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Abstract

The ongoing environmental crisis is driving scientists to develop “greener” polymers,
either by adopting more sustainable materials or alternative chemistries. This effort led
to the discovery of a fascinating group of dynamically crosslinked polymers, called
vitrimers. Vitrimers bridge the gap between traditional thermosets and thermoplastics,
combining excellent mechanical abilities with recyclability. To accelerate vitrimer
research while minimizing experimental cost, this thesis explores the use of machine
learning to predict four key properties: crosslink density, glass transition and topology
freezing temperature and gel fraction. This was achieved through processing manually
collected data from literature along their respective extracted chemical descriptors.
Despite several difficulties during database curation, an experimental data set
comprising of roughly 200 observations was created. Using SMILES notation for small
molecules and PSMILES, a variation created for polymer repeating units, a variety of
descriptors was extracted leveraging a popular cheminformatics package. After
rigorous preprocessing- including feature filtering and elimination, handling of missing
values, and normalization to achieve a standard value range- two dimensionality
reduction methods were applied. First up was Principal Component Analysis (PCA)
which involves combining extracted molecular descriptors and features into principal
components, dramatically reducing model’s inputs. The second hybrid methodology
involved combines Pearson correlation analysis with feature selection algorithms like
Mutual Information and Random Forest (CA/FS). Model training was done after
applying a 5-fold cross validation split into training and test sets, and validation was
carried out through metrics like R?, root mean squared error and mean absolute error
highlighted the impact of both methodologies on results. To further investigate
exhibited behavior, plots including parity plots, box plots and error distribution plots
were created. More specifically, in Ty prediction Gradient Boosting and Random Forest
models achieved cross-validated R? values of 0.85, confirming the effectiveness of
ensemble-based methods. This also applied in the case of T, where Random Forest
reached an R? of 0.70. PCA performed poorly because it only captures linear
relationships well, which was not the case for Ty and T,. Contrastingly, PCA yielded
better results when used to predict crosslink density, with the Random Forest model
achieving an R? of 0.77, suggesting it captures broader structural trends. Prediction of
gel fraction was unsuccessful, (R? < 0.40), indicating descriptors may not capture
relevant information or the target is too variable. Finally, hyperparameter tuning, while
an important step in machine learning pipelines, did not improve on results massively,
except for the case of the Gaussian Process model whose R? values improved from -
54.81 to 0.83 when predicting T4 These findings demonstrate the promise and
limitations of ML approaches in polymer informatics for emerging materials like
vitrimers and highlight a way forward.
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Extended Abstract (in Greek)

Ta TIOAUMEPT) ATIOTEAOVUV €VA TIOAU GNUAVTIKO KOUMUATL TNG {wN¢ Twv avOpwTtiwy, HE
TIOAQTIAEG  XPNOTIKOTNTEG, OAAA KOl OpVNTIKEG TEPLPaANOVTIKEG eTUTTWOELS. Ol
ETOTAMOVEG, avalNTWVTAG TPOTIOUG VA PEATILOCOVV QUTH TNV KATNYOPILO VAKWY UE
TOV TOXVTEPO SUVATO TPOTO, £XOUV OTPAPEL OTnV a&loToinon TNG MNXAVIKAG
MA&ONnoNg Kal NG TEXVNTAG vonuoouvng. MapoTL n xprnon TETolwv pebodwv £xeL Ppet
MEYOAN €QOPUOYN OTOV TOMEX TWV OMAWV VAKWY (MANPOQOPIKA TWV VAIKWVY-
Material Informatics), n a§lomoinor g yla e§aywyn XpNoUwyY TTANPOPOPLWYV, OTIWG
N TPOLAEYN WOLOTATWV Yl T TTOAVUEPN, PplokeTal o€ Lo TIPWLIO oTAdL0. H EAAeLYN
jlag eviaiog Kal oupmoayovg Baong SeSopevwY IOV VA TIEPLEXEL TTANPOYOPILEG KAl
OLOTNTEG Yl T TIOAVUEPN, O GUVOUAOUO HE TNV AVAYKN €§aywyng TIOAAATIAWY
TIEPLYPAPIKWV HEYEOWV YLA TNV AVATIAPACTACN TWV TIOAVUEPIKWV SOPWV, ATIOTEAEL
TpoxOmEdN oTNV avamTLVén a&lOTILOTWY HOVTEAWV UNXOAVIKAG HABnong. M 6AAn
ONUAVTIKA TIPOKANON €ival n dla n eUoN TwV TIOAVPEPWY, N OoTtola XapakTnpileTal
W¢ OTOXQOTIKN, KABWG dev Pmopel va OpLOTEL e TPOTIO ATOAUTO Kall eviaio. H popepn
TWV TIOAUUEPWY, TO MEYEDN TWV SOPOPETIKWY OAVCIdWY, KAl KAT EMEKTOON Ol
WOL0TNTEG €EXPTWVTAL TIAVTA OTIO TIG TIELPOAPATIKEG CUVONKEG, TA XPNOLUOTIOLOVHEVD
KOTA TNV oVVOeon LAIKQA, AKOMO KO TIG OUVONKEG TIOV ETUKPATOVV KATA TNV HETPNON
Twv WTATWVY. M’ auTd Tov AOYO, UTIAPXEL UL €YyEVAG SUOKOAIDN WG TIPOG TNV
QVOTIOPACTOOT) TOUG UE TPOTIO AVAYVWGLUO OTIO T LOVTEAQ UNXAVIKAG HABNoNG. 2T
oA pOpLa, ouvnNBwg yivetal xprion Tou oUpPBOACOHOV SMILES, pog YPOpIKAG
avamopA&oTaong TNG SOUNAG KAl Twv SECUWY TIOU ATIAVTWVTAL O €va HOPLo. XTA
TIOAVEPN, AUTOG O GUUPBOALOUOG SeV Elval APECO OELOTIONTLUOG KAl YU XUTO €XOUV
OlepsuvnBel  tpoéTOL  emekTOONG Twv  SMILES. Xtnv mapovoa  epyaoiq,
XpnoomoOnke o cuUBOALOUOG PSMILES, Ttou avamaplotd tnv emavoiapBavopevn
HOVAda VOG TIOAVEPOUC, KOBWG KOL T ONMEI TTOAVUEPLOUOV.

ITnv TOpPELa TNG EPELVAG YO TNV EVPECN BEATIWUEVWY TIOAVUEPWV, VOKOAVPONKaV
T SIKTLA TIPOCTAPUOTHEVWY OpotoTtoAlkwyv dsopwv (Covalent Adaptable Networks-
CANs), pEpog Tng omolag €ival Ta PLTPLUEPN TIOU OTIOTEAOUV KOl TO EPEVUVNTIKO
QVTIKElHEVO auTAG TNG SIMAWMATIKAG Tow Purtplepn eival puae veéa katnyopia
TIOAUPEPWY TIOU TIAPOUCLACOUV SUVOULKOUG OMOLOTIOALKOUG OTOUPOSECHOVUG TIOU
EVOAAAOOOVTOL OUVEXWG, OVTATIOKPWOMPEVOL OTNV UTapEn KAToov epebiopatog
omwg n Beppokpacia, N oAAayn oto pH kot To Pwe. H domolog Slapopd HETAEL
TWV PLTPYEPWV KL TWV LTIOAOLTIWY TIOAUMEPWV Elval OTL T TIPWTA AKOAOVBOVV Eva
TIPOCETALPLOTIKO HOVOTIATL (associative pathway) 6tav ontave ot Seopoi Toug, To omoio
oNMaivel OTL TTPOTOV OTIACEL EVAG SEOUOG O eva ONUEio £xel SnuiovpynBOel Evag GANOG
o€ SLOPOPETIKO ONELo, SLATNPWVTAG TOV CUVOAIKO aplBpd oTaupodeopwy otabepd.
Ta vmdAoma ToAVPEP akoAouBouvv Tnv amompoosTalploTiky 080 (dissociative
pathway) kat yi' auTto Sgv TapouatalouV TIG IOLAUTEPEG IKAVOTNTEG TWV BLTPLUEPWV.
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Ta  Prtpuepn OmOTEAOUV TNV YEPUPR  MPETOED  O£PUOCKANPUVOUEVWY KOl
BepUOTIAAOTIKWVY TIOAVUEPWY, e§alTiag TNG SLUVAMIKOTNTOG TWV SECUWY Toug. ‘OTtav
EQOPUOLETAL OE QUTA KATIOLO EPEOIOUO PEOUV KAl TIAPOVCLALOLV LKAVOTNTEG QUTO-
laong koL eTeEEPYATIUOTNTAG KAL APO AVOKUKAWGOLLOTNTOG, OTIWG T OEPUOTIAQTTIKA,
EVW Of KOTAOTOOoNn npPeplag powdlouv pe T OEPPOOKANPUVOUEVE, POV
T Pouctalouv OLOTNTEG OTIWG HNXAVIK oTtaBepotnTa Kot avtoxn. Etoy, Pplokouv
EQOpPHOYN O0TOV KAGSO TNG agpovauTnylkng tov 3D printing, TNG POUTIOTIKAG, TNG
LOXTPLIKAG KAl TIOAAOUG AAAOULG.

H Saitepn Ewd0OEAQOTIK) CUUTIEPLPOPA TWV PLTPLLEPWV TIPETIEL VO SlepeuvnOeil uTtO
TO TIPIOPA VO XOPAKTNPLOTIKWY BEPUOKPACLWV: QUTH TNG VOAWSOUE PETATITWONG
(glass transition temperature- Ty) Kol QUTAG KATW QATIO TNV OTIOIX N TOTIOAOYIX TOV
TIOAVPEPIKOL SLKTVOU «TtaywVeL» (topology freezing temperature- T,). To Ty amoTeAel
TO ONUELO OTIOL £Vl TIOAUVUEPEG TIAEL VA EIVOIL EVKAMTITO KOL YIVETOL AKOUTITO, EVW TO
T, elvat n Beppokpacio otnv omoia ot dSuvapikoi deopot apxilouv va evoAacovTal
kat To 1€wde¢ maipvel TV T 102 Pa's, oVppwva pe t oxéon tou Maxwell. Ta
Brtpiuepn mapovotdlouvv petafoAn tou wdoug toug pe Baon tn Oeppokpacia,
apXKA VPPV pe To povtedo Williams-Landel-Ferry (p€xpt To Ty), KOl 0T OUVEXELX
pe €€aptnon Arrhenius. Ot TIpEG Twy SVO awTwV Beppokpaciwy kaBopiouv oe
peyOAo BaBuo TG OLOTNTEG TOU TEAIKOU VAKKOU. To Ty emnpedletal amd Tnv
TIVKVOTNTA TWV 0Towpodeauwv (crosslink density- ve) kat tn Soun TwWV LOVOPEPWVY,
evw To T, €€opTATOL QMO TOV TUTIO KOL TN OUYKEVTPWON TOU KATOAUTN, TNV
TIVKVOTNTO TWV AELTOUPYIKWY OMASWY Kol TN XNMela Twv duvapikwy dsopwv. Ot
UTIOAOLTIEG LOLOTNTEG TWV PLTPLLEPWY OTIWG N TIUKVOTNTO OTOUPOSECHWY, KAXTUQ
TUKTWHOTOG (gel fraction- GF), oL PNXOVIKEG LOLOTNTEG, KTA. €AEYXOVTOL QIO
TIAPOUETPOVG OTIWG N PUON TWV EUTIAEKOPEVWY HOPIWY, Ol OUYKEVTPWOELS, N
Beppokpacio avtidpaong Kot TTOAAX GAAQL.

H Ttapookeur Twv PLTPLUEPWVY UTTOPEL VAL YIVEL PEGW TIOAUMEPLOPOU TIOAUSPACTIKWV
MOVOMEPWY N SLaoVVEEaNG ETOUWY OEPUOTIAQCTIKWY TIOAUPEPWY I AKOUO KOl
TPO0d00NG SPACTIKOTNTAG O EVA HOKPOUOPLO APOU £XEL SN TIOAVHEPLOTEL YTIAPXEL
Mo TANBwpa SLABETIUWY XNUKWY aVTIOPACEWY TIOU PTIOPOVV Vo aloTiotnBouv yio
TNV TIapaywyn PITPLLEPWVY, HE TNV aVTIOPAON HETECTEPOTIOINONG VA Elval Ao TIG TILO
OUXVA XPNOLLOTIOLOVEVEG.

O KAGS0G TNG PNXAVIKNG HABNONG £XEL yVWPLOEL peyaAn avBilon ta Tedevtaia xpovia
ME TNV Snpovpyia VEWV KAt BEATIWHEVWY HOVTEAWVY e TIOAAOTIAEG XPNOTIKOTNTEG. H
EQOPUOYN TNG OTA TIOAUMEPN UTIOPEL EAXTTWOEL TNV QVAYKN Yyl XpovoBopa Kat
ETOVOAQPPAVOUEVA TIEPAUATA, TIPAYUA LOLAUTEPO EAKVOTIKO YL TNV ETIEKTAON TOU
yvwoTtikou mediov, WSlaitepa ota Prtpepn OMOL TIAPOpOLa Epguva PplokeTal o€
TIOAU TIPWIHO OTASLO, PE EAAXLOTOUG EPEVVNTEG VO AlOXOAOUVTAL EVEPYA. Tl HOVTEAX
MNXOQVIKNG MaBNnong xwpilovtalr oe SVo Paolkég katnyopieg: emiPAemOpevn
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(supervised) kot pn emiBAsntopevn (unsupervised). H emiPAentopevn pddnon xwpiletal
oe peBOSoug oAVSpOUNaNnG (regression) yla TNV TPOPAEYN aPOUNTIKWY TWV
petofAnTwyY Kot Tagvopnaon (classification) ou SiaxelpileTan SLAKPLTEG KATNYOPLKEG
petaPAnTeg kot Poaoiletal os Sedopeva TTOU QEPOULV ETLONHAVON (E§aPTNUEVEG
METABANTEG) Y VO KAVEL TIPOPAEWELG KOl VA SLEPEVVNTEL OLUVOEDELS. H paBnon xwplig
emifAeYn, avtiBeta, aoxoAsital pe pn EMONUACUEVO SESOPEVA YL VO OTIOKOAVWEL
KPLUQPEG OLVOETELG (opadoToinan) 1N va HELWOEL TIG SLOOTACEL TOU TIPOPBARUATOC
eEaAeipovTtag TIg TtePLTTEG HETAPANTEG (HEIWON SLXOTATCEWV). TNV TIAPOVOA EPYACIa
e€eTalovTal T HOVTEAQ TIOAWVOPOUNONG, HLOG KOL OTOXOG £ival N TtpOBAEYN TNG TWUNG
pag emBupn TG WLOTNTOG. M0 CUYKEKPLEVD, SlEPELVWVTAL TA €€NG POVTEAQ: Linear
regression, Random Forest, Support Vector Machine, Gaussian Process Regression,
Gradient Boosting kat eXtreme Gradient Boosting.

Mia KAQGLK pON EPYACLWV UNXOAVIKAG HABnong epAapufavel Ta akoAovba Brpata:
ouvMoyn kot emne€epyaoia dedopevwy, e€aywyn TEPLYPAPIKWY HEYEOWV KoL
onuovpyia SakTUALkoU amoTtumwpatog (fingerprinting), emloyn kot ekmaideuon
MOVTEAWV KOl TEAOG EKTINON ATOS00NG HOVTEAWY KOL GUYKPLTIKN TOUG a§loAOynon
(benchmarking).

Eival, emopevwg @avepd Twg €Vw n xnNUela kot n ouvBeon Twv PLplLepwy
OTIOTEAOVV VO TIOAUTIOPAYOVTIKO TIPORANUA, N O&lOTIoiNoN HOVTEAWV UNXOVIKAG
HA&ONoNg pmopei va cUPPBAAEL OVOLAOTIKA OTN LEAAOVTIKN £pguva. Mg TOV TPOTIO AUTO
HElwvETaL N €€ApTnon amod xpovoBopoug, damavnpoug Kol ETOVOAXUBAVOUEVOUG
TIELPAPATIKOUG KUKAOUG. 2KOTIOG TNG TIOPOVCACG OSIMAWMATIKNAG €PYaoiog givatl n
QVATITUEN LG OAOKANPWHEVNG PONG EPYATIAG UNXAVIKNG MABNONG, HEOW TNG oTtolaG
Ba eKTTIASEVTOUV POVTEAQ IKOVA VO TIPOPAETIOUV TECOEPLG KPIOLUEG OLOTNTEG TWV
BITPUEPWY: TNV TIUKVOTNTA OTAUPOSEOUWY (Ve), TN BOepuokpacion voAwdoug
petantwong (Ty), TN Oeppokpooio KATW amd TNV OTold N ToToAoyia Tou
TIOAUPEPLKOV SIKTVUOU «TtaywVeL» (Ty) Kol TO KAGOUA TINKTWHATOG (GF).

Itnv opxn, SnUoupyNdnke pla TELPAPOTIKA Paon Sedouévwy e OTOLXEl TOU
oLAAEXONKkav amo mepimou 30 &pBpa amd aOTIOTEG TINYEG. L€ QUTO TO OTASLO
QVTIHETWTILOTNKOV Ol PEYOAUTEPEG OUOKOALEG, KaBwWC n KABe gpeuvnTIKA OpAda
ETUKEVTPWVOTOV O€ SLAPOPETIKEG LOLOTNTEG TOU TEAKOU TIPOIOVTOG Kat Ttapovaiade
T OTOLXELD OXETIKA e TNV oVVOeon TOu SLPOPETIKA. META MO TIPOCEKTIKOVG
UTIOAOYLOMOUG, N TeAKn Paon apBupovos mepimov 200 mapoatnpnoelg, dnAadn
SLOPOPETIKA TIapadelypata ouvBeoewy, SOOPEVO HE EVIRIO TPOTIO KAl ME TIG
Ayotepeg duvateg eAAeiPel. Mepika Tapadelypata SLOTATWY IOV CUAAEXBNKAY,
EKTOC OO TIG TTOCOTNTEG KOL TNV PUCN TWV EVWOEWV KOL TWV KATOAUTWVY OTIWG KL
TWV TIHWV TwV UTO Slepevvnon WOOTATWY TIOU ATAV QmapaitnTeg ylo Tnv
EKTIOUOEVON TWV HOVTEAWYV, NTOV UNXOVIKEG LOLOTNTEG (HETPO EAXOTIKOTNTAG KOL
QVTOXN O€ EPEAKVOUO), EVEPYELO EVEPYOTIOINONG, XPOVOG XOAAPWAONG KAl GAAQL.
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To emopevo PBApa ATAvV N cLAAOYN TWV aVaYVWPLOTIKWY SMILES yua Tig Stdpopeg
EVWOELG Péow PBdoswv dedopevwy, oav 1o PubChem, kat oxeSlaotikwy epyoiiwy,
onwg to MolView. Xpnowotmowvtag ta SMILES cav Sedopévo €10060v €yve
efaywyn XnNUKwv TEPLYpa@kwy peyeBwv (descriptors) péow TOU SNUOPAOUG
TIPOYPOUUATIOTIKOU TiakeTou  RDKit. H  Swdikaoiar avut) €ival yvwoty  wg
fingerprinting kot tEpAAUPAVEL TNV EVPETT EVOG TPOTIOU VO AVATIAPACTAOEL N XNLKN
OOMN EVOG HOPILOU PE TPOTIO AVAYVWPIOIHO ATIO L YAWOTX TIPOYPAUATIOUOU OTIWG
n Python. Me Tov TpoOmMO QUTO dnuovpysiTal eva ApOPNTIKO SLAVUOUQ TIOU
TEPAAUPAVEL TIEPLYPAYPEIG SlaPOpwV TAEEWV peyEBOUC, TO OTOl0 XPNOLUOTIOLEITAL
oav €i0odoqg (ave€dptntn METAPANTA) KATA TNV ekmaidsvon Twv povteAwv. Ot
neplypaeiq xwpifovtal oe pag, V0, TPV 1 TIOAXTIAWY SLOOTACEWY, UE TNV
TIOAUTIAOKOTNTA OAAG KOL TNV TEEPLYPAPLIKOTNTA TOVG va Paivel awgavopevn. To
OOKTUALKO QmOTUTIWHA TIou dnuovpysitat Aapfavovtag dedopeva amo to RDKit
XOPOaKTNPIETAL WG TIEPLYPAPIKO amoTuTtwHa (descriptor- based fingerprint).

