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Chapterl.l nt roduct I

1.1 Promotions, k&iWBhadkdgs oamd and
moti v)ati on

Accur ate for eccasutciinag ifrnorr eetfdielctiisse i nventor
compepetfoemance. Pr omot,a mtethse raersee n cnet rtirnisg gee ri ¢
fluctuati ons, canni balisation eff ecFtis dersd ier

al . ,, 2@2Ki)ng pr omot i decils ifwea eaxcnds td magl Ibeortchi ng .

Promotionmad sfoompgplasxiin ret atihe dreantamnrde pd fa nmri
Promotions <c¢ombiamea pruinadd erde ddwecatlisonmasppl i ed du
as hobBndawse frequently referred to as camp
consumer deerneashsleemadnndg pr odu®r edategoni engt hods
unable theca@matt wure of promotions can | ead to
revenue and cl i entwHhyoyaacctuwr, atwe ijcdé difedo mif op eress!|

success and profitabAbuRdlagmni ot aaetl a&lnwv, rdhin

Despite its si gmiefdiican ng, tdiec weridtedltad | @hgpng

Traditional f ormagya dtriemg gp prnod d hoensa | peri ods
inconclusive about the promotional I mpact o]
period, | eading t o -Imafntu aclo rardg cat® hoanesnl t Ssopnbei s ftli anse
of thwi dn@Ilsy taught methods, such as simple n
and autoregressive intMgyateemamonmi c@ mpeerag
promoti onal periods but tend to underperforn
promotHewasge, et al., 2025)
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Among pracvtirtaigeses gioha netlael forecasting. TtF
ease of use have madembhdmpéaduersg sooleyf ¢
shawat forecasters prefer averages or movin
effectiveness fornonial bl pf aawanb.bg aNdawer tiwbeel yee
despite its populmetihaooydes dti am d eerdd bayv drhegirng n s
bet ween relevant and pgrrirmdreiviayntb ea@aswdbea acfg pti Kt

demand patterns Chiukeds pbyepramot i 20231 ; Hewag

Recent advancements in data science have i nt
to overcome these | kNdaradastonBNleNNAMDmegp stels(eend ,
moder n, -bmsmar yxtension of the averaging prir
equa&iNINy sel ectivel yk amesages mohlay thhetorical
target, thereby excluding( Lamtez.,e viZzn0nls3e)do t i e s
aver awgpeicrhgni s kiNN mtaadcloggsndsadapt t o promoti onal
such events are rare or highly wvariabl e, m a

complexities of promotional forecasting in r

By | eveMM@sbndg i ty to capture | ocal patterns
advance the practice of priodhgtngniahefgapchet
averaging approaches and the demands for bot

contexts.

1.2 Researchs question

The research questions in this thesis are d
practimeehaddl| ogi cal devel opment, with a part
promoti onal forecasting. They refl ect an i
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insights from forecasting practitioners and

approaches tailored to the retail context.

What are the current preferences, practices,

forecasting?

This questiodoaemastersaptvoiees through the
survey to understand practitionersod methods
forecast composition, thereby ensuring that

f or ecaosdteilngpanb pgeawe rrhede cesa.l

Calk-Nearest N&-NYhboass a¢ aswar actpicrhg ne | ear ni n

be compent itteitrweseodsts for retail promoti onal
Building on the foundational role of average
whet kM can serve as an i mproved, intel | i ¢
di scriminating relevant hi storical promoti or

transparency

How do feature pr eprionccecsrsponrgat iiomc loufd i aalgt ot rheec

i mpact the pkeNNN omondaenicse ionf f orecasting promot.

Feat ur e t rsa ngsnfiofrintaznitoloyd ddafpféeacbtisl i ty t o pr omot
Thi s gaxasmiimens which transf or matkiNiNbs a@mg alcadg
to capture unique demand s pirfatcd i caad s gd ikdya npcre

cCus tsaotmion.

1.3 Contri butions
This thesis contributeedit memnsissemewe hn ga nedmpp rra

insights into f ¢2iNdNasmtsiMag hpnmef eeamanésng al gor

3



PhD Tharilsos Reoddura2€gduoedzeA p rni | 2026

to trace and expl ai 033prprmeodtiiomall Jwirdkamcsd i ¢
engineeringl agded healusesabn(@4t)hke us ke nreeflsaatvieveen g

errobentbmar ki ng.

The surdveesyi gned exclusively f otrdathe so vsetruvdiye w
forecasting practices (algorithms and. softw
Comparing the r-@lsdllass avligunesatf ideencsmamev eal s per

on averagegrddi faiscpcbfaeagresdi software and for e

The satlwdoyp!l ai ns an@Nearad uta t ke Ng ol udrasr i (tr rerh a i |
promoti onal forecasting, d emon sgternaetriantge hcoownj

expl aiamdblteaceablrecftdryedastns t he dat a.

The empiricaldeartaley ®isSd eaxtt sa msff ofremaatuiroens and
series f¥alte@aeastonperfor mance, &NNmoaovd enlgl iprgactt

promotional demand.

Il n terms of thencahdmoanl¢iomg.eo fr epradv avkesea atoircsal
interpretable metric for evalvuattiheg tfedthad sadt

suppaorrtesl i abl e assessment for both academic

I n summary, this thesis pfresemesearcthemabadmrd
on i mpl enNeNnt regr eksasrieotnai | n envi r om@anpeanctk,age nc

recrmertmdati on for open source software

The findings of thifsoaeasdkamitthe. . weMeee ey emeel net sesd
of these ewrmethtemanttstet mefle of coetredbedi om qoe
(ske2wodonf est enkeml ddgeentddKEi DebETr donuntirriteusal / or

mode becaOO¥eé-DBfpahedmild Heal th Organizati on,
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T

Fol
t he

of

1.4
The

ma c
pr o
The

eXxec

Sinapsi(sSepd2ambelr X 2M&t)i ng of Peruvian Sc

kkNear est Nei ghbour s, a Novel Machine Lea

ForecaBtsag I taly)

Sinapsi{6®crorRev] 2M22) i ng of Peruvian Scien

Sensi nkgNewirtehs t NleN Ng)h.b oAimr sagdpl i cation for

forecd€tlionngd kh, U

| SF202Wwn0e2 1 Pr omoti onal For ekdNdNsS @ Inggc tfionrg Rel

number of Kkneisghbacam@&@3D§2d s(fVi rtual)

| SF2020ne: 2B&A@hure TrileMMf MMulmait vami aothe Regdg

Ret ai |l Forecastaibssd7bB8b ¢ Rr acnlleil Paniesf o

OR6(1SeptembeiRe2@l19) FkiNeaaetsitniNeugihdgur s (

Kent UK

I n addi ali o presented part of my research
o Apractical session on MacbacasetliLergré&iRg
Analytics ModNIATeCQR INiat e meméd | byfaught Cou
Operational Rese&drom ©dorf f BhBnfsrtound e2a2 sts
26Februaxlyheoexitampl es incl udk®dltl dopr &ac me
series forecasting Masitn gnetzh.e etts faknn p4d
o Geatures Tr akisN oirnmaR & toanidd ft ofitehi en¢ a SCIMArFg
EMRCentre for Marketing Qeratlryd i fcer amidn
Econometrics, Asset Mar kRed sse aarnodh Msocrrkose
(r2ar-2620 at the Charles Carter Buil di

| owing the publh@®RMAFiIi phaons tbaidi shesbst e &
survey findings included in thia ddhampyi s

the resul ts

Structure of the Thesi s
t hesi s gisx da.Wahmtealrisr btegc haptwat hodhhdé tsi on

ond chapat elri tdeervadlonopeswo evdam@nprenssnts t he
sti on; iaff dpte,rowiatrdets cont ext on the evoluti on
ntifies gapsescsonmtd pfriowndsrebBeacaohrent resea
hine | earning al gokNeéeame Hta s BHkeN Ng m boanw rergea @ae
moti onal and t i Me edsseqgeansansf tohr etsheeatr icmg qu e st
third chawptieensipgesentsom a survey prepal

l usively for this widsde areclhe v athinbel cstit dupdp eerse s
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presleMN saemxdami nes featurecl udissd ompnaactti ooan  al
accur afciyEhdmteer préeent pratrlmdnemetr 3 t ke anhdoi c e
feature vector modifiecraecants acomedaay. i Mpmal

concl usfiwtnler eandli recti.ons for this research

15 Summary
This chapstet hentopdese which motivatedhehe

l'iterature to tamel phactciuriremer 6 ewnidew f usi ni
for retail forecasininag,| goirtah $Sipiha 2y cladsamn e mt ke
it rewmmpdesx inference rules while using | arg
kNear est N ek-Ng\h b owlresa $iyri so expl ai n,t ot rparcoed uacred

numerical forecasting as it. wil!/ be shown in

Il n additi onmetwkrogpolesgntt hihe ttdhecsriesatfeoldrmdvsdel
and | ater to conduct experiments using a d
contributions of this researdm tsceltelcda eadc acdenn

from 201Bi hal R 22rresent .the thesis structure
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Chapter2.Chal | enges
al gori éhas!| 1 n
forecastl hgt er a

revi ew

21 I ntroducti on

Retail is a vital industry because it create
portion of GDP in Europe and Ameri ca. Howe v
because sales often depend on promotional ac
Ret ail sales forecasting faces sever al c hal
pr omo,t isoonnse of whlieh ¢amgni bali sati on among si
demand p€oirtfe nes . These obstacles compel fore

algornrdettmboping the necessary databases to

appropr i attoe psroefdtiwcatr edemand accurately

Al gorithms and software play aramwei dIlr omo |bea

techniques such as averages and traditione

smoot hing, regs ersmse oenl,s )antdo tmomree sophistica
approaches. Equfadrd ggc aantp'os tiamtten msr e¢thabi |l i ty,
whil e accuracy matters, i1t is also essenti al
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To understand and validate these ideas, ac .
However, there is no comprehensive perspectdi
aspects of the role, such as ftheaalgaoamsietdhm,
This chapter discusses methodol ogical advanc
promoti onal forecasting, primarily based on
whet her these methods reflect i1 ndustry pract

faced by demand pl anner sa ddmeprfeohl d noswiivneg gclhoab

forecasting practices.

22 Ret &pbkFrecasting and promotions

Retias lone of the pil lnaorts omfl ymadodeecranu seec conf o nitess
gr oss domestic @rodudbtec 8 &SO® poDbibguna g o @raned of

empl oyment .

I n the United States, retail trade accounts
over $1.2nnuiall poofih according towihdé Bume s
sal es oveil h&f5Qtcrei IfloironNati onal Strad tisaitclt o ( C
accounts for 5% of the Uniitsedr eKcionrgddeodnbisn GaDtPh
countrBets the 1Ii mportance is also reflected

|l nternati onal (4 h®©)r dtadghammitreeattaiioon and whol es
collectively makes up neanmnt yi 20g%h cobfia (tWGRBAs e r v

Department of Commer ce, 2025; Price Water hou

I n additi oconRettaoinebrhiebsuta on to empéogmiemdg tw
| argestsept bvateempl oyer i n several countries

Federation (NRF), ©he sacfour s maikea miyst thderold$
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of 52 million American workers andn32 hmi IUIKI c
ONS reports 2.9 million)pobdstphpe0%uobpeanalc
confihams retail i's one of the teomptireynpl opeads
management OppbrboboaltRes ail Federation, 202
2025)

Anot her aspecta tvibatai mak eysait heetrdsialtd i iftf eakbrs f o

channels sucbBtasegsepsupeemar ket s, spe<i al it
commerce platforms, diswag@unogpnsdndmengedlpiumeds
et al., 2018; Berman & Thelen, 2004)

Retail requires accurate forecastimagdplfamanic

out comes dAepcernid iocnali tccharacteristic of retail
promoti onssealpado | t ers & Hucahredkrhmedaresw 208&t19 i |
margins dfMane&t Fs dldds,r 2&k=BMmMpl e, promotions g

grocery sales (30% in the USA, 27% in the UK

This r eduwicroremeesntchal |l enging in environments
ampl idgmarmgd volk daei lciotmpl eandty ofNetvleg t hledmrmssisnc
than 20% are profitable and promoted product

are no p(rToanyoltoironds Fawcett, 2001)

When an accur athbeaspilcanr etsadalv ddied cahltlden, p, 8 fsiudcehn c e

as assortment pl anniamgl,sltroegpd éas 20étehal vaettahad

forecastisongcegniat asty¢t ok oetdau,ci mger st oc ks, and
customer satisfaction and profit margins. Re
store r eplpernoinsontmeonntalt opl anni ng, to align surg
strategi es wi tHe weaxgped Qtecdd ipd ¢ marhdeh $KUal evel , e
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forecasting i mproves operational efficiency

perfor mance

Promotiaomps | aree ehhee, staseomeafbcquisition, ma
trial. Pr otnroitg egoenuarl r esnatl esspi kes i n sales and p
over 40% of annuals( Tategw,r y eWhoebnl nper ol @ )on s
strategically designed, otmdrancerdp &y shheree f ia
brand | oy alntdy bfugs thggr ibreh@@arodimern NedvGezh)bieh @ s s,
advant agbseamabdbl e when demand forecasting can

i mpact on r elazthegpr K0g i foaor.

Trug@006é6¢gommends investing in better forecas
promoti onal t i mi.Td u@mrdo Mmaoatxii am asle) RfO@dBrsemd 9 tail n g
keep cemguwumgemednt i nanci al success.

Demand forecasting during promotional ©period
sal es. Promotions can -ppokmeti dembaldl snbdecauwe
stockpiling, and may shift acroasniclaaleigoat iec
practiti nmmerap@rjogr ean al ., .E0OLBepsBPBO@AEYal bat ec
promotional events as the pjrudngee mpehjltuadltermasmmtns f

override algorithnmilac aonrd (sBOadtld @t itchaalt ffoarielciansgt

pr omerteiloant e d demand -prhamagteiso n( aenfdf egd $t) can

pl anning and | ead to poor financi al out comes
Neverthel ess, promoti onal forecasting IS cFh
Promotions are influenced (or Il ntroduced) k
consumer psychology, making histocom@ll exdiattya

suggests working with speacwaale alagoarsietthsms or

10
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23 Techniqgues, m@mhgbrnehhsarning an
preference

Ret ai |lbrucssgeecarum of forecastiamgd tad cghomrii g thenss,,

i ncreasingachl hanteaoning buteapbaehaebkacmet

Fil des, Ma , ( 2a0nZdl oKd bdeesmpaehensi ve academic o
forecasting, documenting techniques Skdlrdi ng
predictions. Common operational methods 1incl
and variants of moving averages, often embed
modul es. At hi ghercawgalegandoneggeesesson mod

promotions and ot lmere marnkmotnil yg awerpiteldl,espart

pl anning andl pabtmohi onal eva

T
o
—
0]

castipgrsotuiwvarkey c,ommemicad alltl iyefe frratredsonrgest

_;
()
«
—

ession approaches ,wetbedepmamotoc emabhnipil aina

Fil desawtnldor s note that | eading systems (e.g

(0)]
c
—

es) offer hierarchical forecasNewgrtpbebe
only a méihiocenty wde acdvarhedd sfueatadarisa snonl i ne
model s or aut omant ipcr amatuigcler , sedielcei ®#nstill | r el

manual overrides f or( Ppirlodheos,i.oents aln.d, eXkleP)t i o

Foromoti onal demarvbhdeflo rmaucdptaccmagtuinandlorupl i ft

eff &€atrd y ( oo fxer , et al used9 b #eisfStAPmMo 2O1222,) w

baseline forecast iIis adjusted with promotion
Subsequent research i1 ntroduced regression n
di splay and feature variabl es, d-e meta sfttr aftarn
shoterm pr omotTiraursaolv,s.aeltesal . , 2006)

11
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More recent studi es compganrpd emwelxtpiomleant a @p r san
' i near regression, and neur al net wagakbky (sp
reseackcdheasedbtiebet weamd acouemapyet abiAlniot Weof

approscho esti mate seasonal muytwpthoati peoma

mo der omoti onal demand upl(iWotl taenrds s& oHcukcphizleirnnge
Overalthe | iterature highlights that promot i
i ncorpofrspteecidventf eatures while remaining unc
Machine | earning is increasingly wused to ca

promoti onsaldedv et & pmheesnp ejcaiaaglel,yar dat aFsieltess ar e

et (20249 rel éTad, woet kal . , 20T S®;,vi evwagpee, i etat:
neur al n ebh avaneodkdse,l st,r saupport velcegarnimag hfi mame \
in retail, showing that machiseriear mehpodan

appropriate condi ttihsemsce Caebdiaadwvesdrepuonral
gr adhbomstt ed trees, and hybr ik-d ndoad elrs rfedrai k

particularly when modepdddumgt pefofmodti ®onal and

However, two key themes emerge. Fi Sswdi et e
compaaritnigie kmaetl WOArNKNss) wi th | inear regression
show that ANNs tamgheac hiaeHoemetvieirgldolpy i on i s |
i mpl ement aSeoonndosnot all compl ex Groedeen sa mod t
Ar mst(rzonjgb¢ sensanal mseia on simple versus comp
evideased nMendodembinati ons suc)obf ameantacvhe rarg e ¢
exceed the accuradgyroft hsmeplhindtdii oetsad pafods i n
adoption of machine | earning and reinforces

applications.

12
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Neverthel ess,kNemr ebt s NeNb\gihlbrgs st ¢ a fFamily
l earningd metalhedagi mgt begxtr es dma stt i snigmialt &re nhii
cases. Reoemptredocki ng rekdN|I depmodsbkeatseas et h:
nei ghapmurroaches can hbhaddlheet epageredadwmds apr omo
somet i mes omattpcehrifnogr noirn gno the I er eamhanpreierxg t r anspas
easy t o keMdMpbacamesatur al evobaskdnecoadstawngr a
promotions, providgdalngctainveiaver ddeataMaaté dr et

Fildes, 2020; Divya & Kumar, 2025)

24 Practitieomreamcepr ef
Evidence for practitioner surveys shows a st

Fildes and Goodwin r epvriaecwa naaempdaennyt i ff /r entoavsi tni(
exponenti al sl naot oetdh i megt, h oadnsd arse t he domi nant
despite the availabi |l i(tFi lode sa,dveatn ceaeld. ,st2atd 1l S;t

200GHeenmMrarsd ramrad @20idésb) 6 si mpl e versus compl ex
indicates t hat simpl e model s, i ncluding av
frequently outperform or rival compl ex met h
findings help exmpéfaawo wh-hpawWwemagachhagues: th
under stand, communi cate, teach andefadtjdiesd , [

notmechni cal stakehol der s.

Il n addition, surveys ocfuStodaenddantr (09,0 3PpPHawar
that while manyahicems floreemasé¢éi ng packages, L
performance often correlate more with proce:
algorithmic intricacy. That suggests that ar

i nch &N, must align with plannersé preferenc

13
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Given the gap between academi cr epsreoaprocshael rss aandd

sur-vaeyd i nbased ewesearch to capture O0the voi
organi sational constraintsal darivtelyrms pamnd i sef
actually wused, how prfoenadttuirocenss aerses echobarsdll deach,a tiv

barri er Baedloipmiiton of aliviathe f @Otind d ke iI2PMR11i)g h t tr

empirical evidence on company practice is s
research, and call for more work that combin
relevant innovation.

I n this thesi s, surveys af Fdemand tplean ndeorcsu
forecasting practices, software <choices, ar

l earni ng,evteladn emlygy requirements and preferenc
satisfy. Second, whgytofival i amatiendepenagst fr
for i nstance, the prominence of averages,

applications, and the iIimportremrastofmgi ntBgr pm
survey evameempei rwii ¢ dd-N Ne vaasl uaant iionnt -boafs e d e mé t h a d
for promoti onal forecasting, the thesis ai m:e

and to provide guidance that i s bprtac tmettihorder

25 Summar y

Ret ai |l forecasting is cruci al for operationas
A key featur diigdhl tyh atepsrpamastsiveerst.o The met hods
used must effectively identify s@oroesnopapbnaeat

peri ods.

14
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Despite the deverhapmienHrnadedc osnpll wtxi on s, pr a
frequent!l y usheasseadnpreet, b oaevsenrtatlgeempet i ti ve. One

for a basic approach is that it offers great

Machli @a@r ni ng met hodfsacseh obna rprrioentiss et dbuadopti on
extensive data for modepl emanhabhgpnt heraomph
chall enges in interpretisgchkélals Ihtayv.e Renece mteld
alternatives, potentially replacingbasenchp!| e x

approachsdlheadt euds ettaessleass € ,r ostiamiel ahrantdo t he

Overall, the |literature reveals a tension be

met hods and practitionersodo obhgeosedgtedepeingea:

situati on under scores t he I mpdoermafnodc e c addt | enrg
practices, including which algorithms and so
ohew methods. Chapter 3 explores this issue

practices.

15
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Chapter 3T hlee man d
Pl anning Surve

31 I ntroducti on
Building on the challenges and methods i1ident

organi sations currently forecast demand i n g
of demand planners and forecasaeriser desudn

forecasting practice and software use.

Al t hough the thesis concentrates on retail
previ ous -pfroarcetciacset isnugr veys, extending its scoj
particular focus on retail dandanpupuatiednp.er

compared to surveys from the 1990s and 2000s

Additionall vy, it contains specific questions
the generated forecast, t heir preferred met
promotional forecasting.

32 A literature review

3.2.1 Methodology
ThwWeb of rSectirgmeeeae\wsi ewe dmdamtaindl 4 anni ng, deman

and retail demand f orecastoirnggueisrntdlondciang esu
search expression of: (survey* or questionna

(forecast* or pUseadigc tt*h)e asnedac ccahlmbEnxdow aeishsa olne f

16
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the selectedVebeadrfciBcergicee , ( we got 139 resu
i mplies that questionnaires on demand pl anni

selectively over the years, with no more tha

To refine atdedehtaddietriswerfalr sesatr@ti g teirens tsium
regress?*, or. m@/cthhnehile®eaeximng filter, the nu
Neverthel ess, not al | the articles develope
focused on related areabukilmklki y,nveemt at s tma
sof tiwaateaer, et al ., 2022; Fjldesmeehods$.ana(
for specific niaReknet se.t E.IgKka sf2disihieadrB @athieg hi2iDe 50

of methods, to analoynwseeE.td.e jusckg eorhdmtl gla sft a recud

20009; Mc Cart hy, et al ., 2®®06;i nEFielrdn 4 t &nt G
(Karthikeswaren, et al ., 2021)
One observation is the frequency. Every stud

frequency and forecasting requirements for e
more | i kektystomanadgmand behaviour in their

used or the forecasting challenges that migh

3.2.2 Surveys of Forecasting Practice: from early students to present
Academic inter dsdawifnoruedestsd mg dirg grne aslaltyi odnosn

at |l east to the mid 20th century. Whil e muc
regression or ,toifmens eusiiensg npoadsetl spr omoti onal
explanatory variables wit,li.mg.ij]lidreesg(r2emd8&gale.s.
Researchers soon recognised that empirical [
evidence from compa(nli9epsB.p vWidrek | chnoef ead f ettheal ea

revi ews of forecasting practice studi es,

17
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investigations conducted over 25 years in t
concentrated on sales forecasting, distingui
setting, mar ket assessment ), aggrzeqat, i oaan dl
organi sational ownership of the f qr escuacsht .a sT
mi saligned forecast | evel s, ' imited training

tuned computterc @gmpamyamse q uicrhe mennftlsu,e nacleld o fh ew

new technol ogy.

I n parallel, researchers recognised the val
model |l ingl9%&erdady proposed survey based te
attitudes, purchase plans, and |l ocation spec
both the potenti al of survey data and the h
erwWi.th the diffusion of personal computers a
from customers to demand planners: surveys ¢
at scale, thereby shaping more relevant dema

3.2.3 Topic-specific surveys and literaturebased reviews

Subsequent work wused surveys and structur e

context s. Behe¢ 2B ttebv)iKeavs hfi oreedc aaslt.i ng met hods
fashion, documenting strategies such as Ba:
reservation prdc@&ywapmxracsadmes ,f oandhort | i fe

i ntegration of experdeq ualgammenbav @@ mkeisheé&isreit I
paper, however, synthesises academic propossée

|l eaving open the question of which met hods a

Lasek(20pmdPpvide a detailed |Iiterature based

forecasting, comparing time series and machi

18



PhD Tharilsos Reoddura2€gduoedzeA p rni | 2026

training ti me, interpretability, and sensit
met hod domi nateesss etnatradhdibd telgiagnptl e , neur al ne
cost and opacity, exponential smoothingdbds se
and multiple regressionés vulnerability +to
Whil e theitt hwomlk ghf fment sroadol ogi cal compari son
practitioners; nohe ahtbhossreexepglsi oft rgstaur an

vali date whether the |iteraturebds preferred

3.2.4 Surveys on methodsjudgment, and softwarein forecasting practice

A substanti al strand of research has used gl
organi sational practices (m®d®9d)ibegad|! pO00Sawmde
about thedgemaa@t@fuanti tative techniques, fin
jury of executi ve opiundigoenmenetraeld ¢ ,h ewmolsd rmavmi
and |ine projections were the most familiar
data collection difficulties |imited the use
reinforcinadrgelmeartaemdd son An i nfl uenti(@l9 Thb)mmer
stressed the i mportance of i mpl ementing met

anticipat iG@xp drhtadnsi ygahtteunmse | p bri dge this gap.

McCarthy2@@aé)ailsited sales forecasting practdi

emailed to 480 companies (with an admittedly
management arrangements, familiarity and sat
meé hod choi ces, accuracy patterns, and syster
cross functional teams or single department s
(1 1) declining familiarity wietclhhniceu é si r{ s g«
Box Jenkins, expert systems, and neur al ne:
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smoot hi ng, regression, and trjemdgémerethaldal y s
and regression across time horizons; (v) g
aggregation | evel s; and (vi) strong use of
systems. McCarthy et al . stroewe etdhd hmee d nftoerg

under standi nghaincde eneeotdhmoedn ded t hat organi sat

incentives to accuracy.

| des and20CGoddws eed explicitly on the inter

judgememtealasti ng, surveying 149 forecasters

mont hly forecasting3cyocl @88 wmbhhhseaddt himgh| i

pr

3
©
o
-

tance of, pandoadwermtii prngei nformation.

espondents primarilyjusege matfuitaneind al, faomrde a

rong (and often over opti mi st iFo) |mbeM iuef swvotr

Fil deso odthfalr. med t hat, judegr maelg meslt anemd ist ic

ndeed i mprove forecast accuracy relative to

t all adjustments are beneficial

parall el , surveys have been used to inve
ecialised forecasting2@snavaged Wabbpeoxiamda
anners in manufacturing settings, emphasi
aring. Thaeter feadoedsin | NFORMS/iCMAF , s cftt
18; Fil des, et al .,highkeDghtSedhatehe ebdntai nt
crosoft ExcéepacaGamat ftthree ceedtaitngrel y | ow use
machine | earning met hods i n da(ly2 102 )d ay
actitioner oriented book, based on the | ns

kewi se reported that more than 60% of re
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averages, moving averages, exponent(i2®I11 3 mo o
review of the book criticised the |limited an
of traditional algorithms.

3.2.5 Surveys onforecastingsoftware and therise of Machine Learning
A more recent thread of research has concent

the integration of advan¢te@oé@mpayeéedcsat Sahde
spreadsheets versus dedicated forecasting pa
use and integration with e xXNFsQRGBA Fperpoocr et sesde s

results from three surveys (t woFiyledaerss, aeptaratl)

Fildes, et al ., 20Z6ps8cbaed] est dakumeB022]) i
of Excel as the most common forecasting t oc¢
specialised packages and open source tool s s
use ofvawmcedadl gorithms (e.g., Poisson and n
demand, LASSO for promotional modelling); (i
backtesting (e.g., rolling ori gi nr oeuvnadl uAa t/iMLlLn
functionality that often outpace actual prac
Schaer(2®2%2%%dnd this Iine of work by evaluat
and their target i ndustries. They report ex
capabilities such as automated outlietycorre
or hourly time buckets. However, they al so n
demand and inconsistent provision of robust
the interplled abmdidietlys oafnd ugdewsogr e@lemahe a
practitioners for transparent, explainabl e a
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Ot her survey based studies have focused on
perceptions of for gc2as2t0Oengveygi kg Wiolre®onhhan 4
broadly shared views on the increasing i mpo
superiority of guantitativetoabsopheghyi qua
di fferences in the reliance on judgment al on
These results reinforce the view that soci al

alongside methodal ogical considerations

3.2.6 Gaps and motivation for a new survey

Across these strands of research, several <co
met hesgecially averages, movingremaragesnt aa
practice, despite decades of met hodol ogi cal

machine | earh$Samgdad go& i Mahmsodt, 1994; Jain &

2018)Second, survey evidence tends to be fr
industries (e.g., new producjtusd g e e phtl thme mte
software selection), and several infl uenti a
(Winkl hofer, et al ., 1996 r el laernudnb €r orod

|l iteratur e, eb.ags.e,d B echve sehfit@ 0;1K5a)sahsie ke2 @ thadl . In.o,t
incorpomnatet weantersl6l vileeaving their concl usi

unvalidated by actual user s.

