igltedizotion fs ooourving moross off

manufecturing industiies, and the

coutinias seckor s ma exception. Te
guantity of deota that con be leveraged to
imptawe all lnisiness aetivitfes—from aew
pindvet development to production to qushomer
seriire—is incrensting dromaticofy. The challenge
Is te determine arhere amd how o agpfy
technnlagies such os rrtifieint fntelfigence (A1
fiachise fearning (ML), amd patursl loparage
provessing (WLPY and how ta make 2he dafn on
fond refevant ty the groliern er question of
irferest. These geestinns ond afers were

sraungsTach Conprifiuting Wi :

foatingsach Coailuting Wrider ! "l '*f Tmm”_ s considered by members of tHie conkings velue
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Wiat types of Big Data cao

be leveraged by He coatings
fonlsivy ke facifate ressarch,
dewelopateni, and iaevetion iE
femeral?

Sapper, Cal Poly: We need to be ask-
ing'threu eiesligns vk 31 gonmcs 1o
data needs in our industey, What dota
do we have? What data do we necd?
Angd what questinns are we brying to
answer? A lot of valuable data already
exists, bul 16 is Led up o repors,
paldished literature, or subject matter
expertse, The data s there, but oot
colleeled ima war that allows hel 20l
artificial intellipence and machine
lenrning progec! s v e performed,
TTnderstanding what type of data iz
meeded for & particular project is the
firar step in idensilying where that
data mishr already exist, 1f & doesn’
exizh, thur's whon waperimenlation
can help by filling in the gaps in the
availuble duta,

Every imaginable data type {s
amenable to artificial inleligenee amd
rraching bea rning implementations. 1
the coatings industry, the most helplul
data s Tkely poing oo include small
molecule strpchare-property dati.
plymer synthesis procedures and
autcomes, tormmudation recipes, forom-
Lariom alesigen spacs Jaca, “lime wara”
perfermance dara that is pensured
after syothesis, form Lation, or product
application, and - especially—service
life data, so thut prodictions cau be
made about the wsefil bnngevity of the
product. All of this 1s lanecly quanlita-
Live and stroconred data found in taldes
and spreadshests, Lostrnotured datain
the Toern ol Les bl inpernal reports, Tit
erature, technical data sheets, ind even
umline dlala soree 94 9 vaso addicional
srree of possibly usetul datn, Here.
the challenze lios in creating nati-
ral language processing tools so that
algurithms cam “road ™ those lechnical
documents and extract useful inforima-
tion like 8 human,

Famaden, AhsoNebel; Holinic Jigitat
transformation of 2y well-estallished
industoy requires progross in L hoe
arcas:

+ Unstomer Experienos: CreEting o cus-
o caperienee that keeps custom-
ers coming back, Creating new weawvs for

engage custumers, defivering desirable
products befure customers know hey
WAL it

=y murfactTng Bvcellerco: Using
data e Mo epher cehed the principles
of Lean manufacturing, Predictive
rmaintensnes reduves devwntime—and
optintizes manufacturing schodules.

+ Diisruption: (ften everlooked in
dipizal transformatinn, creating new
gransormative business nuwdels (ram
Big Lata. bigrating business models
er servivgs-lead, rather chan fransa-
tienal hut abso creating new inarkets
enfirely.

2 pond example of a Distuptivn
profect is our Marim: Fouling
Chullimpe dalahase. Created o sup-
nertour coatings specification fouls
¢ like Intertrac and Tritereras Visio, ic
has value by providing Global Foubing
Challenge mups 1o faew customers, for
exarmple, [iv carrving out risk analyvsis
assessments or providing up-to-dace
slalus teporting.

Semzors ave kel 1 Tacilicate 2 lot
ol digital transformation. especially
in the mannfaciweing sphere. Tnoernet
ul Thinga {T0T} sensors credte the
possibility of digilal Iwims ol manulae-
turiny sites, which atlow decisions to
e made in real-time to further cmbed
Lean marufaciuring.

Devon, Dow Coating Moterials: Ar
Tumee Coacing blaterials, examining
large lotelleciuy | Properes (TF) data
ses along with advanced analytics
on Market Hesvarch-relaied data is
useel Lo neover many different types
of information. Specifically, hidden
patterns, unknown corvelations,
marlet trends, and cusfeaner prel-
erenees i help the business male
informed decisions rewavding where 1)
can participale and whecher itshould
prarricipate within o gven segmenl,
Coaring-rolutcd TP daca is well suired
lar the deep Insiglits that Big Thara
tecliniques can proeide hecanse itis
elubwl, high varied, and continusily
changing. Applving he results of the
Rig Truta analysis is also wsed o derdve
the best business st rategy for a given
INYTRAL REEITEnE.

Richards, Covestro: Covestro is
leveraging data relsied Lo decades of
imfurmalion ... lahoratory results,
testing, customer iovrds, aeders,
znd projecis we've completed for

Guillaw
Sarzh

customers. AlL chis information is in a
data peol that s available to us, There
is a very high wolume of informatio,
arsd we are determining how bosl

o utilise chis wealtl of data oo help
inform our growth strategsy, our sus-
Lyinabibity cMores, amd so moch more.