JTNV CLVEXELD EPAPUOOTNKE EVAG KABAPLOWOG TOOO 0T CUAAEXDEVTa dedopEva 600
KOl OTOVUG TIEPLYPAPELG, WOTE VA EEXAELPOOVV TUXOV N TIEPLYPAPIKA KOl QO AVT
MEYEDN. ZTNV apxn, WG EVOAAOKTIKA OTNV QVIXVELON KOl aPaipeEDn aKPAIWY TIHUWV
Tov BewpnBnke OTL Ba EAATTWVE TEPAUTEPW TO HEYEBOG TNG NON MkPNG PAoEWC
oedopevwy kal Ba e&apavile evOEXOUEVWG XPNOLUEG TIANPOYOPIEG, EPAPHOTTNKAV
Vo @iAtpa. To TIPWTO PIATPO €EAAELPE LOLOTNTEG E ULKPH LETABANTOTNTA, OL OTIOIEG
dev Ba xpnoipevav otnv dtadikaoia TnG ekmaidevong Twv HOVTEAWVY, KOl TO SEVTEPO
WOLOTNTEG TIOV TEPLEIXAV TIOAAX HUNSEVIKA TIOU UTOSHAWVOY TNV EAAELPN QUTAG TNG
WOLOTNTAG. Me QUTO TOV TPOTIO EAXTTWONKOV ONUAVTIKA Ol SLoBE0IUEG IOLOTNTEC,
Emelta, tor EAMTI SESOPEVA AVTIPETWTIIOTNKOV HE TNV QVTIKATAOTOON TOUG HE TN
HEDON TN TNG avTioToXNG WOOTNTOG 1N HE KNOEVIKN TN, AVOAOYWSG OV PAVEPWVAV
aToVCi HETPNONG MG WBOTNTOG N amousia TNG WLOTNTAG CUVOAIKA. TEAOC,
EQPOAPUOOTNKE KAVOVLKOTIOINON OAWV TWV LOLOTATWY WOTE VO KUUAIVOVTOL Ol TLUEG
TOug aTo -1 €wg +1 KAl Vo PNV €MNPEATEL TO EVPOG TOUG AAVBATUEVA TO LOVTEAD

MNXQVIKAG P&Bnong.

Emerta, SoKuaotnkav SV0 SLaPOPETIKEG HEBOSOL EAATTWONG TWV SLIAOTACEWY TOU
mpoPfARpatog, Sladikaoia amapaitnTn yl@ va pnv odnynbouv Tta povieAa o€
umiepmipoaappoyn (overfitting), SnAadr otnv ekpdBnon twv dedopévwv ekmaidevong
Kol TNV amotuxia TpoPAePng ayvwotwy dedopévwy. H pwtn pebodog ntav autn
NG avaAuong Twv KUpWV cuviotwowv (Principal Component Analysis- PCA) mou
MTIOPEL VOl CUVOLATEL EKATOVTASEG XAPAKTNPLOTIKA (features) og éva puikpo aplOud
peTofAnTWY (3-4 otnv epyacia autn). H &eutepn uPpdikn pEBodog oL
EQOPUOOTNKE NTAV EVOG OUVOLOOUOG TNG avAAuoNnG cuoxetiong Pearson ylax tnv
amopPUYN YPOUUIKE CUOXETI(OUEVWV XAPOKTNPLOTIKWY HE aAyopiBuoug emhoyng
XOPAKTNPLOTIKWY, OTtwg ot oAyoplBuot Mutual Information kot Random Forest, ot
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oTtoloL aVLXVEVOULV TILO OUVOETEG KOl AETITEG OXEOELG METOED TNG METABANTHG-0TOXOV
KOL TWV XOPOKTNPLOTIKWY. Kotd pEco 0po, Ta TEAKKA XOPOKTINPLOTIKA TIOU
XPNOWOTIONONKAV Yl TNV EKTIASEVON TWV HOVTEAWV NTAV 4 Yyl TNV TIPpWTN Kot 16
yla tnv 6eVtepn peBodo. O AOGyog Tou SOKIHAOTNKaY dvo peBodol ATav yla va
OUYKPLOEL N ATMOTEAECPATIKOTNTA TOUG KATA TNV EKTIAUOEVON TWV HOVTEAWVY, ULOG KO
Ol OPXEG AsLTOVPYLAG TOUG ElValL TIOAU SLAPOPETIKEG.

To TeAsvtaio P AUTAG TNG PONG €PYQCIOG NTAV O XWPLOHOG TNG TEAKA
SlopopPwpevng Paong dedopevwy o OeT ekmaidevong (training) Kol T SOKLWVY
(test), To omolo €ywve peow NG A&LOTILOTNG HEBOSOL TNG TIEVTATIANG SLOTAXVPOVHEVNG
emkvupwong (5-fold cross validation) Tou dnpovpyel 5 PIkpOTEPO OET KOl EKTIAUOEVEL
TO HOVTEAQ OE KOBOEVA IO QUTA EAEYXOVTOG TNV ATIOS0CT TOUG HE T UTIOAETIOUEVOL
oedopeva. H dadikaaia autn gival baitepa xpnoyn o Ukpeg Paoelg SeSopEVWV
yla va amo@euxBei o kivduvog tng umepmpooappoyns. Katd tnv apxikn ekmaidevon
TWV MOVTEAWV TIOU QvOPEPONKOV VWPITEPD, ETUAEXONKOV TUTILKEG TLUEG YL TIG
UTIEPTIOPAUETPOVG (hyperparameters) Twv HOVTEAWVY pecw TNG PLPAL0ONKNG scikit Tng
yAwaooog Python. H emtiAoyn KATGAANAWY UTIEP-TIAPAUETPWV YEVIKA Elval KpLolun yla
va emutevxBel n PEATIOTN TPOPAEMTIKA  IKAVOTNTA TWV HOVTIEAWV. A@POTOU
EKTIALOEVTNKAV TQ TIPWTO MOVTEAQ, €ywve TpoomaBsia pubuiong (tuning) Twv
TIOUPOUETPWY HEOW TNG HEBOSOoL avalitnong TAsypatog (grid search method) mou
ovaldNTA TG PEATIOTEG TIHEG TWV OPLOPEVWV TIOPAPETPWV.

Ta amoteAéopota aflodoyibnkoav péow Ttwv Ssiktwv R% RMSE kot MAE, svw
xpnowomnownOnkav parity plots, error distribution plots kat box plots ya Tnv omtikn
avaAUon Twv €TSO0EWV. Mo TNV TIPORAEYN TNG TTVKVOTNTOG SLOKAASWOEWV (Ve), TO
«TIPOETAeypéVO» (default) Random Forest téTuxe TNV koAUTEPN amddoon pe R = 0.77
kot RMSE = 0.08. To tuning emnpeaos apvnTIKA TO (SL0 LOVTEAO, PELWVOVTOG TNV TIUN
Tou R? ot 0.74. Mapola outd, Ao povtéda dTiwg To Gaussian Process apouvaiooav
oNUAVTIKA BeATiwaon, @TAvovTag amd TNV TARPN OMOTUX(A ME ApVNTIKA TIUA oto R?
(R? = -54.81) og R? = 0.51. XNV Ttepimtwon tou Ty, To Gradient Boosting &sxwplos pe
R? = 0.85 kot RMSE = 0.17, evwy to Random Forest kat to XGBoost akoAovuBnaoav pe
R? = 0.85 kat R? = 0.83, avtioTtoa. MapdN autd, To XGBoost apovaials pia o
a0TaO CUUTEPLPOPA AOYW QLENHUEVNG TUTIKNG amoOkAlong. To tuning eixe Betiko
QVTIKTUTIO 0XESOV 08 OAOUG TOUG OAYOPIBOLG, EVIOXVOVTAG TN 0TABEPOTNTA KOl TNV
TIPOPAETITIKY  IKAVOTNTA TWV HOVTEAWV. N 1o Ty, TA KOAUTEPO OTIOTEAECUATO
TponABav kat TIdAL artd to Random Forest (R? = 0.70), evw 1o XGBoost pe tuning
Katéypae apopola artddoaon pe R? = 0.70 kot RMSE = 0.17. Qotooo, mapatnpidnke
OTL T MOVTEAX TIPO- PUBUIONG EUEAVIOAV OUXVA KOoAUTeEpn otaBepdTnTa
(XOUNAOTEPN TUTIKY) OTIOKALON), KATL TIOU UTTOSNAWVEL TIWG Ol TUTILKEG TIOPAUETPOL
NTOV Of OPKETEC TIEPLTTITWOELG ETMOPKWG LOOPPOTINUEVEG YL TO OUYKEKPLUEVO OET
SedopEvwY. AvTIOETWG, N TIPOPAEYN Tou GF OTIETUXE CUVOAIKG, HE KOVEVO LOVTEAO
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va EeTtepvd To R? = 0.40, eV TO KOAUTEPO OMOTENEOH ETIITEVXONKE pe Support Vector
Machine (R? = 0.37), cAA& ouvoSsudTaV aTd HEYOAO O@EAPA Kat aoTdBsla. H aotoxia
ot anodoOnke otnv €AAEWPN OpOlOHOPPIaG OTA TIEPAUATIKE SeSOpMEVAL KAl OTN
oadkaoia petpnong tou GF. Ta parity plots mou dnpovpyndnkav yio k&Be oto)X0
avedel&av TO €TUTESO TIPOPAETITIKNG LKAVOTNTAG KABE HOVTEAOU, UE TA KOAUTEPO VOl
T PouotalouV TEG KOVTA 0Tn Staywvio, evw Ta error distribution plots mpdopepav
TIANPOPOPIEG Y TNV VTIAPEN TIPOKATAANYNG TOU HOVTEAOU N OKPAIWV TIUWV OTA
amoteAéopata. TEAog, Ta box plots amok&Auvyav ONPAVTIKEG SIOKVUAVOELG OTLG
ammodOO0EL AVAUECK OTO HMOVTEAX KOl OTIG €mMavoAnWel Tou cross-validation,
aVOOELKVVUOVTAG TOV QVTIKTUTIO TNG TIOLOTNTOG TWV SESOUEVWV KL TNG ETUAOYNG
XOPOAKTNPLOTIKWV.

Y& O, TLaQOpPa TIG peBOdSoVG peiwong Twv Staotaoswy, To PCA PeATiwoe Tnv anodoon
TWV HOVTEAWV POVO OTNV TIEPITITWON TOV Ve TIOL TIBaVA OpideTal amo PeYyOAVTEPES
OOMLKEG TATELG TIOU AVTIAAUPAVETOL TO HOVTEAOD, EVW QTIETUXE YLO TIG UTIOAOLTIEG TPELG
WOLOTNTEG, ULOG KOL CUUTIECE TIOBVA XPNOLUO KOL TIEPLYPAPIKA HEYEDN OTa 4 TEAKA
XOPOKTNPLOTIKA. MEAOVTIKE, Ba ATV TIOAU XPNOLUO Vo €TEKTOOEl ONUAVTIKA N
mopovoa Baon SeSopEVWY WOTE VA BEATIWOOUV oL TIPOPAEPELG TWV HETAPANTWV-
OTOXWV. ZUVOAIKE, OLWG, N TIAPOVCA EPYATL AVASELKVVEL TNV XPNOLOTNTA KAL TOUG
TIEPLOPLOPOVG TWV HOVTEAWV PNXAVIKNG LAONOoNG Kot Umtopel va xpnaotpomolnBei oav
Baon yla TEPALTEPW EPELVAL.
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Chapter 1: Introduction

1.1 Leveraging Machine Learning in Polymer Science

Polymers are a class of materials that made their way into the everyday life of most, if
not all, humans. They are used across many different sectors such as packaging,
construction, and even medicine. Nevertheless, it is no secret that most conventional
polymers are a burden for the environment since they decompose very slowly and tend
to accumulate on land or in the sea in vast amounts, disrupting the ecosystem. It is
critical for researchers to find new and “green” ways to manufacture polymers or even
discover new sustainable ones altogether, which is a very labor-intensive and costly
endeavor. As a result, alternative research paths have come into play, such as
integrating the rapidly growing field of computer science, machine learning (ML) and
Artificial Intelligence (Al) into the material science one. This can create new pathways
for exploring novel materials without the need for extensive experimental procedures,
since through ML, one can predict properties and behavior of a material through
existing data and trained algorithms.

Leveraging the power of ML in material science is not a novel concept, which is why a
separate field called Material Informatics was created years ago. However, the use of it
in polymer science specifically is at a somewhat preliminary stage. That is because a
unified polymer properties database has not been curated just yet, and while there are
several, none of them encompass all of the properties one might be interested in
researching and/or targeting through experiments. At the same time, the data across
those databases is not presented in a unified way. That means that for someone to
access enough data necessary to train a ML model properly, they must go through the
data manually and even alter some for uniformity reasons. Adding to all of this, while
researchers have gathered a lot of empirical data on polymers, much of that
information is not digitized and can only be found in books or is under proprietary
rights, which makes the task of gathering enough data points all the more difficult [1]-
[3]. Small data samples paired with the need for a vast amount of features
representative of the polymers come with problems such as model overfitting. That is
where the model learns the training data well and performs excellently on them, but
when exposed to fresh data performs very poorly; in other words, it fails to generalize.
At the same time, small datasets come at the cost of model accuracy [2],[4].

It is also important to note that polymer properties can be greatly influenced by the
processing step in their manufacturing procedure, the measuring methods and
conditions. Additionally, polymer properties are often nonlinearly related, which adds
another layer of complexity to the problem at hand [3].
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Another hurdle in the application of ML Pipelines in the case of polymers is the fact
that they are intrinsically stochastic structures, which is to say, they do not have a well-
defined structure and therefore do not follow the same rules as simple molecules as
far as their representation goes. Simple molecules (like atoms, organic and inorganic
compounds, etc.) can be represented using SMILES notation. SMILES is a type of
language used by Material Informatics to “translate” the chemical structure of a
molecule into a machine-readable format. It is quite popular due to the simple
“grammatical” rules it adheres to as well as the fact that it is easily interpretable by
humans. SMILES, however, are not directly applicable to polymers, since the length and
even chemistry of their macromolecular chains vary. Some chains can be perfectly
linear, while others can have branches or be shorter due to side reactions. There have
been several alternatives proposed, one of them being BigSMILES, which is an
evolution of SMILES that encodes an extra structure into the representation and
PSMILES, which adds some extra rules as far as SMILES “grammar” goes [5],[6]. These
approaches, alongside their advantages and disadvantages, will be covered later.
However, it is important to highlight that there is still no one solution that is being used
across the field of Polymer Informatics.

1.2 Scope of work

In recent years, scientists have made some significant breakthroughs in polymer
research, with or without leveraging computer science. One example of this is vitrimers,
a sub-category of a larger class of polymeric materials called CANs, ie., Covalent
Adaptable Networks. The name "vitrimers” was given to them by Leibler et al, who
noticed their viscoelastic behavior was similar to vitreous silica. These materials are
characterized by covalent crosslinks that present reversible, dynamic behavior when
exposed to stimuli like heat, light, pressure or pH change. The main difference between
vitrimers and other dynamic networks is the nature of the exchange reactions. In the
former, bond exchange occurs via an associative pathway rather than a dissociative
one. This way, there is no distinction between breaking and reconnecting of the bonds,
therefore maintaining the overall density of the network stable, which in turn grants
them with unique abilities. It should be noted that all polymers with dynamic covalent
bonds, either dissociative or associative, are considered CANs [7],[8].

The chemistry behind vitrimers is complex and involves a lot of different variables, such
as the choice of compounding molecules and catalysts that will make up the final
product as well as their respective amounts. Catalysts are not always necessary, but in
many cases, they are used, since they aid in the crosslinking process and grant the final
product with dynamicity. There is also the matter of experimental conditions;
temperature, mixing and curing time, etc., as well as measuring conditions, for example,
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in mechanical and rheological tests. It is also critical to emphasize that there are few, if
any, robust mathematical expressions that can calculate key vitrimer properties like
crosslink density, which characterizes the density of the polymeric network, and
topological freezing temperature (7,), which is a temperature tied to their viscoelastic
behavior, distinct from the typical glass transition temperature (Ty). The limited
availability of standardized data on this area makes leveraging Machine Learning for
vitrimer research interesting but adds yet another layer of difficulty compared to
traditional Polymer Informatics. To date, there have been very few reports of such an
endeavor, making this work novel. Thus, an effort will be made to present the
framework behind this work as thoroughly as possible.

Therefore, this thesis aims to explore and implement an ML scheme for vitrimers, in
order to predict critical properties such as crosslink density, gel fraction and thermal
transitions (Ty, Tg). A detailed analysis will be presented, and all the necessary steps in
training and deploying the model will be laid out. By doing so, this work aspires to
contribute to bridging the research gap in vitrimers and laying a solid foundation for
future developments.
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Chapter 2: Theoretical background

2.1 Vitrimers

2.1.1 The emergence of a new class of polymers

Conventionally, polymers are divided into two broad classes based on their structure;
thermoplastics and thermosets. Thermoplastics are non-crosslinked linear or branched
polymers, able to flow under heating, which allows them to be reprocessed many times
as well as recycled without the heat adversely affecting their properties. On the other
hand, thermosets cannot be reprocessed and therefore recycled due to the permanent
crosslinks that are formed between chains during the curing process. Once cured,
thermosets cannot take a different shape like thermoplastics. This downside comes
with significant upsides such as excellent mechanical properties, stability when exposed
to heat and chemicals, and structural integrity. Vitrimers, in a way, form a bridge
between the two and can, therefore, be considered a third category, adding to the
previous ones. That is because their covalent bonds present a reversible and dynamic
behavior when exposed to stimuli and allow vitrimers to act as both thermoplastics and
thermosets. When a stimulus is applied (most commonly heat), vitrimers can flow, self-
heal and return to their original shape, a property known as shape memory, which is
what enables them to be repurposed and recycled, similarly to thermoplastic polymers.
At service temperatures, the crosslinks are stable, granting vitrimers mechanical
stability, durability and other properties usually found in thermoset polymers. The
reason behind vitrimers responding to certain stimuli is the continuous exchange
between links, which allows chains to rearrange themselves in the network. These
properties allow them to be used in a plethora of applications like robotics and 3D
printing [8]-[11]. Their unique properties can be seen in Figure 1.

Thermoplastic

Figure 1. Relationship between vitrimers, thermoplastics and thermosets [7].
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As previously mentioned, the essential difference between classic polymers and/or
dissociative CANs and vitrimers lies in the way bonds are exchanged in their networks,
and specifically, the fact that the latter follow an associative pathway. This means that
when bond exchange happens, old crosslinks break only when new ones have already
formed, which keeps the total number of crosslinks stable at all times. Following the
dissociative pathway, bonds break and reappear in another place, creating two
separate steps in the process [11], as seen in Figure 2.

a) Dissociative CAN _ [ Loss of network integrity
51:& i

b) Associative CAN |—) Fixed cross-link density

Sl

.

1&
58

Jeep

Figure 2. Difference between dissociative and associative mechanisms [11].

2.1.2 Vitrimer characteristics

In order to properly investigate vitrimer viscoelastic behavior, it is crucial to
differentiate between important temperatures like Ty, melting temperature (Tm), and
Tv. In classic polymers, T4 represents the temperature below which they act like glassy
solids. Amorphous and semi-crystalline polymers act as viscoelastic solids above the Ty
and Tn, respectively. Moreover, thermoplastics flow for temperatures above the Ty for
amorphous and Tr, for semi-crystalline ones. A sudden drop in viscosity is noted above
the T4 according to the Williams, Landel, and Ferry (WLF) model [10],[11]. Ty is a
temperature that describes the effect that topological rearrangements have on a
material on a macroscopic level. It is defined as the temperature where dynamic bonds
become reversible and viscosity takes the value of 10'? Pa-s. That number is based on
the Maxwell relation

n=Gr (2.1)
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where, n (Pa-s) stands for viscosity, G (Pa) for shear modulus, and z* (s) for relaxation
time. G can be estimated using the following relationship:

G

E' E'
T 20+v) 3

(2.2)

where, v is Poisson'’s ratio (usually equal to 0.5 for rubbers) and E’ (Pa) is the tensile
modulus. T, can be measured experimentally by dilatometry and stress relaxation tests
like oscillatory shear rheology. It is a crucial vitrimer property because it denotes the
moment where the material shifts from viscoelastic solid to viscoelastic liquid [10],[12].

Another important characteristic of vitrimers is their crosslink density, in other words
the density of the crosslinks in the polymeric network, which can be calculated through
the following equation

&

Ve = 3R(Ty+40)

(2.3)

where, E' stands for the storage modulus in the rubbery plateau (MPa) and R for the
universal gas constant. Crosslink density is linked to gel point, where the crosslink
density is sufficient enough to assume the presence of an infinite molecular weight
network [8].