Taken together, this body of work réveashts a
covers mul tiinpcleu dimsndge sctrexpictteust e s bot h met hodol o¢
choices, including the adoption and percei Vv

al goritthhmolcument s organi sational, behaviour
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forecastinffjoppbbvides @odtinuity with earlie

over ti me.

This thesis addresses this gap by deshgning
preferences, constraints, and requirements

aim® Dboth validate @ndoextienerBtodengandftom
evidence base for eval uating k Nearest N

machine | earning approaches in promotional r

33 Theeceasdt greefata omew survey

As we mentioned drefprraect itthieoneartse'r at awircees i s
angl es. There is a | ack, ofat cad mltraiecsky i d fy ibred evpet

because the surveysaadieebhaegeted at a partic

Pr evi ous hraevsee afrocubnetp atnhiaets @1 aher ngntimesr and
We as s uameo ntthhalty rpelnaan mmisngt he f megueooymbébor pl a
rel easing pl aHomiernvge r f o rweec arsd eswh et fale a nnnveersst i @A $
di saggr egattehfeor e angtgot eogtahteer ti me buckets, and

f orecast aics o spgraahdi ueat, s .

Prva ous lBawd&esepstbei a¢dgorithms and software u
consider that naempewdead demaiatygiuttiso ndeer saonry me mk
promotimmmght validaore pdenvi.flugtbreacdpeags it i

to determine the inputs required to create a

Il n addition, thilbkowutrlve yorag arsi ¢ at iexmp'l ©reul t ul
t he f arelctasitseri mporwhaentth etro tuned efrosrteacnadst i ng r

organi sation and how it supports the team.
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Given the currcemtiafrdcaiisaet! ipoustierhgad eeddyn duct e d
a decabdye tahgeo Centre of Market(iWed | eFo&ke Cadmien
as a val.ddwmlcawsiedp wtn biuntvechiteortyo its purely a
independ,ent mmagthar deomntmpasetl pntastsa@® ss current
businesses and forecashk aemiung euneinttss (f DK U )i f
and -ftrnenguency, includi sgf tiveekbadi aggbhet hmse

of Machine Learning algorithms for demand fo

3.3.1 A new survey to cover thegaps

Academic effprastioioepresenpbices have al way
in currentStpd dnptsithggydaregen by a motivation f

a specifome spkecwére, forecasting approach.

One igaapthe | ack of an dmldiekpletnpdoesnsti bslteu diyn ft chram:
demand fosewvasthér:difemedants setup (as ,t wer
consideri g ftrhegdeamdky g [ftormezdo higgeameldgati on f o

produced mMfolredciamg ((thiemda i bniec kuentid)s t he f or ecast

A secowéd wapl tirsyh et oi dceonvteirf i cati on of curre
softewadeg npiuncl udi ng machwaorl diadalilnyg, aweg oah
that researchers are interested Iin investigga

organi s antaiyon)nftlhueethce f ormpeacdotr mpunalei ty and t e

Thenwe consi dedepaendwnt , and academically ¢c
three di mensi ons: First, t hiet efnosr eacnads tt iemmev iargo
Secotnhde, use of forecasting,appdosohe¢estaheal gat

required inputs. Third, ttheamevali sfaotrigami s

24



PhD Tharilsos Reoddura2€gduoedzeA p rni | 2026

Two additional di mensions are addebhétoa t he
i nformati on abouthetiohtee riens ptohrecheabnrtg adinniels alt ean ¢ o

demographic dat a.

Thus, the objectives of our survey are:

l.Understand the forecast setfwp ecfastthegc @impg

and aggregation:

a.After the I nternet of Things and the

focus on short time horizons and pl ann
b. The aggregation | evel of forecasting u
c.The numbertbhée eFrgmentsation forecasts

2.Understand the forecasting approach and t
a.The Dféaddebet ween manual adjust ment s (
aut omati ¢ ( nboadseel d/)a |fgoorreictahsnt s .
b.The preferred forecasting methods.
c.The apptgednenthalds.
d.The adoption of Machine Learning.
3.1ldentify the used forecasting software:

a.The software typeERP&seagd , elidmeadwaalyc e

applications.
b.The software product.
4 . Understand the currfedrheof gaeatcaati nogat eamp
a.The satisfaction | evels.
b.The opportunities in that field to hel
5.Understand intrinsforeaespmadtwmigexcl usi ve of
a.The | evel of experience

mber of forecasters in the team

e

b.The received training
c.The nu
e

d. The dedication of the team to the fore
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3.3.2 Methodology

This research will design a survey( Wesilreg a& p
Crone,as20al 29t arbbpgeopovmunching a new survey
of their quechamnmgnssftoo eicasnteirfisy pr edfoewreerreae s w
found tababsenhl gpf those questions could be re
to revise demand forecasting practasepaonutt dafo

a Coll aborative Planning(,CHMmPR)edansting, and R

To prepare the final version of the survey,
supervisors and a fpeecludvngwaf doditr @emg & rhteb e
Centre of Mar keti ng, Anal ytics and Forecas
Management School, which enriched the number

by the survey. Theihichaldedet ©iieohodfl otwh & gs sre\:«

forecasting met hods, forecasatt i sop &k wasruep,pof t
respondents' .demographic dat a
As part of tweeubmguiedmantethics application

Et hics Commi tatceceor dance with Lancaster Unive
survey pttomiesaon data for up to 10 years.
di stri souweWgyst hualLancaster UnThee risailst gyd 2Wrlveg
coll ected anonymous resptomsesendrom the Vaar

December 2023), ensuring .confidentiality for

The survey was ldengwagedonliny Ehgllti sdhugh t here
to release traads lwatseuwnviaeealrssladirdslye Wor | dt Wwa s
di ssemihnraotuegdh s oci al media (mainly Linkedln)

and CMAF members, with aLUNM$ kweald sSagnesed d eect otgan |
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forecasters and software CEOs supported the
presented and supported mcllodliyg g@tyldiidadhneraasn teir a
it from any ot herardogmmalrp@ioalt eadra staldiprexdy poslkar i
and inclredieragaontiledrl s supervisorsoé contNact det
t hiprad ty spdmsorl sv ewe,raga naln yn ot iimeeenti ves wer e

in the study.

Thenitial anal waiss pefr f ohemedessgl ng Spreadshe
revision and tabulapgtiedufsdmgh,ehanHiBkereir pkec
Speerschneibeernube0t®Bpsen pbhbek age ofi seae d s a
interpretation of results and interactions
comparison of the current results with other
CMAEWel |l er & &€ndnehe20BZi)m,epdWwhd)iddtushamd e

evol uti opnr aocft Datni soepeerrsptstsd rudi e s .

3.3.3 Hypothesis
This survey investigates how characteristic

context influence the adoption andTheeanél ys

is guided by the following hypotheses:

| mpact of planning scope on forecasting beha

't i s hypothesised that the mumbeduact ploanmnimio

significantly influences forecasting practic
T the interest in adopting Artificial I nt el |
T the reliance on partic@pgkeag. mekxbbdsesl vgi ua
vertsuadi ti onal statistical model s) ;

T the choice of forecasting soft waorree c(aes.tg.nc
modul es, spreadsheetprrog@rammpiemg tools suc
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T the time dedicated to demand planning act

Sector al di fferences in forecasting practice
|t is further hypot hesi sed tflopatecmaetanlg obegd:
compared-retahl nongani sations, particularly i

T the planningemaor veazamu@s i eomtgcasti ng) ;

T the preference for specific forecasting
averages, oOhaoedthhereavrirages); and

T the wuse of specificsyotremastspgeadshavatr e
forecmasdk aagges) .

|l nteracteonnsebkebhwkepgworaklopadoponand team si ze

Finally, the study examreéatwbeshep bkbéeweens
Albased forefcarsdc aagt dron’'l st i npel adnend i ncgaataeddt tthoe tdi e

size of the forecasting team.

3.3.4 SurveyDesign
Each dfi vehaei menss oewnesh e wgalesdeod nnseasure the |

agreement with each alternative in the ques
Al ways to ohdeoataem lRowernative is used in
Strongly Agree to i n dsiocmeet es taagt reeaeenméémst / tNlleeavne |

alterdatei s@asveyiimdadcledded mber of paruemeentcead tqr

requespeons$omaly or company data information i

The designed survey( £®ebascitduearle dr e2p6r egsleend tait d nosn
including questat Asmaae malntde P atninv)and iiShr vey

di stributed i n seven sections:
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Forecast Setup

1. Frequency of forecast production.
2.Used forecasting time buckets.
3.Forecasting horizon.

4 Used aggregation | evel s.
5.Thaamber of planning items.

Forecasting Methods

6.Di stribution of f orecast bet ween aut omat

and judgement al adjust ment s.

7.Used statistical or machine | earning meth
8.Used judgement al met hods.

9.Level of adoption of machine | earning in

Forecasting Software

10Types of software used.

1INames of software vendors used.

Data | nputs
12Avail able data as a forecasting input.
Organi sational Support

13Grade of f orecast satisfaction.

l4Factors that could i mprove accuracy.
15Qpi ni on about the organisational support.
16Rel evance of the forecasting task in the
Details about the respondent

l17Dedi cation proportion to the forecasting
18ears of experience in forecasting.
l19%L.evel of education.

20Frorecasting training.
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21Type of forecasting role.

22T.Lype of forecasting entity.

Demographic dat a

23l.ndustry sector.

24Annual turnover.
25T.ot al number of demand planners or foreca
2 6E-ma i | (opitmotmlmég tgoputydeedc ei ve resul ts).

34 Resul ts
OQur survegnw@®eabpeinc Aufgrus,m MuZnklzasyadidst ri but e

soci al medi a and ®9cmeashondk mieaosai bhad CEOs e

d ssemi naui fngytthheer among their peers

The survey reached 2B@tnrles pao nsdmeanitls pwoorplodrwiidoe

each sOfct2i88n.respondenteneloynl! (ylei%) .compl et ed i

OQur swgeckcycommon jargon for demand planners
6aggregation |l evel 06); we consider this aspe
l evel demandoplkabdswees sraencdeviemedanoveorf leeidback
answer s rfersopno nadreynt s , so we can only specul at

did not complete the survey

The results are presented foldmwwergs #fireo ms utrl

participants who responded to each question.

3.4.1 About the respondent
Theanonymesponcepontrtedi ndusnr whhebtomusi ness

organi sat i olna bieel 06n8y% o(fs ereespondents decl ar ed
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two or more (only sotxeorespoandenancseherctewdo 4
identification in ourisbuotdysewéocomasi daesee@ac

Theespomadentcd assi fied i

Constructi on, Educati on

nto three

). The resul

categories:

ts show t

companies and 34% from maspbastsr ewaoymbhlanvesde b €

categot imeOt her sd6 categor
6% of respondents wuse f

(with 6% of answers on

y, whi ch
orecast.i

each) .

accounted f

ng

for organi

TabltB stribution of ansowerisonbsy airred insottr ye xscd autsd rv e )

Q: In which industry sector is your business Manufacturing Retail Other
unit/organisation? (Please tick all that apply)

Administrative & Support Service Activities 2%
B2B Private Label consumer healthcare and beauty 2%
Central bank 2%
Construction 6%
Education 6%
Entertainment, Arts & Recreation 2%
Financial Service, Insurance 4%
Health & Social Work 4%
Hospitality (Hotels, Accommodation, Food Services) 2%
Information & Communication 4%
Major and Small Domestic Appliance Producer and Sell 2%
Medical Device Producer/Seller 2%
Professional, Scientific & Technical Activities 4%
Service Industries.g., Consulting, Call Centres 4%
Transportation, Storage and Logistics 4%
Utilities (Electricity, Gas, Water, Waste, etc) 4%
Clothing & Apparel 6% 6%
Consumer Healthcare & Beauty 13% 9%
Electronics & Computing 2% 4%

Food & Beverage 13% 15%
Industrial/Other 21% 9%
Pharmaceuticals & MedTech 2%

Total 49% 34% 28%
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For manufacturing companies, the top sector

Beveraged (13%) and o6Consumer Healthcare and

The same sectors were used for retail compa

Beveraged (15%), o6Consumer Healthcare and Be

Fi gupreeseansubaheturnover of Wéheolbsdruwse dhetslsato

t he answer s -ntaarnkee tf reoeamh eanuipdt | s @s npver of | ess
24% from | arge enterprises ()annNoane toufr ntobveerr
coul d be ccoonrsei dierroemd stnoa | | busi nesses, and no

opt.i oHhowever, 20% of the respondentchdanegci ded

the option: O6Prefer not to saybd.

Q: Pl easappeb®dnmanbhe Turnover (US$) of vyou
[

Pleaze selectthe
approximated Annual
Turnover (US§) of 569%, 24%
your business
unitforganisation

|
100 50 0 50 100

Percentage
j B0m —100m 500m —1bn 1bn - 5bn
Response
100m - 500m Prefer not to 2ay E] Maore than 5bn

Fi glreDi stri bution of responses by the organisat:.i

Finally, the forecasf{slRiggl)eed®m 0 becopmnadgnss
that their forecasti;fg§wt eamweadndldibddmébDel®

30. Only 6% preferred not to say.
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Q: How many demand planners/ forecasters d
M

How many demand
plannersforecasters

doyou have in your 64% 30%
business
unit'organisation? ' |
100 50 0 50 100
Fercentage
Respor‘lse [ Legsthan 10 Prefer not to say 10 or more, less than 30 D 30 ormaore

Figkfitee size of the forecasting team

The swowelyuded wtohr ebei dghtea opecspuyl t f; howeve

50% chose. thhes mepormtn for the interested gr ol
t he resear cher submits t his t hesi s. The I i s
documeas it it ndt sr eleswantc h.

3.4.2 Forecast Setup
Forecast producoriganiddeedtingisétasn ds SE&M dlyhnea mi ¢ s

respoiderg8repor tneodn tthnayt an&wermdr t i ng rarely
frequentylewnrly (87%) and quarterly forecasts
or daily (53%) forecasts. cAmlétadiilved yvidewtofi

the optionshiigshraevail abl e
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Q: How often does your business unit/
|
- i - - “ -
|
- N - - “ -
- N i _ -
- o . b _ -
" i lﬁ% _ -
|
100 50 0 50 100
Percentage
Response . MNever Rarely Sometimes . Often . Always
FigBbestributiondoofecansd waeamgs frequency
Q: How often does your business unit/
1.001
0.751
= Freguency
(1]
S — Daily
[
— Weekly
20504
= — Monthly
=
£ — Quarerly
=
O — Yearly
0.254
0.00
Mever Rarely Sometimes Qften Always

How often does your business unit/organisation produce forecasts?

Fig&tCemul ative density

of

answer s on

forecasti
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The densityuyndlRast ame@l phe distribution of a
companies rarely or never producea wesekdly fooc i
on the medium and | ong ter,m.arOdhn mdret kcloynt framrg
more consistent across companireesqui p @ss idoe nya

pl anning reports.

A C®quared testgapplieeaalipsos s ihblse rel ati onsh
freqgwdndayhe produced f djrecadddif. BOBRE ep e dp @R ¢

05) However, due twoormndleusiaonp|l mi ghtzehe tihnsorr e

QWhat time buckets do you forec

Daily 55% 15% 30%

Weekly 28% 17% . 55%

- - i - -
|

- - N :- -

o = B :- -
|

100 50 0 50 100
FPercentage
Response D Mever Rarely Sometimes E] Often . Always

Fi gbbiestribution of answers on forecasting tim
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Q: What time buckets do you for

1.00 7

0.754

Time Buckets

— Daily

— Monthly

=

n

=
L

— Quarterly
Weekly

Cumulative Density

— Yearly

0.25

Mever Rarely Sometimes Often Always
What time buckets do you forecast in?

FigeacCemul ati ve afenasnswercshaan forecasting time buc

The seconads kgendetshtee onni t o f tcihnoes e(rt i dmeemabnudc kpelt asr
forecAgti ng. wet halt s e5r5We do f( s E e g p) tneedv@enotrse c a s t il
daywshi87e¢% f or entkb W Inw@nls obstelrevefdo!l | owbng r al
forec89%i of: reepomdendt $§ orecasting in months,
68% in @uadr4ewnédidedayshi p@oont(msleenser s' resp
to damomgt Wisy Ab Cdhheasadyat estreveal s a relatio
buckets and responses; however , hdalhp ((Xmpd e5 &.

df =-vhouep ©6). 004 e

Ti me bluckefsrecasting are based on business
foregpastmont h and year grse efFimd BmoeGur popuy ay
reveatbetdhatl yv f opcepxwlsar ispttihen.l easytear |l y f ol

for -tleornng pl anni pgoéadnd defhising
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QHow far into the future does your bu
1.004
0,751
= Harizon
w
© — 0-4weeks
[a]
— -3 month
-g neo months
£ — 4-11months
E — 1-3years
8 — More than 3 years
0.254
0.00
Nel\fer Ra;ely Someltlmes Dﬂlel"l NW‘E}'S
How far into the future does your business unit/organisation forecast?
FigacCemul at i wd darswietrys hoonr ifzoorre.casti ng
Q: How far into the future does your
|
0_4weeks m -9% _ Bn%
o o . - “ -
More than 3 years 1% 30% 19%
|
100 50 0 50 100
Percentage
Response . MNewver Rarely Sometimes . Often . Always

Figa&rebi stribution oficangwers on forecast

37

ng



PhD Tharilsos Reoddura?CgduoedzeA p rni | 2026

The survey al so ana(lsyesegqgdia tdiieg 8),@aen @ cwest ad®ume o
forecast horizon i s calrcewluaetsad abnads etdh doma gtah d
survey does not e xupsleodr ef otrh tefooaraeacoal sdt bi bhegs d @a t1 =& a |
freammpliett Nmyet hkeehessgomnr deld adred itinvelnd adirryg p
product Acoorndiogsgqoarn ¢g= tCh3It 464 -vadfue= =162,. 4p4 ¢

OBanswers and options are not independent.

Weobserve thatr mvedwnhnomg (wwveomimommger gspoaide:
The survey reveals thatad otrlee afsen eega ctaiprag i g
(rarely or | e-83 s mod n & lq stleln Biid@m tf hdsn:d318ly ®ar .s : 8 1%
However, thiysodobas BbbDrappl4 oweclkhst i 8. h®) , z
because 4Yeryn phanni ng requliercaasl s d e tad imoesd da

respondents do not require that | evel of pla

Q: At which | evel of demand aggregation do

. N D4% - -
o i [- -
e o - -
Customer 23% 23% . 53%
ﬁ | S
Budget 1% 2% - 7%
|
0 50 10

100 50

0
Percentage

Response E] Mever Rarely Sometimes E] Often . Always

Figabestribution of answers on forecasting aggreg:
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Thgquesti dnheabfoortecasti ng aggslagwdhdadn olt dhvee |l | fe
besides the SKU f(oirt epnh)a RBlhedvreeglianagr-eee autsrewld m wi t h
mo s t popul ar answers onseit g®)rleecsast etgloaty, 1 @
respome@mor$s ed not forecasting at the item a
pl anat nmaphuent r y/ r.e glihoen olpepwesli t e is visible for

budget Wkbeeé more than 20% of respon@eeres de

Fi gl e
Q: At which | evel of demand aggregation do
1.007
0.754
= Aggregation
% — ltem
2050— — Category
% ’ - Country / region
g - Customer
3
O — Budget
0.257
I
0.00

MNever Rarely Sometimes Often Always
At which level of demand aggregation does your business unit/organisation typically forecast?

FigudG@ mul ative density of answers on forecasting ac

Pl anning at a cluspomelrald evpetl i wasamhsergquareesgon
test shows no randomness i nvalhuee r€5l.l2k3ad ¢
companies are required to present forecasts

Company Code Currency.

Regarding the numbmortdadnihalims ofo floeecaspond

pl anning more thanFb@D}Wel aonbnsi enrgv eit twghimst r (asl eneofs
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the respondents estamang tmoate ¢ rhauhpif50000®a a settmts

bet ween 1001 and 10000 items (36. 2%).

From the distribufabdne ot t beBeuanoswelst Oséend
mor e t0OhGaOn i1ltOe ms . However, the plOanniam@OiltOe ms
and the proportion gradually decreases as |

exception for ortghaann s28 iiothesmavi (t h4 fE%Weaf resp

Q: How many planning items (SKU/ CVCs)

66%

100 50 0 50 100
Percentage

7] esstnan2s  101-500 [ ] 1001- 10000
Response
25-100 501-1000 [l More than 10000

Fi guitNember of planning items to forecast.

Tab2t eDi stribution of responses by planning i

Planning Items %

More than 10000 8.5

1001- 10000 36.2

5017 1000 21.3

101-500 10.6

25-100 8.5

Lessthan 25 14.9
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3.4.3 Forecasting Methods
The respondent s wer et heequeditsetdr i bat ipoonov odfl e

statistical/ Al / MLf ofroereeacshtsst,s¢ o nmhuidrggtmiEmm ad £ t h
1PA fobséerfavomonhha sandglagr 8g only on (jasd gae mer
final iforreactasa4)% opft iroens flomdé8kon sif asespondent s

t hat more than 20% of t hesitratfiisntailc afl of/ rAel ¢/ aMsLt sm

QWhat percentage of your final forecast
| ]
only
statisticall/AlML 32% 68%
forecast methods
Only judgemental 45% 5

forecast methods

Acombination of
statistical/AlML
forecast with 15% 85%
judgemental
adjustments

100 50 0 50 100
Percentage

—
[ om 219%-20% [ 61%-20%
Response

19%-20% || 41%-50% [ 21%- 100%

Figue stributiomsaif ga il oW eaemperbey c h
However, the fpaveosuernitteed dpyt i805n% iosf answers de
their final forecast is based on a combinat]
adj ustwharcths refl ects t hateca splada R2rboesa iojf b ¢t gheame ng
decl ared applying that approagh f16P 8h&tosan

domous @ . it

Regardpngfeheedst medad lh/adll godviLi © h smetrhveet aver ages

moving averages &7é&thbhé owmest bpyrekgxpaegemnmni §I7
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smoot G6WHOhere is a noticeable contrast bet w
machi ne | ear.rFiomrg ealagnprivietchtnesu p pnarc tk-NNEe23 1 %)2,3 %)
which is alsoabhdsdopheaaé€é@dddeo®n, 50% or moi
declmevaabribnegci si on TrBeoeoss, toirGirdgaelwamdows&khar tA de
showimg distribution of answers regarding s
support foreciaksitglyh es ayvlke dsauwsttats toitchaelr/ Al / ML
are used, t he Laog stpdoanddseonnivbalr kadndde d M A emadsat b een

used for timgWdriineskimo®2&l1ll9i)n g

Q: Whatt i stical/ forecast methods are

Average or moving average 19% : Ti%
Regression with explanatory variables 21% I | :] T4%
Exponential smoothing /ETS 26% ] . | :] 66%
Automatic selection tool 4% i | :] 57%
Intermitte nt'lumpy demand methods 36% | . : 57%
Decomposition 36% :] 55%
Random walk/Maive 35% | ] 53%
Meural netwarks 36% | :] 51%
ARIMABax-Jenking 4% | | 45%
Decision trees 458% I - : | ] 40%
Bayesian structural time series 533% I : :] 36%
Gradient boosting 53% I | :] 34%
Supportvector machines 62% | 23%
Prophet 66% ‘ 21%
KNN  B4% | | 21%
Lewandowski 66% I . i : 15%
Other 94% _‘1 4%
100 50 0 50 100
Percentage
:T Mever Rarely D Often
Response
Don't know Sometimes D Always

FiguBl stribution of answers regarding statisticall/ Al / ML

Il n addition, respondents were requeslitedt etdo
judgement al met hods (sEBeBgildpe Jmogspto rpto pfuol raerc aosnt
expert i ndi vidual judgement3%)( 8@ MY, S&OPemeeDd

(77 %) . One det aielsposadéemias &8 vnotf wuse the D
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popul arity in previous dpeacnaedle smeammbde rist's. cpoolt|eenc
Expert individual ljeaddgemeat!| i st exfpectddge ment

rely on experts to adjust the statisticall/l au

Q: Whidtgemenhthalds are used to support

Expert individual judgement 13%

Sales consensus forecast 15% 3 B83%
I :-

S&0PSales and operations planning 19%
meetings

Prediction market 45% I 47%
Delphi method 63% \ 28%

100 50 0 50 100
Percentage
D Mever Rarely D Often
Response S
Don't know [ Sometimes . Always

Figudam® stribution of uadgymetmddsgasddngo support forec

Qls your businessAuhML/ ongdemaatdi 6por e

Is your business
unitforganisation

using AL in e 4%

demand forecasting?

100 50 0 50 100
Percentage
E] Mo, never Mo, stopped after a test period D Yes, running in pilot test
Response S
Don't know L Mo, but considering within the next 12 months . Yes, running in production

Figubuse of Al /ML in demand forecasting.

Regar di ng tAhedMimand e c(askEiagmgmrost respondent s
fami | itahra Iswietrm at inveet htood sc | Qe b | e det ai |l is t
respondents repor tteaeds ts t perpii mdy.d oH tevw davinged, h e8r. h5e%

they are using it; it appealrMnadelrs, ibsutnoatr et
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ti me, it coul dpbevateA poidbmislpaerg ioparlsoi pooerrtsi ouns i n
the next year or running a pilot test (23. 4
respondent s uanarnéd nogu rarmne rmtl I/ yYML s ol uti on i n prod.t

3.4.4 Forecast Software

Nowadaysor geddteisngon software to .aduthematte rr &l g
respondents werseofaswkhee ahppet theg ud8=2®w dfo su
respondeerbabed t hatp rSopbraebal dyshhbdeact asuaesrees atthiel intoys,t

type of,despihwerfeactareleawt tdeooyecas{seggtnaeks
18 continuing with For ec abs8t%)ncga sntoadimb eswamnet |
( 5 3.%)

QWhat types of software are used to support

1

Spreadsheets 15% B85%
Forecasting module in our
ERP/MRP system 0% 8%

P —
JS—
P—
Custom-built software 40% 53%
S
Open source Python 40% | 51%
0 p—
Stand-alone forecasting
package 43% 51%
0 p—
Open source R 43% 7%
JES—
| ——
Cloud services 53% 43%
[
Demand sensing software 65% :] 26%
Add-in engine 70% ] 21%
Other 91% 4%
| =
100 50 0 50 100
FPercentage
L Mever used Rarely used D Often used
Response
Don't know Sometimes used D Always used

Figué6li stribution of answea ssupmargtdi fn@gr esod gtwiam e U s ¢
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De

Ho

nu

R

ab

ad

On

us

Al

Th

us,

=

= =4 =4 -4 -9

spite i,t snognvaspouul saorkittiviae € s popthlearprtetvamus o0
wevdere was a fsdr ghyt tporef (e e%)ceelovgns Rwi 4 @ %
mber of respondents who provided no inform
(11%), a uglgieshnielmy rmdrbe me nges s p o.Mheemt sas k e d
out sotthware tgppraendesmotieu stieme si so rdeadttewd ri e eanrc

diti onale xspolfitcwhbtoley dneardaen d f or ecasti ng.

e observdald%mowaspendemtts use cloud services,
e them (more than half of usersnpewptnidarc.at i
t hough iJatndi popud eamerdftor some ERP software |
masnedn si ngdeeft watsasnmeo W et vheel of .hypee ejrri hteh ie:

re than a qudx6tteseoftrespondents

e resplosna epat clvii sdte do ft yspog¥:t wd reeaspeert el I us wh

and we could gather :their answers for each

Spreadsheet s: Mi crosoft Excel

Forecasting modul eSAPnodtuthet s RPAPy, st leBnP,
Mi crosofs$, DKinRaRxeicBxy,pl B&Slbéx ,and Siesa.
Standal one for €Cads tTianpe maimgk ajcelsut i on, Fo!
Prevhki h&8xi s Rapi3IRRE,s pIMSE
Custbounsof t @aner asio fBtamakr e ci fi c plamning t
house software.

Dedicated joint Wysdem for forecasting:
Demand sensfAB SBRR wWaARESERWVQUAL .

Cl oud SAMSv i ABaitrehr i c s a SIA®| dmad)] ytics Cl ou
Ad-dn en3JARMmessnal ysGeoglfFe @Al dce,

Open sP,urkRyet:hon.

