3ccet a
have been particul arl-lyaded eprageas 9 e@s ptod yenetrd lzlaitd to
recipe parameters and final nanoparticle size, fa

f oradi cal polymerization Kkinetisl, d&i7f f-3uZx9i,o n3 3r,a t3ebs

Among vardirodowsendanoadel i ng techniqgues such as neur al
regressi[o2nd ,mo2dse,l Isa7T en33variable models (LVM) such
(PCA) and Par-Prajettneh Squbhatent Structure (PLS)
for their ability to i deutnidfey |a irnagd padd bsharts ecsf | a
explain most of [8&8Bl]lsWhilkem' seffvaciiabe)] itlyese met hooc

the context of nanoparticle size optimization gi v

uncertainty when applied to new data posnts. Exi s
including Hotelling's T] and Squared|[ #2%]dWkitl en E
these metrics assess the alignment of new data po
vary depending on the specific metric used. Recen
Parameter (PRE®P)t hat umntardesnegréedi ctive reliabild.i
alignment metrics, to address this prediction unc:

synthetic datasets and shown to out ptea faoorhni ewd sttar
out puts, particularly in cases in which the opti m

dat p506tHowed®tre ttlme met hod has not been validated

Herein, we apply the PREP method to optimize nano,
one pol yitmasedanaooparticle synthesis use case (th

responsive micr oigedpr dpysle®@dNioywApildygd @i preci pitatior
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and in-acsse-nbdlgfd nanoparticle synthesi sl oasgedase (
polyelectrolyte complexes based on sulfated yeast
on previous |iteratueei bduWosmdema mpdeltp ngnefdortpg t
and colloidafustabbohatyzefi 81 BAM microgels that |
given their potenrtdsagdo nfsoirv e nrvea weornsmebnltgaalcliwtey [tiomg r e
deform and thus enhance penetration through biol o

properties that can supp3®esS3fiThruspesydtiemtaegedn

crosslinking densi-&@ ymaln®) tthe rmicdrdoge®ling einri t(Me ex i ¢
small er particle sizes that remexnssiabl davaeseti
i nucdde a microgel with a size |less than 170 nm that

size of 100 nm was targeted to better exploit the
mi crogels for drug ad¢ehidvermnpeapplrigeatidoms keYhe had |

strength tolerance of polyelectrolyte complexes,

strength buffers but often | ose colloidal esitgalni | i
conditions typically required for practical clini
with diameter <200 nm (target = 170 nm) and a pol:
0.15), propertigsemmsti saultabienfothabnremained c
physiological ionic strength. We demonstrate that

properties with minimal hi storical dadaapplyoRRERB

more broadly to address nanoparticle design chall

4. 2Preliminaries

4.2. Latent Variable Models (LVM)

Ordinary | east squares (OLS) regression assumes t|
assumption frequemnmtolryy dbri enadkuss tédtsiwae h iaapsprl @ achaotpiaorntsi ¢ | ¢

condwhére variables are innhersadttliygi rntne rpdbeope mbdaretl,
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contrast, |l atent variable modeling (dWiM)ed wthod e al
capturing complex interdependencies by isolating
identifying and oper adntngs pva ceh,i nLVaMh eusntcaobrlriesl haetse dme
bet ween system inputs and output s, particularly i

dependencies are critical to capture.

Specifically, LVM can either (1) &ewita aRrti mcoirpeell at i
Component Amalnydsips o RCA) the original correlated d
(referred to as scores) iopuf2yvadeéfaibhesr dlXatiaoms loiu
jointly mapping them onto a | atent space. I n both
combinations of the original variables thaits are ol
i |1 ustFri ggrd; e fior det ai |l ed mat hesdtoickdIn gf cwromd li gtuir an 4

reader is referreds.]0 our prior manuscript

Projection

Regeneration
P N
/’ | AN
o 1
] = / o \
2 L
L ] | [ ]
= T \ | 1
N \ 1 /
N | /
~ L -
1%'s
Input2 Inputi core Output2 Output1
® Training Data Cont T
=X onfidence Limit * Training Data
’ * Training Samples Pre
regeneration " .
° anw - Xzﬂectlon *Y o
Fi g4 e Gener al |l atent variable modeling fra

