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Abstract. Most of the fast-moving consumer goods companies (FMCG) have two main targets in
order to become successful on the market. First, it is profit maximization and the second one is cost
optimization or minimization. If the company can hold those two key performance indicator (KPlIs)
in balance, it has all the odds to be competitive and successful in the field of operation. Supply Chain
(SC) team and in particular Demand planning (DP) plays a crucial role in achieving those targets
mentioned above with help of recommendation modelling systems. Demand planning team are those
who can translate business needs into meaningful and measurable numbers for Supply Chain keeping
healthy inventory level and delivering the goods that needed with the best freshness and availability
possible. Further, we will describe and analyze how to achieve better results vs. current solutions on
specific company called PepsiCo via modelling and analyzing Demand Planning in FMCG sector
overall.

Key words: prediction, analyze, recommendation system, machine learning, big data, supervised
training, dataset, Demand Planning, FMCG, Supply Chain.

CEKTOPIA KY¥YMBIC KACAY, YCBIHBICTAP )KOHE TAJIAIITHI TAJIJAY
BakbiToek B.!, Bekrem0aeBa A.P.?

'PepsiCo Kazakhstan,050000, Aimamel, Kazakcman
’Beeline, 050000, Anmamul, Kazaxcman

Anoamna. JKvinoam ecin Kene xcamkan mymulHyuvlivl mayapnap (Fast-moving consumer goods
— FMCG) rxomnanusnapolnvly Kenwiiniei HapblKkma cammilikKe dcemy VuliH exi Hezizei maxcam
K0s10vl. Bipinwioen, Oyn natloanvl MAKCUMU3AYUSAILAY, eKIHWIOeH, Wbl2bIHOApObl OHMALLAHOLIPY
Hemece azaumy. Eeep komnanus ocwl exi nezizei kepcemxiwmi (key performance indicator — KPI)
meneepe anca, OHblH Dacekeze KabOiiemmi JicaHe 63 icinoe mabvicmbl Oonyea 6apiblK MYMKIHOICI
bap. ¥cviHbicmapovl Moodenvoey dicylienepi apKblibl HCOAPbIOd AMalean MAKCAmmapea xHeemyoe
arcemxizinim mizoeei (Supply Chain — SC) mobwi ocone acipece Cypanvlcmul #CoCNapiay weutyuli poi
amkapaosl. Kabovikmay mizoeei — Oy mayapivik-mamepuanioblk KYHObLILIKMAPObl CAKMAy HCIHE
Kasicemmi mayapiapobl MAKCUMAIObl CEPeeKMIKNeH HCaHe KOl HCeMIMOLIIKNEeH JHcemKize Omulpuln,
Ou3Hec Kad)cemminikmepin dcemiizinim mizoeci yulin MAauvi30bl JHCOHE ONUleHemiH CaHOaped
aunanovipa arameinoap. bByoan api 60i3 ocarnvt FMCG cexmopvbina cypanvicmvl HcoCnapiayobvl
Mooenvoey dHcaHe manoay apkwlivl Hakmel PepsiCo komnanusacsl yuin Kazipei wewimoepee Kapazanoa
JHCAKCHL HaMuUDICeNepae Kauat scemyee 601amvlHObIRbIH CUNAMMAUMbI3 HCIHE MALOAUMbL3.

Tyiiinoi co3dep: 6ondicay, manoay, YColHbICMAp JHCYUueci, MAauUHAIbIK OKbIMY, YIKeH Malimemmep,
bakwiiaHamvlH OKbImYy, Manimemmep 6azacwl, cypanvicmul sxcocnapnay, FMCG, scabovixkmay mizoeei.
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MOJIEJIUPOBAHUE, PEKOMEHIALIUU 1 AHAJIN3 CITPOCA
IINTAHUPOBAHMUSA B CEKTOPE

BakeiToek B.!, BekrembaeBa A. P.?

'PepsiCo Kazakhstan, 050000, Armamei, Kazaxcman
’Beeline, 050000, Aimamul, Kazaxcman