Hahn, Evonik Fndustries: Tn the

end, it is alt about Lotormation that
avknowledzes customoer noeda, What
is new is the inclusion of wastructured
data and the smart combination wilh
cafalimg application-retated strue-
tured data lnchiding thoese from high
threnghpnr es perimentation. This
new approach will, for exanple, allow
durivalion of Tormubarion sigEeseions
hased on machine learning rather than
solicly from cxperirmenl, So, loveraging i
data will ulthmatefy help to shoreen

developmuenl tinaes.

What are pibet appicathons

Hahn, Evonik Industries: Tirstof all,
Jura thinking in the contings mdus by
g L] rt L Tirided oo g Thaca, The
intetligent wse of data is more 1 matter
of Smuarl Trata, Polen tial gsc cases ean
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be lenned for any business process—(rom
Lhe utilizalion of 1he informalicn How
within the supply chain network (o
impren iy the aceuracy of sules tore-
rasts enabling effective prodirglion
planning,

Ramsden, AksoNobel: Potenrial appli
catirns lor Big Taata are wide-ranging in
nur indust ey—rom in-field pertoTmance
prediciions o coatings hat tell the guset
owiers whenl they rced actenlion.

T Data allows os to wnswer many
guestions that, up Lo this point, have
heen immpossible to address. Dalg
treguoney, aswell as the range of daia
suurces, slloes our fndustry (o measure,
track, and aMect many more elements in
vl manufacturing, customer experi-
ehce. and new markels than ever hefore.

The crucial applications for Big Thaly
will eome Mroun appdication ol ¢xisting
Lnawledge and thinlking, inelading
innovaticon, using data as a fool, Data in
sl as v value, bur using the dula to
pain inaight, or todrive a chunge for the
Trert Ler, 15 where Big Thaly, AL atd L
will hiave tlie larpost iopact,

There are already Jools huilt on
Big Trare and ATin our indhesiry (o
crample, Tnternational Paint’s Iotertrar
Visinn cost-benefit-analysis tool, which
provides a full oecrview ol the inpact
ol rmarine vessel coating decisions (o
ensure thut coating costomers can mah
Mifly informed decisions,

Lt is crueial char the problems we
tuckle with data are real, and thar data
isviowod as a tool to help us design solu-
lions to salisfy thom,

Richards, Covestro: Dgitalizution
makes it easicr and fasior to collaborate
within nor company, all alnng the value
chain and, nl course, with our cuslom-
ers. hped king more specifically abour

oy eustomnars, one of our top ahjectives
refated 1o digitalivation iz cnbancing
e eustomer expericnce. This summner
we lapnehed nur ooline digttal 20lu-
tigny centern, which is o central place our
CUSEOMers can visit to find case studics,
hundreds of pages nl tegulatory data,
and ¢lher infmwmaation. The aracum of
information is exhuystive. While much
of Il veus available beforo, we focused on
packaging it so that it can he ysed mor:
elleciively. Taly overload iz something
we can all relare wg in our personal and
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prafessional livess the trick i= iinding the
data that is mostmeaningful for vou,

Al Covestro, we've also developed
a digits] tool o help ne custaangrs
streamline produet selecrion, Using this
towr], eustomers select the properties
they are lnoking for. Based on thes:
inputs, we can elliciontly determine the
optimal lormulation for aeliesing it
The tool iz vrry Qexdble, allowing cus-
tomiers opall in cheic own data totind a
very apecilic solution.

Depdor, Dow Coating Materials;

Thra has developoed colleciton, orga-
nization, analysia, and visualication
methodeiogios that unlock insights from
busincss-relevant internal amd external
text anurecs, While Dow does nod sell
directly to consymers, we have found it
valuahle Lo roine social media 1o gage
COISETIET S0 TITEDt on a0 T CUSEm TS
prondunts, Anmed with those insights,
Do las heeem able to supgest alternabve
approches and improvenenls to ies cus-
omers thal benefit the cad comsumer

Risser, Badtelle; Lovernging Ty Data

in coembinaticn with machine learning
has the potential to find hiddes relation-
sliips that nermally would oot be soaght
and haven™ really been seodicd before.
‘Lhis typee ol information can be pesed to
irnprove many dilecent business activ-
Hies. including innowvalion effor;, Bor
inndance, ft ey be used m cuplore prod-
uct Failyres—ito tease out relacionships
o effects that sren't et understond. Tn
the process envivon ment, leveraging
trending dars cun aid in eplimization

of prowess paramel ers and enhanced
process contral,

Rehnetter, Battelfe: Aging of the work-
free in the coatings and many other
induscries could potentially lead to loss
alinstitutional knowledge and even to
gme cxtent the capability to maintain
product development streams. While
coating formulation development is in
rmay ways still more of an art form
than u science, the use of Big Data and
artificial intelligence may be able to
help adklress this issue. For instance, the
Lrefense Advanced Research Projects
Ageney (DARPA) is funding the develop-
ment of adaptive Al models that operate
aver antologies that capture knowledge
in the form of relationships between

differc:nl concepds and measurable out-
comes. Thoese systoms are intended o
make decisinns on the My and reproduce
the tvpes of decisions a peraon with a
lost o koo leslge and experience woy ld
make, & pew release on the project can
L feound al fitpe S wwndarga. il

e WS- VenEs 2 8- 00117

Sapper, CalPaly: Sorvice life prediciion
methexls may be impresrcd with the
developinent of large data secs of coating
perlermanece over tine, cspecially il
driven hy zensors and LoT eolleclion
el hods.