12



PhD Thesis Seyed Saeid Tayebi; McMaster UniversiGhemical Engineering

4.2.2atent Variable Model I nversion (LVMI)

The primary objective of modeling is typically to
predetermined set of desi v&d a@ldti sutp rprceepsesr tiise sk,n orw
inversion, and WwWLVYMitn itshea efrrmeede wartle naf vari abl e mo
outcomes of model inversion depend on the relatio
| atent factorsditmet membepubfspader( %) ngiramldegplende
driving the input space, rather thé&lmandendley ntuhmd em!

of output variables (K):

1wf A<K, there i s nRoOedifitkbolgrett hX sf c@aswhi enlod¥el i nv

i nput X wheitesdd sclYOS ejgedi$SanbpsOSSi bl e to Y

2. 1f A = K, there i spradrsthed® gthheacts oclaunt iboen ifdoern tw hfiicehd

i nver si on.

3. | f(t Ae>mKst common case in practice), there are
YpredFMegdirabldd t his context, these solutions form a ¢
represents various input combinations that | eave

Solutions derived from LVMI can either match the |
third scenarios) or come as close as possible to

the prediction accursaaygxrfoes tdthésdersoltusiamps evsarid

be confirmed unti/l al | the solutions acroen seuxnpenrgi me

process. To address this issue, speci foint tnhoed eilnipnugt

data (X), metrics that are generally classified i/
a)Hotelling's T] metrics measure the distance of
from the center of the | atent space, indicatin
calibration set.
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b)Squared Prediction Error (SPE) metrics assess

or regenerated by the model

c)Score Al pg8& me\ntme(tH i cs evaluate the similarity

data point to that of the calibration data, in
model s | earned structure.
Fi g#¢¥ael so provides a conceptual summary of the Hot

corresponds to the disamhcienbeheeiemputhespace (refl
the model can reconstruct the new sample) and the

| atent projection of the new sample and the cente

devi matme ¢ hfer di stri bution of the calibration set).
sample is projected into a |less populated region
calibration data poi nhi gshceorr eH sstcrourcet u(raen d rwiscud twvi enrgs

4. 3Proposed Met hodol ogy

Al t hough e aentenafi othheed anteawe cs has its own gener al

predictions are unlikely to be accurate, there is
universally reliabl e reamge ef owh emr enbideetli gmrse dancd itom
Additionally, different expectations may arise de|]
this |Iimitation, the PREP parameter is defined as
di fenéer coefficients and powers, that are optimized
predicalkdeyY are available for comparison. The par :

|l ow prediction accuracy are assigned a higher PRE

are assigned a | ower PREPcuwaldudad,atalsl ceawimi g gt e olm 41
ranked based on their | ikelihood of accurate pred
thaeither have the highest chance of success in m
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with the most new information possible for furthe
presented [i50]Equathi cho™ e anfd? utpbsaref deter mi ned spe

f or eacthhrdoaugahs eatn opti mi zati on al gorithm.
02 %BET OAl FUGOPhAET OAT BIGOBRAL! A%, A8

To i mpl ement the PREP met hod, an initial -dataset z
nearest neighbors (with k being a tuning paramet e
and used to train bdhke ®LBL&Bodertd geREAamedela. | i st
(PDS) candidates comprised of candidate recipes e
metrics are subsequently calculated forathe train
jackknife approach in which the PLS model is deve|
output is compared to the actwual wvalwue(s) of the
accuracy of the trdaitno nogp tdiamiazsee tt haer ec otehfefni cuiseent s a
equation (C and P in Equation 1), enabling the ra
candi date based on its Ilikelihood of accurate pre:
(i ndim@ high prediction confidence) and the highe:c
can aid model refinement near the target output) .
not achieve the targett, ttheghrnewet afidieghlb or $ hies dap
process is repeated iterati vwdlgyZienltudt t dteesetsh e egle

scheme of the method, with fur[tstDgr detail s avail a
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]
|. Data with Available Actual Y [l Data with Predicted Y (Actual Y Unavailable)h
Prediction