Annomayusn. Bonvuuncmseo 6b1cmpopassusaruuxcs KOMRAHUl o nPou3800Ccmey nompeoumens-
ckux moeapoe (Fast-moving consumer goods — FMCG) npecnedyrom 0ee ocnognvle yenu, 4umoovl
00bumb sl ycnexa Ha puiHke. Bo-nepeulx, 3mo maxcumuzayus npudbLIU, a 60-8MOpPbLX, ONMUMU3AYUSL
un MuHumMuzayus 3ampam. Eciu Komnaumus cmodcem cOANAHCUpO8ams dmu 08d KI04esblx
nokasamens sgpgpexmusnocmu (key performance indicator — KPI), y nee ecmv 6ce wiancvl Ha mo,
4mooOvl ObIMb KOHKYPEHMOCNOCOOHOU U YCNewHol 6 ceoell oonacmu oesamenvrocmu. Komanoa
Supply Chain (SC), u ¢ uwacmnocmu nianuposanue cnpoca (Demand Planning — DP), uepaem
Pewanuyro poib 8 Q0CMUICEHUU Yelell, VIOMSIHYMbIX 8blule, C NOMOWBIO CUCTEM MOOETUPOBAHUSL
pexomenoayuti. Komanoa no Supply chain — smo me, kmo moxcem npeobpazosams nompeoHocmu
buzneca 6 3Hayumvle U usmepumvle uucia 0as supply chain, noodepoicusas 300po8vlll YPOGeHb
3anacos u 00Cmaegisis HeodXo0UMble MOBaAPbL ¢ MAKCUMATILHOU CEENCECIbIO U OOCHYNHOCMbIO. [lanee
Mbl OnuUeM U NPOAHATUZUPYEM, KaK 00OUMbCA IYHUUX Pe3VIbmamos no CPAGHEHUI0 ¢ MeKyWUMU
peweHusamMU 0 KoHKpemuot komnanuu PepsiCo, nymem mooenuposanus u anaiuza naaHupoBaHusl
cnpoca 6 cekmope FMCG 6 yenom.

Kniouesvie cnoea: npocnosuposauue, aHanu3, cucmema pekoMeHOayuil, MauiluHHoe oOyueHue,
bonvbuue dannvie, 0OyUeHue ¢ yuumenem, Habop OoanHwvlx, nianuposanue cnpoca, FMCG, yenouka

nocnaeokx.

Introduction

Majority of international companies in
FMCG sector have complexities related to Supply
Chain operations starting from Demand Planning
and ending with Customer orders fulfillment.

There are many chains in between like
procurement of raw materials, factory planning,
supply  planning, logistics, warehousing,
distribution and customer service, but in this
paper, we will be focusing only on Demand
Planning and in particular Kazakhstan market,
which makes this research unique and supposedly
should solve profit maximization and cost
optimization KPI issues, basically, meaning save
some cash and time.

* DP function within Supply Chain is the
starting point for a business that has production
and appropriate scale. DP team works with
Forecast Accuracy (FA) and bias, in other words
DP planner predicts which product will be sold
in particular city, channel (traditional or modern
trade) with lag time of up to 16 weeks with best
possible forecast accuracy (FA). So, providing

high FA on Stock Keeping Unit (SKU) level with
lag intervals two or four weeks lead to lower
inventory levels, fresh products on shelves,
product availability, less out of stocks of products
and as a result, to higher cash flow, which makes
the company agile and more competitive on the
market.

* Lots of uncertainties should be taken into
accountin order to get high results. Such obstacles
might be promotional activities, discounts, new
product developments, equipment installations,
ATL(Above The Line) and BTL(Below The
Line) activities by Marketing team, competitor’s
activities, price increase, external factor (perhaps,
COVID-19 or fasting periods) and many more...

* Modelling, recommendation and analysis
is a big part of DP and to make predictions as
accurate as possible, the company has to take the
changing variables mentioned above and we will
take into account only several of them, which are
relevant to us and available on hand. As ethics
suggest we cannot take insider’s information to
take advantage over the competitors. So, we will
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be using in this research only historical data as
well as the data available to us.

Healthy business supposed to have healthy
inventory stocks in order to operate the business
properly and have enough cash flow to pay the
employees’ salaries and dividends to shareholders
and buy raw materials to keep business running.
So, in this research we will try to answer how
to predict the best possible FA and bias with
the data on hand within scarcity of resources
like manpower, time, efficiency & effectiveness
resulting the highest possible productivity level.

* The dataset we need to analyze and observe
mainly is historical data sales, which helps us
to identify season spikes and the trend that will
most probably will occur from period to period
by categories.

» Legitimate external sources like Nielsen
research reports, which can help us to get grasp
of market share and analyze how the market
is evolving, category growth and give an
understanding where we are vs. our competitors
and identify whether our actions in the past
and current are well designed and executed by
counterpart departments like Sales, Marketing,
Trade Marketing, Finance and Supply Chain.

Answering and analyzing all the questions
above with the help of new machine learning
modelling in DP, we will be able to excel at
predictions vs. current state resulting in higher
profitability and cash flow optimization meaning
that business unit can earn more profit, market
share and other crucial performance indicators.
Our model/recommendation system should help
in sales prediction in right amount, in the right
place and in a timely manner.