As far as vitrimers' viscosity in relation to heat, it is governed by the relationship
between the material’'s T, and Ty, with the latter being analogous to that of classic
polymers. More often than not, Ty is lower than T, in vitrimers. They, like other
polymers, transition from rubbery to glassy state at Tq. In the beginning, viscosity is
described by the WLF model, and for temperatures above Ty, viscosity seems to follow
an Arrhenius dependence on temperature (silica-like). In the temperature range
between T4 and T,, bond exchange is so slow that the network is assumed to be fixed,
and only after being heated past T,, the speed of the exchange becomes quantifiable
and causes the material to behave like a viscoelastic liquid. This can be observed for
both amorphous and semi-crystalline vitrimers, with the melting temperature typically
lying between Ty and T.. It is also sometimes possible for T, to be lower than Ty, in
which case no chain movements are observed until vitrimers are heated past Ty. That
is when the rigid glassy material becomes a viscoelastic liquid, first controlled by
diffusion, ie., the WLF model, and then by exchange rate, ie., the Arrhenius model. In
this case, the value of Ty must be extrapolated from creep or stress-relaxation
experiments, as there is no way to directly calculate it [9],[10],[12],[13]. This interesting
behavior can be observed in Figure 3.
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Figure 3. Vitrimer behavior relating to temperature [7].

The importance of Tq and Ty lies in their ability to define the properties of the final
product, and it is therefore critical to tune them properly. T4 can be controlled through
parameters like crosslink density and rigidity of the monomers, while T, is influenced
by catalyst type and its concentration, dynamic bonds used, and density of functional
groups in the monomers. More specifically, increasing catalyst concentration leads to
lower T, values, while the nature of the catalyst affects the activation energy of the
exchange reactions directly. It is important to note that crosslink density and stability
of the network can be dictated by the percentage of permanent crosslinks, more stable
dynamic chemistries, and weaker links (like hydrogen bonding), which, in turn, is a
direct result of the choice of monomers. At the same time, the parameters mentioned
above, including the stoichiometry of the monomers, can affect the reversibility of the
dynamic bonds. Stress relaxation and creep can be manipulated through catalyst
concentration since it controls the kinetics behind the exchange reactions and
mechanical properties, in general, are reliant on the same parameters as Tg. In reality,
vitrimers can fully relax stress because of their dynamic behavior, except for
temperatures below Ty where polymeric chains can move slightly, if at all, and thus
prevent stress relaxation. Above Tg, stress relaxation is dependent on the kinetics of the
exchange reaction and, therefore, can be described by the Arrhenius law [8],[12],[13].

2.1.3 Basics of vitrimer chemistry

Two main synthetic routes can be taken to create vitrimers: polymerizing monomers
that have multifunctionality or crosslinking already formed thermoplastics. On the
other hand, another possible route is functionalizing the material after it has
polymerized, which is especially interesting in the case of existing polymers. There is
an abundance of reactions that can be employed to synthesize polymers, which can be
reviewed in Figure 4. In the current work, vitrimer chemistry will not be thoroughly
presented since it does not have a direct impact on the ML model training process.
Nevertheless, some groups of molecules and their corresponding dynamic exchange
reactions commonly found in the bibliography will be presented [12].
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Figure 4. Exchange reactions used in vitrimer synthesis [12].

Esters and carbonates

By utilizing transesterification reactions, epoxy/acid systems can lead to the synthesis
of vitrimers by mixing stoichiometric amounts of bi- and multifunctional monomers.
On the contrary, in epoxy/anhydride systems, stoichiometry must be considered more
carefully, and the polymerization process seems to be more intricate. The reaction
involves dehydration, condensation, and hydrolysis of carboxyl and hydroxyl groups.
These kinds of systems are usually favored since they are easy to upscale and the
introduction of a catalyst can control reaction kinetics, as well as T,, even though work
has been done to eliminate catalysts altogether. It is also interesting how organic
molecules, like lignin, can be chosen as precursor molecules for transesterification
reactions [9],[11],[12].

Urethanes, vinylogous urethanes and ureas

Urethane groups are highly stable under thermodynamic stress and therefore difficult
to process. Studies have shown that catalysts are required to promote urethane
metathesis and transcarbamoylation reactions, while dynamic exchange between free
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amine and vinylogous urethane groups has been found to happen without the
introduction of a catalyst. Vinylogous urethanes and their transamination reactions are
being studied as an alternative to transesterification-based polymers. A common way
to create such networks is by reacting acetoacetates and amines in a slightly off-
stoichiometric ratio, without adding catalysts [11],[12].

Imine exchange

Imine links, or otherwise known as Schiff bases, are a thoroughly studied class of bonds
that is now investigated under the light of dynamic behavior. Imine metathesis
polymers exhibit unique qualities like malleability after water introduction, and much
research is being done to determine how to impart more functionality into these
molecules and expand their capabilities, seeing that their mechanical and thermal
behavior is not up to par, in contrast to their rheological profile. Aldehydes and mixes
of di- and triamines or biobased materials like fructose and vanillin can be used in these
reactions and provide a greener alternative for the synthesis of such vitrimers
[10],[111,[12].

It is clear that the chemistry behind vitrimers is very rich, making vitrimers a
multifactorial “problem”. Other variables one needs to consider are processing
conditions, choice of compounds and catalyst, respective ratios to be used, etc. ML can
facilitate research by providing insights (such as vitrimer final properties) without
requiring expensive and repetitive experiments.

2.1.4 Vitrimer recycling strategies and general applications

As previously stated, vitrimers, amongst their many benefits, provide an eco-friendlier
and more circular alternative to classic polymers, and especially thermosets, as far as
recycling goes. Their dynamic bonds allow them to be recycled several times without
extreme changes in their properties from one cycle to the next. Usually, the properties
under investigation are Tg, elastic modulus of the rubbery plateau, stability under
thermal stress, tensile properties and gel content [13].

There are two main recycling strategies: mechanical and chemical recycling. In the
former case, vitrimers are ground into powder or pellets and then recycled through hot
pressing, injection, or extrusion molding, etc. Recycled materials exhibit changes in
properties according to the parameters used in the recycling process, such as and not
limited to temperature, pressure, and time. Research has been done both in hot
pressing and injection molding to investigate the influence of different parameters on
the final product [8],[9].

The second recovery method is chemical recycling, where vitrimers are dissolved in
solvents or monomers to aid in their depolymerization. That is when the polymeric
network is broken down into oligomers or even monomers, which can then be
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polymerized all over again and produce new vitrimers [9]. The first method, therefore,
relies on repurposing the polymer, and the second on using its building blocks to
create something novel. There are benefits and drawbacks to both; mechanical
recycling is often favored for its simplicity and ease of use but sometimes needs to
operate under harsh conditions. In contrast, chemical methods tend to offer higher
efficiency, enabling more precise results. The trade-off, however, is that these methods
often come with higher energy consumption and additional time and cost
considerations due to the need for specialized chemicals [9].

Adding to these, vitrimer chemistry is paving the way for introducing dynamic bonds
in existing thermosets, enabling their reprocessing and recycling, thereby addressing
one of their most significant issues [11]. Thermosets sometimes contain dynamic bonds
that are activated at very high temperatures due to high activation energy. Through
“vitrimerization”, a catalyst is infused into the polymers, lowering the activation energy.
That can be done either by swelling the thermoset in a solution of the catalyst or
grinding it together with the catalyst [8].

Vitrimers are versatile materials that can be used in several applications as mentioned
earlier. Besided robotics and 3D printing, they are also utilized in aeronautics, electronic
devices, equipment used in automation, and many more. The self-healing ability of
vitrimers is of paramount importance since polymeric materials can generally sustain
damage, which causes loss in functionality. Several types of healing and welding can
be applied, but each comes with its problems. In vitrimers, damage can be reversed,
both on the surface and internally, as far as properties go, due to the dynamic covalent
bonds. At the same time, they can be used to weld objects together since they form
interfacial crosslinks and promote strong adhesion. Additionally, their “shape memory”
property makes them ideal in biomedicine, sensors, and aircrafts, and they make for
good composites with the introduction of glass, cellulose, and carbon fibers, as well as
carbon nanotubes, graphene, and inorganic fillers. Finally, the ability of vitrimers to flow
makes them a strong candidate for additive manufacturing, which is to say, 3D printing.
3D printed objects from vitrimers can be sophisticated and geometrically complex,
opening doors to interesting applications like optical materials and smart actuators
[8],[91.[12].

2.2 Machine Learning

2.2.1 Categorization of Machine Learning Applications

In general, machine learning uses functions that, when correctly tuned, can predict an
output value by using data, or otherwise known as features, that were given to them
as an input. Functions can be tuned through different parameters. The process of
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scientists using data and machine learning to predict certain properties is called inverse
design. This way, researchers can avoid experimenting “blindly”, since models can
provide insights on hidden patterns in data, and offer solutions never thought before
[14].

Two main categories of machine learning can be observed, supervised, which is further
divided into regression and classification, and unsupervised, which includes clustering
and dimensionality reduction. The main difference between the two is whether the data
is labeled or not. In supervised learning, data has labels and the outputs provided by
the models can be continuous numerical values, in the case of regression, or discrete
categorical values, like the ones from classification models. The model depends on the
labels to make predictions and explore connections. It should be noted that labels are
another name for dependent variables, while features used for training represent the
independent variables. On the contrary, in unsupervised learning, the output, for
whatever reason, is not labeled, and so the model is asked to make predictions in order
to either uncover unseen connections in data (clustering) or reduce the dimensions of
a problem by eliminating unnecessary variables (dimensionality reduction). Models like
Random Forest (RF), Support Vector Machine (SVM) and Neural Networks (NN) can
perform both supervised and unsupervised learning [2],[15]. The aforementioned
categories can be observed in Figure 5.

Machine Learning

Supervised Learning Unsupervised Learning

Dimensionality

Regression Classification Clustering Reduction

e Linear « Logistic * Partitioning * Principal
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« Support Vector « Neutral Networks * Density Based

Regression Clustering « Factor Analysis

Decision Trees
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Decision Trees
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Figure 5. Schematic representation of ML categories [2].

In order to predict material properties, it is necessary to use supervised learning, and
more specifically regression models. Some examples include Linear regression,
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Random Forests, , Gradient Boosting, Neural Networks and others. The models Support
Vector Machines used in this work will be described in detail in the following chapters.

Semi-supervised learning and active learning are also noteworthy categories that are
gaining popularity in recent years. Semi-supervised learning includes both supervised
and unsupervised techniques to get the most out of small datasets, while active
learning is based on Bayesian optimization that drives data acquisition to get useful
outcomes out of initially very small datasets [14].

There are many tools available for material and polymer informatics, like RDKit and
Scikit Learn, two Python libraries that make the process of implementing ML easier, by
providing ready-made functions that perform training, validation and analysis. Indeed,
Python is one of the most accessible programming languages and widely used by
programmers and material scientists alike, due to its ease of use and extensive
documentation [15].

2.2.2 Overview of machine learning pipeline

It is crucial to provide an overview of a common ML pipeline, which is to say the
necessary steps that need to be taken in order to train and validate a model. First of
all, it is important for the goal of the study to be set so that the objectives, and therefore
the training process, are clear. Afterwards, we need to work on curating a database that
will be used during model training, which will include the input variables (features) and
the output variable (target). In this stage, information can be included from both
literature (data collection) and lab experiments.

Next up is the data processing step, during which data that could potentially hurt the
model is eliminated from the data set. This can be done through outlier detection,
which is the process of locating values that are significantly different to the others and
excluding them. During this step it is also necessary to treat any missing values, either
by completely eliminating them from the data set or imputing them. This can be done
in multiple ways, but two common strategies are assuming missing data points have a
zero value and substituting missing values with the average value derived from the rest
of the relevant data points. So, for example, if there are Ty values missing from a
dataset, the mean average of the existing values can be calculated and used to impute
the missing ones. Finally, during data processing, it is important to normalize all
variables, through different schemes, so they can have the same range. This is very
important later on because non-normalized data can create biases during the model
training, where variables with larger ranges can be interpreted as more important than
variables with smaller ranges. Normalizing all variables in a uniform way forces the
model to treat all variables equally, and it can be done through linear, z-score or log
scaling.
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The fourth step is the featurization step otherwise known as fingerprinting step. This is
where the chemistry behind the physical problem is translated into a machine-readable
quantity (feature) through different procedures. After featurization, researchers must
select the appropriate models and then train them. Before training a model, though, it
is usually necessary to apply a dimensionality reduction scheme, in order to eliminate
redundant features, and avoid overfitting. During the training step, it is important to
find the suitable hyperparameters that will lead to optimized results, which is usually
done through trial and error or through readily available algorithms.

In the end, we benchmark our results. This means comparing how models behave when
trained with different data sets, different fingerprints, different hyperparameters and
even different dimensionality reduction schemes. This is usually done through the
calculation of metrics like mean squared error, R?, and others, and visualizing the results
provided by the models with residual plots, parity plots, etc. Residual plots visualize
predicted values against residuals, while parity plots, actual values and predicted
values. After every step has been taken, it is possible to set up the final model and use
it in the way it was intended [3]. Figure 6 provides a quick overview of the workflow
described previously.
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Figure 6. Common ML pipeline [3].
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2.2.3 Fingerprinting methods

Creating a numerical vector, also known as a fingerprint, is the backbone of every
material informatics project because it transforms the input features and the chemistry
and/or structure of a molecule into a computer-readable input. Based on these curated
fingerprints, models can be trained to predict a target value, usually a property of the
final molecule, based on the chemistries of its precursor molecules [6]. This process is
also referred to as quantitative structure—activity relationship (QSAR) and, similarly,
quantitative structure—property relationship (QSPR). Both utilize statistical and
mathematical methods to explore the connection between molecular structure and
properties, which creates the need to establish a way to describe the molecular
structure in a unique and measurable way [16].

Several fingerprinting schemes are being used across material informatics problems
like molecular fingerprints, descriptor-based fingerprints, deep learning-based
fingerprints, graph-based representations, etc. There is no “turnkey” solution that can
be applied across all problems, and it is therefore critical for scientists to choose their
fingerprinting method carefully. In Figure 7, the example of polystyrene is being used
to showcase different available fingerprints [2].
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Figure 7. Fingerprinting methods: the example of polystyrene [2].

Feature extraction is a necessary step in descriptor-based fingerprinting. Here, chemical
descriptors, like the number of bonds, hydrogen acceptors and donors, and many
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more, are obtained from the chemical structure of a molecule. Molecular descriptors
were created by combining several theories, like quantum chemistry, information
theory, graph theory, and so on, and can be processed through cheminformatics and
used in QSAR/QSPR and other computer-based tasks [18].

It is clear that the structural complexity of a molecule cannot be fully described using
such features, because each descriptor can only describe a small part of the information
contained in a single molecule. The only way to achieve as much representation as
possible is through high-dimensional descriptors or multiple descriptors, which adds -
sometimes unnecessary- complexity to a model. Most of the time, researchers extract
thousands of descriptors and, during the pre-processing stage eliminate all
unnecessary ones through dimensionality reduction schemes, ending up with a
significantly reduced number of final features. In general, descriptors can be
categorized in the following way [16]-[18]:

1. Zero-dimensional (0D): Descriptors that draw information from the chemical
formula are called 0D descriptors, and they represent bulk properties, like atom
counts, molecular weight, and sums or averages of properties found in the
atoms of a molecule.

2. One-dimensional (1D): Descriptors that break molecules into substructures, like
functional groups, and count their occurrence are called 1D descriptors. They
are usually binary, using 0 or 1 to signal the absence or existence of a structure,
or occurrence frequencies, counting the times a certain group appears in a
molecule. These, together with OD descriptors, are also known as constitutional
descriptors, which only consider chemical composition and not topology.

3. Two-dimensional (2D): These descriptors reveal more information on the
connectivity of atoms than 1D descriptors, where the knowledge of the entire
molecular structure is not necessary. Here, bonds between atoms are
considered, in addition to taking note of which and how many atoms exist, and
the molecule is represented through a graph. The atoms are the vertices of the
graph, and the bonds are their edges. Graph representation makes the
calculation of several descriptors easy. There are two main categories
considered: topological indices (Tls) that encode properties related to topology,
like adjacency, and topochemical indices that represent chemical properties of
the target atoms, like whether they are hydrogen bond donors or acceptors,
their mass and polarizability, etc. Tls are sensitive to different structures, which
is to say they are sensitive to size, symmetry, branches in the molecule, presence
of cyclical structures, and others.

4. Three-dimensional (3D): 3D descriptors, commonly referred to as geometrical
descriptors, are similar to 2D descriptors, but add another layer of complexity
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by considering the molecule as a 3D object in space, which means they consider
its x-y-z coordinates. Therefore, for 3D descriptors, the position of an atom is as
important as the atoms it is connected to. They are very useful, especially in
challenging subjects like modeling biological properties, but are inherently
complex and tricky to calculate correctly. An example of this are Coulomb
matrices.

5. Higher dimensions: 4D and higher dimension descriptors, like Comparative
Molecular Field Analysis (COMFA), exist but are computationally intensive and
should be considered for each machine learning problem separately. These
descriptors can capture properties that originate from electron distribution.

Descriptors can also be categorized as classical molecular descriptors and as binary
fingerprints. The first represents chemical features through a single value and can be
used in combination with other descriptors, which may potentially be measured on a
different scale; some could be integers (atom counts), others binary values (presence
or absence of a group), and others continuous (molecular weight). The second only
represents structures in a binary form, as a series of bits, and therefore needs to be
used as a whole, for it to be interpretable [17].

Structural keys and molecular fingerprints are examples of binary fingerprints. With
both, an effort is made to represent a molecule by capturing parts of the structure.
Usually, structural keys have a list of already defined structural features, such as atom
pairs, functional groups, etc., used to differentiate between molecules and derive useful
information from them. The most popular is MACCS keys, with 960 structural features.
On the other hand, molecular fingerprints explore a molecular structure through every
possible path, following a set of rules. It is important to choose the kind of patterns
that will be identified by the fingerprint. In most cases, two types can be considered,
paths and atom-centered, which are also called circular, and two classes will be
calculated, path and extended connectivity fingerprints. The latter is also referred to as
Morgan/ circular fingerprint, and it is commonly used in ML problems. Users can define
the radius of the patterns to identify and optionally set up parameters to tune the
discrimination power of substructures. Some properties calculated are the number of
neighboring atoms, formal charge, atom aromaticity, and many others. Molecular
fingerprints are Boolean vectors that define whether a feature of the structure exists or
not [18].

2.2.4 Algorithms applied in ML pipelines

2.2.4.1 Machine Learning Algorithms

The selection of a specific algorithm is influenced by the kind of mathematical
techniques it uses, or the type of loss function it optimizes and whether those suit the
problem at hand. Because of this, an important step that can be taken in the training
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process, if possible, is exploring the connection between the data and the mathematical
background of the model, which is called inductive bias [15]. Below, models used for
this work will be presented.

Linear regression

Linear regression is one of the simplest, yet effective algorithms for modeling when the
target value and the features have a linear or close to linear relationship. It is possible
for nonlinear relationships to also exist and be explored through linearization of the
variables. In other words, variables like x°, X3, etc., can be transformed into x, xz, etc.
and be used in a linear relation like

y=b0+a1'x1+a2'X2+---+ak'xk. (24)

Most linear regression models apply a regularization process, where the target is to
minimize overfitting through limiting the values of the relation coefficients optimized
during training. Popular models used for this are Ridge and LASSO regression. The
coefficients are optimized through a process whose goal is to reduce the ordinary least
squares value of the model [2],[15].

Support Vector Machine (SVM)

Support vector machine algorithms are very commonly used ML models for
classification and regression, and present similarities to regular linear regression. While
linear regression works to minimize the ordinary least squares error, SVM minimizes
the sum of squared errors (w?) made during prediction while trying to find a line that
best fits the data. More specifically, SVM minimizes the following equation

SIW2ll+ CEL G+ &) (2.5)

where, C is a positive constant used to show the trade-off between training error and
model smoothness, &, & are slack variables, introduced to handle the observations and
[ is the length of the dataset. By doing so, SVM retrieves a mathematical equation,
known as a hyperplane. The hyperplane is used to separate groups of data (clusters)
by emphasizing the data points that are nearest to the decision barrier between classes.
These classes are also called support vectors. This is usually a linear process, but it can
be applied to non-linear data as well, by using a kernel function to mathematically
transform the data and add dimensions. This model can also be used in regression
tasks when the hyperplane is chosen in order to include as many observations as
possible and provide a representative boundary between different classes [2],[6],[15].

One particular strength of this model lies in its robustness and customizability through
kernel functions. These include linear, radial bases function (RBF), polynomial, sigmoid
and other kernels. It is a good choice for smaller datasets with multiple features. In the
presence of large datasets, the computational complexity of SVM hurts the model’s
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predictive accuracy [6],[14]. SVM is also indifferent to the presence of some errors, as
long as they fall under a margin, called epsilon tube, that is considered around the
fitted line. The support vectors mentioned earlier lie on the edge, or outside of this
tube, which can be seen in Figure 8 [2].
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Figure 8. Schematic of a support vector machine model [2].