Accuracy H-PREP

Training/Vali PREP )
dation Equation I;DSkU:t
Dataset Optimization Sl
Model

Alignment
Metrics

L-PREP

Model
PDS List Alignment
Metricspps

Samples with
Yoredicted = Ydeskable

sed PREP meth

i g4 e Schematic illustration of the pr 0

t d validation d
t
E

[ op
e Bl ue boxes indicate the training an
he PREP equatipinct Oramgedatbaxets afe pot en

Candi dates selected through the PR

i al candi dat e
P method are

The PREP method has two key advantages relative t
(1) only a single parameter needs to be evaluated
prediction assessmentrea@uidr € 23 Itdregenen throlde rd o®fs dat
i mpl ementation, with as few as A+2 data points ne:
principal componentNsotoef tthhaet swhsitleem Badypeuste @ n and Ga
appheasccan also be applied effectively to similar
samplhe ensi ve strategies (e.g., Monte Carl o sampl.
achieve convergence r egltatciuMeartlioy tihhe wmoRHR emxatloh ¢dhi
[ 5.0]Rel at-i veeb&d o model i ngs uapppporrota cvheecst osru crhe garse s si on,

Gaussian process regression that have also perfor|

relatively smaller sample sizes, PREP offers a ke
vaxb-based framewor k, thus reducing the risk of ove
facilitating more r odhafsitnedtlIratpeordtatyv aorni ald loen gd iwred d t
particularly beneficial for inverse design).
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4. 4 Experi mental Case Studies
To validate the performance of the PREP method f ol
size distributions, two case studies were perform

4. 4. Case StudRedpomMsiive Microgel s

Smart microgels that respond to external stimuli
free radical precipitation p-ekpymetizat monomgr c6 mb

N-i sopropyl acryl amirdesyidieP AM)Mo ncomte ra speH ect ed among

met hacrylic acid, fumaric [aX9]dA,c hmalve ing @aied,i s@r cw
mi crogel size thus requires balancing of the diff
comonomers incorporated, the different water sol ul

and the ienttweaenctamynsi mcluded surfactant with the n
OQur target was to fabricate three microgels with
content Tdemavie®n( tuf f i c ireenstp ofnosri vien deuf ¢f i ehcgt s kbd e rnafbtl |
without compromising the desirabl[eb)dcjompl| sviné ht asy h
possible range in parti cdx xi stiizreg armhi @rHo ge |14 datda Se7tA
presefdabdlei Whil e the dataset already included s amj
and | arge (~950 nm, Sample 12) sizes that met the
criteria was Sample 4 (di ametoert h~el 7nbo dnemr)a,t ew hsiiczhe wn
significantly higher than the ~100 nm particle si.
system clearance and pass throughtetrhne plairvteirc | sei ncuisr
[ 555]As such, the optimization objective was to syn
criteria while maintaining the same MBA content a.

remained wit h8 nmolh% rtaanrgyee.t ed 4
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AExperi mental Details