Methodology

Now the whole world faced pandemic virus
called COVID-19, which dramatically changed
the way people behaved before and after the virus
entered our lives. One example with toilet papers
that stocked out around the world during the first
a couple of weeks since quarantines around the
world were announced. There are researchers who
proposed solution to manage demand uncertainty
in Supply Chain Planning with manufacturing
decisions modeled as "here-and-now", which are
made before demand realization. Subsequently,
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the logistics decisions are postponed in a *wait-
and-see’ mode to optimize in the face of un-
certainty. But with such approach we can face out
of stock on shelves plus increased prices for the
goods in high demand, which will directly affect
final customers who buy those products. [1]

Another research paper that proposes
a new paradigm for tactical Demand Chain
Planning (DCP), called robust planning, based
on risk assessment of the supply and demand
chain. It outlines that a significant number of
information systems have emerged, but most
of the adopt a myopic view of planning, based
on pure deterministic planning methods. It
demonstrates that such an approach fails to coop
with the considerable uncertainty of the planning
information. The proposed robust planning
paradigm is introduced and it promise to reduce
the number of re-planning cycles, through a
better characterization of the expected service
level performance over a medium planning
horizon. [3]

Third paper shows large benefits which are
achieved by Supply Chain Management that
are accredited to the reduction of inventories,
especially to decrease of safety stocks.
While safety stocks are mainly influenced by
uncertainty, it is appealing that most effort
should be spent on the reduction of uncertainty.
Two sources of uncertainty are known in supply
chains: process uncertainty (ex. unreliable
production processes, fluctuating lead times etc.)
and demand uncertainty (difference in planned or
estimated demand and actual sales). The purpose
of Demand Planning is to improve decisions
affecting demand accuracy and the calculation of
safety stocks to reach a predefined service level.
All decisions in the whole supply chain should
be based on already fixed (accepted) customer
orders and planned forecasts, the latter ones are
determined in the Demand Planning process.
Therefore, the performance of each supply chain
entity depends on the quality 2 of the demand
plan. This also implies that these figures need to
be the result of a collaborative effort. [4]

The last paper talks about mainstream
inventory management approaches typically
assume a given theoretical demand distribution
and estimate the required parameters from



DPU3NKO-MATEMATUYHECKUME N TEXHNYECKUME HAYKHA

historical data. A time series based framework
uses a forecast (and a measure of forecast error)
to characterize the demand model. However,
demand might depend on many other factors
rather than just time and demand history. Inspired
by a retail inventory management application
where customer demand, among other factors,
highly depends on sales prices, price changes,
weather conditions, paper presents two data-
driven frameworks to set safety stock levels
when demand depends on several exogenous
variables. The first approach uses regression
models to forecast demand and illustrates how
estimation errors in this framework can be
utilized to set required safety stocks. The second
approach uses Linear Programming under
different objectives and service level constraints
to optimize a (linear) target inventory function of
the exogenous variables. The researchers show
that considerable improvements of the overly
simplifying method of moments are possible
and that the ordinary least squares approach
yields a better performance than the LP-method,
especially when the data sample for estimation is
small and the objective is to satisfy a non-stock
out probability constraint. However, if some
of the standard assumptions of ordinary least
squares regression are violated, the LP approach
provides more robust inventory levels. [2] So,
I have checked different approaches, which
are discussed above and will try to find unique
solution with insights from the researchers above.
All the papers say that lower inventory level is
good for the company, but it should not be at the
cost of out of stock and the hardest part is that
there are a lot of uncertainties and variables that
fluctuate a lot.

First, we suggest dividing planning into
two parts: short-term demand planning (up to
16 weeks) and long-term demand planning (16
weeks and up to 18 months). Where short-term
planning looks for shorter periods on weekly
basis by cities, channels (Traditional Trade —
TT and Modern Trade — MT) and on SKU level
and long-term planning analyzes broader period
of time up to 18 months on monthly basis by
regions, channels and pricing groups (group of
the same SKUs or so-called sub-categories).
The main difference is that the closer forecast

appears the more focused analysis should be in
place, since we have more data available to be
analyzed, which directly affects inventory level
and safety stocks.

Second, we propose to forecast sell out (sales
from distributor to stores) and taking into account
stock levels at the beginning of the month and
respectively plan sell in volumes (sales from
company to distributors). This approach results
in win-win strategy and shows that we are caring
about distributors as well as sales overall. This
brings partnership to the next and loyalty toward
us. In future, the best results might show sell out
data (from stores to final consumers), but in real
world of Kazakhstan it is hard to acquire such
information. This approach is more suitable for
developed countries, but we might come to the
point when we will be able to analyze such data
as well.