3.4.5 Forecast Inputs

Fo

recasting i s basededrmrtamneniél oarbel cea sitnifnog npaltai no.

al ways requested to extpol oriendt hpea tatveatial sar bal ped ai enx

i n

the future. However, data might be so di
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common types of data to under sdanand, fiirfsti,t i

onl yj ufdogbment or for Al / ML foreqgast (or a c¢omi

Figd7ehows inputs i n,wditfhf eseemd omttieagioari pet
forecd@dfitei ncgh.ar st pneédpadtt s i n  towol yqg aftbeggeanreind sl
purposes or for Machine jLedgeaimegthaddld BN ea maoanb
populngpruts required by algorithms are histor
(51%), promahdomed( 4d 2Pk et h ehgaan{dh erf or judge
pur pos,esweondbyserve that the most popular opt

and promotiog. ac @id3@ibiudadexAlulsley obli i sagacessit |

competitor data ranks | oownliyn uasneadl yftoirc alx cnhoudse
deci si onshtli 3Ikk%)eatma ank | ast ajmodcgge noennltya | t hnee t
(19 %) .

Respomdckepmtrd ed -ushead itrhpeatlsessssedei n forecasting
data (58Btne dewvd (53%), weat her data (49%),
mar keting activity hi32%).i c@n tdleenamtdh dara dh an d (C

respondent s, whsiscehntiisalc ofnosri ddeermeadnd f or ecast i |

When askedi apous$s, obthert lee Do fbemredosdes dcdhe dmi ght |

ar el epviaencte of fiowh olrenaali ems
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QPl ease select what data is availablethonsgoiul

used in demand forecasting

Histaric demand 21% E] 9%
Price 28% [] S7%

Stockouts & unsatisfied demand 28% 51%
Promotion / trade marketing activity [

e.g. Discount 1% g7

Media marketing activity 28%. [] 40%.

Product listings / delistings 47% [] 40%.

Weather data 1%

Realtime / eP0S data 19% [] 28%

Mielsen /IRI scanner data 23% 23%
Competitor data 30% [] 23%
Other 2% 2%
|| " |
100 50 0 50 100
Percentage
| Only judgement Mot used in forecasting || Mainly statistics/AlML
Response
Mainly judgement Equal mix of stats/AlMML and judgement D Only statisticsfAlML

Figbvlei stribution of answesa s regarding forecast

3.4.6 Organisational support
Thi s sectnifooewsecaatessacti on with tihmmpmrovifeor e

accuracy, and or geérei gaotlieanal support for

Most of ouir 87©8 pomndeattiss fghct i on with the ove
Only o¥3%espondents were dissatiwhaemd miitt h ntgh
their responses. MNepeactodngl| et slgy omradydv éditPoe d

satiGsfllmedgest pr opormao doenr g t4es M)iattrhegifdaet tedoenr a | |

accuracy.

Avi swiadw of the gwadéd ohesatviesfad ¢t tiissemawrad d ya bd

i BRI glL8e
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QHow satisfied are you with the over

How satisfied are

you with the

overall accuracy of 13% 0% T
your forecasts?

I
100 50 0 50 100
FPercentage

Response || Notatall satisfied slightly satisfied Moderately satisied ||| Verysatisied [Jl] Completely satisfied

Fi gu8D@ st r i bsuattiiosnf aocft i on wi th the produced forec

Anot her queotrigamirsadardiang support watshdathe o]
could conmpr bauctcaugfteace g gt pk®ore than half of th
agreecddaclebéected facmproweubhdchebpy. weawever,
supportthlamoother s. We notsuwehld adrati meltyer am

internal data and tr asiunpipnogr tf ofrr ofnp rael cnaosstte r8s0, %

better al gamdtlihentst €7 2i%)t er nal processes (70%

Acentobaler vati on waegatdengpgpconsunl t@mltys' 5k%nod
respoadeatetd ¢bhmasuimbaet support could i.mprove
This answer might reflect curr.enAtn odrhepr & witoeu
comment is that onlyibhsWeaSingspecrddédintcs . $ mpp

asked about other factors that mi g hatd dredal: p t

Better | everagi ng @lxd aghiniranld hl aeleieda msgreshendd ntcaat o |
tactical ¢&®lagaeroreeastaas., 2018)
According to the answers, the most relevant

data, which 68%rohgivgspdnédehpsi mprove accur a

factor with meseonkdantSOrevyelrring it at tha
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QWhich of these factors would help vy

Mare timely and accurate internal data 15% E _ TO%
Better training for forecasters 15% E _ TO%
Better algorithms 26% E - T2%
Better internal processes (e.g. S&0P) 19% [: _ T0%
More senior management support 3% D - 63%
Closer collaboration with customers 26% E _ 63%
More data provided by customers 26% E _ 63%
Better IT support 28% E - 65%

|
Better forecasting software 28% E _ 66%
Automated integration of downstream data 15% E - 65%
More staffto perform the task 38% : - 559,
Mare help from consultants 43% E - 51%

Other &3% l ] I 6%

100 50 0 50 100
Percentage
D Strongly disagree Meither agree nor disagree L Somewhat agree
Response |
| Somewhat disagree Don't know . Strongly agree

Figuebe stribution of satisfaction with the prod

The responsgdheartesd atlhseoi r | evesteveh a asbeoeume nt s
organi sati(ce&lg2peppBos tof t tonskadpecadeni sg a

the supply chain (64% stronglay haggrhe ep)r,ofainide 7
managdgme%tstr onkd we vaegrr,eet)he | essesluppbdbrthdtst
still space for I mprovement in terms of ma
communi cati ons: 45% of the respondents do 1
forecasting andndedd@ammdopl aghberpgompi deamangt

from the data science/team.
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QPl ease state your |l evel of abpounoepamti sSw@ppbomnt
forecasting
|
Forecasting is a KPlinthe
Supplyehain = [ - =
|
Forecasting has a high
profile with the senior 26%. T4%
managementteam
|
There is a culture of
continuous improvements in 34% B6%.
demand planning
|
Demand planners always know
relevant business plans (e.g. 34% 54%.
promotions, price changes)
|
Unexpectedly large forecast
errors are always 34% 64%
investigated
|
The organisation invests
heavily in forecasting and 459, 5504
demand planning
|
Ideas forimprovement flow
from the data science/team e ‘ - S
|
100 50 0 50 100
FPercentage
D Strongly disagree Meither agree nor disagree L Somewhat agree
Response
| Somewhat disagree Don't know . Strongly agree

FigRo® stributéewveal obftagreement about statements about th

Ot her statements with moderetrtean s5 0% cafl tprref

i mprovement i no(@@®ngaenndapnpda amleways know r el evan
pl d664%)nexpectedly | arge for &¢ ® 4t dreedée al
organi sation invegthss%eavily in forecasting

Anot her observati aresipoasnd abbulad8 sangamreiesati on
i nvest ment ,whi dilogehéts asntdiergt ood as a r.é¢équest
genereaslppondent s acknowl edged the i mp.orTthaenyc e
acknowbagpedt for foreoasnhpdmgeaenbtuitom hef et lva s
team's conmpr b buEmMmBNh ¢6odmoafe t he respghmthenyt s a

did not know i f danea 8 mf bshceii ednpat ea vteareem t
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Ot her cassesmpivbpdirti on wift r ersq oknrdeewltesdgee ab o u:
6Forecasting i s ad6(RPAYnex ptelte esddbypll mrgleaif or ec:
invesd( y%)t eddenrda n d pl anners al ways know r el ¢
promoti ons, 6(Rr%)c evhd hcahnayresgjatl | r ggfrloaugpt #hiorespo
experience or not directascdrteaset awiet Ir otuh @ nfeo

t he teams.

Thieol | gwies@waosnabout the I mporbobageaeei ®ge¢eilida'es a
(sEegRle 60% of respondents mentioned that f.
their or.gani% atcikmmsvl edga dme ¢hiat nmaf nodr iecoral@syt g6n%g |

i B |l ow priority.

Q: Pl ease state your | evel afb caugpr aycamee s ta p W io nk
forecasting
|

How important is
forecasting in your
business 40% 60%
unitforganisation
agenda?

|
100 50 0 50 100
Percentage

Response : : Low priority {nice to have) Medium Priority {one of the top 10 initiatives) High Pricrity {one of our top 3 initiatives) D Top priority

FigRild stri bupeéeoae¢iew eéndphoerft ance of forecasting at the

The ti me devotadt(tsged @ Rraenfdl € otrse ct hat t he dem
is noekohgeDik% of thedewvspoendedwttesd demeamnmd t
pl anning oHoweb@&fmast i ngsporbdémtosy dnodiet etfed he
that activity (3%B3BetoveerspPpOdamd s7 dedi cat e
time to ,anded%smengi oned using only 10% of t
suggesdaosultdhate i n manageri al positions or W
some situations. |t i's also possibbaamkidhat C
forecasts aroen dsepleicviefldédo doaflylsy he answers ment

bet ween 10% and 25%, whichdags!|l ¢gelve wiertker pr e
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Q: What percentage (%) of your time is
What percentage (%) | l

of yourtime is

devoted to demand i D S0
planningfforecasting? - |

100 50 ] 50 100
Percentage
| Less than 10% 26%1to49% | | 76%to 90%
Response
10% to 25% 50%to75% || More than 90%

Fi g2 stri buteivoort eodf ttihmee d o demand pl anning/forec

The survey al syocamaskeer aboae ohet he dO®wamd pl

respondents reported having 5 years or. | ess

Less than l10%aadivereg2porye@amnAdccodr deixnpge r{i seenéclee r
Fi g2 Btehneu mb eerx pcefrddemaed pl anners (aft éobreécwnsa

of experience

QHow many years of experience do you hay

0.100-
=N
4 h
0.075 ! A
' i A
I A\

2z I \\

wm

C [0.050-

k]

D \

~
s
™
Ty
0.025- =
\
Yy
Ty
L™ - =
0.000 -
0 10 20 a0

Years of Experience

Fi g8 st ogyaar 9fof aexpedeenod planner/ forecaster
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Regareddiuncgat i on, 91% oty eraes pdoengdreenet so rh ohlidg hae r 4
reported having poBdadgtrardaatande§¥eBDoyii@ibat e)
hi gbhhool or .Istobmneesocmidmhgecgre f or most profession
or forecasters) to hoadndd al amragse ecrodonsp adreiger se es eneor
group in termsevefl sedpeathiaprsalpl acing greater
beyend c &8830% anfeesponses mentioned koeladi fde ga& eper o

Figax@enly 4% of respondents preferred not to

When consulted about fesmahnddmntrecaculicdgselra
source; 51% reported for mal t rtaeiancihn gn gatt htohsee
and 43% reported ra@aegiiwnigng hfeo mrmaplo stt rga iamiurag ¢
reported attending cernanfi @aatsinoarmhd otrfi msneshdi war

profeasisocafadn mal afsor ecTaasb8) et r ai ni ng (see

Q: What is the highest | evel of edu
|

What is the highest
level of education 4% 4% 91%
you have completed?

|

100 50 0 50 100
Percentage
|| Highschool graduate Prefer notto say Professional degree D Doctorate
Response -
Some college 4-year degree | ] Masters degree
FigaTadi ghest | evel of education reported by r

Thi s worl dwi de distributed sur veyn gaitv etrhsee
compani es, manageri al and operativel/tactica
forecasRiigdg e ADe% i denti fied themssluveéee, ad 9 Hhe
as demand planner s, data scientists, or con

befor e.
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Tab3ti stribution oorfmaaln sfwerresc aasbtoiuntg ft r ai ni ng

% of

Q: Have you received any formal forecasting training? responses

Training program at my workplace 51%

Selftaught 49%

During my postgraduate studies 43%

During my undergraduate studies 34%

As part of any forecastingertificationor short course 32%

As part of my forecasting software training 32%

Other: The Association for Supply Chain Management (ASCM) 2%

Il n a detailed vi eweodc anawned eaa ratlr ip®wsti it @ rogntsh p
managers), 23% of DOPP Mainragyeetrosr,s amrd WMBs% o f

I n operative or t aciil&ceels pp ostieemitanfsi elds stth e ms

DP/ For elca% teesr sDat a Scientistscomsbémamd sAnal

Q: What || evel best describes your rol«
|
What level best
describes your role
in your business 0% g 0%
unitforganisation?
|
100 50 0 50 100
Percentage
[:] C-Suite Demand Planning Director I VP Consultant D Demand Analyst / Data Scientist
Response

Demand Planning Manager Other || Demand Planner f Forecaster

FigRbDd stributi onbyod| e eismpotnldeendrsgani sation (consultant

11%ofr espondentanydi bihseoeéed fposi ti ons tihrbetlde su
primarily managiemdclabdipnogi $aloems Strategy Man
Product M&#leagdemn,f @DOrednarderkscmponaetnitng.emaerted
Odbuil déi-neadmafr forecagqtwiind mwndeolpsti on of C0onN s

di visions).

Onebservat,t hdeetspi te the survey being,amdget e

directors also shared their svwireaws,giactn ndiiesdisamg
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40% of the answers. We expecteMdewewvtalse!l enag or
of darhsewearnse from, twhisclgpmppemented by consul
and demandwarnal ¥O9t% of responses. We believe

of demand forecasting from.strategic and tac

't seemsthekdbewmwandapl anning position has mi ¢
act i,dietpieensdi ng on the ssppectlese dgpartmenmts

wor ki ntpase dAlsodemamac splfa@amni ng/ forecasting

The respomnldexndisf iad Gdsrot whi eht U9 gy owvorlkespondent
they wotrhkedcéwtrr al forecasti n®b ffwmrcta ofnoroefc a
di vision of a | atgeracempghg &pnpded88%tsieneg ch

Fi gage

QWhich of the following best descri bMgs rtelse ¢
represent s:
|

Which of the
following best
describes the
entity for which

you have provided
answers?

19% 32% 49%

100 50 0 50 100
Percentage

Response [ 3 Forecastingin a single channel {small subset) of the business Forecasting in a division of a larger company D The central forecasting function ofthe organisation

Fi g6 stri bution of responses by entity typ
35 Relability afdthael rdsultesf s ome
The validity of the resulntigsiandyqguestieadn wfi a
involving forecasting professor si faonrde c@MAFR npg
sofrtevadevel opmespec Asi @ q&ewtwt gtnhs eweprlea nrad fi iol

definitions added for somsepandenyms, cobompreheg

|l nternal consi stveaasys eosfs etdh eu ssiunrgy §8r oueabtsao h 6 s 0 :

reli §dse&ebdhor qgquestions with more than five
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weobtai newi trlesa¢ ¢ spt abloag o(o0d. 6( 0o r7 gorre aftoeera)t er

guestions related t

o the

us e

of f orecast.

Tabdt eCronbach's Al pha results for survey

Question Cronbach Items Lower Upper

Alpha(a) Bound Bound
How often does your business 0.658 5 0.475 0.791
unit/organisation produce forecasts?
What time bucketgunit of time in which you 0.519 5 0.262 0.707
require a forecastdo you forecast in?
How far into the future does your business 0.563 5 0.329 0.733
unit/organisation forecast?
At which level of demand aggregation does 0.372 6 0.047 0.614
your business unit/organisation typically
forecast?
What statistical/Al/ML forecast methods are 0.839 16 0.748 0.908
used to support forecasting?
Whatjudgementalmethods are used to 0.620 5 0.407 0.772
support forecasting?
What types of software are used to support 0.695 9 0.533 0.818

forecasting?

Il n additi on,i nwee shthhegep tf erfiressdeestBd 8 d 3 at

3.5.1 Theinterestin using AI/ML relatesto the number of planning items

AIML Usa

Num P

AlML Uss

o o | osseesn

IRSWERIn the newt 12 rorths

Num P.1.

I

Ho,rever Ko, but cansidering whin the next 12 manths, Yes, nneing in production

FigRB7Rel ationship

We consider &aimmeotstAly meetqbloarse e

Less than 101

ble Mweamd tthke usemioé r Aof

10112 1000

More than 1000

tha mplean of
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FigRyecreated with (tSvee tQirnekyobvo x&, pIhraguaaeyoeshtat2 0 2
companies with more than 1000 planning 1iter

producticomsodeaiag it for the next 12 mont hs

Howegewvwen the number of observations and the
a Kendal lahaltyssu s reveal ed noersg @gge rmAfvta nwi tals s

and the number.tTofr@pd =% GCIN@O) t e ms

3.5.2 The reliance on onlyAl/ML or statistical methodsincreaseswvhen the
number of planning itemsincreases

We propose tbemkiogmwahhea Margbhete h uthob eucseed fmoirte
automated statisti cglu/dAgle/mvln tsaonhbuitn aotniso n sn safe as

judgemeartsal because of the reqguposed. human i nt

% Only statistical/Al/ML % Judgemental % Cambination stats/judgemental NumP.I.

e E -+ [
: . I = P T ;@ |
D = — .
| 1 |
I [ I o
i — 1| [ -

FigRB8eRel ati onsWi of bes weeh ¢ & a&am df drheec ansutmbaepp rodfa cph anni n

Figagbaewt hat phecmantdcargeess stelse number of pl anni
1000HowevYé&mre Vviasr iadbsidlgidtiygheirt i s not possi bl e
relatisnsttppar makésderancorrel azaroim.tvi s nea

B B) 18 a® T.
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When testing thée¢éeotrhredratalomshmat ibved svee ama stthse
composed uamgleyneanfe adamsd ithhge numbei sofwemlgdamwyn ea , i
but there is no furitthier T @uwude)n cead nWsemppor t
examining the % of the combi ned fjourdegceansetn t(ailr
met hads)a function of the number emdweamkarnyned

posidndecl ose Hooexgxerfourwehtehrdennoce totsupport

T8t fwu ) ™ I @

3.5.3 Forecasting in ERPs becomes necessary for a large number of
planning items. Python, R and Spreadsheets are only for small
guantities.

Companies with a | arge maelmpemomnd onetmse afr@er e

in the ERP systamd wspirreqadBheleos, oR]y when f

Num P Software Softwara: module In our system Softwara: R Softwara: Python
i H B ° ] H H K : §
i i B i P e [ s § i
R . 3 5 : §
i ,\:lD | H ° ° : i ° P ¥ i
B e B B g E é . R E - é H R . Fz
i § i . : § : : : Mg
DH
f (= Ml k ===
; : P S I R i | | e —
Il o | s o | O D e R "
E B B : g i . o : : o o B : :
AlE : S A o | o | | B E ER N | | O T
I i E N S N [ R s o o o BN : [ :

Lezs fhan 101 1101000 Morethan 1000 Meverused  Sometimes used Awaysused  Meverused ‘Somatimes used Amarsused  ever used Sometimes usad Awars used Hever use:

FigR®eRel at i ontshhei pu shee (Operesria &l ¢ wRy e PR&®Pnhdont he number of pl ann

Figsdotwse rel ati coé h wweenede ttwheee nnumber. olft pl a
shows that Rramdl Pyuaded wmhen pl Omnitrhge fcaomtaoe

it is more |ikely to al waytshasel dahedrsE RPa g e
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Spr e adtshheciert suse appeahe nomékat eluplanni sgco

t o utshee o f the ERP softwar e.

To evebhuobat ef t heseweascsaumpudtoenads an 8eynsfalnldos t
weakegati ve associ atspiroena dosehteweetesn atnhde tuhsee noufmb e
T ™®oP5 @104 . 0;31lal so bet Reamdt hdeuseambfer o
iteims ™™Xa5% Cl 3PUAThis confirms that compan

ussepreadsheets or R if the number of plannin

|l conttrlaesste i s no significant association bet
and urhkkeermn of piltanmuiyd % tCO HF1®),7 anwwoi dence of
relatbetnwbhep Phthoadet oé number tof Mpoé@am%i ng |

Cl-0(198L) 0.0

Fi nal lweak but posstiobbBerwedbni ohehupe of spr
ERP f or ecastti mpgo@mo»dd u0l .@B 2®),0 whi ch suggests t}

ERP forecasting modules are used, the more s

3.5.4 The forecasting rolebecomes more timeconsuming when the
number of planning itemsincreases

As the number of planning items IinbeeBBResol a
Fi g8B®dotwstahe rol e of the demand pl-axaleusiapee

ashe number of planning items increases.

Neverthel essst,r omeg feivndd ema e aclkc oarmatinygspitvsa: Kend
95%I(-0.7G 3@ simil ar results of nSop esatrrnodangd se vriad

order cortrvelmpwed®w(Cl 099, 0. 455)
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Num P % time in DP
g
% frg
,,,,,,,,,,,,,,,,,,,,,,,,, L&
=
®
5
= =
o
: | |
S
=4
o
8
% E
,,,,,,,,,,,,,,,,,,,,,,,,,,,, =
: o
o ®
o
£ - ©
o -
£
= <
=
o
H — Lo
T T T T T
Less than 101 101 to 1000 More than 1000 0 20 40 60 80 100

FigBbeRel ationship between % of time devoted to the DP/f

3.5.5 The use of software depends on the adoption of Al sdioins

AML Use Software: Spreadsheets Softwara: Forecasting module In our ERP/MRP system Software: R Software: Python

|—‘ |—‘ 5 ! ~ 5 E - : K E : E : § P . °
K i . ° E ° B g ] : ; °
E . f £ 3 i . E 5 n . [

3

AlML Use

ide ing within the neet 12 monih

"—‘
4 Rablioeodii

ERP/MRP
4 Rawfrused Aavsused  Ramrusad A

Always usa

=SS ES=08 AaSS Sl NS

I T T e T T e e T I

ssssssssssss Aiwars ussd  Hewar used Somstimes used Aivars used Never uss:

d

FigBteRel ationship betweenpthenust Af sofdwiaoesand

FigBksdnows tihaer snowho are not wusing Al (never

prefer Spreadsheets (88%), ERRP Mmd3%) es (50 %)

Howe,vetrhere is no evidenhe dfevaelr off ataidompg h iom
ad Spr eadschosnestisd Biomd i dens(eCfibrt ecoaechhl: T ci ent

mre@I(-03 L,110).anidt v mMteCI-0. 357;Mawd4h) t he use o
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forecast imgmsodItOwa2rle3:,;anddt7 égroCI(-0. 270 ,n®.r330)

Rt Tupl-04194®0 amd T E®I(0. 142, 0. 450)

Neverthaldepke wthhhAdl ssdhlowtsi erva dseancciea toifon wi t h
RTf mc@I(0. 115¢00fdcbiypgy 1™ WGI(:0. 096hOwWwéRE), t hi
evidence mbedase nPdytt MOMGCI(0. 049 ,anddTtd7 48 T @I(-:

0.059,0.514)

An i mportant ibh&knweeg r1velsg bussdee NnR sanéanc &t v &bt |

solution i mplemented (pilot or in production

3.5.6 The adoption of Al solutionshas an impacton the dedication time to
forecasting/demand planning and thesize of the team

Al/ML Use % time in DP DP size
T
|-
B |
=
=
E”;’—f‘ °‘;“--g-ga-z--g--g'-;f-g‘::"; ) S ) i

T T T T T T U T T T T T T T
No, never Yes, running in pilot test 20 40 60 80 100 0 10 20 30 40 50 60 70

FigB2eRel ationship bet ween dtehdet cantboi pothheo dr clifez &l ofs ol lue | oe & |

Fi g3peestehnatts t heAbhdbMpt sohubifons might i mpact
t he DP/ f oreencdastthengsirzoaveowfert he btedbsmbali@abbovar

acrtolses cawbgddamaersdss tf atrit hteirc al anal ysi s.
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Regarding the % of ti me adopthieorn oo fectalsd Min g9 dD
i ssmhootnagt i sti cal evildetnwaeesfe afarafsaghgd iS4 iCd n

(0. 033,co0nf3isrimew Y ®5% -C1 069, 0. 501)

Similarly, there is no evidence of at hreel at i
adoption of Al /T@l;tsObEd I COa8,c dnflidritped by

™ Yy 9500 .ClI06, 0. 485)

3.5.7 Retailersand non-retailers have different requirementsto plan for
short and long-term horizons.

Recently, bedamd emoer chacventcer mekdomibooamns shwirth
retailers), planning for flay stleornng epvleann nhionugr s(,!
3yeaas)marketing plans might chéam®mge teewrenrs tiinm

survey.

Retail Hor: 0-4 weeks Her: Mere than 3 years

Retail

Retail

Often

Hor: 0-4 weeks

T T T
Other Retail Never Rarely ~ Semetimes  Often Aways Never  Rarely Sometimes Ofien  Always

or: More than 3 years

FigBBfe compaffi semainrern i d rerdtsnafnodr Isohnog ti me hori zons.

Fi g83&@ggests that retail etrisehamedr ainoweehkak el vy

t he vetregrmbo(egt han 3 years). No begweéncaaet an
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(or nloerrseg)t aaand t he re@uivree me rsthdotra e:giked)dn o(t0 f ¢

X& oftp T ¢ TR ¢ g

Neverthdlhesse could be arweakl| assocdioat inoon rhee
requirement to predict forhaweweasyt rlioengy, steea m

evidence..ts o qlijn d8tvhp T 01

3.5.8 Retailers and nonretailers have different preferencedor the useof
regression and averages

Si mil airdwe s twieg arheetda i | erisncdrien embogree sss ®en and a

t hanr emtoai | er s

Retail TB: Regression with explanatory variables TB: Average or moving average

Retail

Retail

Other

Always Newer Often  Rarely

o o | ammmm | cocmcos | saoea

Always  Rarely

verage or moving avEra§egression with explanatory variables

T T T T T T T T
Other Retail Never Rarely ~ Sometimes  Often Always Mever  Rarely Somefimes Oflen  Aways

FigBdeA compari somomet auatiearigd e reglr aasvdeir arge san

Figlpeesent a didmeorenpr eff ot emcdalmd d migt b me b et
retaileretandenen suggesting that retailers

l' i kely to Nsesweer tlyale msndoonetdh en ot a g owveiadt iaomn b e
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retailers (orumse pétabkheedssh amdpb: hr® ¢,oor

the use oft agpgexhpogdyp & p Y

3.5.9 Retailers and nonretailers have different preferences regardinghe
useof the ERP forecasting system and spreadsheets

Retail Software: Spreadsheets Software: Forecasting module in our ERP/MRP system

Retail

Retail

Other

d

T T T
Always used  Often use:

sur ERP/MRP system  Software: Spreadsheets

T T T T T T T T T
Other Retail Never used Rarelyused Sometimes use: d  Ofienused Always used Neverused  Rarely used Ofienused  Always used

T
Always used

Fig8BbeA compari son -rodft aielteap 8§ ear 56 lmgnedt smoaand ERP f orecasti

Fi gB8BBeuggeisfifser ent uses of spreadsheets

and

ret aanthe-nset aielNer s htehlee sGr amer V does not reveal

retailers (or no retail.ar spg Yapn dy dhb e u sneoro f

the G®oeecfasti ng modwl eschy nt@tyhue T RP

36 A further revssommarogidotihpes r es ul

After anaduwesdreagoaewma leneyed ¢$peainfal gysguesti ons

to undedsf drdenbkes noransseweivésamn i these gr ou

are different prrefgerran ;mgs ,t hfeo rs oif n smaa rec e,r

ps.

al

g

the number of planning irteedms | orort hmalnnuy gadedtioutrii

we bel icaewet piathniad yse hopr a\hiedad siwfer &n akle

running at the organisation.
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We selected a s,whgrcoupehted | dlaufbisrta otntse prof il e

in terms of forecasting practice:

1T Forecasti Hgwhbarzomto the future does yc
forecast ?

1T Forecasting approach: What percentage of
approaches?

T What statistical/ Al/ ML forecast methods a

T Whgtudgementhalds are used to support forec

1 What types of software are used to suppor

T How satisfied are you with the overal/l ac

T Please state your l evel of agreement Wi
organisappomnosfor forecasting

1T What percentage (%) of your time is devot

T How many demand pl anners/ forecasters d
unit/ organisation?

And we analysed each ofbatsheads eo nb yt hdei fffod rl eomti nd

1. The number of (Hownmanyg ptemsaing items (¢
responsi bl e fioarvafioreaddantathegt?Bei si on of a
regarding the number of planning items

2.1 &A1 soillwmdrikoinegy ¢ur business uMLi h/ degands:
forechsting?