supphe chain uptimization, SKU man-
agement, amd inveniory planning muy
be improved when eost dyty, production
Lirnelines, and legisiies Informaiion 1s
coirpled with cxisting seicntitic domain
knowledpe, For cxumaple, a project might
congider whore praducts inoa portlolio
vverlap i differear areas nl perfor-
nanee, indicating the epportunity for
product removy | Lhe tool or set of hind-
s may help ientily areas ina portfolio
whire no product currently exists.

Text mining an: natural Tanguasze
prrcrcessing is being wacd touncover
the popular sentirment arniemd cur-
rint chemical trends, huzzwneds, woel
materials of enncurn. This is the focua
of the current ACA Tiy Data eMor,
which crawls thisweb and updates a
user dashboard with perceived risk and
chatler—aor the volume of oaline tex or
mentinns—around partiealar nuterials
o COmEET .

How cae A1 and ML benafil
members of the coatings
value chain?

Sapper, TafPoly: Artificial intelligene:
and machine learning implementations
are providing accelerated product dewel-
opment lead times; faster R&T feedback
loops between planning, evaluatinn, and
iteration; and overall greatea cuntrol
over the designability of new compua-
nents, materials, and producls, Having
a data-driven material discovery aml
optimization workflow in place will
ultimately allow for quicker respanse
time to changes in the upstreum and
downstream supply chain,



Richardy, Covestrg There ure nearly
counlless wavs the coatings vulue

chain can benefit from A1 and M1, but
here i one cxample—the cnd-to-and
supply chain, from the porchase of

raw materials through use. There iz an
apportanity e leverage lechnology o
pravide wreacer insight and malke the
process more eficiem Vhrough aura-
maric. iracking. Tn the consumer woarld,
when sou order an flem online vou ean
rracloituanc! it wrrives a vour daarslop,
(M coursy, there are some challinges
nnigue to che purchase of chemicals and
enaritgs, and it mustbe dome sqfely and
compliantly, but there s an oppectunity
e rina ke strides in this area. Amd, in
doing so, we'll open the door o ilizing
Meat information to plan ahesd and eom-
municaie with the supply chain about
Ihe resaurces that ave necded each siep
ol (e way, =0 thal the encire process is
aw safe ard officient as possible.

Retifeharn, Dow Conting Mererials:
Floer mualices approximately 7,000
shipiments per day globally and hus the
Largest privately omned railear Aec in
Norlh America. This year, Thaw inple-
mented regl-time tracking and delivery
prodictiona few customer shipoents
throuph Fourkitos. The technodowy uses
ril-time datg from che Tu reest GEPS,
CLT, ynd telemalicoys network and com-
bines that with predictive snalvtics wo
Prewicle arrival eslimations. Tintodas's
world, cuslomers expect real cime
informarion and the abilivy o track their
shipmenls, This soluiion allows s to
facus on exceptions rathor than menilor
every luad, set up customized slorts, o
respond quivkly te inguirics,

Halm, Eviondlk iduseefes: We have
alwyrs worked in close conporation
with our costemers and suppliers. Mo,
wiwlse want to worls wapethicr on the
develnproent of digila] effers, services,
ard solutions ot an early slape. In achoer
words, Vhe inrelligeny use of dais also
irnplies med ringful interactions alooag
the anlire value chain,

Millman, Dow Cogting Materials:
The emulzion nerwark penerates Lavuy
amnunts of discrvie aod conlimies
data during butch aperationz. The Trra
Cube project in cur plants zahers
Process inputs into a central datalwse

WAL (RENIDOY S I
ST Se lin g i fange ol aodisns,

to compare carrent produetion with
historic trends, which enables cur engi-
necrs 1o purform troutleshoodng Nasler
and rmore affogtively.

Homsder, AkzoNobel: AT and ML will
b instrumental in helping to fod rrends
i data hat have wet to he discovered,
These techniques cun help in prodictive
maintenance, planning, and manu-
facture, and in the mmplementytion of
Lean manufaccuring processes ol vt
discoversd.

The eracial clement of 3L and ALis
that it will ussist our indislry inwhat
w: already dn well, Striecly speaking. AT
means Artiteial Intelligence. but a I
it abbreviation would be Angnicnted
[ntelligenee, These sialistical tech-
migues will work alongside us to helpos
make Jeeisions wich more insight, rot
remove docisions from us.