Third, data validity and history horizon.
We decided that synchronization between
distributor’s ERP systems and our sales system
should be on weekly basis and consolidated
information for whole country will be as a
baseline for DP. Three years should be more
than enough to identify baseline for each SKU
in portfolio (5 categories and around 350 SKUs).

Fourth, we mentioned above that there
are a lot of uncertainties that should be taken
into account like promotional activities and
actions by competitors, price changes, weather
conditions, any governmental restrictions,
marketing advertisements, lottery and so on. But
we should limit all the features that will be fed
to modelling/recommendation system, otherwise
it will consume a lot of manpower in collecting
all those data and normalizing it on weekly basis
for short-term planning. In addition, FMCG
sector changes rapidly meaning that it might be
a monkey work and increase FA slightly, when
spending many resources.

Fifth, weekly meetings are deployed with
Sales, Marketing, Trade Marketing and Supply
Chain teams to get feedback in real time
from the field of sales (stores, supermarkets
and hypermarkets). Now, I explained the
methodology how it supposed to work. Let’s
compare current state versus what will change
with implementation of ML modelling/recom-
mendation system in current processes.
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Currently, there is a tool called Prolink
that uses historical data for short-term planning
and particularly excel spreadsheets, which uses
statistical model Lewandowski, but is highly
depended on DP planners that are feeding inputs
manually from weekly short-term meetings and
asymptotically produce FA. This approach is
good, but human error-prone.

As a solution, we identified features that
influence Demand forecast the most. Those are
promo 3 activities, issues on factory, weather
conditions that delay transportation, motivational
programs for sales representatives and equipment
installations in the stores. I gathered sell out
historical data for the past three years, promo
activities are partially in place, weather conditions
can be acquired online, motivational programs
and equipment installations are in process.
Feeding the main features into ML modelling/
recommendation system should give better FA
results and lessen human interaction thus giving
better financial results to company and allot more
time for planners to analyze forecast thoroughly.

Expected Results

Now, we got to the point where we will share
our pathway to find a better solution. We did not
implement the ML modelling/recommendation
system yet. We will share our expectations and
let us put our ideas below:

* We have specific company called
PepsiCo Kazakhstan operating in Kazakhstan in
two channels Traditional and Modern/Organized
Trade within all the cities in the country.

* In our armory, we have the following
parameters: historical baseline data by SKUs,
channels, cities; historical promo activities
by pricing groups/sub-categories and with
exact discounting percentage; pricing history;
weather conditions; equipment installations and
motivational program for sales teams (bonuses
for achieving sales target for defined period).

* We have to differentiate around 350
SKUs by categories, sub-categories, brands and
pricing groups. The differentiation is needed to
plan short-term and long-term on different levels.

* Analyze the current data on hand and
create a model that will take as an input all the
parameters above and give an output and we
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call it time-series Demand Planning model/
recommendation system. We plan to implement
different models using the following approaches
Moving Average, ARIMAX, SARIMAX,
LSTM, linear regression, ordinary least squares
regression and perhaps during the research we
will encounter a few other models that might
come in handy. After comparison, it will be seen,
which works the best.

» We split the dataset as train and test and
play around to get the best possible prediction
outcomes with better FA and bias.

* Also, dataset will be cleaned of outliers
(one-time promo activities or sales) to receive
less noise from our model.

* After testing whole categories and
getting the best possible outcomes, we will be
able to define optimal inventory level to cover
sell-out based on lead-time and sell-in plans,
which supposedly should unfreeze cash in stock
and decrease inventory level with no decrease in
service level for final customers.

We believe that our research work should
bring benefits to company we are focusing on
and help keeping its leading positions in the
categories they are presented and give a sense
of how to execute sales in the most optimal and
efficient way. If it works out, our proposal can be
applied to other companies on the market. Since
all the companies try to achieve the same goals
and earn more money.

Conclusion

Summing up all the said above, every
company wants to shift from good to best.
In order to do so, it is not enough to rely only
on manpower, which is error-prone as we did
for decades during preceding manufacturing
revolutions, the forth-manufacturing revolution
is here. It is an era of new technologies,
technologies like machine and deep learning,
Al and other technologies can ease our daily,
and work lives substantially with less errors and
better results. Keeping that in mind, business
owners/managers from small to big can gain a
lot from those technologies and earn more cash
with less efforts. We hope that our research will
solve the current issues in the company and it can
be applied to other companies on the market as
well.
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