3.1 s btuhse nlers swhai dh i ndustry sector)is your b
a.Ret aoirl e@rt her
b.Manuf acrt uaitehveari?l al®AIne éRterelwvé si on of manu

answer st ypdothhuesri nesses

Il n the foll owengvi $ Uthlele® crtodlissugistes s el & otre de aglhe s

di me nasnidont he wuwmsaiionnsc ofnocrl each group. Each di me

intoothfewer subgoownpgs demeesalhirn ghinfsfwer snc e s

361lA revision of r et &pebdfbusngssesnswer s Vvs

Il n our sumpwaey,i c3pP%Bnok aepwetedf prosai dengil
section, we compare retailer answers vs. n o
identify differences Iin requirements and beh
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Forecast hori zon

Forecast horizon by type of busin
a)0-4weeks

Retail  19% 6%

Other  38% 10%

Retall I i’ I:l
c)4-11 months

—
Retal o . i

Other  19% 10%

d) 1-3years
|

Retail  19% 25%

Other  19% 10%

Retail 6% 25%

Other ~ 48% 2% 19%
|
100 50 0 50 100
Percentage
RESPONSE : : Never Rarely Sometimes [ Often E] Always

FigB6eForecast horizon by type of business (ref

Ret ai |FirggBB(esseheow t hat planning requires a hol
that all the retail er s é& -Gaxmosnwehr saarrcd oAt elde tf we

4 and 11 mont hs.

For periods longer than a year, other types
For instramn@ae )] emdenrequire more than retailers
year s.

Forecast approach

| Fi g2 ewe observed that 85% of the responden

forecast with judgement al adj ust mentuss,e 68%
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judgement al fRetacadetr smexxheds. Fihged Yasreariangley vfad

Statistical/ Al'/ ML met hods (+7 %) .

Preferred forecast approach by type

Acombination of statistical/AIML forecast with
Jjudgemental adjustments
'

Other 168% 84%
! -
Only judgemental forecast methods
Retail 44% 56%
Other 52% D 48%
il
Only statisticallAML forecast methods
' —
Retail 25% 5%
Other 35% [] 65%
il
100 50 0 50 100
Percentage
L 0% 21% - 40% D 61% - 80%
Response
1% - 20% 41% - 60% D 81%-100%

FigB7rePreferred forecast approach by type of busi

From the answer s, we observe that retail ers
combinationt hé&m) trineathau d eesr s, and the differe

when f ocustihng eo neyt hood s .

Al gorithm selection

The use of algorithms is marientlai |Bargs &(asde eb et w
FiguBe Neverthel edisf f @rheby.wal hgdr ®faigrtss td 8 &iss c u s
averages or moewidndyavberm pds r(en ati d.ieldlear scroch t 8 A¢
kNN (a machine | earning aslows td mslail glot Iby steid

(25%) among remameeasl ehan( athewhg

67



PhD Tharilsos Reoddura2€gduoedzeA p rni | 2026

Al gorithm selection by type of bus

Average or moving average

Retail  31% | | | 56%

Other  13% | | | B87%
Decision trees

Refal 44% _ | | Fres

Other  52% _ | [ | 30%

Exponential smoothing /ETS
Retail  25% | : | 56%
Other 26% | | | | 1%

Intermittentlumpy demand methods

Retall 31% _ | 56%

Other 39% _ _ N ] se%
kNN

Retail 8% ' 25%

Other  68% . _ | 19%

MNeural networks

Retall 31% _ | Fres
Other 39% _ _ | 55%
Regression with explanatory variables
Retail 12% = | B1%
Other 26% | | 1 | 1%
100 50 0 50 100
Fercentage
M
| Mewer Rarely L Often
Response
Don't know Sometimes E] Always

Figea8eAl gorithm selection by type of business (

The second case concerns the adppefimeatrwddreg

among retailers (8né aifl ese)al howeveritnpopnl%

We observe the potential f okiNNsomwéd imehc lairree | lee.
among retailers but =seithTHaeeapeaer etohpdu i aapr o garetounngi
to ki computation as a forecasting method,

effective for prediction, dehsapnirtmdoan e teaisl. er s
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Judgement al met hods

Accor diRingl 4teot he preferred judgement al met hod
(87%), Sales consensus forecastF{§8%poasd S&

similar behaviours regarding the -mesai pbeerser

Judgementhald by type of business (K

Delphi method
Refail  56% ' 38%
Other  74% | i 235,

Expert individual judgement

Retail  18% | | | 3%
Other  10% _ _ | oo%
Prediction market
Retall  56% _ | O 31%
Other  45% | | i 55%
S5&0PSales and operations planning
meetings
Refail  19% _ . N TS
Other 15%, | | | | TT%
Sales consensus forecast
Retail 12% | B1%
Other 16% | | | B4%
100 50 0 50 100
Percentage
[ Mever Rarely [ Often
Response
Don't know Sometimes I:l Always
Fi gB®ludgementhaold by type of business (retail or
However, there are some differences tiloan | ess

nometailers to use the( D&% phs MEe%)h.odl n oc srotnres

Mar kef udgementhaald with | ess preferernecteaildyrrse
(55%) . The repulge meenrthdlest atrratmai nly | ess
retailers.
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Use of Sof t war e

Figubéeveal ed that the most used software am

the Forecasting module in oubuERP/ MRFPt wgse efr

Nevertheless, we observe that freerpacil erc @bBD
whi ch are rfotr -rperdasfiel frearlgsldd)(es efeo r i nstance, 500
retailers use Cloud Services (50%) and Pytho
Anot her aspect is that retailers also prefer

ERP/ MRP systemsh®&MWWi)n,g tah er olt d tcteearb Ineo-meét Af € e e B«

(61%) .

Finally, retaileres Byghanrgaedewudd | yr enfoerreenc e
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Use of software by type of busine
Add-in engine
Retall 6% I &
Other  71% N Oh 2%
Cloud services
Retall  36% B . s0%
Oher  61% T [ %
Custom-built software
Retall 3% B 0%
Other  42% e 2%
Demand sensing software
Retall - 62% - e 25%
Other  71% N (e 2%
Forecasting module in our
ERP/MRP system
Retall - 19% IR
Other  35% N [ 61%
Open source Python
Retall  31% - e si%
Otner  45% I e s2%
Open source R
Retall - 44% e | 5%
Otner  42% I - 2%
Spreadsheets
Retall  12% ST e
Otner 6% o T e
Stand-alone forecasting
package
Retall  44% N g | s
Other  42% B . s5%
100 50 0 50 100
Percentage
. Mever used Rarely used . Often used
Response
Dontknow | | Sometimesused [ Aways used
FigdbeUse of software by type of business

71

(ret



PhD Tharilsos Reoddura2€gduoedzeA p rni | 2026

Accuracy satisfaction by type of b

How satisfied are you with the overall accuracy
of your forecasts?
1

Retail 12% 18% [] B8%
e = 1

Other 13% 23% [] 65%
1
100 50 0 50 100
Percentage
Respur‘lse || MNotatall satisfied Slightly satisfied Moderately satisfied | | Very satisfied D Compleiely satisfied

Figd4teAccuracy satisfaction by type of business

Accuracy satisfaction

There is no significant differencerenabbkeus:
Fi gdisehoawsi nidnafl f g3 Bmetewteleen t wo groups, wi th

proportion of completel gcesatasyied responden

Organi sational support

Fi ga®@bowesspondent s' @awereesmendan | (ed)elstiant ement s
support. For exampl e, Forecasting is a KPI

i mprovement flow from the data science team

Figdkempares retreitlaegdserandnnsreven statement
support. Weadriened mcerireeittldeal reensemy opti on. | n &

specific stamembénmser s up pboyr cereedtiaielresr st.h an

94% of retail respondents agreed that foreca
t hat o6l arge and unexpected errorsraseoaldeway s

fromrebanil etbatepbosedcases were investigate

72



PhD Tharilsos Reoddura?CgduoedzeA p rni | 2026

Ot her options with more than 80% support al
business plansd (81%) and OForecasting has

(81 %)

Organi sational support by type of [

Demand planners always know
relevant business plans {e.g.
promotions, price changes)

Forecasting has a high
profile with the senior

management team
1

Forecasting is a KPlin the
supply chain

Ideas for improvement flow
from the data science/ team

O — e
oner BT ] |

The organisation invests
heavily in forecasting and
demand planning

O — @
— O —1

There is a culture of
continuous improvements in
demand planning

O e R

Other 35% D 61%

1
Unexpectedly large forecast

errors are always
investigated

— O —1 o

100 50 0 50 100
FPercentage
D Strongly dizagree Meither agree nor dizagree [ Somewhat agree
Response
| Somewhat dizagree Don't know . Strongly agree

Figd2eOrgani sational support by type of busines:

These preferred options reflect thatwihé ret
the quality, otfhet hienffoorrmeactasotn t hey receive fc

profilthevimdamagement t eam. Il n additi on, it [
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the forecast produced, I nvestmogatiomgdmaeryst e

algorithms might create.

Ti me devoted to DP

Retailers are more |ikely to need (nsdériegg utrieme
48 69% of retail respondents declared they ¢
and 31% declared using |l ess than 50% of thei

(48and deldexsatttan half of their time to dem

Ti me (%) devoted by type of busi ni

What percentage (%) of your time is
devoted to demand planning/forecasting?
1

Retail 3% e
" 1
Other 48% D 52%
' |
100 50 0 50 100
Percentage
[T Lessthan1o%  26%tod9% [ 76% to 90%
Response
10% to 25% 50% o 76% |I] Mare than 90%

Figda48eTime (%) devoted by type of business (ret

Posshebdayuse of their business nature, retail

on demand hpalnanontihregy types of Dbusinesses.

Size of the DP team

Fi gaéags4bowsett hialters seem to require | arger tea
responedentsed having a team iof dtOhemr bnwgien as
was rdmwmaritosd ywf responses). Furthermore, 31%

team having 30 or more demand planners.
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Size of the DP team by type of bus

How many demand
plannersiforecasters do you
have in your business
unitlorganisation?

1

Retail 44%

50%

Other T4% [ 18%

I
100 50 0 50 100
Fercentage

Response [ Less than 10 Prefer not to say 10 or more, less than 30 D 30 or more

FigddeSize of the DP team by type of business

The size of the demand planning teamami §br

other types of business.

3.6.2 A revision of answersregarding the use of Al solutions
We aganadgtrbep’' st leamspwesresat egdg t hey had matheuwsed

responses (including those uwh o)ddifAdg infoedwe no w
found that 17% of respondents explicitly men
decl ared that theaytteadtaspepped. uwWe ngr Al to fi

t hggeoapssel ected questions.
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Forecast hori zon

Forecast horizAlh byegsoampd of heaos

a) 0 -4 weeks
'

Mo, never used Al 12% 12% D 75%
Otherwise  36% 8% :l 56%
| I,
b) 1- 3 months
'
Mo, never used Al 0% 0% : 100%
l
c)4-11 months
'
Otherwise  18% 3% I:l 9%
il
d)1-3years
| '
No, neverused Al 12% 50% D 38%
Otherwise  21% 8% I:l 2%
i I,
e)More than 3 years
'
No, neverused Al 62% 38% 0%
Otherwise = 49% 28% D 23%
'
100 50 0 50 100
Percentage
RBSpnnSB || Never Rarely Sometimes Often E] Always

FigdbeForecast hori-Zlonudegr gramg sotoliemn

Figaasbows that respondents whor é alveekwndont k uwsietd
anarfowecasti dg ylanri o0 ltefses wtome m amaoyp @ plhielse | vy

t o f oorveecrasltonger kyewmairzo.m0$ onor® to 3

Forecast approach

The forecast i ndye paepnpdrwohagcthmed i faf ecasmbi nati on of
forecaswbsorh swiutsheddg e ment al( s&EdkjgdRens po swheont s

have never used Al solutions are |l ess I|Iikely
users (10% nevert huse ciotmb.i nlari i tomi § sc pod,ent i al

solutions.
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Al g

Wh e
Al

des

The
s ol

wh i

Forecast approach p-Abposéeirsnabg gt ba

A combination of statisticallAIML forecast with
judgemental adjustments

No, neverused Al 38% :I 62%
Otherwise  10% | | 90%
Only judgemental forecast methods
No, neverused Al 50% I EI 50%.
Otherwise  49% | 51%
Only statistical/Al/ML forecast methods
No, neverused Al 38% :I 2%
Otherwise  31% I | 6a%
100 50 0 50 100
Percentage
0% 21% - 40% D 61% - 80%

Response
19-20% || a1%-60% [l 21%-100%

FigdbeForecast approach pAtopesetrisomanbdyoghewpgs of n

orithm selection

n separating the preferenwbefberspecnbtitct
solutions, we observe that respondents ha
pite metntdgwp nnsaeg d msER&g4)yYWe understand t hey

ividdaspiyte their business/ organisation |
tinction DbAelt weetn PAdi rmq dfFtomin®®laynpd oefni me & e s
bAl nokBINsS ) 25% u-8k byeNemrabntletnwmilks (25

rs).

first 0 bssieg rnviaftdieoano ti ,sa vdadhmei d easr -uls etr we eorf  rAd
utions (62%) and the ictheaExgcodseanst i(a7l9 %) mo o

ch i1s hightlAyYl purseefresr r(e/dcoX) it ecnodhPpréadaepds t o
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Al gorithm sel ec-Ai onséysgaondpgt bér s

Average ar maving average

Mo, never used Al 25% I | I 62%

Otherwise  18% | | 9%
Decision frees

Mo, never used Al 75% I | 12%

Otherwise  44% ] 46%

Exponential smoothing / ETS

Mo, never used Al 12% | 75%

Otherwise ~ 26% B 64%
:

Intermittentlumpy demand methods

Mo, neverused Al 62% [:] 38%
Otherwise  31% | | 62%

k-NN
Mo, never used Al 75% | [:] 25%
Otherwise  62% | :] 21%

Meural networks
Mo, never used Al 75% | D 25%
Otherwise  28% I | | 3 56%

Regression with explanatory variables

Mo, never used Al 50% [:] 8%
Otherwise  15% I | | 82%
100 50 0 50 100
Percentage
| MNever Rarely D Often
Response
Daon't know Sometimes [:] Always

Figad7eAl gorithm sel eAlti ey a@modu@ptshefs non

Secondl vy, we3 80% soex lvreads eerhsatuse regression wit

whereas ;82t%h W, iswe go &s sapbna/sANidcelr tletdi o n .

Findlnltye,r mittent/ | uaapg de ma RAD s eudstebripgsd a(o3n8i 98) t h «

ot her group (62%)

Judgement al met hods

When observing the distribution of the answ
slightly higher wuse by the group that expli

Fi gau® e

However, the higher difference occurs -for EXx
Al users and 90% by the other group. This r

individual judgment i s necessary.
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Judgement al amdetpb i bAUseobwuyti ons

Mo, never used Al 75% ] 25%

Otherwise  67% 28%

Expertindividual judgement

Mo, never used Al 25% 75%
Otherwise  10% §0%.
Prediction market
No, never used Al 62% 38%
Otherwise ~ 46% ] 49%
S&O0PSales and operations planning
meetings
Mo, never used Al 25% 75%
Otherwise  18% %
| | L
Sales consensus forecast
Mo, neverused Al 25% 75%
Otherwise  13% 85%
|
100 50 o 50 100
Percentage
|| Never Rarely D Often
Response
Don't know Sometimes [:] Always

Fi gd8ludgementuasl®gnegrhooudphs oaBensnand ot hers

Software used

Thes es off t vya o-Al uisersl i ght cympbas heoBi J dsheee
NevertheAlesus,ernsonuse spreadsheets in a somew

ot her group (85 %)

Wheexami ning cases where the difference betw
TabS).eeWobservdd wuksatr sndadtdnoengit nessé0%) and
to usebweiulst osnoft ware or cloud services (12%

a particular proportion (25%)
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Software usedAbyugewmsupanadfomnler s

Add-in engine
Mo, never used Al 100%’ ‘ 0%
Oerwise  64% | | 26%
Cloud services
No, neverused Al 88% 5 I 12%
Otherwise  46% | 9%
Custorm-built software
Mo, neverused Al 75% 12%

Otherwise  33% 62%

Demand sensing software

No, neverused Al 88% J 12%
Otherwise  64% : 28%
Forecasting module in our
ERPIMRP system
Mo, neverused Al 50% _] 50%
Otherwise ~ 26% . I 2%

Open source Python

No, neverused Al 50%
Otherwise = 38%

50%

I
51%
I

|

Open source R

Mo, neverused Al 75% D

25%

Otherwise  36% 51%
Spreadsheets
No, neverused Al 12% - BB%.
Otherwise  15% - 85%.
Stand-alone forecasting
package
Mo, neverused Al 62% - - 38%
Otherwise  30% o | s4%
100 50 0 50 100
Percentage
Never used Rarely used E] Often used
Respanse
Don't know Sometimes used . Always used

Figa®eSoftware useAl buys egrrso uagpnsd ooft hneorns

Tabst eSoftwaoeewstidyinfaff e ceamad eAlb eu sweeresn anmdh ot her s

Software used Non-Al users Other cases Difference
Custom-built 12% 62% -50%
software

Cloud services 12% 49% -37%
Open-source R 25% 51% -26%
Add-In Engine 0% 25% -25%

The pitophRytddesrers i s sinmofAl au@dE&HMWE e o(tbhled)s

suggeastuisneg t hat ocsisedt osnolAel applications.
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Accuracy sati

Satisfaction

an Al ¢ctsEFiegie

Accuracy Isyawtgrsdwgl i mhensnand

No, never used Al 12%

Otherwise 13%

100

Response ||

FigbbeAccuracy

Respomdeemtrs ed

Not at all satisfied

sfact.

on

ot her s

How satisfied are you with the overall accuracy
f 2

Slightly satisfied

explicit

of your forecasts’

25% 62%

i
21% D 67%

0 50 100
Percentage

Moderately satisfied Very satisfied D Completely satisfied

sat i s fAalc tuisoenr sb ya ngdr ooutphse rosf non

di ssatisfaction at S

wimbdec at e éspetearassc mwrtagiyoatdept hhhue

(12%) mo(tlB&E® verthel esheromlryutphe hat epmpomgthe d h .
greater satisfaction (67% vs 62% from moder
6Compl ete satisfactiono, which wereot w®itng ek
solutions.

Organi sational support

When anal ysi ngbhteh es traetsepnmoennstess o f( sEleg & iy ie sweet i o n
do fioddf ferences i n apprewht@dvenndedmwerened ehs

ot lge res.u p

Nonet hel es s,

is a KPI in

gr oallps o .agSeeceadn d,

f orecast.i and

ng

with 54%® iomher

ther e

Thewf ssApptgspobadephdwengreed85%

demand

are two situations to dis

of
he

regarding t statement th

pdAd& nos B gwidtahg ei etfe,id nado rph

group.
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Organi sational swpparsterlsy aqrdo wpg s ec fe

Demand planners always know
relevant business plans (e.g
promotions, price changes)

Mo, never used Al 25% _ 62%
Otherwise 38% [: _ 84%

Forecasting has a high

profile with the senior

management team
I I I
Forecasting is a KPl in the
supply chain

Otpervise 1% [

Ideas for improvement flow
from the data sciencef/ team

50%

Otherwise 46%

Mo, never used Al 50% [:]
o

The organisation invests
heavily in forecasting and

demand planning
Mo, never used Al 38% D
Otherwiss  45% |

There is a culture of
continuous improvements in

demand planning
Mo, never used Al 38%

3
g
#®

Otherwise 33% [: 67%
Unexpectedly large forecast
errors are always

investigated
Mo, never used Al 25% 62%
Otherwise 3% 64%

100 50 0 100
Percentage
D Strongly disagree Neither agree nor disagree = Somewhat agree
Response
| Somewhat disagree Don't know . Strongly agree

FigbteOrganisational <Adppcretr shyngr ouphsersf non

't 1 s feaAl bleern dh add gpheenaitneerntor ganifsartd mansatli msg
However, Al userscamfgdiamernr © rdeickaRsllt yilmgod@yM case
apart from the i mdirgatna d,atti loen ap e rstubpgptorde i (Sot

|l ack of wuse) of Al solutions
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Ti me deviPBted to D

Figsehowlsat 43% of respondents dedicated | e
pl anning actiwheni esnstoivedenpout whether t hi

di fferenddsonisn propor

The main obser wnaAl ons eFosgebpset@e@d i cate | ess t |
of their time to demand planning/ forecastin

i ncludes Al 50%e0ps, mdteidmeo tt @ hteha t as k.

Ti me devot ed -Aly ugsreorusp sa nodf ontohner s

What percentage (%) of your time is
devoted to demand planningforecasting?
|

Mo, never used Al 62% 38%

|
Otherwise 38% E] 62%
= |

100 50 0 50 100
Percentage

[ Lessman1om  2emt049% [ | 76%t000%
Response
10% to 25% 50% to75% [0 More than 90%

Figb2eTi me devotedlbwusercsumndofotmen s

Al i mpl ementations might require Wmomrmé sde V¥ o te
t hatAlnoumaey sspend | ess tibmec auesldaghoer, ittaltsnkg n pears

stage of theiam ei melsementadtl ieon,

Size of the DP Team

64% ofedgpmpmendenhsl diecd aa edle mand pl a(hnsnBienggu rtee a m
2.Simitarthge prmeowilous ewmassal ekely to have smal
with fewer than 10 de manrde spd camhde etgdsl e diodvelv 2% w
the other group, which &ansmatkesr(APrYm mpolfe neenat

with | ess than 10 demand pl anner s.
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Size of the DP -Aeamséysgawndpsot oér &

How many demand
plannersiforecasters do you
have in your business
unitierganisation?

1

No, never used Al BB%. 0%

Otherwise 58% :] 36%

I
100 50 a 50 100
Percentage

Respunse : Less than 10 Prefer not o say 10 or more, less than 30 D 30 or more

FigbBeSize of the DPRAIl easnebhy gmoduptsherdfs non

The gnrootupAsi sl utions mighitnbhuvei n@argeameam
demand pdltanrmsetelxgptecDRRrdt eamaf wetl i mpl ement eng

soluti ons.

3.7 Compartiostomer studi es

3.7.1 The CMAF 2012 Study on Supply Chain Forecasting: Best Practices
& Benchmarking Study

The Centre of Forecas({(Wahl eMa&kEtongntad@d laha

t @i ctforecasti ng hpr gpatsificheesec ape r t focuses on

forecpsbchpdes coll aboration and | i n féoorcnuasteisc
coll aboration types, the internaVailsdhbaleelder n
data, and preferred exchange met hods

We | A BG@r oanep | adinf ft direae n&areswer s based on the CI S
we aim to use their findings to co@Gyparethée
past decade, technol ogi cal changed maadt ¢ d e
communicati ons, data availability,i nacnldu dfedr e

guestions si miouarr rteoc etnhtovssétluwdbye d onchmhpcanr e d .

Wei demt ilfiyst of similar quesyti @phreo va geldi ed siwre

t hese dquaest@dDdli2sg) awo nthreastimdi emgts : f
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1.(Q4) Which information is available inte
within your organisation and not directly
2.(Q5) Which data is provided directly to vy
3.(Q¥HpPwW is internal data used in forecastin
4.(Q10) How is external data used in foreca
5.Q1)What percentage of your final forecast
6.( Ql\Ehat percentage sofarset antaidset iwd alh ft direescea ar
7.(Q13) What time buckets do you forecast i
8.(Q14) For what percentage of customer s
(aggregazion | evel)

9.( Qilbow often do you use these t-Alpwasyof? so
10Q23) How satisfied are you with forecast

|

1(.Q24) Which of these factors would most [}
the relevant answers in order of importan

Us e oafvatihheabl e dat a.

Wel | er andndCrtohnaet i nt errneaddidlayt aa viasi |oafbtl een tnhoarn
t heirs svoepuygooefstasvrai | abl e: shi pmegctus tram#nadr de
di stribution ceaentr e,t.dOwk s pseteuteyng élliyye)r,eveal s t |
hi st adreimaal, price annmosgt oncokrstuhamshii sitreiec a)lh eo r C
forecasti hg iampusceses et,hawe, ciaasn t er ms of avail a
or desrhsi panemn ss pberd mbeshvetdemaalifi god popcef

stockouts that are mandatory a&aoteommpste the

Wei nf ehi $sthati cal demand, prices, and stockout
| east a detchadse,i nafnodr raahtaiitd rma bH ees ttheeorugh or der s

t hen.

Less available dawedAsfsnommen@ecChai@igegommot i on
(someti mes{)somMataikneae Nt @ h sCeunry )st sthywal sdat som
those options (Promoti on, Mar keti ng, and Ni e

in fewer ¢ asaWe 5c0a%t biantf ed’at a avai tabsl dey bef
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includnnggorecasting model s; according to the
al ways f ulFluy tdawaimoa leb,eetnh ea vdaaitlaa bhlaes at an ite
and | istings) for more than ahe¢ee®adcd mowhi O

respondents reported( fmiege¥icraest i ng at an i tem

Data providedekxyt ecwinsatl o dart aa)

Wel l er dmRddd@rpovnde hat external datsdoCkschpadms
ePOS ,Palsé¢g i butwiotnhdCeamwtan s and promotions by
(someti mes, awaiellggb Bénl 2cteowndmr)apt esentrs ss$owhg 0
fi gwmese revleiamii nggdr ugde mand Fbor exadft@iSregand

competiatroesedat a | essat hani 88M/siegME emodel s

Usef | ndred neXdetranailn f orecasting

The 2012 r epionrtte rsibeg wisdredtrrealty omvar bahbhl sati ons
and orders by item, customer asmsdr diment i kttai
promoAssenst ment changesdenpr caarbek B & N § e ¢ lea nis

of availability. Mawd&reei agail mabli @) samet Nines$ s

Il n contrast, mo sctu sotfp ntelwe deexdt edrant aal) devaatsa n(ot f
ti.meln the&oateddg aneydweafsa mbalbbé t bei ng: sal es
(from customer s) by 1item, ' i stings/ delistin
promotions, price changes, orders and sal es

ePOS sal es, BPCowgt Hhtootealtaikosnd pr omot i ons
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Tabét eForecast inputs with shared use between stats/ /
Forecast Input Availability in ~ Used mainly or only Used in Stats/Al/ML
2012, average  for judgemental forecasting or
values(Weller forecasting combined with
& Crone, judgemental
2012) forecasting.
Historic demand Always 21% 79%
Price Often 28% 57%
Stockouts & Often 28% 51%
unsatisfied demand
Promotions Sometimes 43% 47%
Media marketing Sometimes 28% 40%
activity
Product Sometimes 47% 40%
listing/delistings
Weather data N/A 21% 30%
Nielsen / IRl scanner ~ Sometimes or 23% 23%
data less
Competitor data N/A 30% 23%

OQur rsetckdsyEeglfreeve hlaf t er apaecthidetodore maad
price and stockout saruesretde rfeoéri thaofitdnlr & Kéasd n alg ¢

judgement a( s Eahb)ewhaiscthi nrgel at esatt ot hdhesamait iaime

As data beecamed ymarveai | abl e and new forecast.
both internal and external data forgraat emat
fl exi kihlei tsyofitrwar eThe meahbdbubketdy of these
the previrelsati®echdogop ulexreinitxy k monwlsedigaontgot dat

are more relevant than others to produce a f

Il n addition, sogmisgtecantr aifsleewtfs data that wa

ear,l iseumceha talse o mp e tiatt @ar. s 6
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Percentage of final forecasts by approach

Wel | er a(n2d0 fi@ryonhdata,verdb%heof the respondents a
that cotmbdbt mhetsecasting with judgemental adjus

al one, apndl 25%udgemental methods.

Il n ouwestcadchy val i date enlhceeegamdi ogdéblesgumecehe
12 u® surveryexmprnderetds' current preferences f
they. Wesef ound t hat onl vy 15% of respondent
statistj cahdA] Uf Nbbreenteansttasl wi t h judgement al ad

only statisti,aad ARBPLMbevereawsetds onl y |judgeme

Agd h2e0 B2ir veiys dmd al ongeicthadidrisgpgimbnlaeg i sei hha r es
manmerenti cal. tHowewrerst wky fi nd that more user
of statistiamdal /JAUdgVeLmema ma | H éfoavbefegea swtes pr esent

compari son bettwekiesms t he t wo

Tabt eA compari sbor otaphefereoaasting approach in bo
Forecast Approach Average of % of use % of respondents who
Weller & This haveever used this
Crone(2012)  study approach (this study)
Stats + Judgement 45% 47% 85%
Only Stats (or Al/ML) 30% 33% 68%
Only Judgement 25% 16% 51%

Tab/lsehsar consi stent sel ecteisonoveefr. fad hdeeccaasdieif e g
met hod i s al wayst at icsotmbcianlabt A bo/nluodfigne mee a d s | 0 |
average use @tenm ttliStmmaent ROAPRL and thsdé ciomdt hi
pl acegsceney Stats/ AR2#MLI mebBbadsand 33% curren

most noticeabherdhapgeonsi hhehe ranking, the

88



PhD Tharilsos Reoddura?CgduoedzeA p rni | 2026

wher e, aftfeewfewmr deaatters arenlw I (2%% itm 26%F

nowadays) .