Formlation prograns may evenloally
follow che qulemotive indislry in car-
eyimp ont all early sdape work fn-silico
{2 compuler simualacions); however,
his approach is simply 2 woy to qssist
in narrowing down formulation opcinns
wii] minimize cost, rather than allewing
AT avalems to design cowlings for us

Customer seryice will likely be an

HEIRTy L
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early wlopter of AT-like tech nedegy,

For exampe, Chat Rows wee already
emploved i other ndustrics (o provide
intormalion and guidanee in an casy
ard sioaple manner to custumers, Again,
thiz v pe of solutinn does noc remove the
human need; it reforuses human eflfnrl
on the subtle, comples, and diffenle
yuestioma That need answering.

What are e bloggesi challenges
companfes in fhe coatiigs indus-
try face when sitempting o
levarage AT, ML, and Big Dala?

Ringer, Battelle; Trata quality and
quantite are probably goiogto hehig
challenpes. Many companics may have
ilata zets wilth one to rwe hundred
daly pusinrs for crig) fermulations. That
doesn uaalify az Rig Dataand is really
insutheient for offcotive use of ML and
Al whick typically relay thousands or
rillions of dals points. There is a need
to develup lnrermed iats solucinns that
creable leverayging of limiced data.

A eopurate issue is the mizapplication
ul these advanced tools in the hands
of navices that lack proper trainine.
Tt i still an wsue today with theze
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techuologies thar many people do nw!
vol really umderstand bome to wse 1hem
progerly, Misapphicution gencrally leads
to ervoneons resiles, which then raizes
questiens shout the efficacy of 1hese
typos of projects,

Schuetter, Battelle: Getting those mil-
Livns of dass points in coarings and the
broader materials industry iz difen)
du, largaly bocanse companies need to
pratectvheir proprictary prcduet dats
amel are, therclore, anwilling in general
ter shave Lhiz type of Informat ion. These
ssues can geneea 1w be geaided i, Ter
cxatple, there ( ao instrurment. preduc-
ing o sheearn of data vegsrding a specific
aspect of ¥ material of incerest, porhaps 2
sensor providing & continous stredm af
dlata during manufact ueing ar formuala-
tiom, But trying o <olve probloms using
imdependesy, arthogena] data points will
P el llenging if data from many differ-
€Dl snlleces e Nnot be wapregated.

O the ip side, (here is also the
powential of huving dors of data bu
not the vight types of data fov 2 given
prublen. Fov many AT models, data
inputs ave: heing used that have never
beuen relied upun hefore, These inpurs
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minat be selected very carelully, bevause
if the data s not relevanc to the problem,
then it won't enahle the developmeny of

effecive modela.

T addition, models are only ag sood
a8 the dara and assamiptions used oo
define them. Regurdless of vhe quality
nrscale of daly weed to rain s mwodel, if
the assumptions built inte the model gro
no€ valid, chen e nuede] will provide
misleading resuits wind hove potentialby
wnarable hehavior,

Ramaden, Aksafiobel: Wo see throo
majur challenges in 1he coatings
industry 1o aplementation of ALMT,
solutions leveraging Big Data:
= Tpskilling the cxisting work foree
« Creqling nd attracting neve dsla tal-
ent b our industey
= The availabilily of essy-to wse lools to
exrlnit data
Upskilling our workfures is whare
large and repid gains in daty utiliza-
inm can take place. Ourindustry has a
wealth of knowledge, experivrce. aud
skill—both in a {eehnical sense and
abusiness in peneral, Upskilliog our
existing wowlifores and cinployhng these
daty (echniques and ionls in o way that

BUENILY OT agsists our leaders and
expetts s [1owe wo make Jaca work for
U5

Lustivutes ke 1he U K% Nacional
Innowation Ceatre for Datd layve 2 man-
dare tes upskill work forces by carrying
oul subidized projects alongside rrain-
iz and experr assissance.

Thuere is alse currenly o lack of new
talont in AL, ML, and Big Trhats cntering
the workforce in our industry, partialls
beewuse these dkills are relatively new.,
bt also herause v need practitinpers
inthese slills wre rapidly cmployed at
Ligh wages vy tech givnts Uhe explosion
1 ew wniversity courses, a5 well as
diwital and dats appremiceships will, in
time, abdvess the shorcage ol new 1alent.

Lo the last fow vears, there bave
hoen many more woels available to help
clean, analyze, and model data witheur
the need for craditional ending or data
skills. This advanyement and datd 1ol
demecratizafion can be considered as
analogous to the ddvent of Windows in
the varly 1990, Windows allowed the
MHI-COIPUEer 52y Lo interyct with
L8 us Fonls o belp earre out tasks. The
new wave of daen tools does cxactly the
same thing. Data wols such as Aleryx,
Bapidbdiner, and Microsaft Azure ML
are allisrgeted towards helping wvery
one 1o uae daty seietes, Thig Dada, and
AT MLt achieve tacks mors efficiently.