Gaussian Process Regression (GPR)

Gaussian Process regression is a subcategory of the Gaussian Process model, which is
used for both classification and regression. It is a non-parametric approach, and it
measures how similar data points are, using kernel functions, like white, RBF, Matern
kernel, etc., to predict new data. Kernels can be set by users if there is previous
knowledge or updated during the training process based on the model’'s performance
and are used to measure the distance between two points. The optimal predicted
function is modeled as the distribution of all possible functions that fit the data, using
Bayesian statistics to estimate uncertainty. The distribution is of Gaussian nature, and
it is a flexible surface over the space that features hold. This model, in contrast to the
previous ones, does not assume linearity but rather a flexible, smooth function
[2],(6,[15].

In GPR, every predicted value is accompanied by an uncertainty value or variance, which
is important for model interpretation and understanding where the model makes poor
predictions. It is best suited for small data sets, where it captures relationships between
data well. It is not recommended for high dimensional problems and big datasets due
to its high computational cost [15]. It is also important to note that GPR's results rely
heavily on choosing the right kernel [2].
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Random Forest (RF) algorithm

The Random Forest algorithm is an evolution of another algorithm known as decision
trees. Decision trees are used in both supervised and unsupervised ML, and it is an
algorithm that creates structures resembling trees with branches, which split from
nodes. A node that splits the tree based on some criterion is called a decision node,
while a terminal node is called a leaf. The logic behind the branching of such a tree is
based on successive “if/else” questions asked at each node for the various variables.
Using a specific value, each variable is compared and accordingly classified into
subsequent branches. When used in regression tasks, the mean squared error (MSE)
and other values are measured to evaluate how much the variable under computation
varies at each node, and the node ultimately takes on the average value computed at
that point. This process is repeated multiple times until homogeneity is achieved in the
labels assigned by the tree, a property known as leaf purity.

Decision trees are not ideal for training models based on small datasets because they
are prone to high variability, which ultimately undermines the model’s accuracy. Thus,
characteristics such as high noise can lead to overfitting and, consequently, poor
generalization of the model. However, their advantages—such as capturing non-linear
relationships well and interpretability—are usually harnessed through the so-called
ensemble methods. These are methods that use many machine learning models
together or use one model many times, combining their results to produce a final,
weighted output. One such example is the Random Forest algorithm, which can be
defined as a “forest” of decision trees [2],[15].

The main advantage of Random Forest is that it combats the high variability inherent
to decision trees by creating multiple trees. Each one works on a random portion of
the database (a technique known as bootstrapping), and at each node, only a subset
of the total features is examined, usually the square root of the total number of
features, again selected randomly. In this way, each tree explores different connections
within the data and contributes to the overall result in a unique manner.

Thus, the final value given by a Random Forest in regression tasks is the average of the
values from all individual trees. This approach increases the robustness of the model,
as it is not as heavily affected by potential fluctuations in the data. Some additional
advantages include its ability to handle missing data and its capability to accept
multiple input types, both categorical and numerical. It is clear that the best predictions
occur when the forest has great diversity, meaning the trees are uncorrelated with each
other. The main drawback is increased complexity compared to decision trees, making
it more difficult to interpret and draw conclusions from. A schematic representation of
such a model is shown in Figure 9 [2],[15],[19].
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Figure 9. Schematic of a Decision Tree (left) and a Random Forest (right) [2].

Gradient Boosting Machines (GBM)

Gradient boosting machines are an ensemble method, like Random Forests, but they
operate on a different ensembling strategy. More specifically, the idea behind them is
adding new weak, base-learner models in every iteration, and training them based on
the error of the whole ensemble up to that point. This means that the new models need
to be correlated with the negative gradient of the loss function, which can be chosen
by the researchers. A common choice would be the classic squared-error loss, which
would make the training a consecutive error-fitting process. The goal is to improve the
estimate of the model as much as possible, since GBM treats boosting as a numerical
optimization problem [20],[21].

One of the main advantages of Gradient Boosting is its customizability, which makes it
suitable and successful for a variety of different tasks and data sets. Choosing an
appropriate loss function can be done through trial and error, but for continuous target
variables there are four first order loss functions to be considered. An example of such
a loss function is the Laplacian L1 loss function ¥(y,f).r:

YW, = ly—fl (2.6)

where, y is the continuous target and f is the function the model tries to estimate.

The base learner models can belong in one of three categories: linear models, like
ordinary linear regression and ridge penalized linear regression, smooth models, such
as P-splines and radial basis functions) and decision trees- either stumps or trees with
arbitrary interaction depth. Decision tree stumps are trees with only one split. Decision
trees based GBM is usually the most common choice, since it is the most reasonable,
computationally speaking [21].

eXtreme Gradient Boosting (XGBoost)

The extreme Gradient Boosting algorithm improves on the GBM algorithm by
expanding the loss function to the second order, using Taylor expansion and adding a
regularization term. That is why it is also called Newton boosting method. It uses the
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Gradient Boosting methodology and predicts values based on several complement
functions, further expanding the previous algorithm’s capabilities. Adding to that,
XGBoost perfects the details of feature processing and the iteration process while it is
implemented. It is a powerful tree-based algorithm that, like GBM, is considered an
ensemble method. As with every model, there is a trade-off between model accuracy
and overfitting [20],[22].

2.2.4.2 Dimensionality Reduction Algorithms

Dimensionality reduction is an important step in every ML project, necessary to avoid
the pitfall of overfitting and time-consuming computations. One can avoid overfitting
by reducing the amount of features a model is trained on, or in other words the
dimensions of the problem, which leads to overall less complexity of the model.
Researchers often face the issue of choosing the appropriate input features for model
training. Indeed, there are a number of molecular descriptors that can be used to
represent materials and especially polymers, so it is important for the right ones to be
selected to avoid suboptimal model performance [2]. Dimensionality reduction is also
useful for removing noise from datasets, since scarce or non-homogeneous data points
are excluded during this process, making the final model more robust [20].

These kinds of algorithms fall under the unsupervised learning category and one of the
most commonly used ones is principal component analysis. That being said, there are
a lot more algorithms that can be harnessed for this work, like t-distributed stochastic
neighbor embedding (t-SNE), uniform manifold approximation and projection (UMAP),
and diffusion maps [15]. There are also alternative paths that can be taken for
dimensionality reduction, such as running a correlation analysis solely on features and
then checking the correlation between the remaining features and the target variable
and reducing the model’s inputs through feature selection algorithms. Such examples
are the Mutual Information method, the Random Forest algorithm and others. It must
be noted that feature selection needs to follow the correlation analysis to avoid
selecting features that are already interconnected.

It is worth mentioning that algorithms used for feature selection are divided into three
main categories: filters, embedded, and wrappers. Filters rely on the correlation that
features may have with the response variable and are typically used during
preprocessing, while embedded methods are applied during model training, aiming to
improve model performance by selecting the most relevant features. Wrappers are
based on statistical measures to rank features according to their importance.
Additionally, the objectives among these algorithms may vary- some focus on
identifying the minimum number of features necessary, while others aim to find all
potentially useful ones. Filters are less computationally expensive than wrappers, as the
latter require training and testing models repeatedly for each possible subset of
features. Nevertheless, wrapper methods provide better results [23],[24].
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Principal Component Analysis (PCA)

Principal component analysis is a technique used to transform high-dimensional
problems into much smaller ones by clustering features together, while making an
effort to preserve the relationship between data as much as possible. In fact, PCA maps
N-dimensional features to K-dimensional features that are mutually orthogonal using
the main principal components. PCA focuses first on descriptors with the maximum
amount of variability, and this is why it is especially important to have scaled and
normalized all values to the same range, so that no features are considered more
important than others due to having a seemingly larger range [25]. To create the
principal components, PCA forces linear connections between features, which is as
much a strength as it is a weakness in some cases. On the one hand, PCA is easy to use
and very effective in making model inputs as simple as possible, but on the other hand,
by introducing linearity in complex non-linearly connected data, it can lead to the loss
of important information, and, in the end, reduce the model's accuracy. At the same
time, PCA makes result interpretation more difficult because it combines features
together in a "black box” manner. This means that, in reality, one cannot know exactly
which features end up informing the model'’s predictive power and final results, which
is something that can be mitigated by introducing more algorithms to interpret PCA's
results, or by plotting the PCA's results in scatter plots, which visualize potential groups
of variables that inform the so called "principal components”. Another option is heat
maps, where it is shown exactly how much each feature contributes to each principal
component. [2],[15],[20].

Pearson correlation analysis

Often, when using multiple descriptors without a-priori knowledge of their influence
on the final result, it is important to make sure they are all equally important and not
redundant. It is, in fact, critical to eliminate correlated features because models pick up
on those internal connections and learn from them, which may lead to overfitting. One
way to do this is by computing the correlations between different features using
Pearson coefficients, Spearman coefficients, etc. Another option is creating a Pearson
correlation map to visualize the connections between descriptors and, potentially,
eliminating some of them based on how strongly they are related to others [26].

The Pearson correlation coefficient R can be used to measure the linear relation
between two variables. R is characteristic of data association, has a range from -1 to 1,
and is usually computed in the following way:

__ cov(xy)
R= [std.x-std.y] (27)
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where, x and y are the two variables under consideration. When R takes the value of -
1 it means the variables are perfectly negatively correlated, and adversely, the value of
+1 shows perfect positive correlation. By introducing Bayesian analysis of the linear
correlation, better predictions can be achieved, as shown in literature [27].

Mutual Information (MI) method

Mutual Information is a filter method that has its roots in statistics and is useful in
identifying even non-linear relationships between data, as it detects any correlation
they might have with each other. Another advantage of this method is that it does not
require a specific database size to function, so it can be used equally well on small
databases, like the database curated for this work, as well as on large databases with
thousands of entries. It is, of course, important for the data to be normalized on the
same scale for their relationships to be correctly diagnosed.

The Mutual Information between two numbers is a non-negative value and is equal to
zero only when the variables under examination are completely independent. This
method is often used for feature selection and can rely on the calculation of entropy,
meaning uncertainty, based on the k-nearest neighbors algorithm, which essentially
calculates the distances between 2 neighboring points and thus determines how scarce
the data are [28],[29]. Another area in which it finds application is in Independent
Component Analysis (ICA), which is used to separate a multivariate system into multiple
independent variables [29].

Random Forest (RF) algorithm

This algorithm, which is considered a wrapper method, beyond its direct use in machine
learning as the primary predictive model, is also frequently applied in the process of
selecting the final features that will be used as inputs during the training step of a
model. Various sub-methods can be employed, such as the Boruta algorithm, RFE, RRF,
etc. [23]. The way feature importance is assessed is as follows: in each tree, there is a
portion of data and features that are not examined (out-of-bag individuals). At the end
of the training process of the entire forest, it becomes evident which features truly
matter if their absence in a particular tree prevents it from making accurate predictions
[19].
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Chapter 3: Methods and Materials

3.1 Setting the goal of the ML model

The objective behind this machine learning pipeline is to train models to make
predictions on four key vitrimer properties and compare their predictive accuracy while
testing different dimensionality reduction methods and hyperparameters. The vitrimer
properties under investigation are crosslink density, Tgand T, and gel fraction. Similar
workflows will be applied for all four properties to draw useful conclusions about the
chemistry behind the problem, and how it can affect the predictions made by ML
models, which only handle numerical data and possess no domain knowledge.

A usual ML workflow has been followed, but unique steps, especially during
dimensionality reduction, have been taken, in order to discover the best way to handle
this intricate problem, which involves chemistries of not only one, but multiple
components.

3.2 Database curation

3.2.1 Data collection

As was previously stated, data collection for building databases for Polymer Informatics
is a laborious task with several problems. There are still not many such databases
available, but some interesting and noteworthy examples are Polymer Genome/
Khazana, which is not a library of properties, but a predictive tool created by Ramprasad
Research Group, and Polylnfo, which gives access to several properties for different
polymers. Some more reliable sources are PubChem and ChemSpider, which contain
information on some polymers and polymer properties as well as all sorts of molecules
[2].

In the current work, an effort was made to collect data points from different articles
available online, with two main considerations in mind. First, the sources needed to be
reliable and present several measurements to create a consistent database with few
missing values. Secondly, the materials used in the experiments needed to be diverse
with the aim of including and exploring different chemistries. Almost 50 articles were
considered, out of which 31 were finally used to draw useful data points, as referenced
[30]-[62]. Despite the extensive literature, the problem of missing values proved
challenging. Not all research groups are indeed interested in measuring the same
vitrimer properties and presenting results relating to every one of their specimens. In
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the earlier versions of the database, many properties were included, a lot of which were
later removed due to limited data availability.

The properties in the original dataset were: compound name, compound molecular
weight MW (g/mol), number of functional groups, compound molar ratio (% mol),
reactive end-groups ratio (-), reaction temperature T (°C), catalyst type its molar ratio
(% mol) and its MW, gel fraction GF (%), swelling ratio SR (%), crosslink density ve
(mol/m3), glass transition temperature T4 (°C), relaxation time T* (s), pre-exponential
factor of relaxation time A (s™), activation energy E. (kJ/mol), topology freezing
temperature T, (°C), melting temperature Tm (°C), zero shear modulus Go (MPa),
decomposition temperature at 5% weight loss Tgs5% (°C) and finally decomposition
temperature Ty (°C). The final three were eliminated in the next version of the dataset
because few groups measured them, and they were ultimately deemed to be of little
physical importance for the model.

GF and SR can be calculated through insolubility tests, and they represent the insoluble
fraction of a vitrimer and the amount of it that swells, respectively. Both can give insight
into the crosslinking degree and density. The same can be said for Go, which expresses
the elastic response of the material in the rubbery plateau region. Additionally,
relaxation time shows the time required for a vitrimer to fully relax stress, and its pre-
exponential factor can be calculated through the Arrhenius equation as follows:

7o () = 1" exp(—Eq " ) 3.1)
where, R=8.314 J/mol-K and T (K), is the temperature where the relaxation time t* was
measured in [29]. Equation (3.1) can be used because, as previously mentioned, the
Arrhenius equation can be used to fit the temperature-dependent behavior of the
characteristic relaxation time. This measurement is helpful to calculate, since it is not
temperature dependent like relaxation time, and thus can be consistently represented
in the database.

Aside from the molecular weight and the number of functional groups, some other
properties like intrinsic viscosity, density, and polarity were considered for the database
but were not included in the end. The reasons behind this choice were their
temperature dependence, the manual labor required to fill them in, making the
database counterintuitive and harder for future expansion, and, finally, the lack of
immediate connection to the final vitrimer properties. Either way, compound chemistry
will be portrayed thoroughly through specific descriptors that will be introduced in the
next chapter.

Finally, the choice to add Young's modulus E (MPa) and tensile strength amax (MPa)
was made, alongside the effort to represent recycled vitrimer properties through the
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two, for three consecutive cycles. In the end, E and omax for recycled samples were
dropped from the dataset because a limited number of groups recycled their produced
material and took note of the respective values, making the overall results in the
dataset very scarce. Adding to that, out of the groups that actually investigated
recycling, many of them followed different experimental procedures and focused on
different properties and characteristics of the final material, such as texture,
appearance, mechanical properties, and even relaxation times. This made it very hard
to present all these findings in a uniform and consistent way. After this, relaxation time
T* was also eliminated due to its temperature dependence, as was compound molar
ratio, since reactive end-group ratio expresses the same value, more concisely.

To sum up, the final measures that remain in the dataset after all the changes are the
following:

e Compound name, MW, number of functional groups and reactive end-groups
ratio,

e Catalyst type, MW and molar ratio,

e T,

e GF and SR that yield ve (mol/m?),

e Tgand Tyand Tn

e AandE,

e Eand Omax

The dataset initially comprised 222 observations. However, the final number used for
training was reduced to 209 due to the exclusion of certain data points. These excluded
cases involved systems composed of four components, where information on the
fourth component was often limited or incomplete. This resulted in several missing
values and compromised the overall homogeneity of the dataset, justifying their
removal from the analysis.

3.2.2 Necessary calculations

Relaxation time and pre-exponential factor

It is worth mentioning that some relaxation time values were not directly reported and
instead were only presented through figures. In order to extract relaxation times and
the corresponding temperatures where they were measured, WebPlotDigitalizer, an
online tool that helps extract numerical information from images, was used [62]. The
user uploads the graph image, define the scales (i.e. normal, logarithmic, etc.) and
calibrate the axes by assuming two sets of values- here xo, yo and Xfinal, Yfinat Which were
easy to deduce. Afterwards, coordinates are provided for any chosen point in the
image, which can then be used as an input for equation (3.1). More specifically, in the
plots, x represented 7000/T (K'') and y, T*.
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Molecular weight (MW)

For novel molecules, MW was calculated by summing the atomic weights of their
constituent atoms. In the case of polymers, the MW of the repeating unit was used
instead of the full polymer MW. This approach ensured a consistent representation
across polymers that may differ only in polymerization degree. Additionally, using full
polymer molecular weights would have resulted in an extremely wide range of values,
potentially destabilizing the model during training. Finally, in some cases, epoxy
equivalent weights (EEW) were provided and by following the following equation they
were transformed into molecular weights for uniformity:

MW = EEW - Number of epoxy groups (3.2)

Reactive end- groups ratio

Reactive end-groups ratio was calculated by simply dividing the mol of a reactive group
present in a molecule with the mol of another. A choice had to be made as to which
functional group would be the numerator and which the denominator to maintain
uniformity in the data set. There are many possible functional groups like epoxy (-COC),
amine (-NHz/-NHR/-NRy), carboxylic acid (-COOH), hydroxyl (-OH), ester (-RCOOR),
anhydride (-RCOCR’) and more.

Epoxy groups were always used as the denominator, and when the composition was
not based on molecules with epoxy end groups, amines were used as the denominator.
Whenever it was possible, the following relation was applied:

mol of functional group of Compound2 __

Reactive end — groups ratio = , =
mol of functional group of Compound1l

functional group2 equivalent (3 3)

functional group1 equivalent

This was not always possible due to the existence of a third compound that had to be
included in the calculation. Initially, compound1 referred to the crosslinker or reactive
resin used in the experiments, but this was also not applicable universally either. In
general, one of the biggest challenges in this work was properly representing this exact
value.

An added layer of difficulty came from the fact that many research groups chose to
present the quantities they used in their materials through mass and not mol. In these
cases, n = %was used to transform mass to mol. It is especially important to

remember that the reactive group ratio is a division between functional groups and
not entire molecules, which means that the mass of the functional group had to be
estimated by the molecule’s mass given by the researchers.
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Catalyst molar ratio

This ratio was usually provided by researchers, and it referred to how much catalyst
was added in relation to one of the compounds. To make everything more concise, it
was decided that given values would be divided by the number of functional groups.
This way it would be similar to reactive end group ratio. Of course, the same applied
for these calculations as before when quantities or percentages were given in mass
instead of mol.

Whenever possible, average values are used in the data set. The same is done in the
case of mixtures; a fifty-fifty contribution was assumed, unless stated otherwise, and
the final properties were calculated by equally weighing the properties of the precursor
molecules.

Finally, all calculations made are highlighted in red in the excel spreadsheet named
“Draft4_new?2" provided in the link in the Appendix.

3.2.3 Translation of chemical structure through SMILES

3.2.3.1 Explanation of SMILES representation used

SMILES is a 2D graph-based representation and the most common way to represent
chemical structures in a way that computers can interpret. Molecule graphs are
translated into linear notation, where atoms and connectivity are defined [17]. Since
there are limitations in the case of polymers, scientists have been exploring alternatives.
One such example is BigSMILES, where pieces of polymers are expressed by a list of
repeating units between curly brackets. The repeating units can be written in the
SMILES language, with the addition of bonding descriptors that showcase how these
units are connected. This structure provides the opportunity to represent complex
macromolecules like homopolymers, copolymers- both random and block-, non-linear
polymers, and so on, with the addition of some rules and operators to the existing
SMILES [5]. Different structures can be seen in Figure 10. However, despite their many
capabilities, BIgSMILES cannot yet be used in existing Cheminformatics packages like
RDKit, which is usually leveraged to extract chemical descriptors for molecules based
on their structure [6].