To summari se our r etshpeo nrseepk & hwgee tclhddyd sod s feir v n
t he di sotfr itbhuet (iasoBheg& i sh€&€rnd i s possible to obs
popul ar aopgtooimbnniasi on pfastdajudgemaht Al / Mkt hc
respondents (near the central fremd)O0%epori0
Simi,]) aQ% of (rreesgro ntdeémdnseidieamnl y st arepbdbrceal

a use 0®Wnge @Ho%Wwever, judgenehhecepabpméahoadapPti

50% of respondents aroumnmd n Oe% meand3 Or%eport us

Q: What percentage of your final forec:t

120%

100% 100% 0100% 0% ©100%

©90%

80%

60% *60%

What percentage of your final forecasts consist of the
following approaches?

40% 0% ©40%
20%
10% ©10%
0,
0% % ] 0% 3896 0%
Only judgemental (2) Other
Only Stat/Al/ML (1) A combination of (1) witK

Forecast Approach

Figbe#dBoprand whigkeanspwwidsg hfeareenctastesapproach

We can infer ansithghuseeducpuor judgement al
ti me. One pottleeataddotrieambhfMLsmet hods; howeve

preferred a comoirreattihcamm el Mectademoas r.agehnt |y
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Met hodaéa pr asdtuactei sti cal / Al'/ ML f orecast

The prev(iWalsl et u&d yiCe paoret, e 2t0dr2ga v € e mip ted eavbasne n c
informati on from practitiofer srheotdoe ) Llercd eerds t ay
practitioner sWe oc @m ®jld et te miteensaenndt. t he current

the chosen methods, iemelrgeidngvreewtdreed atsh a td e

A comparison ofi TelbadhHsebdiesSameai dfabtd e al gor i
guestioned in 2012. However, rtehsipsoncdeempasr i sad n

preferenkbe dpasnare .

Il n t he spruedwi,oushe r esahpgohienthers i gvri adweps :t hTei me

(classic methods) andcaAdwancedcTiurde nYe rNieaus a |

Tab8t eA compari sonrianfe |Predfaseegastfiong techniqgues

Statistical Forecasting Technique Average of % of use  Average of % of

(Weller & Crone, use (this study)
2012)

Exponential Smoothing family of 32% 66%
models

Average or Moving Average 28% 7%
Random Walk/Naive 16% 53%
Models of lumpy/intermittent 5% 57%
demand (slowmoving items)

Decomposition 2% 55%

For clasgqiablmewkbod®ti ced t hath aedxtpdoendeanrtk ian g sa
decade ago. Howewaerdi spapegdgubwprt hgaddet odn
has been iamcdreamatiicn the popul arity oafrethese

integmpwed!| ar software packages.
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Tabdt eA comparison of preference for Advanced Ti me Ser

Statistical Forecasting Average of % of usg(Weller Average of % of use
Technique & Crone, 2012) (this study)
Regression with 7% 74%
explanatory variables

ARIMA 3% 45%
Lewandowski 2% 15%

Neural Networks 1% 51%

For advanced ctaumkeafl xeeraisda 9 n@Wetl d cehrni & u@xeo n e, 2
obsedarhveegr essi on holds its popul ak(sstéebd.iet h AR
NeverthewasdowsKki cotul dhemosmame odgaaiend e possi b
because it is not part of faonr d cscdtdi Wnege edao pt i
contirsastthe current poptdloar idteynamfd NeuralasNe hyg

more commbhayg AREMA model s.

Tablloe A. . comparison of preference for Advanced Time Ser

Ranking of Statistical Forecasting Technique
use/popularity (Weller & Crone, 2012) (this study)
1 Exponential Smoothing Average or Moving
Average
2 Average or Moving Average Regression with
explanatory variables
3 Random Walk / Naive Exponential Smoothing
(ETS)
4 Regression with explanatory Automatic selection too

variables (Econometric models)

I n terms .exppoguwltarnrilt ymoothing, average, anc
decadEes@mbd e Howe Exmponentgpan ¢ éSenomada hti npopul ar

i n 2foell2l, to third place, as Averages &nd Re
i nteresting c¢hanngoev eids ttwoatp oRBadgrieosnssi,ons hi ft i n

bel ow despitetberrebérencéudongconometric mo
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For ecaisme nbguctk et s

Wel | er a(na0 aCrkdealehpeer cent age ;tohfe cruessgpoomedieshea o
forecasts at four |l evels: item |l evel, custom

and store (POS) | evel

Wi thi taemntred approach, our stpdympobased on
item aggrWegadsloead whether forecasts are prod
countr;wel ealdsdeesd cust orerv edladl lsved geotmpeavieo s

findings with current ones.

Tabllle A comptahrei saogng reefigsad @ oor ¢ eavred after.

Aggregation Level % of respondents forecasting at that level
Weller and Cror (2012) (this study)

Item 39%t0 63% 89%
Customer (Account) 32%1t0 56% 53%
Distribution Centre 7% and32% N/A
Store (POS) 1% and B% N/A
Category N/A 83%
Country/Region N/A 83%
Budget N/A 77%

According to Wao0,l&t)h aewa Cetom& most popul ar o
tifaend isseddr di ng .t 6 hceuusrt osnteurd ywanso stth e nmspeoar ad radh |

decade tagios) ,now more relevant to produce den

suclhaa®gory, countryt ban ctussgioome)r, laenwdlbudget
Neverthel ess, the, mbon ovbeersatdeoades phadic
been the most essenti al task before predicti
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Us

We

pr

an

©
o

e of forecasting software
[ I er a(n2d0 L@ruonhdat s pr e a dhseh eneotsst wpeorpeui Ina rt hfeor e
evious QGuecasdaddgomonédncesot hépr eadsfthleexisb laes
d possibodpywiphe omo :atmo nAg cfoomrpeacra sstoenm ai bdl2ea v ai | @

Tabll2e A comparison of the forecasting software us
Software type The average% of respondentsusing the

software for forecasting
Weller & Crone(2012) This study
Spreadsheets 93% 85%
ERP/MRP module 57% 68%
Stand-alone forecasting package 38% 51%
Custom-built solution 31% 53%
Collaborative Platform 19% N/A
Demand Sensing Software 11% 26%
use thetoampihmpaineraen caenso nogr ruesdgpoendig nwd udy

nsider reportindgVei canuséeseaervVedasbthttospadadsyg
st preferred tbee@astti ndgectaael, awdrh a sl ic
pl ained by an incr eas &RIPd MRrPe fme gl tidac d nfeard o
recasting packages. (20kc@ekpsual negdidegndvald! er
nsing softwartehaev ereagédthg at td¥étcvaalree ago . | n
rrcurrent ftihndi vad useh dachtmoieats tahd hiee \seadne

pul arity as other alternatives

reaastracy satisfaction

| Fi glBwe obseBVE&BJdofhaespondents were sfati sfi

t h

be

eir (Fangcagtfrom slightly to completely s,

i Mgpder at eldyWed dteirsfaeg@OX2)poet ed an averag
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satisfactédbngmheatigadh@é®od er at el Tlsay i sépedt ed |

Moder at e lgyA Slasttdasifbisatd sruersvuelyt s i1 TsabdlBeai | abl e i r

Tabll3®i stributiaomotutfe amg wetrfhsec tciuam ewmitt H orecast

Answer options Q: How satisfied are you
with the overall accuracy
of your forecasts?

(this study)
Completely satisfied 13%
Very satisfied 21%
Moderately satisfied(*) 45%
Slightly satisfied 17%
Not at all satisfied 4%

(*a)l so the mostacseolraddtngd taon(@e@Hd2)r and Cr

| bot h s twattHiaotmdr ecent and previous respondert
satisfaction withddehkepirrespr askdotwdsiaam,s ¢ oihey a
responsi ble for producing the forecast i n
satisfactdeanadde®.veT mptihhgati agdhetmi cs al way s ohave

i mprove the quaflarteleyyagwds oapcocsuirnagc yneowf al t er nat |

3.7.2 The IBF Report: Benchmarking Forecasting Errors
The I nstitute of Busi(nas n pF@Bedhg tdi ngt v& skelaa

me a stuheee cuobhoye a@gs eGirveerns it s relevance to the
we aimed to ident iofuyr csourrrveesyp ofnidrednicgeg swdiig¢ fhg r i
sel efcotreedc ast, nghédywyrpalbedcti paint € o mfo ntt they 2p Imao n

a quartaryear.

However, their findibnygsf occourspil regnednnd @wmvrtears.g el a!
f oreecrassbthei r stoudey cewmebalkesity ofanplceglBeti ons

horizons, with no regard for industry .or agg
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Neverthel eds,yemar edihetaidng ncreases the error

mont h ahead at bBhe BHKWMbl eaedl|l i aduessi es.

Ja(20&HBHaracteri sesadlepewmdstitithreg agrgrrergsati on | ¢
t he aggregation,, atlhskoo ttoimmeen (dechpemmmetqgompl ex
get accluotaghymf ecasts)handt henal €xihatt S0 me mpn
complex to forkeeaktobematil khwaiftfiebo hper oduct s, f |
new product s, products pwiotnotii mtned miptrtoednutc t & ¢

summary pofr tt' ldesr rees/all H Hlbld e

Tabllde Benchmar ki ngJdiomec2a@t4errors

Industry Aggregation Forecast error for time horizons (ahead)
Level 1-Month 2-Months ~ 1-Quarter  1-Year
All combined SKU 27.0% 29.6% 31.3% BL7%
All combined Category 15.5% 17.0% 18.9% 26.3%
All combined Aggregated 10.4% 11.8% 13.3% 15.0%
Consumer products SKU 28.2% 30.4% 30.2% 36.3%
Consumer products Category 18.0% 18.0% 15.3% 20.3%
Consumer products Aggregated 13.4% 12.9% 12.5% 13.3%
Food & Beverages SKU 25.0% 24.0% 24.7% 22.5%
Food & Beverages Category 14.0% 17.6% 16.2% 17.2%
Food & Beverages Aggregated 9.50% 11.10% 11.70% 14.10%

The ptredent s a essuxlviedy Ttoommer ence attendants L
It does not reveal ;thbenwbtmbesr obEy Coeaspamden Pt
Food and Bevedrnagaed dinrt d/Msdhmei Alss ol ut e Percent ag

is used to assess the accuracy

I n addatdO0di4pl ains t he 1 mpboyr tfainrcset orfo ttihneg rt hs
became more demandi hbeapdeVieess)] ogall deeono,

cychlaed shortem@gdaphTher ecast accuracy shows t
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recordedMAREDrE&Médntlh aggregated forecast, whi

recorded a 37-ye%rMABRBE efcarsta al the SKU | evel

One observatgigoarefgast e gt s require a similar
compari soanlidbtt hiey use item unidrs dwwherhtey ag
mi ght be more suitabbepfoduptepemirghgghagat do

and vol umes

Il n contrast, obrgtkeshowstuldgt (eekby 13% of
di ssati sffierdeawagth. tWeicganfonktensthatconaciye a

or more sfreghtl|l §emamo séwistalt itsifaierd)f orecast pi

38 Summary
This chapter presents the suryvewndef@amildpads

compar dsa tshemmrdwey from a decade ago

Practitioners havjeudrgedmeenglboldse,|l i amcei nogh t o
combine (moving) averages, exponenti al Ssmoot
adopting machine | earning. However, they als
opening the @appddminacirtey@isttlorinew met hads, al ¢

softwar e.

Over the past decade, f or, e csauscthe rass hpaavset rdeecno
promotions, and stockout s, Thas mesterctoimamion f @
spreadsheet s, wi t h forecasting modul es i n
respondents have&€umewme wglede Ad ¢ wxol ssi ve, wi
comprising dewamnd thlaanidr s, aeafiltéemecdobiecad

ot her duti es.
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The survey confirms t(haantd arveayreaegsas mboansgend rmdt hta
and that practitioners value interpretabild]
promotions. At the same ti me, there is inte

provided they remaigeahder sMandabht edabygy mhes

i nveskNgarnest N=NINhkmhsumas OGintelligent averag
regression in retail cddmand ofcairse coans thiomwg ,p rwei t
affect its perfor.mance and interpretability

97



PhD Tharilsos Reoddura2€gduoedzeA p rni | 2026

Chapter4dk-Ne ar e st

Nel ghbours Mul i
Regr esBaemaind n
Forec,asanangt he

prper ocessing.

41 I ntroducti on
Il n the chrapMggoes éheedgoi ce of [t htheliemamde pé mama

i npainsko f t.@ae eobservati on iignatcthe neemd reqirmg nign tae
i ntell i gencHeo webtvleurs,i ahs o tihnptreerfeesutreicincde astsa cs anee t h

such as averages and regression.

Howeveconddeapmt of averages i s not new,; past

condiandnwe can apply a regressioanlht outrhe umc
we observed tphadned ednasnaddount are the most fre
i's reaaodakiven intuitive, to expect t hat f

eXx amidneimmagn ds iwimmielnar val ueappienrtheseectendeadeds:s

Il n thiskNNoermexges ad oan pakdléecnatmigveéuati ons
Subset of datwheoerespoadi onmgschone | earning r

t haed vanteangaegblofng tracing of recemamnd @pihersrkeanrd.h
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|l ocal -AadedaséaarlkNNmarkiestiitcsunoifgue among ot he

al gorithms.

Il n this whapthekNMMuabgdmhiebbhogmh a case study
forecasting, and we examine the effects of b

angrediction.

Given the surveyoO6s evidence that planwneers pr
explkiNreear est Nei ghbours regression as a nat
averaging only over the kNNt r<itrmiilnar thies ti ort it
of averaging while adding flexibility to ca

effects.

42 A | i terat uk-NeN raenvdi eiwt sognueesf on a
ret(aamad omot)i omatcasting

4.2.1 k-NN literature in Retail Forecasting and its main applications.

The | idreMNMtapel i cations in promotionaflomretai
direct applications of the algorithm&ko prec
NN potential with retail for,eaasthbhg(abipntggdco

& Pari kh,St2004,) it was in the | ast dé&bNBde whe
for demand forecasting, first(Zagars,i ngt oal .t,
ener gy (dAMPradrdni & Crone, 2018ewKpmpdwedet afl ol
(Ekambaram, aed fBinal 29,209 al e(SAgsRidriaga cp rosmo teitc
2019 )Nevert loaldeeswse)lra mieNtNe nappl i cati ons despite
algorithm has beéArubsededmdal Pg edDE®g pindris ewc

researchers
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For a broader I iterature revisikMNG6 wer usMhe arh
Neighb*d on the title, which results i n mol
classification or clustering applications. W

because of the(Feltthespr eetNaetrl dherl R&E&le)siear bhi s
rel ewupnte daind960patprerekdNNr taccoedi oy t o the V
3916 are related to classificatdgdermiegs eclsuvne
andt8lretail, sales, or demand forecasting.
treatedexxc!| s9il WBNy bet ngtt hiaNdNs hiarsd ibaeta the ounsee d
poi nnthei process. We observe that nomg d ngdpd,
in the |iterature. (MASkdietdiamn &I IMa,f adk pread esn t8 O W

kNN demand forecasting applications.

Finally, we find kNNata pddsi pciatted otnh e obrr ocd daesrs i f
several are@a€hoe. . Shephagyaxddd omgygy& Tr,opsha,
forest mdémiaiogpoa .n,g et mddi,ci2éd,l )cli&mi setyaodbr ,b
Kowal ski & Bender, 1972; Vrooman, et al., 20
Kauffman & Jurs, 200,1;alZshce nge &dh a8 iadpussdth,ca w2 0206090),0
there is still a gap regarding the requireme

or to sustain error |l evel s over ti me.

4.2.2 k-NN application related to Time Series regressioand Retall
Forecasting

Al t h&kddh appl i catproinrsararley meetl ated to numer.i
applications for t i me .s eWd eearnvpereanir @ti in@n i d re
extenkdNiNngcapabil ities to Time Series regres:
instance, some applications use ti me sarcihes
asi nlear r(e\Yelemwriwgian & I|.ndithueemat hiys, a2l0s200 )a si n
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|l inear regression, i ncl udi n(@Gil nmegngeoe dl Ivliad ,u eest &
speci dlAQalatyani & Orore.en2@h3)aut oregressive

(Mart2nez, dheasle. sedp@ta)ry e appl i kNN iroengsr ersesviema

A second obse&NWatciamn ciapptuhat data variabil i

frequenci eg OlkEve@.i r ah &y Bléheotué(lLliyi,, e20 ladnd dalill7

(Val gaev, et al ., 26t avial RaeCy,bnees WI P9 20 §
NN can deal with one of the main time series
When obserypyirmgesbengreules for these | imite

nor mal i sati on: racg engenme & hl;aro uetalriinehrn-Cree2ndolv4a)l
transformation for mul-1iglfifcarevei sgatsonmaé mao
n for seasonality ofMartasmea, dta day.roe eEsdsE @)t
al so considers feature selection andZhad, ng
et al ., NEROKRWRODpWIpopso ses wei ghtedthei gimipagt s
unexpectedi meesesi en. Still, this step is n
over other algorithms despite the featureds

power d&@amdani & .Crone, 2013)

Ot her approaches are based on time series g

war p(ikegogh & Rat anama heaxttaenran,al 2 OrOebg)r essor s, w
Il iteratur e. For i nstance, (aRajampmlpiad atni o0& Lfad
consi dedismemsiloln al feature vector, using si

humi di ty) for the current day and five from
application ignores seapromcads svidrpg agxred apong ust

using the calendar daydés mean and standard d
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4.2.3 k-NN in retail or promotional forecasting.
Seyedan and2o06a@épeherit hr eek-N&ap¢dloircateitcand afn t

Neverthel esGRumnam, odt tdles,e BBkEWBN fMdaurc,| aests iafli
but not for prediction, and the third one to

the same time seri(eNi knldo pveulgdhd ,edetavealr.a,ges01

Arecent apleNN ctad i pnedifct (pAgoHdiadcmnmals, salkt el
checks endogeneity and <collinearity on the

characteristics when recording similar sales

abouprprcessing but i mplementsskeedadtistanwei ¢ple:
promotional salpeg.f olrmadkdddiztsi om, wi hdy 2 to 15
the one t Hatr emiarsitmieseor. Finally, the gl obal

the average of thEBheindi as dasad mereti ghdmouirder s

the errors (RMSE) and the mean absolute perc

4.2.4 Data pre-processing for Machine Learning.
Machine | earning (ML) use has increased <co

applitcywpi oal | syomen vood mmasn 1 ni ti al st e pwso, rega
initi,alwlsiteelpeg extracti on andprnoacne(spstiHeguitr eax or
al . ,, 20dvée anmnhiemphgtoronhm tNMNav e tnMle laeests gaacr ccuhr
focsusmome t he algorithm than omr adcaesas itnrgadn sarc
explofhtl oeas, et alor, i2f0 OaBwnai,H aasljol eec £ff0a0r® ) al gor

only. E.g., (Keurahtmesw&r Csone, 2008)

No-horeclNSN iangpl i gpitc@aindpy ouseespng techniqgues
and scaling, but whiybesei $ emErkigs@ssyar &M af m

i f this is also required fdo& paopercsaseémngeat
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processingthe dwWeal idfi eSlciiennce usi mpg otchees ss enagroc
(6centringdéd and o6scalingdé) and (o6forecast*2o
them being directly rel ahwetd d¢loagdeimaindatoirom,et
claims of the | mpowntcezsce ngf tbeatdriameprtde in
probl em( Dlmantai in, uesti md .f, e R2t0GI19¢ r s lke cotriedf nealt .u,r e

transf § Omaobino® Mwororiggiio0danQ)al ., 2018)

For machine | earning appbceasiongscaheampreyv
(Bi shop, NEY®FKINMNe laepspsl,i cati ons are scarce in
recognise it can dfKiluemzt, perte dAihetni Ve Adad cuwr, a d vt
same i mportanc(eDaws cemcédh Wialrbcya,b k2600011 )t he var i a
to rescal d Wuhe erarailabl 9009, QCGertheisetshé&r Than
seems to focus ohChHlerst&nSenlitpé DddMammacoooe et a
2010)We observe that appooepssiagabgdkENsfcdat

predictions is missing.

Neverthel ess, we al-popocddsnsdi ntgdp phl ai&d eedait luer e g
researclhteredfome dt 6 eat ur eAgaR &lad @itda so,nosetf adt yr &
selection, which is considered a 6usuald pro
irrelevant featur es( Zihmot hetd roarl mg a s@10diEsy) ¢ mol d €
transformationselEl gs trtas sgneail nagdleay t 2 nez, et

2017)
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43 k-Nearest Neighbours for Regress
4.3.1 The k-Nearest Neighbour k-NN) Algorithm

kkNear est NeNiNQhbosuras machi nerimarninwgusédofoth
problems with unknfdwnx &atla di s Weidgietsi, 6 AdI B s
kkNNr egression algorithm, defining the necess

creation of an abstract model, as the algori

We modify a version from Lantz (2013) to des:
trai nihg adta tBehwhdo where N is the numihes bhein
out putalntdabela vector with n attributes or din

defdnaes mfheat dr eRefardi mdg t hecant petdi screte

Let us choose a distance functhbheotnweteon daenfyi nne
observati on BE.ng thueEEdsiatyiaomr ( sMaeh alEgual®i,®n( s e

which -i svackdMalbachl .an, 1999)

Q whiw w 0w 9 g7
EquatlioEucli dean Distance
Q oMb ® ® Y Z O
Equagi oahal anobis Distance (S: covariance mat

The distance function might be chosen depen
Jaccard, Maln hNaartm)n &roee rLecommended for categ
al so possible to use additional) enbyr matdii o
weights tagbyhesifer@atuhesinverse of the dista
( Fr aLnocpoe z , et. aln.e, a2dovOaln)t age of choosing a

automatical égtexes udinlg (Ripleyprla®6repeva®
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The next step is to define a finite number (
us de&faisnea case to predict. By using tkhe sel
cases s owh"OdEPO where the mioi@adNp di st anc
QM B "8Q owhd " Ohohd e OZv'O. Finally, the predicti
arithmetic fun®)tiofn toHe thlkosaa guiimgkee. ategag

Equadi.on

Bw .
, : T
of 5 who VO

Equa8Bi opmredi agiimm|l evidwe kBDlgarast nhet gkrbour s

One consideration is that the distance cal ct
Because ofc alhcaup,radgldenfgd k-N,s iwti tihs usual to sc.

homogeni se their range and i mportance; a st a

Finally, regarding t he& imetias puasruaareltye rc h(a sheen c

i s aotfabdetween | arge and ksmalul t v adhaiesisrsoiodt rh e
boundaries that could wunderfit: a neighbour
cl asses. On the contrary, smal |l er val ues coc

overfitwtitdmg mor e s(elnasnttzi,vi20l 3)o noi se

4.3.2 Pre-processing in kNN
Machine | earnequgi mu@bpirgoyphemmsl y f or matted dat a

activity is commenloxxessd nmdghhteataombi peefeat
cleansing, and dat apatr foakeNsN a rbpeactaiucsrne. o f t he
computwhiioom i s performedhioncédveabeatuseakpan

sel ect i®ing rhiafviecant | mpact on whirceéadodasnedr voant i
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the subsequ@®ni opr woré&tfonscl assi ficaotriiart eand
scal i nfgeaamd e selection substantially i mpr o
untransformed features can ( ¥ialkdrito ethsalab) e2

& Rachmawati, 2024; Bhardwaj., et al ., 2018;

EmpiricabhowbleNMN cihs hi ghly sensinpiute vtao i abé.
becaussea ances are proportional taoNé¢wnher thluenlee s s

f oMNNKk cl as s i mmamxatasnanrze ssicganliifngcant |l y i mprove ¢

unscaledsdatangaonéfiten has a | arger effect
Thereforeprecefongmeareaghbwliur i dentification
kNN( Bhardwaj, et al ., 2018; Vikri, et al ., 2

Feature prmeipgrhotceadlss mgconsi der rwesicgahtiendg ffeeaat
according to an esti mdNepgr edmpotrit@amcgettfoorn nMmapm
or | ess weight to some features when comput.i

are heterogeneous (conttihneuyoudsag motung sar e uanm

~

Bhardwaj,. et al ., 2018)

This approach is also rel &MBNar f dne(z22i0mert)seal

obser vieNIN trhealti es on di-fetahoesesi spabe, | agdedr

(7]

caloifngt hearienpmairst of the design sphroowwesbBat T

competitive forecast s -parroec eosbstian gn eadf raéfia gely e dacdise

—+

heNNk cl assi fication finding in the forecast.i

Becauseaompdr amestricbhbased dmaNt sirse ealkso affected
of di mensirpbpebhéevagd; features might makl e 4alhli sj
contkdNNt has been usé¢adodhs fgahmmeenvdaid aunaa Iri eownisteth e c t |

a contrebaouraay, robustness (aGuln acdoimp& t Rd d lomae
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202M9net kédliNesns gyt ehldsbetter classification r
removing redwmdndaentprerdilcavbern orie€Sidisidamaca&r Bdr

2024)

Additionaforec¢chhtgeuesng features might incl uc
kemeasur est haskkusatomessi me series regression,

(Mart2nez,asetanalad, h200cl 7ff)eat ure selection pr o

Il n this thesis, we assume that continuous pr
domi nates thetdi ehngeei diuent of eature selecti
of highly correl atbeedf ovrae i paebrlfeosr, mii e nraengdrad soseiy:

eval wmehteitrhger adding | agnetghbtowre s erhieght oinmp |

4.3.3 Case Study

We use a dataset from a manufacturing compa
dataset comes frdmapepoevebutalsrlud@dpPpes) weekl
it ems. Each item has a different history | en
active prracisnsoéta Dafslspe eeven t hough these are ac
t he dRitps®deesents sales for a particular pro

di fferent I engths and discounts.

Type of week

Without Promotions With Promotions
Average of Discount % 0% 22.40%
Average of Sales 758.6 1410.3
Standard Deviation of Sales 701.9 1274.2
Total Weeks with significant sales 6376 (84%) 1171 (16%)

TabllS5e Descriptive Statistics of the used dat
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The dataset includes nine col umns: (i) Week
Promotion indicator (y/ n); (v) Days the pro
indicator -6hWehj; d{spl payOnneli Pasoourfty/ and (v

category.

Tonaxi mihee data's potenti al, we add additiona
| agged and | ead wvariables of promotions, d
progress (e.g., i f arhdeyotl haesrt inmrodiec athoarns al iwkee
end) of a promotional c¢cycle for that 1item.
4500 30
4000
25
3500
3000 20 -
1) c
@ 2500 3
@ 15 ©
» 2000 @
[m)
1500 10
1000
5
500
OmCD@@@@@@OoOOOOHHHO
S 2 290 Q 2 9 Q@ o o o S G o g o 9
= O O L D ® O O L © O ® O O < c
sEF23788853 7880 %3
88 8888848888888 83838
= Discount Sales
FigbbeWeekly sales and promotional di scount for
The dataset is split into training and test
of 118 or ,dfeepweenrdiwege kosn t he avail abl e haitstory
30 weeksvalbmdted wusing 14 rolling or-sgres. {
trainijansg tdhaet at est set wi | | be consistent in
observe the robustness and stabilityfof the
each origin, secVadiog, apmedu oibng a ege@gtorof

metrics are calcul at ed.
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Thediiwvi dualFi gég&dshoats t he prombhi onalm dynha&mi

promotions affect sales, and s-ptemotannaxhiwke

4.3.4 Experiment Design
We present FioghpP esttce pdsNBNIspeeee di ct isems itaondpirttely e i |

processing. The fir stprsotceeps spenrgf,orcmse aitniintgi atlh
each item. dahtebpatwednst bp st epg oaxfe stswm gs togpn
using the R(Kkwhre,t Z20EX)ahperd step creates mul

using ro, lamd tohagsgfiersnsad s sttheep pe-pfocmascegobpt

Evaluation of preprocessing Fixed holdout (29 weeks) 15
options (caret package) rolling origins
w Data depuration: w Per item and using only training
data:

wElimination of highly correlated w7 Feature transformation options: wError metrics computed:
(or constant) columns.

wUsing 16fold cross validation

wno transformation, core and
Min-Max.

. wWSMAPE
wThe feature vector is created fof

each item.

Initial data preprocessing

wThree Repetitions(8ep)

WMASE
wThree choiceCentring Scaling,

w_Criteria: RMSE Min.
Centring & Scaling. WRMSE

Selection ofk'
wMean Error (Bias)

Figb6eA proposed met hodkNINogy for prediction wi

Weextehd original dataset from five to 34 fe

whi cthy ppffiscal promoti ¢ fall deecreedbealaeagt 20249 dat a

the foll owing: |l ength of the promotion, num
indicator of the first week and | ast week of
promotion for theef @nldewi ndhewavele kobeiffor@e, an
week of a promotional <c¢cycle, promotional <cyc

indicator of complete weeks wi fph opmod mmtniad n swe

for eachumuyalte ve di scount per weeks for =eac
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speci al dat es. Because of t he tnhuantbpot eorft iaad
collinearity effect can occur bgtTwe@rertohe efte
2019 hereweorapply amr ocneistsiianlg psrteep t o remove
corre’l aed feht amestraining set (removing the

item).