Richards, Covestro: We car’l look
narTowly at Biy Data—it noeds ta T
inleprated hroughoul the organization,
and chis approavch requires a change in
mind zeq, Big Tatn iso'l a bugesord thar
pertains just to I'T, it hay lmplicationg
tur everyoms. Chie of the bigees) hur-
dlas to seoomplishing chis change s to
broadly build the sldll sers newded. we
helieve cross collabaoration i3 a smart
weay ror leveragy [he knowledgy of our
cxisting cxperts while ar the same vime
hebping ethers develop new sliills. Thoing
s alsn reguives a new wav ol vhinking
about ouy jebs, Fror exampte, we have

a group of cmplovees worling toward
degrecs i data rmanagement. sl thay
areinteresied inlearning how we can
hest leverage Resyguared 1o depicl data
L un easier way With that inomind, we
have encnvraged knowledpe-sharing
by creating & leam composed of peo-
ple with different lunctivoal roles and



lrom diverse aress of our huziness anis,
Forming such teanis is just one approsch
wirre taking to wel peopie throwehout
e orpganizatiun up te speed on che
latesr sechnolngies,

Anwher chiallenge s avoiding daca
everhad. |, elMliciently parsing Murongh
the shewr vrlunwe of infor mation wie have
in order to finsh 1the daty that is critical vo
the 1ask at hand. It 2 very resl ehal-
benge amd if not wddressil, can be coun-
terprondietive, Yimiting cur ability to be
e miple and beer inormed,

Kreos, Dow Caofing Marerinds:
SuecessIy implementing and adopting
artficial mnelligence, mackine lenn-
e, arnd Rig Drate roquires new organi-
zational capabilities and a signilicant
culsure clinnge—il is a trow trausforma-
tion. Furtanately, indtial coneerns over
ol Tnases seentta be waning, and thore
inanew porapeciive thad AT, ¥, and
Biw Mata will make cveryonc's jobs nare
inleTesting.

Hulin, Evenik dustries: Az abways,
itis nol ahout o single grand chulicnge,
b snore the sum of small chalenges:
wonpleciess, validity, cunsizsency,
vimehiness, und accuracy of dala, among
onhers, The often-quoted Tacl of vhills
can he rrercont: by slequats 1raining
and partoering with dedivaced service
providers. Indlis conlea, L coacerns
[1ve to b taken inlo aceount. A clear
distinclion of vhe speciiic dmmain
Lnerededpe (eoarings versus algorithims)
conld elp to address those. Al Tast
bur vt least, actempiing to leverage AT,
ST, and Tig Lisda is 2 malver of change
manadenent, loo.

Sappet, CalPoly: Oficntimes, carly AT
ardd ML projects must be hootstrapped
alonystde craditional experinental and
produet developmentwork lews. s
need creates an sdded finaneisl coscto
the project. hut alse tends o malke vhe
project highly visible wilhin an organi-
zarion. The high leve] nf seruting nuge
nivt be wpprropriale ghnen 1 he amoont
ofrick and lesrning involved snd alsg
stretehes personng] chinly across hoch
chie experimentationsl and analrticl
sides of o project,

ko udditian, there 14 nften g challenge
urganizdticially in creaging machine
learming or data- driven work{lows.

which larpels invalves changing the
culoure sround keeping experimentul
data. Chemisls must propeely docu met
and record all experimencal dala, even
[ proerrty perlorming materials, so vhat
models can leam and evolve alongzide
the traditional empivical experiments-
riewy cecle.

Regarding implamentation, There iz a
veal e ar euch orgunizarion for doc-
nraented exrly wins inapplring Hhese
tnls, so Ihat managenent and product
develapmenl reams v e the meth
onds abovee and bewomd what the popular
crjence hype cyels might suggest,

Arrnss opr sy as a whole, there
is 2 real need 1o idemily pre-competilive
research opporiapiles for industry to
wartls om ogether, sucl 18 e devel-
apunen and poblicalien of slandard
cusling furmulation sers, aiandyrd resin
s RLeDy, atd sl ndand service Vike dala,
Yach data et nuesy inchade Talhy charae-
tuerized materigh inforuation in order Lo
be tgelul, Trade names and quakita) ive
desepiptors Tile "2 epon 7 or “PTakILY
witl work far wany mindels that can use
cafepnrical fnputs, hag highly granalar
struetural clinieal data is moeded tu
el any widespread chnge 111 undel
developroent amd adoplion acress the
HATEI