Another interesting approach and one that will be used in the current work is PSMILES,
proposed by Ramprasad Research Group, which represents the repeating unit of a
polymer, using SMILES rules as well as some additional ones that can be found in the
Polymer Genome site [64]. The most important addition is that of an asterisk (*) that
highlights the polymerization points and allows for the repetition of many units in the
structure to better capture the molecule’s complexity. The advantage of this approach
over simply using monomer SMILES is the fact that it provides information for
polymerization and, because of that, increases the prediction accuracy in ML

44


https://ramprasad.mse.gatech.edu/

Diploma Thesis Danai Dimitra Morfi

applications. Traditional monomer SMILES, when used in small datasets, provide
adequate accuracy and are generally easier to represent, while PSMILES require
processing before being fed to a model, and there are few, if any, ready-made and
available to this day. At the same time, regular SMILES make differentiating between
small molecules and the repeating unit of a polymer almost impossible and cannot
account for the possible existence of different polymerization points in polymeric
chains. For all these reasons, the representation of polymers was chosen to be through
SMILES of the repeating unit (PSMILES), using just one unit to avoid unnecessary
complexity at this stage. Adding to that, it has been shown that including many
repetitions of the repeating unit in PSMILES, does not improve the model’s ability to
make predictions [6].

Schematic illustration of Example
BigSMILES representation structures
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Figure 10. Illustration of BigSMILES [5].
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3.2.3.2 SMILES collection

For simple molecules (e.g., acids, catalysts), SMILES identifiers were retrieved from
databases such as PubChem and ChemSpider and copied into an excel spreadsheet.
These SMILES were then verified for validation purposes by visualizing the
corresponding structures using the SMILES Mapper website- a useful tool that
generates molecular structures from user-provided SMILES strings [65].

To generate and visualize repeating units for polymers, Polymer Genome guidelines
and a publicly available Python Package were used [66]. The resulting structures were
also added to the spreadsheet for consistency and clarity.

A different approach was followed for more complex molecules, such as novel
compounds whose synthesis was described in the literature. When molecular structures
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were not explicitly provided by the research groups, chemistry knowledge, along with
informed assumptions, was used to deduce plausible structures. Corresponding
SMILES identifiers were then constructed based on the rules defined by Daylight [67].

In cases where structures were available as images, the MolView website was used to
reconstruct and extract the remaining SMILES. MolView is a powerful tool for molecular
representation that also supports the export of related data such as SMILES, molecular
weight, hydrogen donors/acceptors, and more [68]. This functionality was particularly
helpful for handling complex or unconventional chemistries, where manually deriving
SMILES using structural rules would have been time-consuming and error prone. Other
molecular drawing websites and software are also available and can be used instead of
MolView, like eMolecules or Structure Search by ChemSpider.

In a later stage, using a suitable Python package, the SMILES strings were rendered as
images via RDKit, to make the database even more user-friendly and to allow quick
and easy visualization, even of complex compounds [69].

3.3 Feature extraction

Molecular descriptor calculations are time consuming if done manually, because of
their complex mathematical basis, but can be done quickly and easily by available
softwares. RDKit, a popular cheminformatics python package, was chosen as the
feature extraction tool for its ease of use and ability to extract a multitude of
descriptors. More specifically, it used to be able to calculate up to 117 0D to 2D
descriptors, but this number has expanded to about 200 [17]. PaDEL - Descriptor is
another package available for extracting chemical descriptors, with a web-based
interface [70]. It is simpler to use than RDKit and has more descriptors available.
Nevertheless, it has less functionalities, and RDKit can create results that can be directly
fed to a machine learning pipeline, making it more suitable. RDKit can receive a SMILES
string as an input and print out a table of descriptors requested as an output. For the
objective of this thesis, keeping in mind that the connection behind compound
chemistry and final vitrimer properties is not fully explored, all available RDKit
descriptors were requested, alongside the Morgan Fingerprint. Usually, when domain
knowledge is available, more specific descriptors can be obtained in the beginning, to
cut down on calculation time.

Requesting these descriptors was done in an effort to combine two fingerprinting
methods together, i.e., descriptor-based and molecular fingerprinting. While it is rather
common practice for Morgan Fingerprints to be employed in material informatics
problems, here it created a high dimensional latent space- 2047 bits, i.e., 2047 columns
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in the excel spreadsheet were reserved just for that. Therefore, the number of features
far outweighed the number of datapoints available, which is considered bad practice
that can lead to overfitting or underperforming of the model due to added complexity.
This is one of the reasons why MFs are usually found in problems where the available
database is quite large [2]. The dimensionality reduction methods analyzed previously
and utilized in this thesis would not have been able to deal with the Morgan Fingerprint
adequately, which is why in the end it was eliminated from the database. In general,
though, it has been proven that using Morgan Fingerprint with frequencies is better
for prediction than using SMILES as an input, which only works for natural language
models that read input the way a human would. That in turn is better than using RDKit-
based descriptors, which is still good for most cases [6].

In the current work, a combination of features extracted from RDKit that describe the
compounds used to synthesize different vitrimers, alongside features that express how
much of each compound was used, will be the basis on which models will be trained.
Two separate databases were created first, one with the descriptors or otherwise
referred to in the current work as features (feature database), and one with the data
collected from literature (experimental database).

3.4 Data processing

The data processing step was carried out as described below in three stages: first for
the experimental database, then for the feature database, and finally for the
combination of the two. The last database was the one that was used to train the
models and draw conclusions from.

3.4.1 Outlier detection and data cleaning

Outliers are values that deviate significantly from most of the values within a given
feature or variable and may pose a potential risk to the models training process,
especially when they occur in large numbers. Models often try to fit them with the rest
of the values, which leads to overfitting and poor generalization. However, outliers are
not inherently problematic; in some cases, they may carry meaningful information-
especially when they arise from distinct chemistries rather than measurement errors or
noise. Python has functions that perform outlier detection automatically, but there are
also statistical methods for this, like the Z-score method, where the z value is calculated
as the number of standard deviations a data point deviates from the mean, and then a
threshold for outlier elimination is set- usually for z greater than 3 [71].

However, outlier detection and removal were not applied in this work, for two main
reasons. First of all, the data set was manually curated from literature, where reported
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values are the direct result of experimental validation and can be considered
meaningful and trustworthy, even if some seemed rare or different than the majority
of other values. Secondly, the small size of the data set was of major consideration, so
removing additional points risked narrowing it down even further, which could
jeopardize the model training process and its consequent generalization. At the same
time, it is known that some models, like tree-based models and Support Vector
Machines, are not heavily influenced by the existence of some outliers, so long as they
are not extreme. Adding to that, outliers in small data sets can be a result of a skewed
distribution and therefore be harmless [25]. As a result, aggressive preprocessing, like
outlier removal, was avoided and instead other techniques were utilized to clean the
data set as much and as thoroughly as possible, without introducing data sparsity.

Three measures were taken to ensure that the database was properly processed before
model training. These also doubled as a means to reduce dimensions because they
eliminated unnecessary descriptors.

Firstly, care was taken to remove the features that presented no variance in their values,
or in other words, the ones that had a standard deviation value of zero. The same was
done for features with very little variance, like Kappa3 (a topological index that
quantifies shape), which is shown in Figure 11. Some features with low standard
deviation values persisted even though a strict threshold fraction of 0.000001 was set
to eliminate them. This fraction was multiplied with the range of values of each feature
(max — min), which produced the corresponding thresholds. Larger fraction values
left unnecessary features intact, and smaller values did not seem to reduce the features
further due to precision and floating-point errors.

These two measures were taken to ensure the data set only included meaningful,
multivariant features, which could be used during the training process. Leaving
uninformative features in the data set would not only keep the dimensions of the
problem high but also introduce unnecessary noise. Lastly, in an effort to address the
remaining features, a “scarcity” filter was placed. Specifically, any column in which more
than 90% of the values were zeros was considered information-scarce and was
subsequently removed. It is important to emphasize that these techniques were
applied exclusively to features derived from RDKit. In contrast, features collected
directly from the literature were left untouched, as zeros in those cases often represent
meaningful quantities (e.g, a temperature of 0°C) rather than the absence of a

property.
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Figure 11. Histogram of Kappa3.

3.4.2 Handling of missing values

Another important step during processing of the data set is to handle missing values
in a suitable way. Missing data is inevitable in machine learning projects, so it is
important to deal with them correctly, since many ML models or dimensionality
reduction schemes do not tolerate them. Some algorithms ignore missing values, and
therefore distort the final result, and others simply do not work. Here, a choice was
made when curating the data set to represent missing values with a dash, because zero
values carry physical meaning, as was previously mentioned. This dash was then
replaced by a “NaN” (Not a Number) value across both data sets, which was then
imputed with the mean average value derived from the rest of the values of a single
property in the case of the experimental data set, and with a zero value in the case of
the feature data set. In the former, missing values were not indicative of a property that
did not exist but rather a property not measured. Imputing the average value seemed
fairer than imputing a zero value which would imply an absence. Adversely, for features,
assuming a zero value for missing values seemed more reasonable since descriptors
like, for example, aromatic rings were not applicable across all molecules. This is a
common methodology in relevant literature as well.

A similar way of thinking was applied in the case of missing molecules. Most
experiments were carried out by using two compounds and one catalyst to create the
final vitrimer, but some included even three compounds or no catalyst. For those cases,
the empty cells that would normally contain the name of the compound or catalyst
were filled with the label “No molec.”, which was also added as a datapoint in the
feature data set. The feature cells corresponding to “No molec.” were left empty, and
during the value imputation step, the empty cells were filled with zero to reflect the
absence of these values. Similarly, when imputing certain property values in cases of
missing molecules, such as the molar ratio, a zero value was used and for molecular
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weight, a dash. The rationale behind this choice was that the molar ratio would remain
zero and thus contribute to the column’s mean without being altered, while the
molecular weight would be converted to a “NaN" value and be subsequently replaced
with the column’s mean—since a zero molecular weight has no physical meaning.

3.4.3 Data normalization

In order to choose the appropriate normalization method, it is important to visualize
features through histograms, where the values of the features are plotted against the
frequency of said values, and identify the kind of distribution they follow. Histograms
are also very useful in identifying outliers, because their frequency of appearance is
much less than that of other features. In the current work, z-score scaling, which is done
through the following relation

Xnew = — et (3.4)

was not applied, because no features followed the normal distribution, which is
necessary for this type of scaling.

For features with relatively uniform distributions, which means almost even bars in the
histograms, and few, non-extreme outliers, linear scaling was applied using

Xpew = 2 % —1. (3.5)
This equation transforms data from their natural range to a -1,1 range. This range was
chosen to improve model performance and training stability. This scaling is particularly
beneficial for algorithms sensitive to the magnitude of input features, such as Support

Vector Machines. It is also true that some models are benefited by a zero-centered
input [72],[25].

Linear scaling to a 0,1 range is also possible, by eliminating 2 and 1 from the equation.
Centering data around the mean, and not the minimum value, is another option, which
is done by changing Xmin to Xmean. This was avoided because it does not consistently
produce a fixed output range. An example of a feature normalized with this method
can be seen in Figure 12.
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Figure 12. Histogram of reaction temperature T (0C).

Features that were found to adhere to a pattern where higher x values are associated
with lower y values and vice versa, were normalized using log scaling. These features
are considered as skewed, so their values were transformed using their respecting
logarithms,

Xnew = lOgx. (3.6)

This transformation could also be done through square root or inverse, but log is the
most common one. Of course, this methodology does not completely normalize
feature distributions, but it does improve them [25].

Afterwards, equation (3.5) was applied, in order to achieve the -1 to 1 range for all
features. Eliminating skewness followed by scaling to a uniform range has been found
beneficial before proceeding to model training, especially for algorithms like PCA. In
fact, this methodology was applied to many features in the data set, like Chi0 (an
atomic connectivity index of zero order), which is depicted in Figure 13. ChiO is an
example of a right-skewed distribution, where most of the points lie on the left side of
the distribution, which means they have small values [25]. It is necessary to note that
log transformation was only applied in the feature data set. Some variables in the
literature data set were found to be slightly skewed but not enough to alter the final
model results significantly. For this reason, only linear transformation was applied.
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Figure 13. Histogram of Chi0.

While histograms are powerful tools, it was important to define a more automated way
to draw conclusions about the choice of normalization method, that did not rely on
simple observation and arbitrary decisions. Therefore, it was decided to measure
skewness as a means to define the features that required log instead of linear scaling.
The more skewed the distribution, the bigger the skewness statistic becomes [25]. For
an absolute value of the skewness statistic equal or greater than 0.5, features were
considered skewed, and therefore, were normalized with log scaling. The threshold can
be adjusted to be either stricter, so more features are considered skewed, or less strict.
This specific value seemed to be a good balance between scaling slightly
unsymmetrical features and scaling some skewed ones linearly.

It is important to note that the nature of this transformation does not allow for non-
positive numbers. A choice had to be made between eliminating negative data points
by considering their absolute value and therefore losing potentially important
information about the chemistry behind them and applying regular normalization to
features that contained negative values. The latter was chosen, since it is not something
that would hurt the predictive accuracy of the model in a significant way. Of course, it
is better for models to be trained on data that has been normalized according to their
respecting distributions, but it would be far more harmful to consider all values as
positive. Another possible route would be shifting the distribution of skewed data
entirely, instead of avoiding log scaling for features that contained negative values.
This could be done through using the absolute values and then adding a number like
1, but that would also potentially distort the original information. Adding to this, some
models, like Random Forest can handle even skewed and sparse data, without requiring
any pre-processing [25].

Python has ready-made functions, like MinMaxScaler() or MaxAbsScaler(), that can
perform all types of scaling and normalization in an automated way [72]. However, to
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have as much control as possible over the outcomes of the processing step, this manual
approach was chosen.

Finally, another thing worth mentioning is that, instead of using log(x) for log scaling,
log(x+1) was applied to avoid errors for zero values [73]. In the same spirit as earlier,
eliminating zero values could hurt the model by losing meaningful information, so a
compromise was made.

3.4.4 Dimensionality reduction

After removing irrelevant features from the dataset, two different dimensionality
reduction approaches were explored. The first involved applying PCA to the remaining
features. The second was a custom dimensionality reduction strategy that combined
correlation analysis with feature selection techniques. Specifically, Pearson correlation
coefficients were used to identify and eliminate highly correlated features, followed by
the application of both Mutual Information and Random Forest algorithms for feature
selection. It is important to highlight that before moving forward with either of these
methodologies, the following lists of variables summarized in Table 1 were removed
from the data set, because they are properties of the final vitrimers and were only
collected for informational purposes. Additionally, during the initial dimensionality
reduction process, these data points were used to ensure the dataset was properly
adjusted, as correlations between them and the target variables began to emerge, as
expected.

Table 1. List of variables dropped for different cases of target variables.

Target variable: ve Target variable: T Target variable: T, Target variable: GF
"Tm2 (°C)', "Tm2 (°C)', "Tm2 (°C)', "Tm2 (°C)',
GF (%), GF (%), GF (%), 'Ty (°C),
'SR (%), 'SR (%), 'SR (%), 'SR (%),
'Ty (°C)', 'Ve (Mol/m3), Ve (Mol/m3), Ve (Mol/m3),
‘A (s-1), ‘A (s-1)", ‘A (s-1), ‘A (s-1),
'Ez (kJ/mol)’, 'Ea (kJ/moly’, 'Ea (kJ/moly’, 'Ea (kJ/mol)’,
T (°C), T (°C)', Ty (°O)' T (°C)\
'E (MPa)', 'E (MPa)', 'E (MPa)', 'E (MPa)',
'Omax (MPa)' 'Omax (MPa)' 'Omax (MPa)' 'Omax (MPa)'
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As previously discussed, PCA is one of the most widely used methods in machine
learning pipelines. However, it is inherently linear and may struggle to capture non-
linear relationships within the data. For this reason, the alternative strategy was
developed and evaluated alongside PCA, with the goal of identifying which method
better suits the characteristics of this data set and improves model performance during
validation.

This combined correlation analysis and feature selection (CA/FS) methodology is
particularly valuable because it addresses both linear relationships- through Pearson
correlation analysis- and non-linear dependencies, by leveraging the strengths of filter-
based feature selection (MI) and wrapper-based methods (RF).

Principal Component Analysis (PCA)

PCA works by combining multiple features into the minimum possible number of final
uncorrelated features called principal components, which are combinations of the
previous ones. An important step in PCA, other than correctly setting the target variable
and excluding it from the analysis, is to determine how many principal components will
be created. Overly restricting the number of dimensions through PCA can lead to
significant loss of information, which may in turn reduce the model's predictive
performance. This can be especially intense in data sets where features are connected
to each other and to the target variable non-linearly, since PCA works with linear
connections. Contrarily, allowing for a big number of principal components can lead to
overfitting, like high-dimensional problems usually do.

For these reasons, in all four possible cases (different target variables), the number of
principal components was set at four. Any less than that led to significant loss in
predictive ability, while adding more components (up to six) did not make a positive
difference in the results. Scikit-learn in python has a function, pca.fit_transform(), that
performs the principal component analysis. By extracting the four requested
components in excel format, alongside the target variable, the final data set was
created, which was then used to train the models.

Finally, a heatmap was created to determine the top thirty features that informed the
four principal components used in model training, to allow for result interpretation.
This way, it is also possible to compare them to the top features selected by the CA/FS
scheme and observe if there are any similarities between them.

Correlation analysis/Feature Selection (CA/FS)

As a first step in reducing the problem’s dimensions, Pearson coefficients for every
candidate feature were calculated, using the pd.dataframe.corr() function from pandas
(a python library created for data handling), where pd.dataframe takes the name of the
dataframe used in a specific problem. The standard correlation analysis is Pearson'’s,
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but different methods can be utilized like Kendall Tau correlation by setting the method
inside the brackets as follows: pd.dataframe.corr(method="kendall’). To use Pearson, it
is not necessary to set the method manually. The difference between the two lies
mainly on the fact that Pearson assumes linear, normally distributed variables, while
Kendall Tau monotonic variables with no specific distribution.

Pearson correlation is known to perform less reliably than Kendall's tau when variables
follow different distributions, but this issue was addressed during the earlier scaling
and normalization step [74],[75]. A threshold value of 0.8 was set for both experimental
and feature data sets, since correlated features usually need to have a value of at least
0.6, and there was no need for aggressive reduction of the features at this stage. For
every pair of features that had a Pearson correlation coefficient above 0.8, the second
feature was eliminated from the data set. Following this, the two data sets were merged
and another round of correlation analysis was performed, same as before.

The next step was to perform feature selection with the Mutual Information algorithm
and the Random Forest algorithm. Calculating Ml scores is not always straightforward,
but it was made possible by scikit's function mutual_info_regression(X_numeric, y,
random_state=42), where X_numeric is an array with the features under inspection, y is
the target variable and random_state is a parameter used in many algorithms to control
the shuffling of data [72]. Here, the logic of rejecting features is essentially based on
the lack of dependency between variables, thereby ranking by feature importance, in
contrast to Pearson correlation where features were rejected due to the existence of
interdependency. If the computed values were higher than a threshold of 0.25, the
corresponding features were included in the data set.

In parallel to this, a simple RF algorithm was deployed to also perform feature selection.
Usually, RF algorithms during the feature selection process apply forward selection
and/or backward elimination to decide on the usefulness of certain features. Since the
goal here is solely removing redundant features, and not training the model to perform
predictions, feature importance will be calculated using the random_forest_regressor
from the scikit-learn library and setting the number of estimators to 100 and the random
state to 42. The first method is characterized as performance-based, while the second
as test-based, since the former relies on selecting features to improve the model,
whereas the latter examines them in a more statistical and isolated manner [23].
Features with a calculated importance below 0.002 - an empirically determined
threshold- were eliminated.

Finally, using the conclusions drawn from choosing features with MI and RF separately,
a final choice of features was made based on both algorithms. In other words, the
features that were deemed important by both algorithms were included in the final
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data set alongside the target variable. Threshold values used in each step for each
target variable are summarized in Table 2.

Table 2. Summary of threshold values and resulting features during dimensionality reduction.

Final Mutual fandom
Target Pearson X
variable | correlation | "formation | Forest
threshold threshold threshold
Tg 0.8 0.5 0.008
Tv 0.8 0.3 0.004
GF 0.8 0.25 0.003

3.5 Model training

3.5.1 Data splitting and composition

Before training models, it is necessary to apply a data splitting technique to separate
the data set into at least two different sets: one for training and one for testing. Testing
sets are kept from the models during training and are only used to draw conclusions
about their predictive accuracy and performance. This is how model metrics like
determination coefficient (R?) are calculated.

Scikit's function KFold(n_splits=5, shuffle=True, random_state=42) was ultimately
utilized to split the data into training and testing sets using 5-fold cross-validation. This
process is particularly useful for assessing whether the model generalizes well, during
model validation. The 5-fold method essentially means that the training set is divided
into five subsets, each containing 20% of the data, and in each iteration, one of these
subsets is used as the testing set. This way, models are trained and validated for five
different subsets of the data set. This is a common technique to ensure randomness in
the data used for training the model, as well as for evaluating whether the model suffers
from underfitting or overfitting, especially in smaller data sets. As mentioned,
underfitting signals the inability of the model to make predictions while overfitting
blocks the model from generalizing well. Both are obviously unwanted and using cross-
validation mitigates the risk of them occurring [15].