With a depurated dataset for each item, we
feature translation (,Cewmzdraiarge)s -Ehaxid sheiaiVez n g g
split each chaasgege iomlilg theeeéransl ation of th
ranigtes standard deviation (Scaling), or both
scores and t hMa»x, mweirteh fam ebtnra one for no

transformation (fsomuihensewshyoppipone)d it® a

After each transformation, the caretd®)ckage
for each ipremeasdn@r eombi nkaitsi omal cTuhleat echdo iucse
repetitfionhdg-vaeatod@ti on with three Tkmpembdri ons

of neighbours is used for the next step.

To assess the resulten wekeevasuasaemphehupred
with up to 15 origins perotegtndand samml eTh
to evaluate theirmrt NNl fikdryetcoaks tamasoagd snhohg da
incr.eaBesr different error metrics perform t
( MASEBHyndman & KoeMéam, ARODOIGQt e Scaled Error
Sqguared Error ( RMSE) and Me an Error (bi as)
Regressi &aR|] MAreduvExXponenti al Smoot hing. We ¢

widely used by thewhoacdr alseaad gt @ nwe rrtoanimre nd on
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Final lcyondwet an experimental analtpyoicessona@

transfor maticemtrs magcivfsi salally ng.

4.3.5 New Features

Promotional data includes infandateanunbsusu
presamadedi splay. We defined additional wvaria

as promotions might aff-pcomaetoinsnalearnp éHeilea ddseo L

Nesl in, BeOsli7vdes ,s ewmes onansifdert ors and speci al
items. Additiomel ateaturwyesarar eaeekmef the mon
promoti ons, fitntmd fwierekt odnd promoti on, t he we

promotion progress oweeak spradamodtioifopmisct al 5d a twd
features are relatbhd totdisdbsobaeanandppli med
|l agged di scoudhday Ast sa,dshleatdbfahcul ates the
weeks during which a pragmoctliuodni nrgu nasl |f letrh el sees s

NNcapture more compl ex (iRdmamatthams& i Muylhde rsi

With this extended dataset, which includes
Centring amdt tseal omgcast. Feature types are
(e.g., promoanginng rforgoamsls,to 5), ahdr Gooni nu

day pr owmekisdn

4.3.6 Feature Pre-Processing
We investi-pabeedsiongrMex hGdea )iMoamsdc oz e (see

Equabi,onby splitting each tCensfomaasi ani dry

mi ni mum or the mean) and Scaling (dividing b
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Prperocessing, al soacaltlaendl amar malaicgatcieord  ori st
detesctiimmdgarities. E. g. arti-pnaedead sinnegu,r ad e nnte

scaltiongperform pa(tlteecrunn,r eecto Bapli .r,edlxT9&)g t he r

f eatktNNe wi | | use t he f eatiawveer s eft e ehtoumrog ewmielolu stk
the same i mportance. However, this homogeni s
the range or standard deviati on. For instanc
deviation wil/l MieMauxn atf f @rcd fear nbayt | @ ns cloute en

standardi sati on.

& - El® & - EI®
2AT QA - A - ED

nZ

w

Equa#i omlanx nor malLastz)j oha013)

& - AAD
\ 3O0AEAO

o
Equabi-sanore stafdandizsa2Od8)

4.3.7 Models
kNN regression is model ess; howekyei s tslkeé eop

individual ly f eprr oecaechs i intge raf podl nddb-\neprinoesd snt@ oln0 wi
repetitid3ddnaneowgerhrbolur s. Afctoenrc Ittuidked detxIpies | umemed r,

could be narrowed.

Each i1 tem wil!/ consider a different subset c
opti mal number of -mrea gensbviunrg tfyope.ea@thr paxper

caret package, usikiNgN.Eucl i dean distance for
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4.3.8 Evaluation

For our explogeaenemet riwes used by practitioner
Mean Error). Furthermore, we bel i evebaesvead uat
onot her algorithms i s necessary. Weo rc ad accuh a
combi naiNiNord oo fegasedt e pgsieng and al gorithms that
to produce a forecast (Napve, Ex paoamde nARIaMA Sn
with automatic paramet er cuaa kddNl asteinosni )t:i vihte

processing.

MASE checks the accuracy of the @tgooiéhmhe
observati oan@dendbtetetim@ fToherc,astthefforecast
Q ® 0 The scaled erqruad aimsh d édfei Mednadfbisw| ut e

( MASE) QG s.

. E p
n Q — =
B 3 w s
Equaé6i osncal ed error

The symmetric mean absol ute [Eagruadntomnmge error

AR
of B _os
a S IS
C
Equat?.i snMAM&Kkr i dakis & Hi bon, 2000)

Bi ass cal cul ated as the average amount by whi
pred( sEqeua8).i omhespite being an unscaled error

changes after each transformati on.

Aver age Rel ati ve evaluati on i s calcul ated
homogeneous treat megbavyydenlkd a&li FVielcaddbdghel a)y

to differernteterufson arkMdNtEa t dee, mean abBgqoautener

113



PhD Tharilsos Reoddura2€gduoedzeA p rni | 2026

9; it is possible Eqgqudk( owmiee e gRel MABbas DbDNH t
Ethe number of ibbsmevaeBbas),00f stnhebaen absol ut

error bet weenkNN tfuoarle cvaasl tua@fig@ iassdeetaiene sabs ol ut e

bet ween acttulad wtadtuiest ianal forecast i,from a wu

Oled— W W

Equa8i omean Error or Bias

B W ws

00O :
€

Equa®Mean Absolute Error ( MAE)

OLQAYQaD OO | R

Equal®DoAverage Rel ative MAE

Using the gperoaneitdea < andfaari rc domemdcridmmedy kkt her al g
across overtshieontsest stahneplreolwhenng wuosriingg n . One
relative error metrics is that results are |

resul t from ot her metri cs.

44 Experi ment al Resul ts
To il | ufsitmditreges Wwel | di scuss the results for
the 60 products. Forecast variations are obs
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4.4.1 Results for the Individual Case
Webegin presehtsnfjor a siagkepreBmgogbiBdmobar

k-NN r egressi on ffoeratsuarlee st onhnesnfo dursmantgi o n

We setheptarticular item from the dataset that
promotional. Promotional discount arbeedarweefnr om
240 anbn3pga6omoti onal weeks,352a0 esnirtasnnge fr om
Tabllée Summary of results for the individual <cas:
k-NN SMAPE MASE ME
Centring NO  z-score Min- NO z-score  Min- NO z-score  Min-Max
Max Max
Scaling
NO 0373 0.372 0.378 0877 0.872 0.897 -555.886 -556.111 -555.094
K.NN ZzScore  0.300  0.306 0.589  0.609 -78.692  -95.504
Min-Max  0.303 0.300 0.624 0.595 -99.461 -141.314
Lin Reg 0.333 0.636 21.523
Arima 0.340 0.738 -558.454
ES 0.436 1.010 -660.300
Naive 0.591 1.215 -425.600

We fi k&Nt boat performs Aut oAri ma, Auteo Ehemd N
using-scmdcel zng tran$dllrfmatHoowe v(iesree we f ocus
situati on<enctormbnigni amgd Scal i,nwghesni nfuel attaunreeosu st :

t ransf psremaotnidomMBxam d f i nal leynb ewddiahll eraso e(e? .

AKkNN regression withdéeutgbdbiye arhofosrema tfioounr (nseeie
predictienQ. SMBAPENnd=-befgrac¢is esagnt BAives age over tl
for al | orilgNMscamBryotnadaipteyur e astreendendmpn

predictions, which s hmpmwo md tmoasnparlnooaatidi aommae bpeetr

Mi-Max transf drimgatBiben t eseeaptures the promot
300% andlaBliawaedds better rebBNItregtbhasi per Wi

feature transformati on
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Finall y,cowiet t ransHiogPag ivwen haswe a final set
| owest erxold. IGMAPME] Biad =a | argerk=l)mbeThef
forecast returns to the meg@pmomptdi dbrea&lo mp s r ima

di fferent origins.

UsikiNgN wi t h no f eatFurgdyterpamdfucrematai ean mi | ar r
for promot ipornoadotamchahomweeks (weeks with no
processing, the forecast perf@mrmsnoai bedalt ewe
separatel y. Flihgh Bf eocraepctausrte s( stehee pr omoti onal ef
al so dependentk oBt Weh@eo rcehoti t@n Dff or mati on (s ec¢

k=21, yiel cdiomgtamtalvmd sutep rfoomo tpiroenda Ic tpi enrgi ondosn.

N Discount Sales = RO1 = R02 =—R03 RO4
RO5 RO6 RO7 RO8 RO9 RO10
RO11 RO12 —R013 RO14 RO15
8000 30

7000
25

6000
20
5000 P N
4000 \ 15
3000 ‘ ! \\
| ! ! J 10
2000 ! ~
5
1000
0 0
@ D © © O O © & O O O NS S
F D DD DD DD S >
& & & S & & F S S S SS S
S E S ST
S FSSSSSSSSTHSSSSHS

Fi gb7klNN regression (15 origins) with no transfor ma

Results for an i ndisvciodruea | dMmacda sidiams uggmemes et @ haw
contribution to scal i-Magx t(hvwaint hc emd mrti rnigng aaardd t

bettesrsctohmen (mnnly scaling).
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Il n addit

of range.

interval
|l ess than 1,
I Discount Sales = RO1
ROS RO6 RO7
RO11 RO12 RO13
8000
7000
6000
5000 r N
4000 \ \
3000
\ ) I

2000
1000

0

F F &
RS R GERCGERCGERY
SO LA AR LN A M
WY @ F W oW 9
S & S S & S O O
Fi gb8kNN regression

8000
7000

6000

5000

4000

3000

2000

Fi g8 9keNN

on,t hmecdoanisd ean mthh adtotmhMe-Ma X r o m

For-Max sttramrcsef, ortrhat MOm ensur es

On -4 ther wit enbed diafnfde r ean tz

resul

t s

t er me

ever

wh e

ma k i n gr anhgee tlraarngsefro rtnheadn vbaerfi oarbel .e

regression

— RO 4

RO15

30

25

20

15

10

(-MBxotrghebédPr mat hoMi aver

30

25

20

15

10

feature

(1 5s coorrieg)i ntsr)a nwsi ftohr nCaatriean (ozv er
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This effectthe ainmpemrl taa rgcee

when comeatesty

4.4.2 Centring vs S
To answer

caling
t he

previous

nei ghbour s.

guesti on,

of bi nary

we

vari abl

begin

e ¢

e\

of Centri

met hods.

Scaling

i n ter ms of t he us e or omi ssi on
transformation) with the selected
Tabll7e Evaluation of centring and
Scaling Centring NO z-score  Min-Max
NO SsMAPE 0.491 0.491 0.491
MASE 0.978 0.972 0.977
MAE 335.993 333.731  335.699
ME -103.361 -99.750 -103.948
RMSE 419.649 415.694  418.648
Z-score sMAPE 0.475 0.476
MASE 0.919 0.928
MAE 308.756 313.461
ME -63.792 -65.020
RMSE 384.326 394.731
Min-Max  sMAPE 0.476 0.475
MASE 0.926 0.916
MAE 312.452 308.596
ME -64.797 -65.774
RMSE 392.728 381.923
Tabll8 ANOVA table for MA S E
Mean
Df Sum Sq Sq F value Pr(>F)
Centring 2 0.23 0.1132 0.7053 0.49398
Scaling 2 4.69 2.3471 14.626 4.60E07 rxk
RO Sample 1 0.47 0.4698 2.9278 0.08712
Item 1 8.15 8.1509 50.7914 1.14E12 rxk
Residuals 6293 1009.88 0.1605
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A summary of t he r es ullatbd Riursd inga tuenss eMalixatd teh
transfotmat ophi msal choice for this case. The
the errors more significantly than Centring.

i mprovement in accuracy. We cl ai m mphoatt aSical i

and generate a new set of features tridigrmar di ng

Max transformation, the complete modificatio
is required for opti mal perfor mance.
To confirm our assumptions, we analyse the r

(s&ablPEp for MASE based on the complete resu
di fferent combinations of centring and scal.
are affected by the Item data and theh8oagkkbkn

i €Gentornghe Rolli,afgf Oobgt.hbmeampl e

Il n addition, we perform Tuke&gnbdebdweréd SNDASPE ,g n
focusing only o®scdlhieflreh amagrefsi dvehnecne 1 nt er val ¢
di fferentéelbséectedeaenng &ptiil dns i f applied, any o
i mpacts the accuracy and reBug@BerRg@meat nmgg |
same test for Centring reveals no statistice
(sEeegb)e A compl ettdhCGewvtald iurag | @amd ioSicail Doyl @pt i

19
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026

z-score-Min-Max  NO-Min-Max

z-score-NC

95% family-wise confidence level

——

T

z-score-NO  z-score-Min-Max  NO-Min-Max
1

FigebeTukey

-0.05 0.00

T
0.05

Differences in mean levels of Scaling

HSD

95% family-wise confidence level

interval

FigteTukey

-0.02 0.00

0.02

Differences in mean levels of Centring

HSD

0.04

interval

Tabll9% Tukey HSD interval

resul ts

results for Scalin¢

results for Centrin

for Centring

Term Contrast Null.value Estimate Conf.low Conf.high Adj.p.value

Centring NO-Min-Max 0 -0.00516 -0.0337 0.0234 0.90600

Centring z-scoreMin- 0 0.009d -0.02D 0.0406 0.76600
Max

Centring z-scoreNO 0 0.014% -0.0141 0.043 0.46100

Scaling NO-Min-Max 0 0.053® 0.029 0.0822 0.00003

Scaling z-scoreMin- 0 -0.001®»  -0.0328 0.0298 0.99300
Max

Scaling  z-scoreNO 0 -0.055D -0.0837  -0.0265 0.00002
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4.4.3 Scaling

matters for the promotional case

I nrocwase stadg, mtaattuedson different scal es

percent

ages, bi mady opth@emotiinan cfat @ags, i n the

di s tbaansceed met hkdNdNs r e gocuenssacsad e dr hagdhe f eatures

or price) dominate the (Euclidean) di stance

varianc
al gorit
di ffere

promot.i

I n thj s
restore
influen

magni tu

Anot her
transfo
a diffe
by a ra
transfo

met hod,

Mi-Max e

ot her c

e (promaethiedd dummori,oend,mdobrot kel £)ss. Thi

h mé& i mbttwaoe acdr anso r ee swewiktsh od o resgaabruat b Is e

nt promotional configurations, undern
ons.
wvweoekved that appropri atax ¢ aalnisrd @,r miat

s a more balanced -apgrdsepaagdowvnariadb

ce neighbour selection in l i ne with
de. I n the promoti onwiltIcomdsexdct ttha st
merical feature but also a modelling

t candi dat est hfeorj updrgeedmecntti otnh:a ti tp reonmtodt

play features shaomdng martdwirous aodaeddani

0 b s etrhMd tMaoxxn tirsa nispheartrf nmartmsonbetsstc®mr et ha
r'vieatolmser ve that this i s becawse dfast
rent i mpact on binary wvariables, incr
nge of 1, so a divisiontby htahMaas tMa md ¢
rmation, I hbeaeastagdat,dswe nga@iadgimmoic&rea |

requi r esi mpovatya i eoe ieagfulagdils e t he

nsurbeisnatrhyatv aarlilabl es r et ai nantdheailrl oomsi

ontinuous variabl es tthes ber enappkrids t me &
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instance, tphatduchampi ndheashelf from 0 to 1 |
moving from the minimum to the maximum disco
semantics of psriomndtairanayl afmeoatgumers . afdpeatddi ¢ i
transformation might appear more natur al an
val ue, | eaving the features invariant when [
for other featduwesdecdrnmdiechauchtehast aadar ahdeki a

mi ght be dnaogtesdasy tpaactitioners who do not ¢

4.4.4 Benchmark over Statistical Algorithms

To finish the experiment , kNN cpoenrsfiodremma nicte nves
statistical al gor i twhnestkiNéNrhcea mp ulrep olssee d sf dro parst
forecasting by compaoihgr i otpt ipemrd.or Wieenc e n wi
processi nk-NNptiMam fcemtsciahgnagndand four al g«
Regression using the ,sadi@saoieiangreutvematbir¢ HAE

and Napve. I n addition, reduboepmateoocampweed

Tab2oe Aver age RleNMtvs eotElreroral dor i t hms)

Data selection k-NNvs  Average Relative Error
SMAPE MAE RMSE Abs. Err.
All Weeks AutoArima  1.048 1.054 1.050 1.403

AutoES 1.056 1.084 1.070 1.731
LR 0.896 0.874 0.858 0.959
Naive 0.949 0.979 0.936 0.938
Non AutoArima 1.007 1.001 1.000 1.196
Promotional  AutoES 1.015 1.033 1.025 1.549
Weeks LR 0.902 0.895 0.885 0.963
Naive 0.919 0.945 0.900 0.957
Promotional  AutoArima 1.159 1.211 1.176 1.968
Weeks AutoES 1.228 1.328 1.267 2.119
LR 0.680 0.657 0.624 0.803
Naive 1.083 1.159 1.058 1.208
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The evaluation is performed by comparing eac
by each selected algorithm. After usTalgl @ he
2D for s MAPE, RIMENE mrmels eMAE, competitive r ec

Regression with the same extended dataset, b

The main observati onkNN atnhda tL irneegarre sRseigorne snseitohn

withweries algorithms at this stage,f o we e

future experiment. AK-NfNi noault pelb $ ®mr W&t iLoinn eias
promoti onal peri ods.
Il n this case, wecewhadwualtevar pge@bdnott & ghreasdesda o h a

tismeries algorithmspl aunsniendg ponojnmowit iomed ta nihe cau
i nf or matrieocne nath bpeass tt o produce a forecast. Son
an annual plan with detailed infor mati@em on

k-NN can tevewppert demand planning.

Finally, it is possible to check the relatiyv
dat a amrdomootn onlaut pwirimdmore considerabl e un
onesF{g@PRPe Promotcomplb e ekastt hxe&lNN @medi ct i ol
are required to redurcederftoirfecator aamna&dtkitmg n o §
outperforms |inear regression after removi n,

such #HdHasARARldCstepwianne i In@lreowtei dn,near regressi ol
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Average Relative RMSE (k-NN vs Autc Arima) Average Relative RMSE (k-NN vs Auto ES)

o
"

AvgRelRMSE
B

AvgRelRMSE
[ P

=T L L
' ST

G N P G N
Data Section Data Section

Average Relative RMSE (k-NN vs Linear Regression) Average Relative RMSE (k-NN vs Naive)

.
10- ‘

w-|T|i|g

AvgRelRMSE
AvgRelRMSE
9

=
in

0.0~ I
& N P ¢ N P
Data Section Data Section
Fige2eRel ative erkMN ws s(totihbeurt ialng doroirt hms) f or
G=gl obal Nd-Rt @amo tWeerkal and P = Promotional We e k s

4.5 Summary

Il n ¢haptewe eval uate t her oaongosngitan gadi &fc eadptipwe roea cphr
f oret ai |l fTdiree d a @ reiNEg tuatees t hat , by design, i
defaul t, with the mastorce mdadk Mp@ineTiiloirdnat nc
resefaoclcdde wmi | ar, appirrogacthhese two typical tran

application, understanding the contribution

scaling phases.

|t i's observed t hdteadaac wrnasicyd Ihienn gsseelnescitteidv ed its

despite the |l atter notltbdisnql| cov girdeais fi b rete It itos
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eff estad ionfg, mdepedsdi ng @mtdhveairri aibmpea ctty pobne t h e

number of neighbours.

Scaling featusee gkNB naamanidat o WMlax dasae,sftolmena
provcdmpl ement ar yWea cocbusreacvye t hapr @shdrsv etsr alnisn
vari.abNewer thedteslsgc oax péryesvimesanitsatlat i sti cal ev

the results differ between the two scaling n

Featupeopeiesvmnlgves feature transformation an
al applbiyed emoving highly correlated features
irrelevant (or rescale more relevant) featur
feat ur eafweeichtldtl stfloe e©ast he oéeheor aodt ait hed w
series algorithms make it possible to expanc
e. g., il ncl udi ngf eauttwrreesgrtecscepronrndedfloe esalre
promoti ckiNN S @mé ( &Quat hi toannsi & Grhemec,c els3GF ) |y a

t hi s aprmpaonmoeatcahi It of or ecasti ng.

Anotdcdentri bution relates to noise h&NNI i ng:
forecast r & madureg ihlgabrag e-payrodmon o ron a l periods de

ori gimnemlainmdat i ons of t heksedarébsh. i mits for th

The rewsuddasatt k NNO6s performance depends not

also on how tempor al i nformation and promot.i
This motivates a deeper i nvestigation of au
nei ghboukwhendd fsozecasting promotional retail

aspects
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Chapter5Au tree g rsoas ot
t he Feat ukMN Ve (
RetRaridmot i1 onal
Forecastil ng

51 I ntroducti on
Chappers4«NNedegnasviaml e, interpretable alte

when appropriately pre processed. However, i
depends on how past oqobarvatciudms | gr evhin epr d :a
events ar e & hcehoodi ecde, oafn dn eokng hTbhoi usr hcohoadp tseirz e nv e
design choices in detail fnoort i pmrgo mohtaito n@d e ddi«

promotional weeks are {pegomodd owmradt avetetkan t ho

|l n athaptwempl ement our f i ndi nbgys oobns efrevaitnugr et htar
is more relevant than centring, and we answ
feature vectorsewiitelsc wvead gquengsr 6 v ene prédeceéei ve
evidence tphmatardelhearmet adet er mi ned by using an
the | ength of a pattern thdgtAQabhnabe &b€eowed
For this experiment, we include amwa&yttomegr e
number of observed prhemdtita@an AY @mlsd@mp tomhaes ody s

weeks andniactugdespromoti on.
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Thi s chapter C drmtei nuaese adeatl yssegptagt i cul ar at
preproxzredésiitng i mpact on thenm adrad @aa swti .t hWd iam a |
about promotfiions, descd upgt inge a ag u rarbf eedst atichea t

vector

We bédygimdding | agged versions of each varia
|l engadh time. The next st,epwmadio vieisghtlhye bdomm
with the discoapti mde sdenofflyagbed variabl e
var ysttehpe | agstasLetheuswumblee of | ags that mini
tis enough to detect t he ®lkeicfetslsaagh gi nstaol etsh ep &
recognising that re¢éntulaggedi dat adteearpm bapr

forecast, wlpirohmoits otnyapi d alr eicrmast i ng.

The next partiaoavothhesexpelaorgmmssh ediofpfterneant i
|l ags; we exkiNMN ncea nwhceotnhpeerns at e for the | ack o
of neighbours when mor eFilnaagdeyd dvet & i &r e hien ol
for each case using the numlardi o) obhggeded
di fferent swhesihte Wes amaoasl syiskel e t o predict pro

only past-cpcomonladmeglged dat a.
For error assessment , we uUse S MMSPEBE sas tthhee aevre

bias (Mean Err @mr) moy i amamtl 9 mntdig ntofmle peri ods s

The remaiaohlaeptseombr gari s@ac taBdifsoclulsoswess. t he wuse
datSecthi.Bnesents the 8gptr olepoltrteslseusihtgsn,. Sect i

presents benchmarking against other algorith
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52 Promotional forecasting with | a
Il n promotiopnpaldemanecasuiahy yf é aphabpvpamot s loor t

pl ungper,omort i on spi ke, usually -premaodesanemt s
foll owed by r ercsowgegeys.t sThtilsatp attheer most rel ev
promotionah théeebatteene or two periods, esp

repeatMachi nappkacatngns for t p-eassempromac h(eisn)c
regul arl y usecduwgateida bsl aelsdr & soa ncdbyprHaewieag s , et é

2025)

When mbahges occud4 agdeadkdagmnr scsaptriur e tshe mai
Empirical wo roknoam omet aihlows t hat PpPhemmai onpt
effects are concentrated within a few- weeks:
promoti onal pltwngestehatner etllde n $si resxtp eacnt e ds & ch
demand already encode the basel itneer nplcuosn ttihneu i
or change, which also appRl MAsmwbdebemr educimeg

ri sk of overfitting.

RegressionXmaoadelARI MAually consi der promoti o
variables.d ¢dn lthgesed moal es t er mst earrne di ynntar noi dcu
(promotional-pebmeti snahdckoppasgesal applicatior
for supermdntlat r®sWs i ct autoregressive and d
mor e tlhaagns)2 when there is no s,trroelgyienwvg dreorc
promotionThedr naklemgfessi Yatleadoriegfast error
degr a-ds aonpteef or mance. Therefore, promotional

| ags are generall y-omdee po(bGheeonmi [@2h0s2 4 ;i .cha ,h i egt
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Al t hough Kk NN i s emanwiipgahralneggedad ,i npuwts mirro
trade offs seen in regression and ARI MA mode

i mpl ement edpd ok(adWaee t 2 feknna&€th albser2@t7)on i s 1

a vector of haggdeddoawailsoesd @amdt hi s | ag space
recent | ags focuses the distance metric on
short term trend) around promotions, whi ch
resides i n mpommodasoanalri ven series

By contrast, i nespdacahby mahgn!| agsere ,is no
rapidly increases dimensionality and sparsit

measures and making the method sensitive to
are irregularly schedul ed, dkstuanat ofagsomot |
non promotional weeks, providing a poor basi
For k NN promoti onadf ofroer ematshh o dha@l, ogiitcail $ ytil
regression and ARIsMAshottratonei goowps iloags i/
combined with explicit promotional and cal er

|l ag structures when n(ORisgompd el sse,asdh22d)i ty i s

I n addheéeéienhfect of a promotion onrsahes th@i
remai ni ndhepaet aot . promoti ons & eicnortdhse af iorpsrto
days), driven ibrycrheganad spwirtachasneg,i nci dence,

a short phase in which the el ewadtddd ibom@ad e lsa
momenthefmor e gaecehasate as idrowBahdeartiae sa naarley sders
stockpiling further indicate that as consume
subsequent pudehradbasams e direanepdoss aatrieh i d e d o me

consumer s wafrtart etgh ec anl d yt Faotrt rwahcot|i evsem ¢dearaslt, a ialn ¢
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categories witrh hliagrhg es tpoarcakb isliizteys @ hi s: patt el
astrfoingst week | iftreoimioua@eimt uwo awedlsivoenlker sa
adjust their st odcekcslginmaen diontwem oai maoksedhave &
(Ail awadi ,.TrefsianldrienighsD 6& e ftthe wsing only sho
promoti onal forecaskNMGQgf amordell st i(cerssp)e ch ead d s @
adjust memt pr omatpi omo memu iulmd and subsequent
satisfaction) wunfol dss awmdri kaellyi miot ébode hcarpit zuan

di st amnl ¢ agsseasonal ity is present.

53 Experiment Design

5.3.1 Proposed Method
| ®RNN ti me series forecasti(gr @agid migsdy Vatt

vector wdl wefog 8d, anfduttwradewea eids cted from t he

with similar recent hi stori es.

We propose an experiment to evaluate the sel

changes in the datasetFamdpit bdmothiuonbalr 9dl e,
number of | ags focuses the distance metric o
of the wupcomi ng( Ag wndoldaicoi noasl,. peetr iaold. , 2019)

The number ok nei ghbsesewnaslutdatg momiomisse t he r
sqguared error (RMSE) . Neverthel ess, when <c¢h
sensible the promoti omakNM oOoemmwsttes sa f or ec a
the aver agromatl ies nprifo mmtdi ciroandl | sve e k s omnvweetveelry, w

assume that prprnonmatoincan ala nwe enkosn mi ght need d
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Il n this ,exweer iomdryt the original dataset to c
computed fesbomeebatg\gedredalhuwedae.ssse,s tthhies quest.
many -raeugtroessors are aecquaaeéyl how 1 mpsenmndfect
predi cteindiman.ceTa hep ed aftarrli itrthgnh'as | promoti onal

assess kwaethersel eat ed avi @ancr d®s i nstance, u

based on opbrsoemmovteido np acsytc | e s

4500 30
4000
3500
3000
g
@ 2500 s
© §%)
“ 2000 a
X
1500
1000
500
OOOOO @QQ@ O o O O o O «H o « Y
@ ? 229 @2 @ Q@ o o A G o o d o
8 9@ 9 = ¢ Oy 9 9 = < Oy 9 9 = c
caf g2 3208¢$3320ad g3
8 8 883 8888838388883
B Discount Sales
FigédBeAn alternative approach involves considering several

new ones.