Tavyelv, these chablenges are helny
orvercime thanls (o the o ringie ti
wution of resewirchers, manuger s, and
directiorz whe have fele meMeiencies in
their own material discovery processes,
Trespite: chie by pe soannd the tools,
suceesstul implementatinn seema to be
a matler of grassrool s campaigning.
alwuyvs targeted a1 specific matcrial or
formabation challenwes. Daa science
pracuicionees at chendeal cotopunics
ure discowering their o beol wavs
o work topether, whether char mesns
contribuling w npen source prograni-
it commenities Ve B G seatiscical
prograniming languagel or Pylhen (o
general programming banpruage with
mamy well-develnped AT, ML, snd Big
Tracatonl S Thoey are establishing wurk-
g groups or communil ies of practice
within (heir ow n organizusions. kuny
of these early adoprers realize that
sheir own comya nies have s wealth ol
historical dako avuilable, butic is not
prioperly prepared for dara analveis, Tata
extyustion from dusty legacy repores
is @ pood place 1 begin i Fyouy have o

probleny in mind aod need relevani
bistoricu! dara,

Com panics need to (ake o brave and
besbd appinach to inemporaning AL amd
WL praccices within thoeir currend Bé&D
pocliolio, Len’t just, Bire dasls sefentis(s
o1 statislicians Gl heagh hose poople
are kew, 25 wolll), but ulso encourage
youl seienlists, chemistsy, formulators,
and ey neery o Degin wetting coam fort-
able areand Jata-driven work Messes, 105
casentially a report-out culiure, byl e
chat reports dala, aff dava, good 3 nd bad,
throughow the veur, as opposed to hap
hazard lexoual project reparets Jelivered
at the end of 1he calendar vear.

Cam you give some examples
of how Al, ML, and Big Data
are correndly being ised n e
codiings indasiry?

Weersntink, Iow Cauting Mowerials: W
ave cxploring all avenues from devel-
oping ourenterprisge capabilities wnd
bwilding the necessary infras et

to Inensiag oo cusionar insiglns and
exploring exyernal paviners, AT, ML,
and Tig Dala plans are embedded in our
Tursinesa strategy, and our leadership is
amnbracing and driving changs wichin
vhe erganization. We huve also hoile
cenlors of digital exeellence that utilize
AT, ML, and By Trata across all fune
tons, such s our operacions, smarksing,
and the supply chain. bo addicdon, we
have created an active Tigital Scientist
nolwork within the conypany to share
learnings and hest praclices

Roraden, AkzoXebel: ArAkeo¥obel,
wo'vr heenn making paints and contings
stnee 1742 and wo ust heven siopped
pushing o boundaries of tech nebowy.
Dur passion for paint amd innovation has
always heen part of our swory, Thats why
o wizign takes vhe Fornm of one simple
word—hevomd- which represens borh 2
challenge aad o promvize, W haliver
taking inrwrval ion beyond expocration
arcl imagination,

To make aserious amd loug-lusting
imyace, AkeaMobel 2 embrucing AT, ML,
and Big Taca 1o raiy pleces across the
compaces Ovganization of elements such
a8 Customier Ex porience, Wanu lueturing
Exeellence, s nd Distupcion, aud theie
concimped comrngnication s key,
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TTowarreer, more crucial is 1he loeus on
customer valye, Lising tools like the
Vuluwe Iroposition €anvas sod Businoss
hlodal Cunvias, we focus our data scrar-
ey o1 having an impact by relieving
custurmer pains and building longer-
ezroe adoprion of dara tecliniques.

Wee nze a 8vstenn of management
halancing Technology Readiness Tuovel
and Business Reacdiness Level in order to
limd cxrernal partners (hath cusloniers
and supplicrs) and casure thar business
veaimes aund data seienes teams are exde-
CUE N prrojeets together,

AlzaMabicl is alse invested i upslill-
ing v internal experts in new oals
seience techinigucs and 1s well connected
wirth parters, such as the U Nulionul
Dnnerval om Centre for Data, who can
Lelp us male the mosd of oew data tech-
riigues j ot daily business.

Agone esample, AkroNaobels Paint
the Future (MU Acceleratn: program
wias designed o engage with new rech-
nulogy companies, sturi-ups, and dis-
rupiars in Lhe coatings industry to find
partrers that sharee our values and have
enciting technology A particalar focys
of the Prediciable Performance initiative
was to find companios hal can generaly
aupply or model new sources of daca to
Lietp solve same al aur customers' preb-
lems, Thore aee now many companies
froan 'TF that we sre partnering with,
including sensor companics, ralwlic
inzpection aml upplication companies,
and additive designers.

Richards, Covestro: Tavetaging Al
W, and Biw Data is being discussed ac
the highest level of 1he urpanization.
and the foens is not just produce- or
Il-related. TL permcares all levels of our
orgaTization. o facr, Td say i1 becom-
inglike salely lurus, Satety iz integral
e cverything we do, and 1he slrulegy
and efTerl we'te putting behind digicali-
zatiom 15 gaining that same kind of true-
ticn. Tu's Juse thar important. As such,
wee are collaborating wilh oresmiczations
o i Lhat we ave able toleverape
these technalogios where it makes sense.
Asun cramaple, we are working wilha
universicy prolossor whe is foensed on
TIT-related tools that can T e Lo
develnp new polymers.,
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Hahn, Evonik fndnstries: (iir sitategy
15 ulso our mission: we want to breals
dews n dara thinking and dalu-based ace
ing to the level of all strategic busingss
unils aud Nanctiony] units and even
mre importantly, tale all employveoes
alomgwith us in doing so. Ln fact, acting
digital also means enlering into new
collaborations and partnerships, for
crample with lechoolowy companies
such as IBM ar Alihaha, and also with
vouny digital companies and seartups
wia e ihveshiment in e Dipdeal Growth
und Lmanaged by ehe graw 1 hinvesior
Dhwilal- Parimiers, We have also estal-
lished a dedicated Cognilive Selutions
team within Evomik Digital to taclle
chanees and challenpes prosenred by a1
and BLL.