Materi al s

N-i sopropyl acryl amAlder i(dNH ,PAMT %)Y Swamapurified by rec
toluene/ hexanmetnhiyxlteunree(.b iNsT)NaNG r Al @ mii d &, ( BB A) , ( 8ii gma
(VAA) (Al drich, 97%), soddiAlrm dl,d e Y%) ,s ud dtad s i( S S
(Fisher Chemical, ACS grade), -Adrdd iarhmo Mi8SWs pverreu la

receivedr atMel waResi ¢gtd®8ce) was used for all experi

Mi crogel Synthesis
The initial dataset usTeabdlen Rohri se ascthu dsyy nitsh essuinsmarreic

amounts of NI PAM, MB A, SDS, and -bWVAtAt ovier fel z Dhknbdc o tda

150 mL of MilliQ water. The solution was deoxygen:
room tempembat wge tbafmneferred to an oil bath prehea
continued throughout the process. Pol ymerization
MilliQ water and introducing it tedthedélamhgnoet n

stirring at 160 rpm for 4 hours at 70 AC. Upon <co
temperature and dialyzed for six cycles, each | as:

monomers. The Ir esswslpemsgi om cwaosget hen | yophilized an

Particle Size Measurements

The particle sizes of the microgels were deter min
operating at a fixed scattering angle of 90A. Me a
solutions, with the pH &&jOHst &dbrt e at.h4d sagnpige,0.f1 v
average particle size measur ement s -weeirgeh tteadk eenf,f eacnt
di ameter was reported as the particle size. Al mi

duing analysis, such that the effective diameter
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Tab#lePrexi sting microgel formulations camldumms rreesproensdd mic
data used as the input (MBA, VAA, SDS) and output (s
NIPAM MBA VAA SDS APS Sizé
Sample ID
C)) (mg) (mg) (mg) (mg) (nm)
1 1.6 160 342 57 50 426
2 1.6 160 114 57 50 283
3 1.6 160 80 57 50 177
4 1.6 160 46 57 50 176
5 1.6 205 114 57 50 298
6 1.6 114 114 57 50 269
7 1.6 80 114 57 50 299
8 1.6 46 114 57 50 319
9 1.6 160 114 34 50 396
10 1.6 160 114 23 50 444
11 1.6 160 114 0 50 657
12" 1.6 160 342 0 50 954
13 1.6 173 45 42 50 190
14 1.6 244 176 24 50 332
15" 1.6 160 228 57 50 300

*Sizes correspond to the intensityeraged effective diameter measured at pH=7.4 and 37°C

**represents the best available candidates based on the existing dataset to meet the design criteria of creating acgmti®fititthe same crosslinking

density/acid content but as different as possible particle sizes

Model ing Preparati on, I ntegration, and Iterations

Since the amounts of NI PAM and APS remained const :

considered in the model and only the three variab
retained. Considering that eeakcihn eotfi ctsh eosfe tkheey pvaoalryin
nucl eation mechanism of new polymer c¢chains, and t
pol ymerization proceeds, from a modeliimgape rpy pects

and -Ilnionne ar anpopdredaicnhges represent an attractive opti

(ANNs) are particularly appealing in-ltimiearcontext
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relationships in the data, ANNs require | arge amol
challenge in product design in whicomsgemergat il mgtre
we i mplemented an appmrtoiacrhalofL \WMImbwintimgam ocpotnivnei z a
I nversion by Optimization (1 bO) that wutilizes a P
out puyteg)c(ed osel y mat chgyekiheowdhe $ier end nti ani gterinai rctesr t a i
that help ensure statistical wvalidity. The opti mi:
160 mg and VAA mol % within the specified range) wl

The complete framewonk2is presented in Equat:i

[Elx, UAZAAG U AZAAS « (T OAISER &3 o6 ARBC

s . t

U z1

/] z0

z @ 7°

whexies a [L*L] diagonal matrix containing the weic¢
their relative i mportance). Given that particle s

was simgl Ufi&d ito whrepresents the weight of each

The number of PLS components i n sdurcihv ecra saepsp ricsa cthyeps
as cvradsisd dt6ihen ei 4 esis-ahee[rby7l]er based on experiment
the dependencies among input variabl es. I n this m
experimental knowl edgeMBAs ¥WAA, dea kle@DBe uitn ddeap @ rade
mani pul at ed rvaintgheisn tfoe sssyinilheesi ze new microgel s. Co
were chosen to sufficiently capture the relations:

model, the optimization framewor ki pe &EuyD@bhed i2n w

13



PhD Thesis Seyed Saeid Tayebi; McMaster UniversiGhemical Engineering

42(1'bO 1st itr). The particle size obtained from t
mi crogel already available in the dataset. This n.
and the optimization fadrgotrha hme xwta si teexreactuit cerd. akHyoaw env

suggested solution in tha&bde croendu litteed aitn oang ( rl ebgOa t2i

noting that the direct model i nversion solution w
answer that failed to meet the required condition:
As su@h more conventional approach did not achieve
i mpl ementation of the PREP method, which was appl
The PREP method was implemented by first identify]
space components and a single output variable, a

ensure clarity and avasdeahwnpedcéptibe 1 b®t mMEREB
t he 9ibtQ 1s a mpelxei sttoi nag pdraet apoi nt s@hamel gehler at led i m
attempt was excluded from the |ist of neighbors t
originally pr owii dgddded i dtbD anelt haowdai | abl e datapoint

to the target in both the input (a) and output (b))

13



PhD Thesis Seyed Saeid Tayebi; McMaster UniversiGhemical Engineering

II'

a Input Space :E 1000 Output space b
1 * Available samples :: Il Available samples !
: * 5 Nearest neighbors(based on the outputs) : : 5 Nearest neighbors :
1 N " 900 - -Targeted size (100 nm) !
] 1 ! 1
1 1
1 60 . 1l 800 i
1 16 5 :I :
i 50 . H 700 :
) 1 I
: . % n ¥ l
1 40 . = 1
: s i1 € o00] |
! mSD L] o 1
a N 18 N 1
p @ FRERE 112 500 :
P20 - ;
] e
] . v 9 400!} 1

10 1 1

L 10, . = !
! 12 I !
. :I 300} :
y 0 ' '
400 ! '

| RS > . 'L 200+ !
' 300 < ' i
1 > < 200 | \
' 200 N . 150 ! 100 = 1
! o < 1! 1
| 100 \( o b H '
1 o ! 1
i VAA 0 0 MBA ;: 4 3136 2 5 7158 149 1 101112 !
. i Sample ID i
______________________________________________ L |

Fi g#43\i sualization of all available datapoints alongsi

i nput (a) and output -éh)stcspabedEidgaesetvef@ from th
Subsequentl vy, PLScandtPGAtmddelss ngetbe selected n.
creation of the Potential Design Space (PDS). 1In
number of output wvar i ailmen shiyonaMo,n ulels ughpa eneg (iin. ea.
t her e exiignesnsd otnvad surface in the inpYteaidnads | aten
Ydesiabr However, given the imposition of the constr

crosslink a@egesti tywi ofogdéle with the existing microg:e

freedom was reduced to collapse the null space to
di mensional spFagdéade )as Fuhravreri mnal ysis of the poi
t hat none of t h8 mahti dat dscmaetenher équirement, n

Potential Design Spacédéda(kR@DS)al goirnd hanadmeei ail posgti d
candi dates whose ,fuyaw@ece eads ouvlt psié sag YpossiHabbe to
while still satisfying all specified constraints.

this optimization process fundamentally differs f|
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PREP optimization algorithm produces a I|ist of <ca
requirement s, I bO yields a single solution by inc
Hotelling's T] and Squared Rradiedt ibyn threr o mp( & ME)n
optimization al gor i tFh rg4é(teh)e. PDS) i s al so shown