We organise the ewepeudanedtgiienad ffelpte@awmesi dmaln
(ori)danabet, adding only | agdfead obasldiheaspdfeorm t
4, tdlad eexeénti bits no seasonal or trend patter

predictions withoeuterooemspbohagtessential ti me
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Refining the lag vector
wUse of lagged data wUsing future marketing plans

wAdding X; t0 X 15 wHow many and how far? wFeature vector is extended witl
lead marketing variables.

Model assessment

w Error metrics chosen:

wBinary variables are ommitted t 1. Search optimal Ones; 30
prevent autocorrelation.

WSMAPE

2. Sliding: %, t0 X4n wAverage relative errors vs:

Extending the feature . . wAUto-ARIMA
vector Adding lead variables
WAUto-ES

FigedeA prpopacseddire to add and utrestvelcagged data to

Quexperi menproposves ef oluag /slteegpdsed dote d teasmah if 0O e ¢

(skeiegtXx e

Using the qriwel emgifedavaseabl es to each .eel.eme
sales from AR(1) to AR(15) and | aghjedepepbomot
as some of the pirofalrglgdorf e@y@nricepsntarneuous | ac

<

variabl @soi d afut omolr aglil A1) .@In$ a g

Af ter i deompttiifnyailn gnutntbeer of | agged variabl es,
the available periods -steorpdeést er mi teanwlbet hiedrer

mi nilmagdged dat a.

Finalfliyx wkee number of | agged data points at

mar keting data (| eoard ndoartea )p efroirodsh.e next 1, 2

5.3.2 Case Study
Weconti nuedautsasnggt tithseed (fraperey,whticenbt pydge 1:-

weekly sales for 60 items. ,Earcahh giotmegnd 3h atso al
obser vAagtaiiloen,smiai n effect i s the ITapblhbedte sopfi tper or

t hese beihnegs sactthiavne 20% of the periods.
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Two relevamtt aspeataset are the number of pr
weeks a promdtsongmayproduct mi g ht Hawe up

Fi gahlowevere mhan 50% mrfe tdre tiwe msr dirmostei on al

Another 1 mportant aspect i's the rmumglbégdre of W
Promotions might run from 3 to 13 consecuti
cycles (156) | ast 7 weeks. We consider that

opti mal number of | ags to use in the feature

Promotional cycles per item

20

15
: I I I
0 | J—
1 2 3 4 6

8

Total ltems

&)]

Number of promotional cycles

Fig6bi stributitohmeuontb eirt ems pwmy moti onal cycl es

We also explored the number ofavawekweEbheauwmt it
pr omo.t iWen d4f baitn da p rwoaduupc tt omilglhlt week sr dtedom®e. a
FigeaBhows the dostr igbpaortosnoontvenefk al unt i | t he prc
t o pr o(mbraistosn f i r 9.t Tphreormeotiisonno predomi nant p

the ateopotomotovwvsd fweeks

The data variables for this study included:

(i v) Promotion indicator; (v) Days the prom
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indicatoghel(fvidi)spPnay i ndicator ; (viii) Pric
ignore the product category in this experi me
For al/l products, prhhimpadensan nif)] emieeawphes

setomprises 118 or fewer weeks, fdepealddmgt em.

this expertesntset Jiasnwdii ketbet evaluweéeklsusing

By using a rolling origih, pwef.exlpheat ¢tertaol no bnsg
shifts to the right for each origin, I ncl ud

which error metrics are computed

Promotion length (in continuous weeks)

90
80
70
60
50
40
30

77

Number of cases

20 5 1 7 6 8
10 3 1 2
0 mm — H === .
3 4 5 6 7 8 9 10 11 12 13
Continuous weeks a product is in promotion

Fi gé6leength of promotional cycles (in weeks)
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Nonpromotional periods

Total cases

q’L\ 99\ \06\ X)\’b\
BRI E o

N N
o \%.\’6

S S N S S S ST\ Y A WA S L S T AR
Ok T g @t @ gl @ v @

Continuous weeks a product has not been in promotion

Fi gb@7leengt hp rood montoinon al cycles (in weeks)

We conduct this experi méegRuhnsCagpB8poewsetdr ehap

mi-max transf &gmab)i oims (tslkeee bestpremptriocresfsomgf e

case, so wtr andofpdremdatihos for the expecalmesnt.
all f etahaurseasmd orange, | eaving binary wvari abl
After each transformation, the caret PRackage

O 30). This nusbeg i &ldakndolattd d.n Arlepogt iftoircer
errors are computed-ofsmampéacltsett estlabrdblee 0lo

(s MAPE) .

5.3.3 Evaluation

For our experi ment , we consider an error m e
forecast s: Napupve, Exponenti al Smoot hing wi t
automatic parameter calculation. Thegetj)ect.i

features and the number of neighbours (k).

(sMAREBYy deEgunadi om
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Using sMAPE, fwe ecars tracd saetaigviacatl o valcwoes.t raMABI
error bet ween 0% and 200 %p atnadn taivablh ézedriaossa u e $
addition, we al so c loeekun dfeatr ebasats )s ian ttemed eln

which wil |l be eval uatEeqdu aBsiiomg t he Mean Error

We acknowl edged that sIMAPE tiss hwiBdeolryi oraefcooungene
compet({ Malmisdaki s,, ebtutali.t,s 2tOh2e0o)r et i c al pr o
unsatisfactory, particularly the asymmetry a

near z etrhoe ddueen Weoi araavaa les @ haa t this could bias

are 1 oiwntoe(rGmietnt,enett al ., 2017)
. . i bd0O

00 QY Q | h —.

Il vouv O

Equatll oAverage Rel ative sMAPE

We al so understand that t he gedrerpoern dmentgr iocns tche

size and the number of promotional cycles fo
certain circumstances. E. g. it 1is very |ike
there afeévéopromotional cyclesréonl soareigng

compkiNNNe vs ot her algecessdamsy we GsedantAverag
Aver age Rel ati ve eval lnat igpenmomied rical onelaat elde c
homogeneous treat mehhav yode mked a&H Birdl i dsehsa ix g2e0s1i3n e
we predegRebahseEiqual i owlierse the numbegthbhé& tim
number of obsi®irtva@mjBorsi Wd Oidshoemput ed kiNdNi ng t
forecast, fdobd 0 @eamput etchewistthati stical foreca:

algorithimenmr the
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5.3.4 New Features

The dataset describes weekly sal easndusadndgi ta
features such as shel.f We easdedn clea gagnedd dfi esaptl uarye ¢
considering that promotions might hav-e a dy
promot i onlavlanpeHeieorddse & Weesdawel O 1Y ver si on:
adding an ARQipuv véVett moo ki hleudeal es pattern by
t hat contribute to capturing mdRemaoaphar &

Muyl der mans, 2010)

5.3.5 Feature Preprocessing
The originaubntiengoes v bkrseteerppsr.e prriorcsets,siweg r e me

by eliminating highOyocéBbebabtatd Fahtueses SEc
set of | agged features tahnddi nwai llly, vahy Oaom I
usi ngMaMi nEgeatdi ofnor allvethenxfeéadumeg sal es,

vari abl e) .

5.3.6 Models
kNN regression is model ess; howlgvaers, $telfe ca et
each i1 tem and pr ep roodedswsannogd sotpitd m nwiutsi m3  rléy

ranging ffrom 1 to 30

Each item wil/l consider a similar set of f e
el ements. Our experi menrteluiseess stohleelldyareoatn tphdes k
f okiN N .

137



PhD Tharilsos Reoddura2€gduoedzeA p rni | 2026

54 Experi ment Resul ts
To il lustrspatewetWwel Fiddsogss the results for

the 60 products. Forecast variations are obs

5.4.1 Complementing the dataset with lagged variables of different
extensions

Adding | agged&NWNademabil ey Hiemplksar values (neig
over tweekpsastBefore the expeci wméhimg gee neampe
|l agged variabmoese wawlud ayieelacdnd efficient i de
Neverthel ess, we observe that only two | ags
situatTaohl)le( saMe undersiamdorimbat ohawvbogt what
previous couple of weeksiandubatidc ndret thtetsdi e&e

of similar cases (neighbours) to compute a p

Using | i mited | aegrgreadr daactrao smi nbhonijgegmomo bnah
weeks, i mproving accuracy .whA ns epcroendd ca b sneggr vpa
increasing the number of | aggedrwkbksrrorthe

t hat further revi sion of the evolution of S

not be necessarystodv blest mfiyatheaepsti malt he

l ncluding onlay stohenofti m®hceotmmanganalealt.i ng t he er
promoti onal periods, weunfsifA® Rtdxa3t%)a isse cfoonudn dl
sel ectil m@sdtee)mot sothar opt o(maMA RRE4 o=B &% n g
only t@ohdl pflse connection of thetyeVvemblkthags
of a prnomdthiisnHoaweawseelty t wo | agptare Eho®apght't
Fi g@®len angufcianssleircegnstr ained by the nature of

to the characteristics of tolue piresduiddtastoen st laast
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|l ags are sufficient t o cparpanuatei otAbad o rpaatt it cea enl,

peri ods

Il n this case, the swictohnds elvoecnall angisn ioniu nt hfeo usnid
suggegitdence in favour of | onger |l ag struct
promotionavatasal ¢éhaar at most half of the pr omc
weeks. As a conse@lénde nafytraptrdosndwea roiaselses r
to one over -wtele&k ewvn tnidroew, s eswe 1l hmagtg etdh & ecad rurrees pra
di fferent weeks wiatrheiam|ltyha dssaama cparl o nfadteisqpn t e
di scount) . | nk-NtNh iad goirti u &htmi dre,ndishe o sel ect n

di fferent posd enghbémaofianmiss fs$ a@mel l-sya mprhper ofviitn

without necessarily enhancidigsttibreatme dpt b mo @i
Therefore, we interpret this second | ocal m
duration pattern, rat her than substamtni ve ¢

dynamic window are benefitcriadddrilimes | éd meé e wa t
promotion effects, wkagestpeni dipatsiomoasoonsr

treat s-oactehi gmher-dhaepasdeantarntd not robust t a

Tab2lle Average sMAPE
Dataset includes | agged variables (Preamo, XDays, Feat ur

Global Non-Promotions Promotions

|

1 46.1% 45.4% 46.2%
2 45.1% 45.1% 43.2%
3 45.8% 45.6% 45.0%
4 46.6% 46.5% 46.1%
5 46.7% 46.5% 46.0%
6 46.4% 46.0% 46.7%
7 46.5% 46.2% 44.3%
8 46.9% 46.6% 45.8%
9 47.2% 46.5% 47.6%
10 47.8% 47.4% 46.9%
11 47.3% 46.6% 47.0%
12 47.3% 46.6% 46.4%
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i Global Non-Promotions Promotions

13 47.8% 47.0% 48.3%
14 47.7% 47.2% 46.7%
15 47.7% 47.1% 46.5%

Average sMAPE w/6 lagged variables

50.0%

L
o
0,
< 48.0% . A
0 460% WAL
&  44.0% ——Global
:% 42.0% Non Promotions
40.0% Promotions

1234567 8 9101112131415
[

Fi g68Gianges in Average sMA®HXwhen |laddiengvalragsblXxs (incl

Results for an individual it em

A randomly sel eatteodgi mAMNW duetast emor each ¢
how he al ggsitemat i caprd ymoftoroeads oawd i cmroanl we

di ffer amtfloy.malthhreon provi ded for the previous

t he gradual idrectrheea sfeolilno wsiangesweeks and any | i
evidence and pmédwironadg i mmo rho toimo n a | cycimes. An
the forecagtkFiig® Oelvean | abdileg only two | ags of
(including | agged sal es).

I n addition, t e orwsl Isiomge «aroingii rs teefnfceycti n t he
nei ghbours remain unaffected by ursecnegn tund avtaar,i

al gorithms.
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Item 12- All variables and two lags

4500 30
4000
3500 2o
o 3000 20 =
@ 2500 15 3
& 2000 3
1500 10 8
1000 5
500
0 0
[ee] © [o2 )] (o] (o2} (o] (o2} o O o o o o - —
o o o O o o o o — — — — — — —
S d d F © @ ©6 ] d ¥ ©® ® 6§ 8§ F§ ©
- - o O o o - - o O o o - - o O o
K ©H O O W W OO O W M O MO O O O O
o o o O o o o o o O o o o o o O o
Week
Fige9eExample of results for the individual <cas

5.4.2 Original dataset and lagged variables (excluding all binary ones)
Some promotional vari alflabadpearaendci grhd yofc otrime |

(Feature) is used in I|TeashaPBet hWen QCORs iod e p r toma tt

binary variables and | eaving only the discou

I n this section of theaegeepebi many, vaei akimes
continuous ones to &Gecubeynshetut dr matichhbaur

dayspnagwdom | ar di scount s.

Tab22e Correlation Matriix cfoort itnhueo udat(aegetorv driinablye g |

PromoDays Featur Shel Discou
Days (c) 95¢

Feature (
Shel f (b)
Di scount

Di scount 950¢ 92¢
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Tab23 Summary of values for promotional weeks (1197

Feature Shelf Discount >0
Total Records 209 1167 1113
% Promotional Weeks 17% 97% 93%

Tab2lde Aver age s MAPE
Dataset includes | agged variatdieXd (Days, Discount

Average sMAPE

All periods Non-promotional periods Promotional periods

|
1 46.0% 45.3% 46.4%
2 45.2% 44.9% 44.4%
3 45.6% 45.1% 45.0%
4 46.0% 45.6% 46.2%
5 46.1% 45.6% 46.5%
6 46.3% 45.9% 46.7%
7 46.9% 46.6% 46.8%
8 47.0% 46.6% 47.9%
9 47.1% 46.4% 47.4%
10 47.8% 47.0% 48.3%
11 47.5% 46.7% 47.8%
12 47.7% 46.9% 47.3%
13 47.7% 46.8% 47.5%
14 48.1% 47.5% 47.5%
15 47.8% 47.3% 47.3%
Average sMAPE w/3 lagged variables
| 50.0%
< e
s 48.0% S ———
% 1o \\\///—_f\/v—/\ = Global
% 44.0% === Non Promotions
42.0% Promotions

1234567 8 9101112131415
[

FigdbGhanges on Average s MABEXwhemn layd dDinsgc d ulargts, XDay s an
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We obtbtatvee accuracy gets compromi sedTédlyl e emo:
248 nEi gaipWwWe can confirm again that wusing onl\
onand -sttweop) lmaignd meée sersr otrla nidsni mg mi asges t he erro

to any other case.

5.4.3 Fixing lagged data to two lags but evaluating different stegag.
We believe that using only two | agkNN(afn t he

capturing the sales patterns (and a change
Neverthel ess, we atermohoereonnadtthmaghta benge

setti ntghea uaebssence thd ntR)aagged sal es (

We fix two sets owhcbatshmoutabadgedpgdasshegp
t-2a ntéBo t-5a ntb. Filguzds dows al l possiblwhestclkRearart e e
an additional way to include two € oangsse)c utthiavts
can further reduddeid(b@&edderalgewsertrloat usi ng

of | aggeHdiachXlbchod hamot i mprove the forecast a

The only finding is that the erXamXg(isnedes an
Figale which &ngogwésdgethaom 7 and 8 weeks e
mi ght al so help priehttypt c plropmoomonsongduveat i
al most 50% 0 these) h-pr oma@amnidon alhef cmroenc ast d
accuracy from this change. Mi ni mal error is

dat a. I ncluding ol dreendlatsa pmedihet if emad uirmp va

5.4.4 An evaluation of different lags, changing the number of neighbours
I n a final eexxapneirniemeant gpd dvseibleltewetemmaaduesdagi @eam ow

alternative boukamaoymbsientitnign gdsi MhoeHs@enlte dia g sl 5f r
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Tab25 Average s MAPE
The dataset includes | agged twvaanrdinaXbl es ( Days, Disc

Global Non Promotions Promotions

|

1 45.2% 45.1% 44.1%
2  46.8% 46.4% 46.6%
3 48.5% 48.3% 47.6%
4  48.8% 48.1% 50.0%
5 49.2% 48.4% 49.6%
6 49.4% 49.3% 49.2%
7  48.3% 48.3% 45.4%
8 48.1% 48.1% 45.9%
9 48.0% 47.8% 47.1%
10 47.9% 47.1% 48.1%
11 47.3% 46.9% 47.8%
12 47.5% 46.5% 49.5%
13 47.1% 46.4% 48.3%
14 47.4% 46.7% 48.2%

Test set sliding lagged variables of size 2

52.0%
50.0%

48.0% N’
46.0% / TTTe——=
44.0%

42.0%
40.0% Promotions

1 2 3 4 5 6 7 8 9 10 11 12 13 14
i

= G|obal

Average sMAPE

e Non Promotions

FigadtGGhanges in Average s MAPEiawhe,Kos!l iidilng lenl(y ntcwa dli ags

First, i nsce aeracsh ndgrn ttehnes alop f i mall number of ne
redundant . The second observation is that a
i mprove perfopmamoei 6palbomot heonl tweaetk st. h aVveb 4
combi nant ibont h casé&beti wedm Ihawmde30 and use

Regarding kha fchdiecd nafer val is set to five
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| argest .

We

find

of neighbours.

this

hel pful

i nformati on

B

x
g+

=

PRPRPPPOONOOODMWOWNRE|IT

»WNE O

‘rn: M M My M My My My me me me me me me

X2 Xt3  Xia  Xi5  Xie Xt

7 Xe8  Xtg  Xe10 Xe11 Xe12 Xe13 Xe14 Xeis

Figua2Usi ng

Any comb

negati v dalbd ge;s

i nati on

simultaneously

weeks.

Tab2ée Aver a

ge s MAPE

of

i s

for

t wiankiagswi(txh sd iéfnfs eardedni {t el xocne ptto sxal e s)

as

nei ghproaumaost iaonnda | | apgrgeedd cd a

i(mereeasing t

h e

set

of

| agged

f

n ok-N Nt eenad e rHfé cord emavgmsrtVeno t 1 o d at

Hodvee®rnot hihappen f

or

promotions.

di f kemeénltagdg e crrtv@i)l 6 G-Prdmodi cmali c e

it ems

Max k allowed (Non-Promotional weeks)

5

10

15

20

25

30

40

48.3%

47.3%

46.8%

46.7%

46.5%

45.4%

46.2%

47.7%

46.7%

46.0%

45.7%

46.1%

45.1%

45.9%

48.3%

46.8%

46.5%

46.0%

46.0%

45.6%

46.0%

48.5%

46.6%

46.7%

46.5%

46.4%

46.5%

47.0%

49.0%

46.6%

46.3%

46.5%

46.6%

46.5%

46.4%

49.0%

47.1%

46.9%

46.4%

46.6%

46.0%

46.9%

49.0%

47.7%

47.0%

47.2%

47.2%

46.2%

47.0%

49.2%

47.6%

47.0%

46.8%

46.6%

46.6%

47.1%

O ONOO O~ WNRFP|—

49.0%

46.8%

46.7%

46.8%

47.3%

46.5%

47.2%

49.6%

47.3%

47.1%

47.0%

47.5%

47.4%

47.4%

49.8%

47.7%

47.0%

47.1%

47.1%

46.6%

46.6%

49.4%

47.2%

47.2%

47.1%

46.8%

46.6%

46.6%

49.3%

47.6%

47.0%

47.3%

47.0%

47.0%

46.9%

49.4%

47.2%

47.3%

47.3%

47.2%

47.2%

47.2%

49.7%

47.3%

47.4%

47.7%

47.1%

47.1%

47.0%
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Tab27e Average sMAPE for dif kaenmnaenltagaoecdurtda) 6f § or®mdko tcihon ale

Max k allowed (Promotional weeks)

5 10 15 20 25 30 40
49.0% 48.3% 47.9% 47.7% 46.8% 46.2% 46.8%
48.1% 46.6% 45.7% 45.6% 45.3% 43.2% 45.0%
51.6% 49.5% 48.0% 47.5% 46.9% 45.0% 47.0%
53.2% 49.6% 47.6% 47.9% 47.7% 46.1% 48.3%
50.8% 47.5% 45.9% 46.6% 45.9% 46.0% 45.2%
51.0% 47.5% 47.6% 46.6% 47.7% 46.7% 46.2%
50.0% 48.7% 46.0% 46.7% 46.4% 44.3% 45.8%
51.1% 47.4% 46.9% 46.5% 46.0% 45.8% 46.3%
49.8% 48.3% 46.5% 45.4% 46.3% 47.6% 46.0%
10 51.9% 48.7% 47.3% 47.7% 47.8% 46.9% 47.5%
11 52.9% 50.5% 48.8% 48.4% 48.4% 47.0% 46.2%
12 52.9% 49.5% 49.5% 48.0% 48.1% 46.4% 47.6%
13 51.8% 50.1% 48.6% 48.9% 48.3% 48.3% 46.3%
14 50.6% 50.0% 49.2% 49.0% 48.5% 46.7% 47.1%
15 51.5% 48.8% 48.4% 49.7% 46.5% 46.5% 48.1%

OO N O WN|FP|—

Tab28 Average Bias (Mean Error) Average&asMAPEghDedutdaf Ae(é&énobd
Xei) f o-Prdlmaoti onal items

Max k allowed (NonPromotional weeks)

5 10 15 20 25 30 40
-73.2 -73.3 -73.0 -75.6 -74.6 -65.7 -70.6
-75.6 -71.6 -68.7 -71.6 -704 -70.8 -70.4
-82.3 -845 -80.3 -825 -86.3 -79.6 -86.8
-81.0 -78.8 -82.2 -86.8 -845 -79.2 -87.0
-85.7 -86.2 -79.2 -88.4 -851 -86.0 -83.5
-82.0 -775 -789 -78.3 -84.7 -81.5 -80.6
-72.1 -74.6 -79.7 -82.0 -825 -76.3 -82.8
-64.8 -70.5 -742 -773 -785 -77.1 -77.8
-60.4 -64.4 -69.7 -71.3 -75.3 -75.7 -80.1
10 -62.9 -67.8 -77.5 -79.0 -82.0 -82.2 -82.6
11 -68.5 -81.0 -87.1 -89.2 -88.6 -89.3 -87.3
12 -71.3 -77.7 -89.0 -86.5 -889 -85.0 -89.5
13 -79.7 -90.4 -95.8 -100.6 -97.7 -97.8 -100.3
14 -74.6 -86.6 -97.1 -102.3 -95.7 -108.3 -101.6
15 -84.2 -96.2 -103.5 -110.7 -97.0 -109.6 -103.7

O ONOOODWNFP|—

Promotional fkolNexhisldiitngg asspargti cul ar behavio
the number of neighbours o.r Qphpeo ssiettes loifad afgagr

and -pnroonmot i onalr enseuelkis ifmrigpgnicto mbi ned i nkNANr mat i o
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assumes that promotiwhmah aap @amaisiv@tbheo Sies evde el
resulting in an unnecessary buwhleangphr of noortei coans
i's enabl ed. Both sit patoippomsscappeocaanlwanoedt ha

scenari o.

Tab2% Average Bias (Mean Error) Average&kasWMAPEghedutdatf ae(énobd
Xti) for Promoti onal it ems

Max k allowed (Promotional weeks)

5 10 15 20 25 30 40
-0.4 149 36.0 46.5 59.0 56.4 66.5
-5.2 51.3 62.7 68.0 66.7 88.9 76.5
8.4 30.1 45.2 49.7 72.4 735 73.0
-4.6 27.0 459 53.3 94.8 65.1 63.9
16.8 26.6 50.2 69.7 61.1 555 67.2
18.8 35.8 429 51.5 49.8 434 67.1
13.8 36.8 50.8 39.9 47.6 68.7 49.0
22.6 48.3 61.6 67.0 72.2 73.9 63.4
26.0 33.5 61.3 57.2 52.7 55.9 61.7
10 28.5 36.5 61.6 67.7 59.7 84.5 52.3
11 40.8 57.9 68.5 60.5 64.2 76.5 76.9
12 43.9 549 55.0 60.7 54.7 75.5 74.8
13 36.7 61.7 66.2 59.4 67.3 52.5 72.9
14 29.8 39.3 51.7 47.8 61.5 485 54.6
15 40.9 40.3 36.5 50.6 73.9 70.1 87.3

O 0N O WN|EP|—

5.4.5 Fixing the number of neighbours based on observation.
| Fi goiB ewe odsfeirwvietde number of proemoai onagl ey

Il n this part of t kMNsewxopoebrdismedretr, twes sbled w tebveay

the number of net pphponorts omhade n werekdi.

We introduce the following change: for each
number of promoti onal cycl es-yaluisdatgi arh eo nvlay
number of cycles Iis zero. We exmedtghdmuirmpr &

this experiment revealegutihats Eroediiieor mmpagyp iraadnd
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whetohrernot a promotwWweoaobsesrrieemksotniats arheat s ome
aopromotional &6 sal es pattemabl!| endh ed @r innog ptrhoe
Nevertheless, the results show that | imiting

has noanrd ftecgpbeath i-saltiodatsieormriokesfind the

The restudbdgde pymsreatsi gni ficant err¢d8. 2&gar

s MAPE) .

5.4.6 Adding future data to the feature vector (in addition to lagged data).
The final part of the experiihnheen td aetvaasleutat eWe

using a feadthser wectmwmast haaata (lags 1 and 2,
future daop@t it mala.c h\Wee wkersacwya islad eisl i t yni admahbhcay
but marketing decisibradatemavantabheah®#et h n

feature vector.

Tab3d0e Average sMAPE
The danalkedes | agged variablwasndiDays, Di scount an

Global Non Promotions Promotions

[

1 50.4% 50.1% 51.3%
2 52.3% 51.8% 53.1%
3 52.4% 52.2% 55.0%
4 52.7% 52.6% 55.0%
5 52.8% 52.9% 53.5%
6 53.2% 53.2% 53.7%
7  52.7% 52.8% 54.1%
8 52.6% 52.5% 54.5%
9 53.2% 53.0% 53.7%
10 53.1% 53.0% 54.0%
11 53.6% 53.5% 53.9%
12 53.4% 53.3% 54.2%
13 54.1% 54.1% 54.3%
14 54.4% 54.3% 54.2%
15 54.2% 54.1% 54.6%
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Adding fumtheeedptanatory variables shoul d co

pattemalsl,i ng us to determine whfeathemre twwee kg .o
deci dedupt ot ot estweeks in advaNeeer ttleslta sng, sie
accur alcayb3ljles eweodsenove a significant i mprovem

(for promotions) after adeax mlga neaatcohr ys evta ra fa bfl
mi ni mal contpirmumtoit o o,rbeubtr wioe kismpr ovement f or

compl ementing the feature vector with the up

Tab3le Average sMAPE
Updated feature vector (Promo, whay SaldfEwyae/tdelXesShel f an

Global Non Promotions Promotions

i
0 45.1% 45.1% 43.2%
1 45.2% 44.9% 44.6%
2 45.6% 45.2% 45.9%
3 45.6% 45.3% 45.4%
4 45.6% 45.3% 45.3%
As there was no significant i mprovement, we

with | aglpeniPonllay.a: Thi s result msmhaowdsftdorh gatc cl uargagte

predictions. Ot her i n fsohremaft | wre fplreafagrsmtr i€t auls @
perjomisght not have enough informathenatoei d
there is no periodicity on when a promoti on

seven weeks once started.

55 Benchmark vs other algorithms.
To evkekNNapger f orumaendc et, h eves a meo tdhae ra seeltg aroi tahsmse.s

compari sonkMMvefaf sr tthattt er accuracy than steé

whi ch e xntognm cognofippeero m@lds Tah3Pg. ( see
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During prom&iNNoyal|l desek®mpetoniyesrmbsuat st ol
model s, Ewlpemeag i al Smoot hi ngacgeurrearcayl | yn sdwe
However, wd hwartdear srtoamred det ail ed assesskment i

NN reul t he forecasting periods.

Tab32 Average sMAPE
kNN vs other algorithms

Algorithm/Method  Global Non Promotions
Promotions

AutoArima 46.5% 46.7% 43.2%

AUtoES 46.6% 47.0% 41.8%

Naive 51.2% 51.4% 50.8%

S-Naive 62.1% 60.9% 64.1%

k-NN (Lag 2) 45.1% 45.1% 43.2%

k-NN vs AuteArima
1.2

1.15

1.1

1.05

i
x
% ji
0.95 i

0.9

L

Average Relative SMAPE

0.85
Global Non Promotional Promotional

FiguBeAverage RelkdtNi was AMAPME Model s (automatic select

As we undeaemstaared age can be misleading 1 f th
vari abine r oWavee atglee Rel at i ve stMAeP H,o rwehciacsht ceormy
originhwitclorresponding forecast produced b
Exponenti al Smoot hing). Coi ngpaaBrie®ldl D6 f Ar s ma | 1 ¢
better axaomwrsacyoore than 50% of the(upltong@ %o

better sMAPE t hamr oAItMA)n adndc anscenrs (up to 9 %)
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to Exponent i aHi ¢Stmfoeo tthhiinsg r(esleaet i ve i mpr ovemen

nomr omoti onal weeks.