A pecent cxample of connect-
ing people, data, and procesacs is
COATINO™ —y voice-controlled,
rnulti-chanmel placform coubfing Evonilk
Coaring Additives customers Fast and
Casy ACCCEE i nevalive and sustain-
able sohucions. This digital Talwratoey
wasislanl s desigoed o reduee labor-
intensive searches in the comtings jndus-
try, Bvenik has egaipped COATTNO
with echnical kiow ledpe amd special-
Ired expertise. enabling ic oo provids:
TRIPHESRIVE, (% 0P resPomlses T eve
complicated gquescions in the areg of
codlings, The predotype was develaped
in elose collaboracion with Furopean
pavlaers, sod wo aim to make the digital
lab assistant available 1o the industry as
warly as 2020,

Riszer, Battelle: At Bartelle, wie vicw -
e wse ol T Traty, &7, and ML 2 tools
that we should be fucorporating inl
proprdms whenever possible and where
it makes sense o do sa. T mane cyses,
the imain goal of these projece: is tohelp
our seiencists free up their valuyble tioe
teor novel thinking and data analysis by
removing the need foe them Lo complete
rure af repetitive tasks.

T is also irvpretlanl 1o niote, too, thar
the concepts of Bz Data, AT, and M. are
vory browd wod iuclude o whole range
of different tools and methods. Tnomany
cuses, prople probubly don't even realize
they are alreads using some of these
Locls, bun chey simply dent think of
them in chis context.

Schueiter, Battelle: Becuuse wo do con-
sulting worl: for a variety of cliencs, we
are focusod on tailoring the application
of these tools to cach prolilem or in aome
ety sels of problems geared toward

similar clicnls

Sapper, Cal Poly: At Cal P'oly, we are
butldingnacnral Tangyage progessing
rels Thal can read and extract chemical
information [rom lexinal doecuments.
inlucling parents, sciencilie journal
arricles, sl lechnical dota sheets
available online Weare alan developing
evidulionsry alzorithms that can auto
matically diseover novel polymers and
coulings formulations given a desired set
of material properties, YWe are building
intewration conla so chal Chese e eved -
els muy be uppropriately coupled to new
modes af experimentalion, cspeeially in
i sreus of boundaryless design spaces,
Homr pody masrizalion, and antonomons
svorhesis and formulation. These toola
will ultirmicly enable guicker desizn
anid discovery of materiuls with high
[rerlornanee characteristics.

Where do you see the use of AF,
ML, and Big Bailz in the coalings
industry headed over the maxt
five yoars? Longer term?

Richards, Covestre: Mare and mare,
the coatings industry will coms to the
voaslization that the B2T digital eape-
rience does not existin o vacunm. For
our customners and parinors, e whele
minducl hus chonged and itis being
driven by the BEC ¢x puarivnce wo hgee
came L expect when we fnceract with
consamer heancs, Tnoether words, we
eypect g swift response and a scamless
exprericne. The chemical and coat-
i indusrries must wark tnward this
expeclaticn,

1 thinl: its sale b say hal as much as
we're gl y sesing the impact of Al
ML, and Big Traia, in the Nalure i will
ransfunm the coatings industey in ways
we just can’ predic) loday, As soch, 1%
meee npeitant than ever for organiza-
tionz across the value chuin o keep up
wilh new developmentz, abways looking
for ways to pish the bounduries of how
wie Call leverage techinalopy o advance
aur industey sl botter serve enstomers,



Hohn, Evonik Induostries: Currently
vech corn e nics are deaningl ing Lhe data-
hased businesses—often wich a clear
fereus on crsk consemer data. When

it comas i the chemicals imdushey in
genernl and the coatings industry in
parsiculun, Thave the impression that
fxing the hasics, .o, making daca fit for
iTs intended nse, is more the tupie we

ars atrupgeling wilh edas. Tam apti-
mistic, though, char we will resulve the
wnderlyime chullenge of data qualicy over
the next Ave rears. Poing so will foster
the enwreenoe und implemencation nl
diziral innewracinns lile our COATLRG
digital lab assiztant.

Rumsden, AbsoNobel; Lnthe near
future, the coslings indusiey will
Mirther cobrace Big Data and dgital
wansformation. Dacs will foem e cor-
nerslnne of how products are developed,
manatnetured. and old. This devel-
opmen | s s Threat wo o e industey:
rather, it iz an opporiunicy to use data to
gut even better aldwing what w de,

T thie nese e vears, Big Dato. bL.
ad Al will be assisting us to de owr
Jobs e clTigieny than ever before,
automaring some tasks, and allewing ns
ta focus on twekling Tarper teehnical and
husiness probiems.