To identify the most relevant candidates for synt|
alignment metrics were calculated for both the ne

used together with theeptediecghbdboracampaey oo wpe
parameters (C and P in Equation 1). The resulting
PDS candidates, from which t woeP REPM)p I|aensd-RIRIEd Neesspto n(dr
PRESPcores were sel ect edl hfeorr eesxupletrsi noefn ttahle sPyRiEPh eospits
ranking of Potenti al Design SpaceFi(gR@shesampaesl!| f
(ii) illustrates the relationship between the pre
points used in optimizing the PREP equation and p
PREP scores; tnhuel attwioo nsse |feocrt esdy nftohresi s, CcRPRER)spondi
and | owes-PREBhkednkéeéld candi dates, are also clearl)
prediction accuracy is associated wi tehnehsisghienr PRE
assessing pr eTdhimetaisoaurr erde Ipiaa bt FPIRE®y . ePrREEEPE r cefc i tptees , L a s

i Mabd2e demonstrated that the samples suggested by

datapoints in the dataset as well as those propos:
these samples still did newl ynesyn tthes i~ZLedDdd snarimp lae 53 |
iteration were added to the dataset, the |ist of
reapplied to generate new synthesis recipes. Not e

(abhdus removing the two samples from the five nea
40% change in the dataset for the second iteratio!

a smaller number of pdaemglags ieschditslpatopwadh osnnamel y
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the model (i.e. adding or replacing even a few sa
parameters, and thus the second iteration predict
(1) Latent space PREP = 0.21* HT2,,_+0.59*SPE] | (1)
O Training Dataset (5 nearest neighbors) 1o+ +
o NuII-Space(Ypre=1DD nm) gg hE
® Null-Space(MBA=160 mg) = S~a
@ Potential Design Space Egs‘ H\""-.
2 Ssa 02 04 06 08 1
PREP Score
® 1.
9 o Potential Design Space (sorted by PREP score) ses
ﬁm 0 1 08 IR pre ' ' ' ‘ (lll)
~ o 0.5 {EH-PREP |
14 1 204
-2 //-4 g’L:O.S
3l s 02
2 T — 0.1
0 —
-2 —— T.8 0 L]
T,Score - e ’ * "PDS Sampos “ ¥
Fi g#aResul tist efrradamon 1 of the PREP i mpl epreemetlat(iio)n roenp rme
the visvualization of the Potenti al Design Space (PDS)
equation optimi Rasubhsdémomsttatangon 1 of the PREP im
Supanel (i) represents the visualization of the Poten
outcome of the PREP equati agmmemtti mifd avtadl d pdeatdtosnnat onagi
optimized | ine (with higher PREP scores corresponding
PDS samples based on their PREP scoPRERwghbsthexpekeéee
reli amidcPRIERRi ghest uncertainty used to enhance mod:
The updated | atent space baBedé4ie )t h&dNotevisad &atf.
design Oprmstriaiuntas |l y the spd@i mdldbhdanbotd gybatdnta B
number of solutions within the actual null space
t he secioonnd watsereaxtpanded us-bagettheppamachpabsminat he
ensuring that all constraints were satisfied whil
PDS. The PREP equation paptaimetdensd( ChandePul weng

applied to

450 i i)

rank all
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proximity to the target particle size,Fag##deving
panel (ii), the PLS model developed for the secon
accuracy near the target-peutoumi nff 180D dat i &N e & a |
97 % acd&amn aicgpr ovement fr ondn8r8d ¢ at ithg tfthatstt hd ePRE
effectively guided the dataset expansion toward t|

the target.

f the PREnéemp(eEenenept ec

Fi g#45Resul ts from iteration 0
tial Design Space (PDS)
2]

2
the visualization of the Pote
equation optimitztheiahi demenstt tvabi dati on data points
PREP scores corresponding to ower prediction accuracy
PREP scores with the selPREPgh exsameld tdad ers eRf RoEm isdyind shtea n &
uncertainty used to enhance model refinement) highligh

n
0
I

Tabd2pr ovides a summary of the particle sizes of t
PREP and olpasdend zrmdtitoomds. The microgel recipes pror
outperformed not only thbbaeedeapepsaw @alhlblysud nm@ll eosp tiin
initial dataset in terBREPf aRRdOPHesnaenspsl etso ftrhoem ttahreg

achieved 75% and 78% accuracy relative to the tar
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