There Iis a pending tasHButonguppembor mnat heee
account for 16% of the produtchoda fedaimdds busg
1. Thus, twe |cooorkt ifrore ways to reduce errors o

fremrrent resul ts.

k-NN vs AuteES

1.2
w 115 W_
o
<
> 11
7]
g
£ 1.05 X
e T 1
(0]
: . : L
0.95
< 1
1
0.85
Global Non Promotional Promotional

FigddeAver age RelkdiNi vse EMARBEemaorni al Smoot hing Models (autc
56 Summar 'y

Il n this exspyesrtiemmean til, aaplgdeyh udsedgir £ swiotrh  di f ferer
wivhrying compositions, combined with the c¢ch

promoti onmrdomantdi mBanlovsasleiedk&tf iecind evretliyf i els t he ¢

when selecting a proper secaastygdynterval (no
We al sokNNndedgqhiates information to identify
using limited | agged data (only the two prev

s MAPE t han kNN\c Iduedsicrg biets. t he shape of sal es

future) whfiarhmateiveerml s a connection with the
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Howeyv
i ncl u
entir
mar k e

peri o

Regar
mawgar
featu
accur

We co

Il n th
whi ch

ori gi

er, a signifNB8aht ndsf thearmeetda @ nd sys phats al e
di ng spaleevy ofuisomhst wo egar dl ess, odaddrkchsest he
e. Fdat aeemor dut ume !l wditmg (t he future an
t)ng mps ae xdoee sisnregti fi incparmotvley t he captur e

d' 6 0 5 Baecpcsutraarc y

ding the feature vect®houwe ©bet cacse stihteyn
ry more weight Haor ciemrdtada mc es,i thuaviimgn sa [
re i ndi-shadglofr ,i mdcidc aatnoronal | together in
acy than | eavimggbhl yesbhmedt beobaehavivbu

nsider feature weighting essential for

e forecast assessmentuytiwlei fippdg yt e @eemr
miha giampeact of outl i esfso.r Aefatcel ootfb niphger i

ns, wwe h & tkiNdNrcloeatftieerm t han ot her statistic

i mprovemekNN.achi eved with

al observati:o-NKNi pr bidiagchpesre dfi ccrt d coans tbsi atsh a

nomr omoti onal we e k st hamd elxpwert efdo rdaua d snfigh ipsr 0 m

sugge

exper

skiNdNNmaywaal so require feature tr dnugfuaremat

i ment s. E.g. a change in the sales vect
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Chapter6Concl usi ons

6.1 Summary

Il n thiwebtelgkywus | i ni ng current preferences, p
demand plfanmmeasdtaardy | ¢fmiengurrent | Pl eanmnat mge
Surveylshe Irietveeradtsuraecademi ¢ i nterest i n exami

forecasti,ngwiptrhancetd rcveastu 8 0 me n.&in@n s forecasti ng

management , familiarity with andansgdataiccfua atciy
However, theysombsestbovethedsdinge | i mitedbby sma
organi sational and membershOtpherquumreenentdof
practijitnisotnecands,itli seegurrent | iterature to undet
academi c .peHosweevcetm o/tetalisdp encatsst are the | ack of
studies ovéerenme, fohespmele tool s, sawdhtae
use obkoopea tools | ike PytadoonptarngR,Mawihtimear
met hods in the | ast decade.

The survey enabled the voice ocfurtrheentwdrolrdewia

met hods, their prefer encesf,orc hgaeaact tledr ic iyaslt si oc s
compl eomerntasbi | ittlye t ov olbsteirvre of some of t he &
Over the past decade, demanBapkdnanedschasgsesic

suchhvaes ages a,ndwirtelgrelsew oadeogrtniomg odl gmarcihti nn
met hbos h now and in thegiphsded mader avbeassat
forecasts for moreanhappartdecatdyg, fpresenur ec

new met hods to enhance that satisfaction in
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Regarding theosetcthekdNgd@est renai l promoti onal
and its competitiveness relative to other al

a | arge datasat pofi 0680 wditnekyrsshkdRuNcoesns , a | azy | e

machine | earning algorithm c¢haraanat edriissceuds stkeyd
applications dmd mucsiresd(dielr ywtl iacasd rfoiscsa tttiulear ) | i t

rev.iSew pmedod & heNNcan be wused for demand fore
tymwally not used as the sole method, but ra
mul tiple methods or algorThédmextemsiaenl oini t
usies feasible, as evi dkefNiNceebt Ay | p.f ohhewaNedrien g s
i s a flearcrhaloodoet hdiweso prepare the data before

or on how topardmacrey hres mebdma prediction

Finally, forobhhte&diumné pueptooaessing and the
features, we condutche ds a e deaxtpeegr dne nRisc othe W
t hat-Mawi nscal i ng was the mbaet iemprcti vg acauwr
| arge number of features, i ncluding both bi
the capBHbi wyt bé&cwtmprherxe t rsoams fcad maitl iaared f eat ul
shownl aghgaetd val ues of the time set welsaggmeed ef f
values are necessary to produce a flameaast,

regression, which iisprsatcitlilceone of the favour

To i mprove the accuracy of retail PNN mot i o
regressi omnprfoodru cnu Bsyciepnbaervisosisngealbohi guéy and r e
thesis compares the -trompl ecnoemno nfl ega tuusreed , p reeapsr

that areatogekeyg dondbenderstood by practition
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6.2 Li mitations
This studygilmamst atvboonsandelbadegealt toonsgtmeai nt s.

Finddeyr vey wakndlsimelad&d ntgor espondents,. dnd th

di

w h

Th

Ho

S

(0]

c

r

\'

seminati om wa&si mbstnleyli a within the Forec
ch might have | imited the number of respc¢
s decision was based otni noei sccounssstiroanisntvsi,t ha
vey i n variregsei ltadgmapge gtoh meé teatnhdn crtsehvei pspi roon
erthel ess, tt he fpiorsdium@gs orf e fclueecnie wear ¢gd act

stions tamdshe&itscamaeded i ncomplete by the

secondohtcerhat mminegse Chath@satsvkr® devel ope
ng @Gatsawhaethdy | ead t a Hoavebvee ry e smrl ddsd mtsse ta
Il 1 engimrgo ntoatsieo nf oprl anni ng, firstabeetusheo
duct or its categbrises hcardsescane bhetcaas

cour se, baetoratberabteur

er | comncearnonse selectamhicthlbs e ndhmbakc ec
l uding a pending discussion about predict
exraalty sNesvert hel ess ,entalbil ®dnamreow xfp@eec usnent
estigatagtbBéruvolteaere. R e guasreddi-mmagk nssccaal | iinngg, at

empirical comparison with ban tadlet ecrammaetti vpee

wever, other scalingesghbasemigbhtofutltehened

sel edt inamhley ,f orecast accur acyi nwatsh ea sfsiensasle dp au

exper.Amehough sMAPE facilriesauvtegrbbéei presensta

have observed some dr aywh amles separetsi.cul arl y f
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6.3 Recommendati ons
Wepr optohsaet f ut presemaseahebe f i rcdinrsg detrhingo u rhr

piece of work documents the résmphembnipirmnge!

proposed methods in a production forecastin
organi sational acceptance, integration with
service | evel out comes.

Regardqunegsthenmai tel i ngual Cahensesen 8Spaaidhbri
woul d be desirabl e, as thepekamel ahgwa @end nigr
(Zeidan, la0add)encoboanagwefuture generations o
periodically repeat this study t o fad grotriin thansa

and changes in forecashcegtipvast fpooes,spiabnte t iop

ThieNN expewemenltismusedobyat bhFosber paekagae col
the code mus.t Abeneowptpani lsegle devel opment us

recommended.

't would be desirabl e tmpr ccwiedda s cao nspolfettwea rter ;
forecast, enabling the forecaster to anal yse
the addition of other features not covered i

proposi ng weurgehtvsecitnort hteo fienachree amsoesdfndhatad reed £.v |

The final aim would be pukiBNtIloNMNMtd amlbsiend eedc twic
ot her algorithms that mi g ht define the rele:
|l essératbedse moardebtcorehe Bheatiopeéka®sC ch
overcome the demdndendengn amrdodgshe benefits
|l agged data (this research suglBetstrses hwaoil Kl ags

ado explore the crabsibasefl pnediatai o9pnl Babhieér
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AnndaPPemand Pl an
Survey 2023

Lancaster
University <. #

BLOCK 1

INTRODUCTION

Welcome to this research study on demand planning and foerecasting conducted by Lancaster University
Management School, UK. This survey is used only for research and not for commercial purposes, all
responses will be entirely confidential, and no details will be passed to any external parties. We are
conducting this survey to better understand the best practice in forecasting in companies

The survey will take between 10-15 minutes. Your responses will help us better understand how demand
forecasting is done in practice and thus reduce the gap between academia and practice. Your participation is

greatly appraciated!

The survey was designed by Carlos Rodriguez, under supervision of Sven Crone and Anna-Lena Sachs.

INFORMATION FOR THE PARTICIPANT
Please take time to read the following information (click here) carefully before you decide whether or not you
wish to take part. Remember that your answers will be anonymised. Questions with an asterisk () must be

completed before continuing.

By clicking on the arrow beneath, you are consenting to participate in this research.
BLOCK 2

FORECAST SETUP
Flease tell us about your current forecasting practices.

How often does your business unitforganisation produce forecasts? (*)

MNever Rarely Sometimes Citen Always
Daily {or more often) O O 9] O @]
Wieekly 9] O @] o o
Monthly O O O O O
Quarlerly O @] O @] O
Yearly {or less often) @] @] 9] Qo O
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What time buckets do you forecast in? (*)

Hever Raraely Somelimes Often Alerays
Days O o O O O
Weeks O O O O
Moniths O O O O O
Quarlers o o O O O
aars 0O O O O O
Cther (please specify) e O O O O

How far into the future does your business unit/organisation forecast? (*)

Mever Rarely Sometimes Often Always
0 - 4 weeks O O O O O
1 - 3 months O O O O o
4 - 11 months O O ] ] O
1- 3 years O O O O O
More than 3 years ) @) O O o

Al which level of demand aggregation does your business unit/organisatian typically farecast? ()

Mever Rarely Somelimes Often Always
Item O O O O O
Calegory O O O O
Counlry / region O O 0O O O
Customer O O O O O
Budget O O O O O
Other (please specify) 0 O O O o

How many planning items (SKWCWCs) are you responsible for forecasting? (%)

Less than 25
25-100

101 - 500

501 - 1000

10041 - 10000
More than 10000
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BELOCK 3

FORECASTING METHODS
Flease tall us about your forecasting approach and methods

What percentage of your final forecasts consist of the following approaches? (%)

Only statistical/ALML forecast methods 0
Only judgemental forecast methods 0
A combinalion of statislicalfAML forecast with judgemental adjustments 0
OCther (please specify) 0
Total ]

MNever Rarely  Somelimes Often Always | don't know
Random walk/Maive O O O O O O
Decomposition O O O O O O
Average of moving average ] O O o o o
Exponential smoothing O O O O O O
mgmi:nmumpg demand o O O 0 o 0
ARIMA/Eax-Jenkins O O O O O O
Sggmmwesma o 0 0 O O 0
Neural networks O O O O o O
Gradient boosting - O O O O O
k-NH O O O O O O
Prophel O O O O O O
Automnatic selection fool O O O O O o
Lewandowski O O O O o O
Decision trees O O O O O O
SB:;,]-'::ian structural ime o O O O o O
Supporl vector machines O O O O O o
prer(piease specly) O ® ® 0 ® 0
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What judgemental methods are used to support farecasting? (*)

Hever Rarely Somelimes Qften Always I don't kmow
Expert individual judgement o O O O o O
S&DP meetings O o o O O O
Sales consensus forecasl O O & ] o o
Delphi method O 9] O O O 0
Prediction market O O O O o Q
Other (please specify) o o o o o O

Is your business unitforganisation using AIML in demand forecasting? (%)

Mo, never

Mo, but considering within the next 12 months
Yes, running in pilot test

Yes, running in production

Mo, stopped afler a test period

I don't know

BLOCK 4

FORECASTING SOFTWARE
Flease tell us about your software usage

What types of software are used to support forecasting? (please indicate how often you use each type) (%)

Somelimes Always
Meverused Rarely used uzed Oflen used used I don't kmow

O O O O O O
ERPIRE Sydlam O O O © © ©
g;ﬂg-ga;nne farecasfing O 0 e 0 0 O
Custom-built software o O O O O O
Demand sensing software ] O O o O O
Cloud services | O O O O O O
Add-in engine | O O O O O O
Cpen source — R o @] o O O @]
Open source — Python O ) O O )] ]
Cther type of software
{please specify) Q O O O O O
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Flease tell us which software you use

Mame or description of software used
Spreadsheets

Forecasting module in our
ERP/MREP sysiem

Stand-alone forecasting
package

Custom-built software
Dedicated joint sy=stem for
forecasting (across
different funclional areas).
Demand sensing software
Cloud senvices

Add-in engine

Cpen source § Cther

BLOCK 5

DATAINPUTS
Please tell us what inputs are available and used for forecasting

Flease select what data is available in your business unitforganisation as an input, and how are those inputs
used in demand forecasting (*)

Equal mix
Mot used of stats/
in Only Mainly AIML and Mainly Only
forecasting judgement judgement judgement stafisticsfalMiL  statisticsfALML
Historic demand O O O O O O
dséurﬁx:ids & unzatisfied O ' 'S o) '®) '®)
g;:;:'rnﬂ?rtlnn {trade marketing O O '®) 9] 9] 0
Product lislings / delistings O O )] O O O
Media markeling activity O O O O O O
Price O O O O O O
VWealher data O O O O O O
Competilor's data O 4] ] ) O o
Miedsen § IR scanner data O O @ O O O
Real-time / ePOS dala O O O O O O
Other (please specify) O O e O e 'S
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BELOCK G

ORGANISATIONAL SUPPORT
Flease tell us about the organisational support far forecasting

Haow safisfied are you with the overall accuracy of your forecasts? (*)

Mot at all salisfied
Slightly satisfied
Moderately satisfied
Very satisfied
Completely satisfied

Which of these factors would help you most to improve accuracy? (*)

Meither
Strongly Somewhat agree nor Somewhat Strongly I dom't
dizagree disagree disagree agres agree ko

More data provided by
cuslomers O O O O O O
Clo=er collaboration with
cuslomers O O o o o O
Automaled integration of
downstream data O O o O O O
Better training for forecasters ) ] ] (] ) )
M 1aff t i Ih
ta::;e Sigll 10 periomm e O O D G O O
Eetter inlernal processes
O] O O O O O O
Better forecasting software @] O O O )] O
Better algorithms 0 0 ] (] ] 0
More timely and accurate
intemnal data O O o o o O
More senior management
i O O o) O O O
Better IT support O O O o O O
More help from consultants ] ] O O O O
Cther (please specify)

O O O O O O
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Flease state yvour level of agreement with the following statements about the organization’s support for
forecasting (%)

Heither

Sirongly Somewhat agree nor Somewhat Sironghy | don't

dizsagree dizagree dizagree agree aqree know
Forecasting iz a KPl in the
supply chain O O O O O O
Forecasting has a high
profile with the senior O ] O O O o
management team
Unexpectedly large forecast
EITOrE are always O O O O @ o

investigated

The organization invests
heavily in forecasting and @] O O O O o

demand planning

There is a culture of

continuous improvemeants in ) O O O O o

demand planning
Ideas for improvement flow O 9] O O o O
from the data sciencel team

Demand planners always

know relevant business ®) 0 @) (] O @]

plans (e.g. promotions,
price changes)

How important is forecasting in vour business unitforganisation’s agenda? (*)

Top priority

High Pricrty (one of our top 3 inttiatives)
Medium Pricrty (one of the top 10 initiatives)
Low priority {nice to have)

Idon't know

BLOCKT

ABOUT THE RESPONDENT
Flease tell us about your responsibilities as a forecaster

What percentage (%) of your time is devoted to demand planning/forecasting?

How many years’ experience do you have in a demand planningfforecasting role?
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What is the highest level of education you have completed?

W

Hawve you received any formal forecasting training? (Tick all that apply)

During my undergraduate studies
During my postgradusate studies
Training program at my workplace
As part of any forecasting ceritication or short course
As part of my forecasting soffware fraining
Selftaught

Other (please specify)

What level best describes your role in your business unit/organisation?

Demand Planner / Forecasler
Demand Analyst / Data Scientist
Demand Planning Manager
Demand Planning Director f VP
Consultant
Cther (please specify)

Which of the following best describes the entity for which you have provided answers? My response

represents:

The central forecasling function of the organisation
Forecasting im a division'subsidiary/business unit of a larger company

Forecasting a single channelfaccount or small subset of the business wnit's customers

Other (please specify)

BLOCK 8

DEMOGRAFPHICS

Finally, we want to know some general aspects about your business unit‘organisation and your forecasting

team
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In which industry sector is your business unit/organisation? (Please tick all that apply) (*)

Administralive & Suppor Service Activities

Agriculture, Forestry & Fishing

Construction

Educalion

Entertainment, Arls & Recreafion

Financial Service, Insurance

Government, Public Administrafion & NGO

Health & Social Work

Hospilality (Holels, Accommodation, Food Services)

Infermation & Communicalion

Manufacturing: Clothing & Apparel

Manufacturing: Comsumer Healthcare & Beauty

Manufacturing: Elecironics & Computing

Manufacturing: Food & Beverage

Manufacturing: Industrial/Cther

Manufacturing: Phamaceuticals & MedTech

Real Eslale

Retail: Clothing & Apparel

Hetail: Consumer Healthcare & Beauty

Retail: Electronics & Computing

Professional, Scienlific & Technical Aclivilies

Hetail: Food & Beverage

Retail: IndusirialiOther

Retail: Pharmaceuticals & MedTech

Service Industries e.g., Consulting, Call Centres

Transporation, Slorage and Logistics

Utilities (Electricity, Gas, Water, VWasle, efc)
Other (please specify)

Flease select the approximated Annual Turnover {US5E) of your business unit’organisation (%)

More than Skn
1bn — Sbn
500m - 1bn
100m — S00m
S0m — 100m
Less than S0m

Prefer not to say

How many demand planners/fforecasters do you have in your business unit'organisation?

Flease enter full-time equivalent (FTE), decimals can be used for par-time staff
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If you want to receive a copy of the findings of this study, please enter your preferred e-mail address
(optional)

You've reached the end of the survey.
By clicking the right amow beneath, you will submit your answers. Thanks!
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AnnaDOe® Surviey 2
Participant | nf

Lancaster
University &

Participant information sheet

Demand forecasting survey 2023

For further information about how Lancaster University processes personal data for
research purposes and your data rights please visit our webpage:
www.lancaster.ac.uk/research/data-protection

| am a PhD student at Lancaster University, and | would like to invite you to take partin a
research study about demand forecasting practice.

Please take time to read the following information carefully before you decide whether or not
you wish to take part.

What is the study about?
This study aims to understand how demand forecasting is performed nowadays in terms of
methads, inputs, and used software.

Why have | been invited?

| have approached you because | require your information to shape an updated view of the
current demand forecasting practice and its changes in the last decade.

| would be very grateful if you would agree to take part in this study.

What will | be asked to do if | take part?
You will answer 26 questions in this e-Survey that might require 10-15 minutes. You will not
be contacted in the future about your answers as the information is anonymized.

What are the possible benefits from taking part?
If you take part in this study, your insights will contribute to our understanding of current
demand forecasting practices, their experience with A/ML models and their expectations.

After taking part in the survey, you can request a copy of the report, which will include:

- Average responses across participants (overall and by industry)
- Forecasting accuracy benchmarks (overall and by industry)
- Current Best Practices in demand forecasting

Do | have to take part?
MNo. It's completely up to you to decide whether or not you take part. Your participation is
voluntary.

What if | change my mind?

Remember that all your answers remain anonymous. If you change your mind part way
through completing the questionnaire, you can leave the questionnaire, and no data will be
collected.

Version 30-11-22
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What are the possible disadvantages and risks of taking part?
It is unlikely that there will be any major disadvantages to taking part.

Will my data be identifiable?

| will keep all personal information about you (e.g., the optional e-mail and other information
that can identify you) confidential; that is, | will not share it with others. | will remove any
personal information from the written record of your contribution. All reasonable steps will be
taken to protect the participants’ anonymity in this project.

How will we use the information you have shared with us and what will happen to the
results of the research study?

| will use it for research purposes only. This will include my PhD Thesis, forecasting
academic journals and academic conferences. The findings of this study will be delivered by
e-mail, individually, only if you entered an e-mall in the last optional question.

How my data will be stored

Your data will be stored in encrypted files (that is no-one other than me, the researcher
will be able to access them) and on password-protected computers. | will store hard
coples of any data securely in locked cabinets in my office. | will keep data that can
identify you separately from non-personal information (e.g., your views on a specific topic).
In accordance with University guidelines, | will keep the data securely for a minimum of
ten years.

What if | have a question or concern?

If you have any queries or if you are unhappy with anything that happens conceming your
participation in the study, please contact me, Carlos-Eduardo Rodriguez-Calderon
(c.rodriguezcalderon@lancaster.ac.uk) or any of my PhD supervisors: Dr Sven Crone
(s.crone@lancaster.ac.uk) or Dr Anna-Lena Sachs (a.sachs@lancaster.ac.uk), Lancaster
University Management School, Centre for Marketing Analytics and Forecasting, Lancaster,
United Kingdom, LA1 4YX, Tel: +44 (0)1524 510752

If you have any concerns or complaints that you wish to discuss with a person who is not
directly involved in the research, you can also contact: Professor Linda Hendry,
l.hendry@lancaster.ac.uk

This study has been reviewed and approved by the Faculty of Arts and Soclal Sciences
and Lancaster Management School's Research Ethics Committee.

Thank you for considering your participation in this project.

Version 30-11-22
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Anne&Aerevi si on
regarding t he |
t em

pl anni ng | S

Using the distribution of afabZPeswencombi ned
original Ssix options into three subgroups.

significant Tpbd®porti ons (see

Tab3d3 Redistribution of responses by planning

Planning Items %

More than 1000 44.7

101-1000 31.9

Less than 100 23.4

This seéextamnne whether thesedipfrfopoent oammss wmeé gy
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Forecast horizon by number of pl

A 0-4weeks
i

More than 1000 24% [ 59 :] T1%
10110 1000 40% 7% D 53%
100 orless  38% | . 18% [] 45%

'
B.1 -3 months
i

More than 1000 18% 0% [:] 1%
101101000 13% | 0% E B87%
100 orless 0% 2% E 3%

'
C. 4-11 months

Maorethan 1000 14% 0% : 86%
10110 1000 13% .7% E 80%
100 orless  18% . 18% E 64%

D.1-3years

More than 1000 19% | .10% : T1%
101101000 7% 20% D 3%
100 orless  38% 18% [] 45%

'
E. More than 3 years
'

More than 1000 62% 14% [] 24%
10110 1000  47% | B3% 0%
100 orless  38% | 27% E] 38%

100 50 UI 50 100
Percentage
Response || Mever  Rarely  Sometimes || ofen [ Aways

FigubeForecasting horizon choice by the number o

Forecasting horizon

| Ri g& r eve observed the ranking of u8etohbohBzo

(81%)1 mMmont hs3 (Yye®a%)s4 (Wwéeéks 060%) and more th

The main changes in the pHRHiegvldboeuFso rde csatsrtiibnugt ih
choice by the numbWe adbaphphuaeanbi nogl atemsstri bu
pl annilnegs sf otrh a nWel OnOo tiitceemds .a sl i ght variation
extensive horizon i n .t hhtens ypdgrnou pgo fl ersess g dh
hori zond4d fweeksO i s | ess populdb%) hamndnthbef
horizon of more than 3 years gains more popu
produce a | i noduecdt sn uarbee rmoorfe plri kely to defin

periods.
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When the forecasting ghonougo®nhawnermraseisgWeaof ion
understand that the forecasting horizon depe

and the avail able solution.

Forecasting approach

Forecast approach proportion by nul

Acombination of statistical/AIML forecast with
judgemental adjustments

\
Morethan 1000 5% :] 5%
101101000 27% B 73%
100 orless 18% e 82%
! 7:]
Only judgemental forecast methods

Morethan 1000 57% 43%
101101000 40% [] 60%
1000rless  45% 55%

Oonly statisticaltAlML forecast methods
, _

Morethan 1000 38% :] 2%
101101000 33% I D &7%
100 orless 18% I [] 82%

\

100 50 0 50 100
Percentage

[ o 21%-40% [1] 61%-20%
Response
1%-20% || 41%-60% [ 81%-100%

FigubFmrecasting approach by the number of pl ant

The distribution of the FbghZaBhe ngurapey oxalth
85% of respondent s use a <combination of st
adjust ment s, 51% only judgement al met hods,

met hods.

We find some slight differences when observi
number of p(l abmg h6f®rn ¢ ®eanst i ng approach by thi
itémsFirst, we observe that planners with mo
using a combination of statistical/ Al/ ML f o
Seconhde,ae sil $ ght variation for planners with
adjust ment s (+9 %) . Finally, pl anners wi t h

statistical/ Al / ML forecast methods (+14%)
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t han

ti

s smal l (100 items many ess)

a thousand) is to combine p

on

Al gorithm selection by number

Mare than 1000
101 to 1000
100 or less

Mare than 1000
101 to 1000
100 or less

Mare than 1000
101 to 1000
100 or less

Mare than 1000
101 to 1000
100 or less

Mare than 1000
101 to 1000
100 or less

Maore than 1000
101 to 1000
100 or less

Mare than 1000
101 to 1000
100 or less

Awerage or rmoving average

15% : ] B1%
27% | :] 67%
8% | | 82%
Decision trees
52%, 33%
60% 33%
27% ) :] 64%,
Exponential smoothing /ETS
24%, [ I 76%
27% :] 67%
27% :] 45%,
Intermittentlumpy demand methods
33% I | 67%
40% | 60%
36% D 36%
k-MMN
6% :] 14%
60% L :] 27%
45% 27%
MNeural networks
38% 3 52%
40% | :] 53%
27% 45%,
Regression with explanatory variables
14%, I | 86%
33% | I 80%
18% | | | 73%
100 50 0 50 100
Percentage
L—] Newver Rarely D Often
Response
Don't know Sometimes D Always

FiguiFemrecasting algorithm selection by

vari

at

of

the number

ions in the algorithmbs pre

(sEeguiF®@recasting algorithm sel ecli drheby itls

observat

on i

S

f

or the most popul ar

met hods
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di stribution differs when plah@Phgatht8@lRegr &8

(k14%) are |l ess popul ar.

A particular situation also emergespecoirfilec
preference for this method when planning 1!
intermittent/ |l umpy demand me2 h%)d swhe&rv %I, a nwrei

or f ewer i t ems.

Despite a | ow numberappfeaplanmi rbogg iat egmse,attelre
decision trees than for the mpegqgumen dmaest s Od th e

suclkNBs appear Itehses nfuanvboeurr eodf apsl anni ng it ems

| mpl ementing and mon,jtesuchgasndedepiabdobhnen

Il imited number of planning items.
Judgement al Met hods

As we obBiegiwfgel digre menthaotdes used in different
respondents. Ranking :Exhpesret blyngiopiud aali tyydge
Consensus Forecast ( 83 %), S&OP Meetings (77

Met hod (28 %) .

Expendi vidual judgement is the preferred met
i tesneei giBel n @aBateastpnsenhsuvuswhemechst numbe
pl anni egcieeems 100, but i s the opposite when
a 33% decrease fFroomtthlee savner agag @ wpyve rwep raelfseoa ec

S&OP Meedt7idmglses(s than the average) when pl an

Ot her methods (less popul ar, with | ess than

number of items i ncreases, such as the Predi
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Judgement al method by number of p
Figu8ladgement al met hod preference by number of p
The application of those methods might be ir
and the team availability, also considering

of products) .
Type of Software

|l i gdube we observed the most popul ar soft we
spreademaiens the | eader, aiRkFdhr S8&&s toif ngsmoddlo
(68%), -bQuislttonsof t ware (53%), Python (51%), R

among others.

Fi gdbBsehotwb at certamor e o tastfareeer musmb e r of pl an

increases. fTorsadengheesasérom 36% for 100
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