Bwborization will continge te impace
the manufacoure, applicatien, and
inspection of coarings. radically reduc-
ing the amount ol peaphe exposed oo
dangerous envirenments, and Inercas-
ingly allowe g s G i pdement oore
Lean manufactinring efficiencics.

Fersomalivalion ol husiness medels
will also begiv to male in-reads in onr
industry, New business mendeds will
Tz oiTared tn customers and sumpliers
throngh bespoke aprecmen s, smarl
ol Faces, and service-hased husiness
mndels,

Troaddiviom, the crating indusory will
become niore central in asset manag-
rmeml, T T he cuse ol induacrial assecs,
coatings performnance will allow fur lon-
BT in-sereive doploymend, and as such,
these agzers will require longer-term
PETELTITA MGy Passpeiires as o nerahip
changess.

For Tgrmulalors, wveader leanapar-
eney of condivions in-teld from sensers
arnd enviregrinental dala modeling will
Tecore widespread, Maintenanss
of coated surfaces will become moee

Dcaprke as these surtaces are manitored
and modeled, The way produets are
puaranteed will change—new business
models around dara-driven maintenanee
ereles will become more prevalent and
are already being embedded in oo
industrial applicalions,

Creerall, technology aoud data selence
will becarme reow presealenl globatly, and
the induscries that embrace 41, k11, a1
Big Data ws lools o help manofacturing,
salialy costomers, and create new busi-
ness models, will laurish,

Eckervley, Dow Couting Materials:
Heritaye matorial companies will
comrinue e address the chablenge of
transforming ihe way worl is dome.
Tir many cases, they have aleeady built
expert systerns aind now have 1o rransi-
tinn then e incorporate Al &L, and Big
Thata. Comypanies will also be building
new emyHoece 5Ll sets; oday, everyoune
necds eomposite skills—their funda-
mental work comlned with the ability
Lok with Tg Data, AL, and ML, Lo
other words. macketing is Lransitioning
o Lagital Warketing and R& L s transi-
ticning oo Dipieal el That s because
at their core. 4T, %1, and Bizg data are
lwlpng people do work better and mor:
guiclely, reduce non-value added, repet-
e tasks, and free up time for more
vilue-added activities

The wdvental g Data, AL and KL
represents the Lth Loduslvis] Bevolulion.
weith these noew capahilities. wee will be
ahle to And new solutions to unsolve:d
problems wred creare a etrer world. 1t
willl be a journey thar i dume right will
oreate exciling new carcars, explosive
inngeacion, and effortless and enjovable
CUSTOMIET £ XU LS,

Sapper, ol Poly: Weoare in carly davs
as far as machine learning adoption in
ot industry goes, Wo ars [uar coming Lo
termes willl the necessicy of tnkiny statis-
lical, designed experinwent spproaches
to syachesis g lormuolation. Similarls,
e ideas of combinatorial syl hesis,
high-throughpul ox perimentarion, and
robotici 2ed materials selenoe ave just
1w becoming commonplace within
eerlain organizations, As we pol wsed

to these mechods, we will nacurally
begin o dizscover deficlenedes in thum,
including design sprace consrraineg and
the preblem of material enumeration,

cowpled with g lanee and fasi 1alos of
crperimenral data that will he a new
challenge to many researchers and
ceanns, W ken Lhis leppons, data will
bucomie Lo large to eazily handle using
the rraditinnal tools of paper notebooks,
spreadzheets. and filted trendline mod-
els, At Lhe som rime, material require-
ments will heemme more denancling,
alomewith shorter capectoed develop-
ment and turnaround cimes. Marerial
interactions in complex formulation sys-
terng will he oo comples o mode] nsing
Previous, egression-based approaches,
Archis point, resed rehers will nndar-
stamd that data-centric apmroacles to
rmalerial generacion, caperimentalion,
and explorarion are needed,

I el b wloow poinge sl NivaL, ws these
rethods pyusc ron in parallel with
existing cxperimeniyal approaches,
TMtimately, though, within the next
decade, Lweul] saw the data workflows
anl The alailily 1o design o propose nesr
materials and fermmlations with a high
dogres ol Ndelive inviviyal sertings will
surpass owr ability o quickly discover
these fornmlativns in the lab using
pure empirical methods. At this point,
laly experimentaiion will be highly
aulomated, and much of the dav-to-day
svnthesis and formulation work will f4]l
in the domatn ol experimental desizn
and model building, by data scientists,
clwimnists, amsd formaalators,

Tlcimacely, the impact of artificial
intelligenes a1 machine learning in
purindusrry sl e large and wnaveid-
able. The jolr of a beneh chendst all
Jisappeare inour liletimes, replaced by
auromation and robetics, This dovs ol
mean v will ol needd rained chem-
istz and formulators, bur thar their job
desceriptions will changy, Technalogy
and macerial needs will evolve faster
than they do nove. Planning sylemared
experiments, analyzing data, building
and deploying predictive models, amd
evilving workahle new fermualacions
froan daca and derived models will b
thee ol of the coatings fermulacor in the
future. =t
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