The final evaluation is based on the accuracy scores calculated during each iteration.
In larger datasets, a good practice would be to split the dataset into a training set
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(typically 80%) and a testing set (typically 20 %) and then apply k-fold cross-validation
within the training set. However, due to the limited amount of data in this case, such a
split into training/validation/test sets would be inefficient and unhelpful [6],[15].

3.5.2 Model choice and hyperparameter tuning

The models chosen for this work are commonly used in regression problems, especially
Linear Regression, Random Forest, Support Vector Regression and Gaussian Process
Regression. Another common one is Neural Networks, but it usually requires a large,
diverse database because it is prone to overfitting. This is why NN was not selected for
training in the current work. Additionally, to further leverage the strengths of tree-
based models and ensemble-based methods, Gradient Boosting and XGBoost were
also explored. The scikit library has built in functions for all the models, except for
XGBoost, which has a library of its own. Those functions alongside the basic, initial
parameters that were used during training are presented in Table 3 for easy overview.
There is extensive documentation available for all the possible hyperparameters that
can be set in every model [72],[76]. Choosing the right parameters is very important
because they directly affect the ability of a model to make predictions.

Table 3. Models trained with their respective python functions.

Model Python function with hyperparameters
Linear Regression LinearRegression()
Random Forest RandomForestRegressor(random_state=42)
Support Vector Regression SVR()

GaussianProcessRegressor(kernel=RBF(),

Gaussian Process Regression
9 random_state=42)

Gradient Boosting GradientBoostingRegressor(random_state=42)

XGBoost XGBRegressor(random_state=42, verbosity=0)

Hyperparameter tuning is an important step in machine learning pipelines, which
optimizes models’ performance. Instead of manually tuning hyperparameters, which
would take both time and effort and would probably still be inefficient due to the sheer
volume of available hyperparameters, the grid search method was applied. This allows
the investigation of a range of values for desired hyperparameters in an automated
way, where the hyperparameters are chosen based on which result in the best
outcomes for criteria like R?, mean squared error (MSE), etc. During the grid search,
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scores of cross-validation for hyperparameters are calculated and used to determine
the final values that need to be used in model training [22].

The scikit function GridSearchCV() with a 3-fold cross validation was utilized to
compute the desired hyperparameters. A 3-fold validation is a good starting point that
shows balance between fair predictions and moderate computational times. For each
model, a tailored set of hyperparameters was selected based on common practice and
recommended ranges found in the scikit-learn documentation and applied machine
learning literature [72],[76],[77]. The grids that are presented in Table 4 were designed
to balance model complexity, training time, and generalization performance, focusing
on the most influential parameters for each algorithm.

Table 4. Ranges of hyperparameters used during grid search for all models.

Model Range of hyperparameters

n_estimators: [100, 200]
Random Forest max_depth: [5, 10, None]
min_samples_split: [2, 5]

n_estimators: [100, 200]
learning_rate: [0.05, 0.1]
max_depth: [3, 5]
max_features: ['auto’, 'sqrt']

Gradient Boosting

C:[0.1,1,10]
Support Vector Machine epsilon: [0.01, 0.1]
kernel: ['rbf', 'linear']

kernel:
ConstantKernel(1.0)*RBF(10)+WhiteKernel(0.1),
ConstantKernel(0.1)*RBF(1)+WhiteKernel(0.01)
]

Gaussian Process

n_estimators: [100, 200]
XGBoost learning_rate: [0.05, 0.1]
max_depth: [3, 5, 7]

Linear Regression None

More specifically, for Random Forest and Gradient Boosting models, the parameters
n_estimators, max_depth, and min_samples_split (or learning_rate and max_features,
respectively) were tuned, as they directly control the model's capacity to learn patterns
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while managing overfitting. In the case of Support Vector Regression, variations in the
C and epsilon parameters allowed exploration of different levels of regularization and
error tolerance, while both linear and RBF kernels were tested to account for both
linearity and non-linearity between data. SVR models always try to balance model
complexity and data fitting. For Gaussian Process Regression, two contrasting kernel
structures were selected to test how assuming smooth or noisy data affects the model.
In the case of XGBoost, which includes built-in regularization, deeper trees (up to depth
7) were included in the grid to take advantage of its robustness. Finally, no
hyperparameter tuning is available for Linear Regression.

Hyperparameter tuning was applied to all target variables except gel fraction, as none
of the models were able to predict it adequately from the start. Also. tuning was
performed only on the dimensionality reduction scheme that yielded the best
predictive performance in preliminary testing.

3.6 Model validation and benchmarking

In regression problems, there are several metrics that can be used to assess the model'’s
performance. Here, Root Mean Squared Error (RMSE), Mean Absolute Error (MAE) and
Coefficient of Determination (R°) were considered. RMSE and MAE measure the
difference between predicted and actual values, while R? gives insight into how much
of the variance that occurs in the dependent variable can be explained by the
independent variable. In fact, R? shows the distance between the predicted values and
the regression line. Lower values of RMSE and MAE and R? values close to 1 indicate a
model with very good performance [2]. These metrics were calculated automatically
through Python using the following functions: np.sqrt(mean_squared_error(),
mean_absolute_error() and r2_score(), respectively, and the final results were stored in
excel for easier handling and comparison between models, dimensionality reduction
schemes and hyperparameter tuning efforts.
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Chapter 4: Results and Discussion

4.1 Data processing and feature selection

4.1.1 Outlier detection

The three measures that were taken instead of outlier detection- dropping univariant
features and features with very little variance and applying a scarcity filter- proved to
be very useful in cleaning up the feature data set. More specifically, they helped reduce
the number of descriptors from the original 217 to 131, which goes to show just how
important they were in eliminating redundant values.

4.1.2 Dimensionality reduction

Using PCA as the sole dimensionality reduction technique resulted in the extraction of
four principal components, each representing a combination of features. To better
understand which original variables contributed most significantly to these
components, heatmaps were generated to visualize the top 30 most influential features
for each target variable. Heatmaps for crosslink density, glass transition temperature,
topology freezing temperature and gel fraction are shown in Figures 14 to 18,
respectively. The way heatmaps work is the following: warmer colors (i.e. red) indicate
a stronger connection between the feature (y- axis) and the principal component (x-
axis), while colder (i.e. blue) indicate a lack of influence of the principal component by
the respective feature. The values given (for example 0.18 in the first column and line)
help quantify how much a feature “participates” in a principal component.

A clarification of the feature naming convention is essential: features ending in “.1"
correspond to the first compound used in each experiment, those ending in “.2" to the
second compound, “.3" to the third compound, and features ending in “." (with no
number) represent the catalyst.

60



Features

Features

Diploma Thesis Danai Dimitra Morfi

BCUT2D_CHGLOtype.1 - -0.16 -0.05 e 012 |
fcoonpel 004 007 IECEERNNNSCECRN
mcoo2ypel- 004 [ 007 EECEERNN RS
BCUT2D_CHGHItype.2 - 0.03 0.06
MinPartiaChargetype2 - 003 [NMMEBENNNN 007 RCEC
BCUTZD_LoGRHIGpe 2 003 [NNMCHENMNN 006 [
BCUT2D_MRHItype.1 - 0.12 0.05 0.06
BCUT2D_LOGPLOWtype.2 - -0.03 -0.06
BCUT2D_CHGLOype 3 {1007 | 002 [N 008 |
BCUT2D_CHGLOtype.2-  -0.03 -0.06
BCUTZD CHGHIpe3 007 0c2  [NENCECHNNN 008 |
fALCOObpel 004 (OO R R

| oo |

BCUT2D_LOGPHItype.3 - -0.02
MinAbsEStatelndextype.3 - 0.03 0.01

ir_cporidetyoe 1 JUMMIEUNIN 008 003

angCountype 008 T
umsaurateaneseocycesyoe . IHEMML 098 001 (008 |
PC1 PC2 PC3 PC4

Principal Components

Figure 14. PCA heatmap of principal components for ve.
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Figure 15. PCA heatmap of principal components for Tg.
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Figure 16. PCA heatmap of principal components for Tv.
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Figure 17. PCA heatmap of principal components for GF.
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The top 30 contributing features to the 4 final principal components are the same
across all four target variables. This is interesting and it gives insight into how PCA
really works. PCA does not consider the target variable and therefore does not examine
the connections between input and output. This is why the heatmaps are identical
across targets. PCA is based solely on the variance that each feature presents, which is
both a strength and a weakness. This helps reduce the dimensions dramatically, but it
can create situations where influential features (based on domain knowledge) are not
considered important due to low variance. At the same time, PCA does not capture
non- linear connections well, which can also lead to some problems. The absence of
features like "Reactive end group ratio”, “Catalyst molar ratio”, “T", etc., which are
known to be important for the properties of the final vitrimer shows that PCA indeed
fails to capture what is already known theoretically. Considering the fact that PCA relies
on variance, it makes sense that features collected manually from literature were not
influential because some values were missing and had to be imputed, which reduced
their variance.

As far as the custom-made CA/FS dimensionality reduction scheme goes, applying
Pearson'’s correlation analysis with a threshold of 0.8 for the case of crosslink density
as the target value helped reduce the descriptors in the feature data set from 131 to
only 36. Contrarily, no features were dropped in the experimental data set. After
applying the analysis once more on the merged data set, the initial 155 features went
down to 112. These features were the target for the next step of this dimensionality
reduction scheme that involved combining MI and RF algorithms to perform feature
selection.

In the Mutual lInformation algorithm, the threshold, 0.25, was chosen by experimenting
with the number of final features selected. For crosslink density, the number was 42.
These features and their Ml scores can be seen in Table 5.

On the other hand, choosing a threshold of 0.002 in Random Forest resulted in 28
features that can be seen in Table 5 alongside features chosen by Mutual Information.

Table 5. Features chosen for ve by Ml (left) and RF (right), ranked by importance with their respective scores.

MI algorithm RF algorithm
Feature Score Feature Score
Avglpctype.1 0.618 EState_VSA2type.2 0.712
MaxAbsEStatelndextype.1 0.573 PEOE_VSA10type 0.109
MinEStatelndextype.1 0.523 Reactive end-groups ratio 0.025
MinAbsEStatelndextype.1 0.517 FractionCSP3type.1 0.023
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BalabanJtype.1 0.512 MW1 (g/mol) 0.010
SPStype.1 0.512 MinEStatelndextype.2 0.009
T (0Q) 0.502 MW (g/mol) 0.008
MW?2 (g/mol) 0.495 T (0Q) 0.006
PEOE_VSA14type.1 0414 Catalyst molar ratio (%mol) 0.005
FractionCSP3type.1 0.406 gedtype 0.005
Catalyst molar ratio
y(%mol) 0.406 SPStype.1 0.004
SPStype 0.405 EState_VSA5type 0.004
Kappa3type 0.397 SMR_VSAG6type 0.004
MW1 (g/mol) 0.394 BalabanJtype 0.004
MinAbsEStatelndextype 0.389 MaxAbsEStatelndextype 0.004
MaxAbsEStatelndextype 0.384 fr_NHOtype.3 0.003
VSA_EState8type.1 0.370 VSA_EState4type 0.003
Avglpctype 0.370 BalabanJtype.1 0.003
MW (g/mol) 0.362 PEOE_VSA2type.1 0.003
VSA_EState8type 0.357 SlogP_VSA1type 0.003
gedtype 0.356 MinPartialChargetype 0.003
BCUT2D_MRLOWtype 0.352 MinAbsPartialChargetype.1 0.003
MinEStatelndextype 0.343 SPStype 0.002
EState_VSA2type.1 0.336 EState_VSA7type 0.002
Reactive end-groups ratio 0.328 Avglpctype.1 0.002
BalabanJtype 0.322 Avglpctype 0.002
VSA_EState8type.3 0.305 Kappa3type 0.002
FractionCSP3type 0.301 SMR_VSA10type 0.002
SMR_VSA10type.1 0.295 - -
MinEStatelndextype.3 0.293 - -
MinAbsPartialChargetype.1 0.287 - -
MaxPartialChargetype 0.281 - -
BCUT2D_MRLOWtype.1 0.278 - -
SMR_VSA6type.1 0.271 - -
MinAbsPartialChargetype.3 0.266 - -
SMR_VSA10type.3 0.255 - -
EState_VSA6type.3 0.253 - -
VSA_EState8type.2 0.253 - -
FractionCSP3type.3 0.252 - -
SlogP_VSA3type 0.252 - -
EState_VSA4type.3 0.251 - -
MinAbsPartialChargetype 0.250 - -

Mutual Information seems to consider more features important than Random Forest
does. MI explores intricate connections between inputs and output, while RF uses
features in its training process and prioritizes them based on how truly important they
are for prediction accuracy. This is why in most cases, RF was stricter than MI, which
can be observed in Table 5, as well as Table 6. Moreover, Ml tends to interpret non-
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linear connections better than RF and this is another reason why more MI- derived
features are shown in Table 5.

Besides this, it is apparent that MI and RF attribute different importance to the same
features. Ml scores always refer to a pair of values: a feature and the target variable. RF
looks at features more holistically and picks up on how some features can be influential
when combined with others, which is why some low rated Ml features are highly rated
in RF. Finally, RF is a more robust model, capable of handling noise and outliers better
than MI. For this reason, RF may disregard some noisy features that MI considers
important.

The last step of this process was to combine both algorithms and extract the final
features. In other words, the 16 features that had an Ml value above 0.25 and an RF
value above 0.002 were the ones that made up the final data set used for model
training. Table 6 summarizes thresholds and final feature numbers for the other three
variables, while Table 7 includes the names of the final features selected per variable,
for easier comparison between this method and PCA.

Table 6. Summary of threshold values and resulting features during dimensionality reduction.

Final Pearson Mutual Information Random Forest MI & RI.:
correlation combination
Target Final Threshold Final Threshold Final Threshold Final
variable | features set features set features set features
Tq 115 0.8 32 0.5 26 0.008 17
T, 115 0.8 33 0.3 27 0.004 16
GF 115 0.8 28 0.25 35 0.003 16

In general, the thresholds set were quite similar across targets, except for Ty where
stricter limits had to be applied to reduce features and bring down the dimensions of
the problem. In the case of Ty, it seems that more features were correlated to it and
could chemically describe it. This is reasonable since the connection between polymer
chemistry and Ty is a well explored one in research.

Table 7. Summary table of final features for model training selected for all variables.

Final features for v. Final features for Ty Final features for T, Final features for GF

Avglpctype Avglpctype.1 Avglpctype.1 Avglpctype.1
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Avglpctype.1

BCUT2D_MRLOWtype.1

BalabanJtype.1

BCUT2D_MRLOWtype.1

Catalyst molar ratio

BalabanJtype BalabanJtype.1 FractionCSP3type.1 (%mol)
BalabanJtype.1 EState_VSA2type.1 Kappa3type FractionCSP3type.1
Catalyst molar ratio (%mol) FractionCSP3type.1 MW?2 (g/mol) Kappa3type
FractionCSP3type.1 Kappa3type MinAbsEStatelndextype.1 MW (g/mol)
Kappa3type MW (g/mol) MinAbsPartialChargetype.1 MW?1 (g/mol)
MW (g/mol) MW?1 (g/mol) MinEStatelndextype.1 MW?2 (g/mol)
MW?1 (g/mol) MW?2 (g/mol) PEOE_VSA8type MaxAbsEStatelndextype.1

MaxAbsEStatelndextype

MaxAbsEStatelndextype.1

SMR_VSA4type

MinAbsPartialChargetype.
1

MinAbsPartialChargetype.1

MinAbsEStatelndextype.1

SMR_VSA6type

MinAbsPartialChargetype.
3

Reactive end-groups ratio

MinEStatelndextype.1

SMR_VSA6type.1

MinEStatelndextype

SPStype PEOE_VSA14type.1 SPStype MinEStatelndextype.1
SPStype.1 SMR_VSA10type.1 SPStype.1 PEOE_VSA14type.1
T (°C) SPStype.1 SlogP_VSA3type SMR_VSA10type.3
gedtype T (°Q) T (°C) T (°C)

VSA_EState8type.1

Here, contrastingly to PCA, almost no common features are selected across all four
target variables. There are similarities but universally, the only common features are “T
(°C)" and "Avglpctype.1”, which are the reaction temperature and a topological index
that refers to the first compound. Other than that, it is apparent that all targets are
strongly connected to the nature and characteristics of the first compound, which
makes sense since this was usually the main building block of the final vitrimer.

The variety of features can be explained by the fact that this custom methodology takes
the target variable into account and explores connections between features through
this lens. This means that some features may matter for one target and not matter for
another, like electronic descriptors (Estate indices) for T, and not crosslink density,
which is influenced more heavily by topological descriptors (Balaban indexes), and so
on [18]. Additionally, some properties such as gel fraction may be subject to higher
experimental variability, which can obscure weaker associations and reduce the

robustness

of certain features

during

selection. This

differentiation in the final sets of descriptors.

introduces

additional

As mentioned, each target variable is governed by different underlying mechanisms.
Some examples are the following:

% Crosslink density is closely related to the number and nature of reactive end-
groups, monomer structure, and steric accessibility.
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X/
°e

Ty is influenced by chain flexibility, intermolecular interactions, and molecular
weight.

T, varies depending on dynamic bonds and activation energy, which is
influenced by the nature and quantity of catalyst used.

% Gel fraction depends on the extent of crosslinking reactions.

X/
°e

Based on Table 7, crosslink density seems to be heavily influenced by the catalyst and
depend only on the nature and quantity of the first compound. This makes sense since
the first compound was usually the crosslinker used in the experiments and the catalyst
can influence the extent of crosslinking reactions and therefore network formation.

T4 also seems to be influenced mainly by the first component’s characteristics. The
presence of "MW" and "MW2" signals that the size of the catalyst and the second
compound is also important in terms of this characteristic temperature. Similarly to
crosslink density, the catalyst affects the extent of the crosslinking reactions, shifting Ty
indirectly. The effect of the molecular weights of the catalyst and the second compound
can be explained through the network that is created. The second compound in
combination with the first can create bigger or smaller chains and the catalyst dictates
how many links will be created.

The main features used to predict T, exhibit similar trends to Ty, with one differentiating
quality. Here, chemical descriptors of the catalyst seem to be very important in making
informed predictions. This is probably due to the catalyst directly influencing bond
exchange efficiency, which in turn affects T..

Finally, features for gel fraction overlap with the ones for crosslink density and T4 with
the addition of 2 chemical descriptors from the third compound. This suggests a
discrepancy because chemical understanding suggests that gel fraction and crosslink
density represent similar physical characteristics. Thus, they would be expected to rely
on similar features. This suspicion was later verified during model training, where
models indeed failed to predict gel fraction.

4.2 Model performance results

4.2.1 Comparison between dimensionality reduction methods

As mentioned, two different dimensionality reduction methods were explored and the
features dictated by them were used for model training. Afterwards, RMSE, MAE and
R? were calculated for each model and each method. A comparison between the two
methods and the resulting metrics is made in Tables 8 through 11. The R?values that
are depicted in the tables refer to the average score across folds in cross validation and
it estimated how well models predict unseen data. There is also the overall R?, which is
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calculated using the entire data set. This is not an entirely trustworthy metric and that
is why it will only be used as a reference point in parity plots later on.

It is worth noting that PCA consistently performed better than the CA/FS method only
for crosslink density. This likely stems from the fact that crosslink density is more closely
related to more general structural patterns -such as molecular size and functional
group density- which are effectively captured by the principal components. In contrast,
the other target variables could be more sensitive to specific chemical substructures
and localized interactions, which may be lost during PCA transformation. As a result,
the second method, which retains more chemically interpretable features, led to
improved model performance for those cases.

Furthermore, using the predicted values each model calculated as well as the true
values from the original data set, three types of plots were created to better visualize
the performance of each model. Box plots that show the average values of all metrics
calculated per model, with their respective standard deviation, were created for a
quicker overview of the results. High standard deviations show that the model is
unstable during different cross validation folds. This means that even if the respective
metric is good, the predictions are not fully trustworthy because they are dependent
on the data set that is used for training the model.

Models with negative R? values (*) were not represented in the box plots, since they
are of no use in predicting the target. Such a value bears no physical meaning and it
only shows that models completely fail to make predictions. R? values are expected to
be between 0 and 1.

Additionally, parity plots were created for all target variables and models, but only the
models with the highest two R? scores will be presented here. The rest of the parity
plots can be found by following the link in the Appendix. To make them more
interpretable, the normalization that was applied in the beginning of the workflow was
undone, using equation (3.5). In interpreting parity plots, it is important to remember
that the closer the points are at the diagonal line, the better the predictions are.

Finally, error distribution plots were plotted per model. The latter plots residuals
(Vprea — Yerue) a@gainst their frequency of occurrence. The error distribution plots
presented here will only refer to the best model per target. Comparing between models
for the same target variable is possible using the rest of the plots in the Appendix.

They are interesting tools that help check for model bias and diagnose outliers. More
specifically, a zero- centered distribution means the model is unbiased, which means it
does not consistently over/under- predicts certain values. At the same time, the wider
the distribution is, the higher the variance is in prediction. Finally, big tails in
distribution highlight outliers.
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Crosslink density

For the prediction of crosslink density, several trends can be observed across the
different models and feature selection methods. In general, ensemble models such as
Random Forest, Gradient Boosting, and XGBoost achieved the best performance, with
R? values exceeding 0.60 when PCA-derived features were used. More specifically,
Random Forest with PCA proved to be the best performing model with an R? of 0.77.
Though in a typical regression this might seem like an inadequate result, relevant
literature shows that R? values for ML models typically are between 0.6 and 0.9, making
this a very promising result [6].

On the contrary, Gaussian Process models performed extremely poorly, showing a
highly negative R? value. The same goes for Linear Regression when using the CA/FS
methodology. These negative values suggest a mismatch of the models with the
structure of the data, and so they are deemed incapable of predicting this variable.

When comparing the two dimensionality reduction methods, PCA consistently led to
better or equal performance across most models, particularly in terms of R and RMSE.
This indicates that PCA captures the most predictive variance for this specific target, as
previously mentioned.

These findings are summarized in Table 8 and visualized in the accompanying boxplots
for a clearer comparison across models and error metrics.

Table 8. Mean performance table with metrics for ve.

Model R? Mean RMSE Mean MAE Mean

PCA CA/FS PCA CA/FS PCA CA/FS
Linear Regression 0.22 -0249 1 0.13 0.15 0.07 0.09
Random Forest 0.77 0.57 0.08 0.09 0.03 0.03
S”pl\a:?hx‘eedor 0.50 032 | 0.1 0.12 0.07 0.07
Gaussian Process -54810 | -54810 | 0.86 0.86 0.79 0.79
Gradient Boosting 0.73 0.67 0.09 0.09 0.03 0.03
XGBoost 0.60 0.60 0.10 0.10 0.03 0.03
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Figure 18. Model performance comparison (mean+std) for ve with PCA methodology.
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Figure 19. Model performance comparison (mean+std) for ve with CA/FS methodology.

As shown in Table 8, Random Forest outperformed all other configurations, achieving
an R? of 0.77 and RMSE of 0.08, while maintaining a very low MAE of 0.03. Notably,
Gradient Boosting also performed competitively with R? = 0.73 and similar RMSE/MAE
values. These two models show the greatest promise in predicting the crosslink density
and will be later tuned to see if they can achieve an even better performance. It is worth
noting that even though XGBoost is the third better model, the high standard deviation
it presents in R? shows it is adequate but not reliable.
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In contrast, Gaussian Process models produced nonsensical R?values (~ —54.8), for both
dimensionality reduction methods, which goes to show that the model itself is not
necessarily incapable of making predictions, but the kernel that is chosen during
training is not the appropriate one. Linear regression is inappropriate for predicting
this target since it has a low R and a high standard deviation in this value.

As far as the CA/FS strategy is concerned, all models perfomed significantly worse, with
Gradient Boosting being the best one here, with R? = 0.67, but very high standard
deviation. The rest of the models also seem to be unstable in their predictions, which
is why this strategy is considered ineffective in reducing dimensions and helping
models perform better.

Parity plots for Random Forest and Gradient Boosting, respectively, can be seen in
Figure 20 where the predicted values from the best performing models across both
methodologies are plotted against the actual values. The two are visually similar, but
not much can be said about the distribution of values. The existence of some extreme
values (for example crosslink density=36000 mol/m3) has made it hard to see clearly
how the lower values are distributed.
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Figure 20. Parity plots for ve with @) Random Forest (left) and b) Gradient Boosting (right) models.

Both models seem to perform reasonably well, with values being close to the diagonal.
However, a noticeable overestimation occurs for samples with high experimental
values, particularly above 5000 mol/m?>. Despite the spread, most predictions remain
clustered around the lower density range, indicating that both models perform better
in this region of the data space. The overestimation is reflected in the lower overall R?
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values, especially for the Gradient Boosting model (R? = 0.58). The Random Forest
model achieves a slightly better fit (R? = 0.61) and higher cross-validation score (R? =
0.77), suggesting more stable performance across folds. The difference between the
two types of R? can be explained by the fact that during cross-validation, each fold has
a slightly different training/testing split. If one fold fits particularly well, it can inflate
the average CV R?> — especially in small datasets. The lower overall R? value is indicative
of the fact that overfitting was avoided during cross validation, and it is not a reason
for concern.

The extreme values that can be seen in Figure 20 were not considered outliers, even
though they differed significantly from the rest of the values. This is because they
simply reflect different crosslinking densities achieved during experimentation. At the
same time, their exclusion risked introducing bias into the models, since a high variance
in this value is to be expected. Since vitrimer properties remain generally unmodeled,
every piece of information is considered important.

Finally, an error distribution plot was created for Random Forest, which performs the
best both in terms of R? and RMSE/MAE. This plot reinforces what has already been
said about the performance of RF.
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Figure 21. Error distribution plot for ve with Random Forest model.

More specifically, the distribution presented in Figure 21 is tight, which shows how little
errors are made during predictions, and centered around zero, which proves the model
is performing well. The only thing worth mentioning is that there is a bit of residual
values present, especially to the far left of the plot, suggesting that the model failed to
predict them. The exclusion of these datapoints could potentially improve model
performance. At the same time, adding more data points, especially in the range where
the model fails, and widening the range of values could benefit model performance.

72



Diploma Thesis Danai Dimitra Morfi

Glass transition temperature

For the prediction of Ty, the main trend that can be observed is that models seem to
perform really well, and especially the ones trained with the CA/FS method. In general,
ensemble models such as Random Forest, Gradient Boosting, and XGBoost achieved
the best performance, with R? values exceeding 0.8. More specifically, Random Forest
with the CA/FS method proved to be the best performing model with an R? of 0.85. In
similar research, polymer T4 has been successfully predicted (R? = 0.90, RMSE = 34.28)
using a Random Forest model with molecular descriptors as features instead of RDKit-
based descriptors [6]. This goes to show how well the results actually are, compared to
existing research.

Contrary to crosslink density where Gaussian Process was by far the worst performing
model, here its predictive accuracy significantly improved, making it almost equally
good as the top performers. Even Linear Regression performed adequately suggesting
that the relationship between descriptors and Ty is not very complex.

When comparing the two dimensionality reduction methods, PCA consistently led to
worse performance across all models and all metrics. This indicates that PCA fails to
capture the chemically important descriptors and produces principal components with
little connection to the target variable. CA/FS, on the other hand, could distinguish
which features mattered for predicting Ty and kept them during training, which lead to
accurate results.

These findings are summarized in Table 9 and visualized in the accompanying boxplots
for a clearer comparison across models and error metrics.

Table 9. Mean performance table with metrics for Ty.

Model R? Mean RMSE Mean MAE Mean

PCA CA/FS PCA CA/FS PCA CA/FS
Linear Regression 0.08 0.58 0.44 0.30 0.36 0.24
Random Forest 0.78 0.85 0.21 0.18 0.12 0.10
S”pl\'[/’l:?hx‘eedor 0.16 069 | 0.42 0.26 0.29 0.18
Gaussian Process -0.24 0 0.77 0.52 0.22 0.41 0.12
Gradient Boosting 0.77 0.85 0.22 0.17 0.13 0.09
XGBoost 0.75 0.83 0.23 0.18 0.12 0.09
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Figure 22. Model performance comparison (mean+std) for Tg with PCA methodology.
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Figure 23. Model performance comparison (mean+std) for Tq with CA/FS methodology.

According to Table 9, Gradient Boosting outperformed all other configurations,
achieving an R? of 0.85 and RMSE of 0.17, while maintaining low MAE of 0.09. Notably,
Random Forest also performed competitively with R? = 0.85 and marginally higher
RMSE/MAE values. Both have low standard deviation in R? values, which is very
promising as far as generalization goes. These two models show the greatest promise
in predicting the Ty and hyperparameter tuning later will prove if they can perform
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even better than this. XGBoost is the third best model (R? = 0.83, RMSE = 0.18), with a
slightly higher standard deviation.

Furthermore, Gaussian Process performs well with CA/FS (R? = 0.77) but produces
nonsensical R? values (R? = -0.24) when trained on PCA derived features, as does
Support Vector Machine (R? = 0.69 versus R? = 0.16). Linear Regression also performs
adequately in the first case (R? = 0.58) but fails when using PCA (R? = 0.08).

All in all, PCA destabilizes performance across all models, decreasing R? and increasing
RMSE and MAE values, as well as standard deviations. The best model was Random
Forest with an R?value of 0.75. PCA for predicting T4 will not be investigated further.

Parity plots for Random Forest and Gradient Boosting, respectively, can be seen in
Figure 24 where the predicted values from the best performing models across both
methodologies are plotted against the actual values. The two are visually very similar,
which is to be expected since the two models have the same R? value.
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Figure 24. Parity plots for Tq with a) Random Forest (left) and b) Gradient Boosting (right) models.

The behavior of both models is very similar, with most accurate predictions happening
for T4 values near -40 and 40 °C, as well as some close to 120 °C, where most points
aggregate close to the diagonal. Some underestimations occur on the right side of the
line, and there is a vertical line around 48 °C, probably indicating imputed values. These
values have the same x but different y coordinates, suggesting that the models made
different predictions for the same value. CV and overall R? values (0.85 and 0.86,
respectively) are identical in the two models. The slightly higher overall R value seems
to indicate that cross validation, while mitigating overfitting, marginally hindered the
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models from achieving the best performance possible. Additionally, the fact that the
two types of R? values are so close could mean that the models are very stable across
different folds and are, therefore, indifferent to the kind of data they are given.

Finally, an error distribution plot was created for Gradient Boosting, since it has a lower
RMSE and MAE than Random Forest, which makes it slightly better.
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Figure 25. Error distribution plot for Tq with Gradient Boosting model.

The observed distribution is narrow, close to normal and centered around zero, all of
which are indicative of a good model. There is a systematic underappreciation of
predicted values, which can be seen by their higher frequency of appearance in contrast
to accurate predictions. These errors are not that significant, so they are no cause for
concern, and they could represent the imputed values. The tails of the distribution,
however, highlight some observations, although few, that the model fails to predict
correctly, either by overestimating them (right) or underestimating them (left). This
could simply be a matter of such values lying at the ends of the overall range in the
original data set and could be mitigated by adding similar datapoints that the model
could be trained on.

Topology freezing temperature

When predicting T,, ensemble models were clearly superior, with R? values exceeding
0.68. More specifically, CA/FS Random Forest proved to be the best performing model
with an R? of 0.70.

Similarly to Ty Gaussian Process was amongst the better performing models. Linear
Regression performed better than it did in predicting crosslink density, which could
mean that the relationship between descriptors and T, is not that complex.
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When comparing the two dimensionality reduction methods, PCA consistently led to
worse performance across all models and all metrics, just like previously. PCA, once
more, produces principal components with little connection to the target variable. This
is why it was so important to have a second, completely different strategy available, in
case PCA harmed model training.

These findings are summarized in Table 10 and visualized in the accompanying
boxplots for a clearer comparison across models and error metrics.

Table 10. Mean performance table with metrics for Tv.

Model RZMean RMSE Mean MAE Mean
PCA CA/FS PCA CA/FS PCA CA/FS
Linear Regression -0.03 © 0.33 0.32 0.26 0.20 0.19
Random Forest 0.63 0.70 0.19 0.17 0.1 0.09
SUp,\a:?h\ii,eedor 0.33 062 | 026 0.19 0.17 0.14
Gaussian Process -0.24 0 0.61 0.35 0.20 0.27 0.10
Gradient Boosting 0.63 0.69 0.19 0.17 0.11 0.09
XGBoost 0.53 0.69 0.22 0.17 0.12 0.09
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Figure 26. Model performance comparison (mean+std) for Ty with PCA methodology.
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Figure 27. Model performance comparison (mean+std) for Tv with CA/FS methodology.

As seen in Table 10, Random Forest outperformed Gradient Boosting and XGBoost by
0.01 unit, achieving an R of 0.70 and RMSE of 0.17, while maintaining low MAE of 0.09.
Notably, Gaussian Process performs well enough with the CA/FS method (R? = 0.61)
but produces nonsensical R? values (R = -0.24) when trained on PCA derived features,
as does Support Vector Machine (R? = 0.62 versus R? = 0.33). Linear Regression does
not perform well with either methodology with an R? value ranging from -0.03 (PCA)
to 0.33 (CA/FS), proving that the relationship between descriptors and T, is not linear,
and is more complex than that of Ty Standard deviations across all models and both
methodologies are non-negligible, which suggests that models’ accuracy depends on
which data set they are trained on. This could be improved by adding more data and
re- training the models so they can make more informed decisions.

All in all, PCA does not improve model performance because it decreases R? and
increases RMSE and MAE values. Interestingly, it seems that standard deviations for
PCA are generally lower (except for SVM). This could hint at PCA’s inherent robustness,
which leads to more standard results, even if they are inaccurate. The two best models
were Random Forest and Gradient Boosting with R? values of 0.63. PCA for predicting
T, will not be investigated further.

Parity plots for Random Forest and Gradient Boosting, respectively, can be seen in
Figure 28 where the predicted values from the best performing models across both
methodologies are plotted against the actual values. Gradient Boosting and XGBoost
presented the same exact behavior when predicting T,. The two are visually similar.
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Figure 28. Parity plots for Ty with a) Random Forest (left) and b) Gradient Boosting (right) models.

The behavior of both models is very similar, with most accurate predictions happening
in the range between 20 and 120 °C, where points lie close to the diagonal. Values to
the far right of the plot are not predicted accurately and there are some other values
far from the diagonal on the left side. These “failures” might be due to little information
being provided for this kind of T, values, which made it hard for models to make good
predictions. CV and overall R? values are very close for both models. RF has CV R? =
0.70 and overall R? = 0.71 and GB, 0.69 and 0.70, respectively. The slightly higher overall
R?value seems to indicate that cross validation, while mitigating overfitting, marginally
hindered the models from achieving the best performance possible. Additionally, the
fact that the two types of R’ values are so close could mean that the models are very
stable across different folds and are, therefore, indifferent to the kind of data they are
given.

Finally, an error distribution plot was created for Random Forest since it has a slightly
higher R? value than Gradient Boosting.
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Figure 29. Error distribution plot for Ty with Random Forest model.

More specifically, the distribution presented in Figure 29 is relatively tight, which shows
little prediction errors, and mostly centered around zero, which is indicative of good
performance. The only thing worth mentioning is that there are some values to the far
right and far left that the model failed to capture, which could be attributed to either
outliers or lack of sufficient data for the model to be trained on. The latter seems to be
more reasonable because the “extreme” values are not the only ones that the model
fails to predict. Hence, adding more data points would benefit model performance.

Gel fraction

For the prediction of gel fraction, the same trend can be observed across the different
models and feature selection methods. In general, all models failed to capture this
target variable completely, since an R? of at least 0.60 would be necessary to
characterize a model as adequate. Here, the best performing model was Support
Vector Machine with an R? of only 0.37. Ensemble models who performed well for the
other targets could not predict this variable. The worse performing model was once
again Gaussian Process with a negative R? value.

When comparing the two dimensionality reduction methods, neither PCA nor CA/FS
consistently led to better performance across most models, proving that using the
current data set makes it impossible to accurately predict gel fraction.

These findings are summarized in Table 11 and visualized in the accompanying
boxplots for a clearer comparison across models and error metrics.

Table 11. Mean performance table with metrics for GF.

R? Mean RMSE Mean MAE Mean
PCA | ca/rs | PcA| cA/frs | PCA |  cAfFs

Model
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Linear Regression 0.10 0.16 0.30 0.29 0.19 0.20
Random Forest 0.34 0.22 0.25 0.26 0.13 0.12
Support Vector 0.24 037 | 028 0.25 0.16 0.15

Machine
Gaussian Process -1.640 | 0410 | 047 0.34 0.42 0.24
Gradient Boosting 0.28 0.02 0.26 0.29 0.13 0.14
XGBoost -0.04 O 0.00 0.29 0.29 0.14 0.13
0.6
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Figure 30. Model performance comparison (mean+std) for GF with PCA methodology.
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Figure 31. Model performance comparison (mean+std) for GF with CA/FS methodology.

As shown in Table 11, all models achieved R? values below 0.4 and RMSE/MAE values
similar to other target variables. The standard deviations for all metrics, and especially
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R? are very high- higher than all other target variables- which shows significant
instability of the models during different folds in cross-validation. This suggests that
the predictions made are unreliable, besides also being poor. What is especially
interesting is how high the standard deviation is across both methodologies for all
ensemble models, which usually outperform all other models. These results are not
surprising because gel fraction is not an entirely subjective measure. Not all research
groups perform the same experimental procedure to measure it, which can result in a
variety of values, not all of which are precise or indicative of the phenomena behind
crosslinking and swelling. Consequently, this makes it harder for models to predict it
accurately and repeatedly.

Parity plots for Random Forest with PCA and Support Vector Machines with the CA/FS
method will be presented since no single methodology stood out as the better one
and in general, models failed to predict the target completely.
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Figure 32. Parity plots for GF with a) PCA Random Forest (left) and b) CA/FS Support Vector Machine (right)
models.

Values in both parity plots are quite scattered and far from the diagonal line. This
phenomenon seems to be even more prominent in SVM, even though it has a slightly
higher cross-validation score (R? = 0.37). This is likely because RF has a higher overall
score (R? = 0.39), which means it makes better predictions across the entire data set.
The best predictions seem to be made for gel fraction values over 0.7. Nevertheless,
both models have a lot of extreme values they cannot predict, especially in the left side
of the plot. These could be considered outliers, but it could also just be a case of
different experimental procedures and measurements.
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At the same time, in both plots there is an area with aggregated values that form a
vertical line. These datapoints are most likely the imputed ones, since the actual value
remains stable but the predicted varies. Value imputation corrupts the variability of
values and can mess with model performance, but is, as previously mentioned,
necessary in data- scarce sets.

Finally, an error distribution plot was created for Support Vector Machine, since it has
the highest R? value.
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Figure 33. Error distribution plot for GF with Support Vector Machine model.

This error plot reinforces what has already been said about the model
underperforming. More specifically, the wide, right- skewed distribution proves that
the model is not good and the tail of the distribution highlights a lot of values that
cannot be predicted properly. What is also notable is that the residual with a value of
about -0.1 has the highest frequency of appearance, which means the model
consistently underestimates results by 0.1 units.

4.2.2 Investigation of hyperparameter tuning on model performance

In this section, the impact of hyperparameter tuning on model performance for
predicting crosslink density, glass transition temperature and topology freezing
temperature is evaluated. The reason gel fraction is not investigated is that during
initial training all models across both dimensionality reduction methods failed to
produce accurate predictions. It was, therefore, assumed that hyperparameter tuning
would not improve their performance.

The general direction that was followed during hyperparameter optimization was to
encourage generalizability through chosen parameters over finding parameters that
would generate the best possible model performance. The criteria used to compare
tuned and untuned models were the same as previously, so R, RMSE and MAE and
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supplementary box plots, as well as parity plots and error prediction plots. The goal is
to assess whether the optimization process meaningfully improves predictive accuracy
and model stability, and to identify which algorithms generalize best.

Crosslink density

For the prediction of crosslink density, most frequently selected hyperparameters
during grid search are summarized in Table 12, while Table 13 presents a comparative
analysis of performance metrics for default models and models with tuning,
accompanied by box plots for visualization.

In this case, performance improvement varies depending on the model. More to the
point, Gaussian Process improved largely, going from a negative R? value to a positive
one, while Gradient Boost and XGBoost also improved slightly as far as their R® values
go. Random Forest and Support Vector Machine’s performance worsened, which
suggests the default parameters were better. Hyperparameter tuning seemed largely
effective in improving predictions for crosslink density.

Table 12. Most common parameters chosen across cross validations by the grid search method for ve.

Model Most Common Params
Linear Regression {
Random Forest {'max_depth': None, 'min_samples_split": 5, 'n_estimators': 200}
Support Vector
Machine {'C": 0.1, 'epsilon: 0.01, 'kernel': 'rbf'}
Gaussian Process {'kernel": 0.316**2 * RBF(length_scale=1) + WhiteKernel(noise_level=0.01)}
Gradient Boosting {'learning_rate": 0.1, 'max_depth": 5, 'max_features": 'sqrt’, 'n_estimators': 100}
XGBoost {'learning_rate": 0.05, 'max_depth'": 3, 'n_estimators": 100}

Table 13. Mean performance table with metrics for ve with hyperparameter tuning and default values.

R? Mean RMSE Mean MAE Mean
Model HP HP HP
TUNING DEFAULT TUNING DEFAULT TUNING DEFAULT

Linear Regression 0.22 0.22 0.13 0.13 0.07 0.07

Random Forest 0.74 0.77 0.09 0.08 0.03 0.03

Support Vector 0.44 0.50 0.12 0.11 0.06 0.07
Machine

Gaussian Process 0.51 -54.81 0 0.10 0.86 0.05 0.79

Gradient Boosting 0.75 0.73 0.08 0.09 0.03 0.03

XGBoost 0.64 0.60 0.09 0.10 0.04 0.03
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Figure 34. Model performance comparison (mean+std) for ve with hyperparameter tuning.

The general trend here, aside from favoring generalization, is using parameters that
work well in data sets where moderate to little amount of noise is present. This is
evident through parameters like “noise level”, “epsilon”, “max depth”, etc., which have
low values. Also, conservative values for “n estimators” shows that stable and slow
convergence was chosen. Kernel- based algorithms like SVM and GP use the “RBF”

kernel, which reveals the existence of non- linear relationships.

Here, the best performing model is Gradient Boosting with an R? value of 0.75 and
RMSE of 0.08, which is very low. Even so, it is outperformed marginally by the default
Random Forest which has R? value of 0.77 and the same RMSE. What is interesting is
that both have roughly the same standard deviation (compared with Figure 18), which
means they are equally reliable across different training sets. The most prominent
example of good tuning is Gaussian Process, where the choice of the appropriate kernel
dramatically changed the model's performance, taking its R? value from -54.81 to 0.51.
However, 0.51 is still not a great R? value, especially combined with a high standard
deviation, which means the model is also affected by the actual data that is trained on.
It is known that GP is especially sensitive to noisy data and seeing that for crosslink
density some values had to be imputed, it makes sense that the model had some
trouble predicting it. As far as SVM goes, it is likely that it required higher values of “C”
and “epsilon” to better perform, since restricting these generally leads to better
generalization over performance.

In conclusion, tuning the models who predict the crosslink density favors their
performance in general, but hurts the performance of the best model, RF. This is
probably due to the fact that while trying to improve all three metrics, grid search
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suggested a combination of parameters that was not as good as the default variables.
Further manual tuning could be explored.

Parity plots for the default Random Forest and tuned Gradient Boosting will be
presented.
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Figure 35. Parity plots for ve with a) default Random Forest (left) and b) tuned Gradient Boosting (right) models.

The two models show very similar behavior, with very little points being far from the
diagonal and most observations clustered in the lower left region of the plot, where
the best predictions are made. The higher overall R? of RF (R? = 0.61 versus R? = 0.59)
in combination with the higher CV R?value, solidify the statement that the default RF
has better and more stable predictive accuracy than the tuned GB and should be used
to make further predictions. The same that was said about outliers in Chapter 4.2.1
applies here as well. It is obvious that the best performing model would greatly benefit
from the addition of more datapoints and especially examples of higher crosslinking
densities, since the model itself is already performing optimally.

Since the best model of the two is the untuned RF, the error plot has already been
presented in Figure 21, so no further analysis is necessary.

Glass transition temperature

For the prediction of glass transition temperature, the most frequently selected
hyperparameters during grid search are summarized in Table 14, while Table 15
presents a comparative analysis of performance metrics for default models and models
with tuning, accompanied by box plots for visualization.
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Hyperparameter tuning improved predictive capacity of all models except Random
Forest, where it was slightly damaged. R? values were higher for tuned than default
models and, in some cases, RMSE/MAE values decreased. Here, tuning the models
seemed to optimize performance consistently. Ensemble- based algorithms once again
proved superior to the others, with Gradient Boosting and XGBoost having the best R?
value, followed closely by Random Forest.

Table 14. Most common parameters chosen across cross validations by the grid search method for Tg.

Model Most Common Params
Linear Regression {}
Random Forest {'max_depth': 5, 'min_samples_split': 2, ‘n_estimators': 100}
Support Vector
Machine {'C'": 1, 'epsilon": 0.1, 'kernel': 'rbf'}

Gaussian Process

{'kernel: 1**2 * RBF(length_scale=10) + WhiteKernel(noise_level=0.1)}

Gradient Boosting

{'learning_rate": 0.1, 'max_depth': 3, 'max_features": 'sqrt’, 'n_estimators': 100}

XGBoost {'learning_rate": 0.1, 'max_depth': 3, 'n_estimators': 100}

Table 15. Mean performance table with metrics for Tg with hyperparameter tuning and default values.

R? Mean RMSE Mean MAE Mean
Model HP HP HP
TUNING DEFAULT TUNING DEFAULT TUNING DEFAULT

Linear Regression 0.58 0.58 0.30 0.30 0.24 0.24

Random Forest 0.84 0.85 0.18 0.18 0.10 0.10

Support Vector 0.69 0.69 0.26 0.26 0.17 0.18
Machine

Gaussian Process 0.83 0.77 0.19 0.22 0.1 0.12

Gradient Boosting 0.86 0.85 0.17 0.17 0.10 0.09

XGBoost 0.85 0.83 0.17 0.18 0.10 0.09
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Figure 36. Model performance comparison (mean+std) for Ty with hyperparameter tuning.

The general trend here, aside from favoring generalization, is using parameters that
work well in data sets where moderate amounts of noise is present. This is evident
through parameters like “noise level”, “epsilon”, etc., which have mid-range values. Also,
low values for “n estimators” and “max depth” create swallow trees, which means that
the relationship between features and Ty is not very complex, but it is not linear either,

a fact that is backed up by the choice of the “"RBF” kernel in kernel-based algorithms.

Here, the best performing model is Gradient Boosting with an R? value of 0.86 and
RMSE of 0.17, which is the lowest in comparison to other models. XGBoost comes close
with an R? value of 0.85, but a higher standard deviation. This trend is observed for
other target variables as well, with XGBoost showing good but slightly unstable
performance, possible due to the parameters set or existing noise in the training sets.
The next best models are Random Forest (R? = 0.84) and Gaussian Process (R? = 0.83),
that seems to be very robust, which is evident by their very low standard deviation. This
is the first case where Gaussian Process is amongst the highest performing models,
which is interesting considering it failed most of the time, as shown by its negatively
calculated R? values. Ty is one of the best documented values in the original data set
and has very little imputed values, especially in relation to the others. At the same time,
during dimensionality reduction, it was observed that many features were strongly
related to this target variable, which means the signal that had to be interpreted by the
model was very strong. This is probably why GP, a model with known constraints when
it comes to noisy signals, performed well, in contrast to previous attempts. Support
Vector Machines maintained the same performance before and after hyperparameter
investigation, with only MAE value dropping marginally. Finally, Random Forest’s
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performance worsened slightly, which is what happened for the case of crosslink
density as well.

In conclusion, tuning the models who predict the Ty optimizes their performance
almost entirely, making them strong candidates for future predictions, and especially
Gradient Boosting.

Parity plots for Gradient Boosting and XGBoost are presented in Figure 37, since they
have the highest R? values, followed closely by Random Forest.
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Figure 37. Parity plots for Tq with a) Gradient Boosting (left) and b) XGBoost (right) models.

The two parity plots are very similar, with both models accurately predicting T4 values
close to —40 °C and 40 °C, where points lie very close to the diagonal. These values
were the most frequent ones in the original data set. Both models seem to
underestimate slightly T, values in the range between 55 and 150, with some extreme
value after 150 °C. Additionally, a vertical line is observed in both plots, which probably
represents imputed values. Both GB and XGBoost have slightly higher overall R?values,
0.87 and 0.86 respectively, versus CV R? values, 0.86 and 0.85. This means that the
chosen hyperparameters favored reducing overfitting over model performance,
allowing the performance during training with the entire data set to be slightly better.

Finally, an error distribution plot was created for Gradient Boosting (see Fig. 38), since
it is slightly better than XGBoost.
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Figure 38. Error distribution plot for Tq with Gradient Boosting model.

The observed distribution is narrow, close to normal and centered around zero. All
these are evidence of a well-performing model. The only thing of concern is that there
is a systematic underappreciation of predicted values, which can be seen by their higher
frequency of appearance in contrast to accurate predictions. These errors are not that
significant, so they are no cause for concern, and they could represent the imputed
values. The tails of the distribution, however, highlight some observations that the
model fails to predict correctly, either by overestimating them (right) or
underestimating them (left). This could simply be a matter of such values lying at the
ends of the overall range in the original data set and could be mitigated by adding
similar datapoints that the model could be trained on.

Topology freezing temperature

For the prediction of topology freezing temperature, most frequently selected
hyperparameters during grid search are summarized in Table 16, while Table 17
presents a comparative analysis of performance metrics for default models and models
with tuning, accompanied by box plots for visualization.

Interestingly, in this case, the default models generally outperform their tuned
counterparts, as reflected by higher R? values and slightly lower MAE values across
most algorithms—except for the Support Vector Machine and XGBoost, where
hyperparameter tuning resulted in marginal improvements. This observation suggests
that the default hyperparameters were already well-suited to the dataset and
prediction task, and that the grid search process did not significantly enhance model
performance.

Table 16. Most common parameters chosen across cross validations by the grid search method for Tv.

Model Most Common Params
Linear Regression &
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Random Forest

{'max_depth': 5, 'min_samples_split: 2, 'n_estimators': 200}

Support Vector . ST \ g
Machine {!C 0.1, 'epsilon: 0.1, 'kernel": 'rbf'}
Gaussian Process {'kernel': 1**2 * RBF(length_scale=10) + WhiteKernel(noise_level=0.1)}

Gradient Boosting

{'learning_rate": 0.1, ‘'max_depth': 3, 'max_features': 'sqrt’, 'n_estimators'":

200}

XGBoost

{'learning_rate": 0.05, 'max_depth": 3, 'n_estimators': 100}

Table 17. Mean performance table with metrics for Tv with hyperparameter tuning and default values.

R? Mean RMSE Mean MAE Mean
Model HP HP HP
TUNING DEFAULT TUNING DEFAULT TUNING DEFAULT
Linear Regression 0.33 0.33 0.26 0.26 0.19 0.19
Random Forest 0.68 0.70 0.17 0.17 0.10 0.09
Support Vector 0.47 0.62 0.23 0.19 0.15 0.14
Machine
Gaussian Process 0.63 0.61 0.19 0.20 0.12 0.10
Gradient Boosting 0.68 0.69 0.17 0.17 0.10 0.09
XGBoost 0.70 0.69 0.17 0.17 0.10 0.09
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Figure 39. Model performance comparison (mean+std) for Ty with hyperparameter tuning.

The general trend in ensemble methods is using hyperparameters that create relatively

weak and gradual learners that prevent overfitting. This is shown through low values in

parameters like “max depth”, “learning rate”, “n_estimators”, etc. Kernel- based
algorithms like SVM and GP use the “"RBF” kernel, which means that linear kernels were
tested and dropped due to the existence of non-linear relationships.
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Here, the best performing model is XGBoost with an R?value of 0.70 and RMSE of 0.17,
like Random Forest and Gradient Boosting, but a slightly higher standard deviation in
R? than RF. In general, though, it can be considered a good model. Notwithstanding,
the default RF that has a similar R?value is preferred due to its lower standard deviation.
While tuned RF and GB have the same exact metrics (R° = 0.68, RMSE = 0.17, MAE =
0.10), the standard deviation of the latter is larger, suggesting a more unstable model.
The drop in SVM's performance is significant and indicative of the grid search’s
inappropriate combination of parameters. Finally, it is safe to say that trying to optimize
RF through the grid search method did not improve predictions of either crosslink
density, or Ty or T,. The simplicity of the default parameters overtook the more
complicated tuning approach.

In conclusion, it seems that default models outperform the others in this case. A
possible explanation could be that grid search, while systematic, can become inefficient
or overly strict when applied to relatively small data sets. By attempting to optimize
across multiple performance metrics simultaneously, it may favor parameter
combinations that generalize less effectively. Another reason behind this behavior
could be that parameter combinations are not as important here as is the need for
additional observations, on which the models could be trained.

Parity plots and error distribution plots have already been covered in Chapter 4.2.1 for
this target variable, so no further analysis will be made.
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Chapter 5: Conclusions and Future Work

This chapter aims to provide a comprehensive summary of the research conducted,
revisiting the objective that guided this study, which was deploying and training ML
models that predict key properties of dynamically crosslinked polymers, otherwise
known as vitrimers. The main motivation behind this was the existence of a research
gap in ML utilization for vitrimer property prediction. To this day, there are very few
researchers that have trained and deployed models that can help produce helpful
insights for the expansion of domain knowledge in vitrimers. On the other hand,
research on polymers and especially smaller molecules is quite mature, even though
the former presents greater difficulties than the latter. This chapter will also provide
suggestions for future work, based on the limitations encountered during the research
process.

By applying and comparing two distinct dimensionality reduction approaches-
Principal Component Analysis (PCA) and the hybrid correlation analysis/feature
selection (CA/FS)- alongside a suite of regression models, the study has yielded
important insights into the relationship between data preprocessing choices and
model performance. While no outliers were removed to preserve the small and
manually curated dataset, careful preprocessing—such as zero-variance and scarcity
filters—ensured that only meaningful, variant features were retained. The two
dimensionality reduction methods captured different aspects of the problem: PCA
emphasized features with variance, while feature selection highlighted chemically
interpretable variables. This, in turn, favored the prediction of some properties over
others.

To be more precise, the only property positively affected by PCA was crosslink density,
which is probably influenced by bigger structural patterns and not specific variables
like the quantity of catalyst used or the ratio between compounds. On the other hand,
predictions of the remaining three targets (7y4, T, and GF) were mostly inaccurate when
done through PCA- derived features. These variables required more nuanced chemical
descriptors that were lost during feature combination done to create the four principal
components. The general trend across all variables, though, was a high dependance on
the nature (and sometimes quantity) of the first compound used, as well as the catalyst.

Overall, the best model performance was noted in predicting Ty, with both Gradient
Boosting and Random Forest models achieving cross-validated R? values of 0.85,
confirming the effectiveness of ensemble methods and suggesting that Ty is more
predictable from molecular descriptors, especially when using the CA/FS method. For
Ty, ensemble models proved better once more, with the Random Forest model reaching
an R? of 0.70. Notably, PCA performed poorly in this case, likely due to its inability to
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capture target-relevant nonlinear relationships and its exclusion of chemically
meaningful features.

In the case of crosslink density, PCA yielded better results than the CA/FS strategy, with
the Random Forest model reaching an R? of 0.77, outperforming all other models. This
suggests that crosslink density is governed by broader structural trends that PCA better
captures, while getting rid of non- informative features.

However, gel fraction prediction proved to be unsuccessful, with all models performing
poorly (R? < 0.40) regardless of preprocessing or algorithm choice. The best model
(SVM) achieved an R? of only 0.37, indicating that either the descriptors used fail to
capture relevant information for this target, or the target itself is too variable or noisy
for reliable learning with the current data set.

All in all, ensemble- based models outperformed kernel- based models, due to their
higher robustness and better handling of noisy data, which makes them especially
appealing for smaller data sets. Random Forest managed to predict three out of four
targets relatively accurately, suggesting its superiority to the others. On the contrary,
kernel- based models like SVM and GP generally underperformed because they
depend heavily on appropriate kernel selection. As seen, tuned GP outperformed the
default counterpart, across every target variable and especially when predicting Ty with
an R? value of 0.83, proving that proper parameter selection was key to its performance.
Another noteworthy model was XGBoost which was strong at making predictions, but
not as well-behaved as the rest of the top performers. XGBoost presented with a high
standard deviation, meaning it was unstable across different folds in the training,
making it a somewhat unreliable choice for further predictions.

Finally, hyperparameter optimization- despite being a common strategy for
performance optimization- did not consistently improve results. In many cases, default
models outperformed their counterparts, especially for Random Forest and SVM. This
outcome may stem from the limitations of grid search when applied to small or noisy
datasets, where tuning may overfit to particular cross validation splits.

While this thesis has addressed key objectives and provided insights into the research
topic, several opportunities remain for further exploration and development. The
limitations encountered during this study, as well as new experimental studies
performed in vitrimers point toward promising directions for future work.

More specifically, after performing all the necessary steps for data processing, model
training and optimization, the final predictive capacity across all different algorithms
still has room for improvement. Firstly, there is a need for outlier detection and
elimination to be performed to mitigate the negative effect extreme values might have
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during model training. Outliers mostly hurt a model’s generalizability, but they can also
affect overall performance by drawing attention away from values that are indeed
informative. It must be said that at least as far as the experimental data set is concerned,
outlier detection should be lenient, so as to not restrict the range of the experimentally
derived values who are important for the problem at hand. As previously mentioned,
these observations are drawn from reliable literature, so there is merit in including
values that are more extreme than the average. All in all, caution needs to be exerted
during this elimination step. At the same time, a different fingerprinting scheme could
be tested, such as including Morgan Fingerprints in the training process.

Secondly, and even more importantly, future work should focus on expanding the
existing database until it has, at least, doubled in size. This will inevitably improve
models' performance through diversifying the potential training pool. It would be
especially interesting to add data points from experiments that include a third
compound for which limited information was found in this work. This could perhaps
even change the final features used for model training, which could, in turn, affect
performance. This would also allow for outlier detection and elimination without risking
shrinking the data set too much, as it would here. Harnessing the power of natural
language processing models to expand the database would be an exciting step, since
these models can mine data from literature faster and more effectively than humans.

Besides this, further investigation into hyperparameter tuning is due. More to the point,
a different tuning algorithm could be explored instead of grid search, which is
randomized grid search. The two are similar in principle, but the latter is fed with a
distribution of potential hyperparameters rather than discrete values and it makes
choices by randomly sampling them. This can lead to better hyperparameters but is a
more computationally intensive procedure. Basic grid search should also be further
improved, by adding more possible values and hyperparameters that the algorithm can
investigate. Finally, seeing that RF and SVM models consistently failed when tuned
through grid search, a manual tuning approach could be utilized.

Another possibility would be to train models, using the current workflow, to predict a
different property instead of gel fraction, which is similar to crosslink density and was
calculated for comparison. It would be helpful to predict some mechanical property,
like Young's modulus or tensile strength. In the existing database, several such
measurements can be found. Unfortunately, there were not enough for training, so
expanding them would be a great first step. It would be indeed very interesting to have
models that predict one crosslinked network property (crosslink density or Tg), one
rheological property (T,) and one mechanical (like tensile strength).

The final step in such research would be to create an interface that would harness the
best performing model for each target value and make predictions based on inputs
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given by a user. These inputs would have to include SMILES notations for each
compound used as well as basic information like reactive end- group ratio, catalyst
molar ratio and probably desired reaction temperature. The model would then be able

to make informed predictions about the requested target variable, driving vitrimer
research forward.
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Below, a table with Python functions mentioned in this work will be presented,

alongside their respective objectives.

Table I. List of mentioned Python functions with respective functionalities

Python function

Functionality

MinMaxScaler()

Transforms features by scaling them to a
uniform range using minimum and maximum
values.

MaxAbsScaler()

Transforms features by scaling them using their
maximum absolute value. It does not shift data.

pca.fit_transform()

Fits data and then transforms it to principal
components.

pd.dataframe.corr()

Computes pearson correlation coefficients.

mutual_info_regression()

Estimates Mutual Information score for a
continuous variable.

random_forest_regressor()

Deploys a Random Forest algorithm that fits
given data and makes predictions.

Kfold()

Splits data into k- given subsets using
consecutive folds.

LinearRegression()

Deploys a Linear regression algorithm that fits
given data and makes predictions.

SVR()

Deploys a Support Vector Regressor algorithm
that fits given data and makes predictions.

GaussianProcessRegressor()

Deploys a Gaussian Process algorithm that fits
given data and makes predictions.

GradientBoostingRegressor()

Deploys a Gradient Boosting algorithm that fits
given data and makes predictions.

XGBRegressor()

Deploys an eXtreme Gradient Boosting
algorithm that fits given data and makes
predictions.

GridSearchCV()

Deploys the grid search algorithm which
explores several potential hyperparameters for
models, using a “fit” and “score” method.

np.sqrt(mean_squared_error())

Calculates the root square of calculated mean
squared error.

mean_absolute_error()

Calculates the mean absolute error.

r2_score()

Calculates the R?score.

All code, excel files and respective plots and results produced during the course of this
work can be found in GitHub, following this link: https://github.com/DanaiMorfi/ML-

application-in-vitrimers
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